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Abstract

Accurate mechanical properties (or materials)
Young’s modulus (£, Poisson’s ratio (v) and den-
sity (p) 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,
v, p) 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 x 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 (/) and density (p), 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 (F, v, p) 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 10242, 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 fields 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 efficient querying (§3).

* An Adaptive Geometry Transformer that embeds
adaptive DINO feature trees with unified coordinate
embeddings and sparse windowed attention (§4.1).

¢ A novel Generator design with a autoregressive
mechanism for generating SAVs coarse-to-fine (§4.2).

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

* Significantly 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.).

Conflict 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
fields for Young’s modulus, Poisson Ratio, and density (F,
v, p). 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 overfitting,
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 difficult for learning-based methods, largely due to lim-
ited datasets (Gao et al., 2022; Downs et al., 2022; Chen
et al., 2025¢) and noisy data (Lin et al., 2018), overfit 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 difficult 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 fields 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 fixed-
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 fixed resolution grid. This
allows us to generate coarse-to-fine predictions, scaling
to significantly 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 fixed multi-resolution
input (Choudhury et al., 2026), our sparse representation
(§ 3) is autoregressively refined specifically 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
efficiently 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
refining only the fine heterogeneous regions and boundaries,
enabling our model to predict material fields at G> = 10243
resolution, much higher than 643 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 fixed resolution, requiring all active voxels to be pro-
cessed at the finest level, which is a prohibitive cost when
scaling to high resolutions for volumetric material fields. In
contrast, SAV is both sparse and adaptive: it stores voxels
at multiple resolution levels simultaneously, allocating finer

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

3.1. Definitions

Here we define SAV structure and basic properties that we
utilize during training of our model. For a bounded 3D
domain © (e.g. [-0.5,0.5)%), SAV represents a spatially-
varying feature field F : Q — R? using an adaptive voxel
tree 7 whose leaf voxels form an axis-aligned partition
of (), but may reside at different resolution levels. Each
voxel stores its level £ € {0,..., Lyax}, where 0 is the
finest level, and an integer grid index i € {0,...,G, — 1}3
(exponentiation denotes the cartesian product), where G, :=
G /2% and L.y = log, G. To enable our Transformers to
attend across resolutions, we also map each voxel (level /,
index i) to its unified coordinates:

w;:=2e{0,...,G - 1}? 1)

where 2‘i denotes element-wise scalar multiplication
244 = (2%,,2%,,2%,), mapping each voxel to the finest-
resolution grid. Given a voxel with index i = (i, 4y,1,), we
further encode its relative position within the parent voxel
using its discrete octant id, o(i) € {0,...,7}:

o(i) := (iy mod 2) + 2(4, mod 2) + 4(i, mod 2). (2)

Each leaf voxel of level and index (¢, 1) stores a constant
feature vector e;; € RY, inducing a directly queryable
piecewise-constant field for spatial queries x € (2, denoted:
T (x) := ey i, where (¢,1’) is the leaf voxel containing
x. We implement querying and construction operations
using coordinate-based sparse tensors for ¢ and i, and use
a hierarchical hash lookup for fast batched queries. Re-
fer to Section B for details on our memory-efficient 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 @ C [—0.5, 0.5)3, into a base grid
of resolution G = 2'°, 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).



ADAVOMP

Second, after aggregating fea-
tures in a fixed resolution voxel
structure, we progressively vox-
els with similar features (see
inline figure) into an adaptive
and more efficient SAV struc-
ture 70 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 field
by M : Q — R3, where M(x) = (E(x),v(x), p(x)).
We represent M as a SAV material tree 7™ storing
material vectors my € R3 as features of each voxel
V = (¢,i). We construct 7™ (detailed in Algorithm 2)
by: first, aggregating ground truth materials from finest
to coarsest, computing the mean and range at each level;
second, we traverse coarse-to-fine and subdivide a voxel
V' only when the material variation within it exceeds
a tolerance T (computed over its finest-level descen-
dants); otherwise, we keep V' and store the descendant
mean my = Wl(x/)\ > Uedese(v) Mu, where desc(V)
denotes the set of finest-level
voxels contained in V. Con-
sequently, partially specified
trees remain well-defined i.e.
missing fine 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.

high resolution |
when material |
changes

4. Learning Adaptive Material Fields

Our goal is to generate a physically accurate volumetric
mechanical property field, given an input shape. We first en-
code the input shape, represented as a SAV 7" (§3.2), with
a trainable Adaptive Geometry Transformer E (Section 4.1).
The resulting latents condition an Adaptive Material Gen-
erator G (Section 4.2), which outputs the final material
field, represented as SAV 'TM,, at an effective resolution
of G* = 10243 without instantiating a dense grid. The G
model operates autoregressively, coarse-to-fine, 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 SAV 7™
(Section 3.3).

4.1. Adaptive Geometry Transformer

The input to our encoder E is a SAV 7', with aggregated
DINOV3 features of the input shape (Section 3.2) as its

voxel features ey; € R%» d;, = 1280. The mixed-level
leaf voxels in 7" form the input sparse token set of E,
where each voxel token at level /, index i is embedded as:

hy; = Win e + €)', 3)
where W, is a linear projection and e} is a learned level
embedding, © 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 unified coordinates uy; (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 unified coordinate system, following with a feed-forward
network (FFN). Refer to Section F for further details. This
yields contextual latents E(77™) that serve as conditioning
for the Adaptive Material Generator at all generation levels.

4.2. Adaptive Material Generator

Our autoregressive transformer model G generates TM
coarse-to-fine, over resolution levels £ = Ly, . . ., 0. This
allows natural test-time compute scaling, yielding well-
defined lower-resolution outputs for fewer iterations of G.
At each level £ we restrict all computation to an explicit
sparse candidate set Cy (the refinement frontier), rather than
enumerating the full G} grid. For each candidate voxel
(¢,1) € Cy, G outputs (i) structure logits over three actions,
EMPTY, KEEP, and SUBDIVIDE, and (ii) a latent material
vector zg; € R? 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 model G is shared across levels, where
G(Cy) yields the candidate set at the next level Cy_; along
with material latents z, ; for all KEEP voxels at level £. In
addition to its level £ and index i, each candidate (¢, 1) € C,
also contains its parent’s hidden state h,; |;/2| obtained
from intermediate layers of prior application of G (see be-
low). This context from previously subdivided voxels is
needed because C; contains only the refinement frontier,
so finer-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
Crp = {({ = Lyax,i=(0,0,0))}, with O parent state.

At each level, we construct an initial query embedding for
each candidate (¢,1) € C; by combining its level, octant id
(Eq.2), and parent state hy; |;/2):

ari =" + Woet €0 + Woar hga 12, (4)

where Woc¢ and Wi, are learned linear projections and
el! 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 field as SAV.
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first ?pply Cross B ¢ oo
attention from ~
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candidates to

the input latents E(7'") (§4.1), then sparse windowed
self-attention among candidates with RoPE (Su et al.,
2024) on unified coordinates. See Section 5, Section C for
ablation of these choices. From the resulting candidate
hidden states h; ;, FFN heads predict the structure action
and the 2D material latent z, ; for every candidate.

AMG
Transformer —
Block

If a candidate is
predicted as SUB-
DIVIDE at level
¢ > 0, we include
its eight children in
the next candidate iy i i Nl i i i
set Cy—1 together

with the parent hidden state h, ;. Candidates predicted as
EMPTY are discarded, and KEEP voxels remain as leaves of
the final material tree. Although these voxels generate no
children and thus do not directly appear in finer candidate
sets Cyr for ¢/ < £, their information is propagated through
the hidden state h,; (Eq.4), which encodes the broader

parent
state

spatial context, including regions that were kept coarse.

At the finest level ¢ = 0, refinement terminates and all non-
empty voxels are leaves. See Alg.5 for this coarse-to-fine
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¢; € R? in its latent space. The z; are mapped by Mat-
VAE to (E, v, p), showing improved results (Section C).

4.3. Training

We train E and G end-to-end using teacher forcing, jointly
supervising structure decisions and node materials. The
ground truth 7™ (Section 3.3) stores a material value at
every node, where the SUBDIVIDE nodes store descendant
means (Section 3). Teacher forcing deterministically fixes
the breadth-first refinement schedule by replacing predicted
subdivision decisions with ground-truth ones during training.
Starting from Cp,_, . = {(Lmax, (0,0,0))}, we define:

max

Cooq = U Children(¢,i), (5
(£,3)€C,: s; ;=SUBDIVIDE
for { = Lyax,--.,1, where SZi denotes the ground-truth

structure label in 7. 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 w, := ~*,
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with v > 1, causing larger voxels to contribute more, and
optimize the following overall objective:

L= )\struct Estruct + )\mat £mat; (6)

where Lgipyct supervises structure actions and L, super-
vises materials, as detailed in § F.

Supervising Structure. Let V; denote the grid indices of
voxels present at level £ in 7. For a candidate (¢,1) € Cy,
we define its ground truth structure decision as:

EMPTY, i¢Vy,
o SUBDIVIDE, i€ V; and{ > 0and 7
i Children(¢,i) NV}, #0
KEEP, otherwise.

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

Lmax

s e

(Li)eCy

Estruct =

—log pei(sy .)), ®)

where the EMPTY, SUBDIVIDE, KEEP probabilities are
computed as py; = softmax(ay;) over the structure la-
tents ay ; output by G, and py i(s7 ;) denotes selecting the
probability of the ground truth label. «!
supervising predictions at level /.

is the weight for

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

'Pg = {(f

since empty candidates have no well-defined material target.
For each (¢,i) € Py, we decode the predicted 2D latent
through MatVAE to obtain a normalized triplet m ; € R3
and compare it to the normalized target mj ; from TM:

;i) € Cp @ s7; # EMPTY}, 9)

Lmax

Z Z 1 — mllHA’

(L,1)eP,
(10)

where |[v[|3 = vTAv with A = diag(Ag, A\, \)).
See Section F for more details.

['mat max |7DZ |

5. Experiments and Results

Quantitative and qualitative evaluation against prior art
(85.2) show significant 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 32x 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 x 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 fine voxelization
at 10243 but is entirely skipped by a coarse 323 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 significant improvement over state of the
art across all three mechanical properties (E, v, p). Note
that our method performs better even if evaluated at a lower
effective resolution of 643, matching many of the base-
lines. Because our method has significant 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 significant advantages offered by
our ADAVOMP.

From qualitative materials fields (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, VoOMP completely
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Table 1. Mechanical Property Estimates of our method significantly outperform the baselines on all metrics and marginally outperforms
the baseline even with low test-time compute (643). Per-voxel error rate is first 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 (v) Density % (p)

ALDE ({) ALRE ({) ADE () ARE (}) ADE ({) ARE ({)
Evaluation at 64° 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 (+030) 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 (+029)  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 (+021) 0.0732 (+006) 0.2624 (+032) 3187.4207 (+£3098.55) 2.9127 (+3.72)
Pixie (Le et al., 2025) 1.2264 (+052) 0.1372 (+0.100 0.0413 (+0.02) 0.1396 (+0.06) 248.6735 (+252.11)  0.1568 (+0.14)
VoMP (Dagli et al., 2025) 1.1371 (+036)  0.1226 (+0.08)  0.0289 (+0.01)  0.0965 (+0.04) 191.6284 (421277  0.1216 (40.09)
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 1024° (object-averaged). Object-averaged errors on the challenging GVT-HARD subset.

Method Young’s Modulus Pa (E) Poisson’s Ratio (/) Density :—l% )
ALDE (}) ALRE () ADE (}) ARE (/) ADE (}) ARE (/)
NeRF2Physics (Zhai et al., 2024)  6.1600 (+2.30)  0.2960 (+0.12) - - 3718.4285 (x2376.12)  2.7319 (+1.53)
PUGS (Shuai et al., 2025) 9.0500 (£3.80)  0.4500 (+0.18) - - 8157.9374 (+548255) 7.4836 (+5.38)
Phys4DGen* (Lin et al., 2025a) 12.3100 (5600  0.5600 (+0.26) 0.1082 (+£0.09 0.3900 (+048) 5179.6421 (+4291.83) 3.9738 (+4.43)
Pixie (Le et al., 2025) 1.8950 (+1.100  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 (+0.100 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 Table 4. Material Validity. We report mean values and relative
on the ABO-500 (Collins et al., 2022) dataset, the only existing errors (in %) with the closest physically measured material range
benchmark, approximating the accuracy of our p estimates. in Material Triplet Dataset (Dagli et al., 2025).
Method ALDE(]) ADE (/) ARE(]) MnRE (1) Method log(E)({) v(}) p({)
NeRF2Physics (Zhai et al., 2024) 0.736 12.725 1.040 0.564 NeRF2Physics (Zhai et al., 2024) 1.62 (+4.96) —  19.75 (+46.60)
PUGS (Shuai et al., 2025) 0.661 9.461 0.767 0.576 PUGS (Shuai et al., 2025) 1.87 (+4.50) — 1324 (1263
Phys4DGen” (Lin et al., 2025a) 0664 9961 0825 0.566 Phys4DGen* (Lin et al., 2025a) 177 853 0.85 (=301 39.49 (235.47)
Pixie (Le et al., 2025) 0.654 8231 0.875 0.584 Pixie (Le et al., 2025) 11.90 (+17.41)  3.46 (+4.42)  46.58 (+36.35)
VoMP (Dagli et al., 2025) 0.631 8433 0.887 0.576 VoMP (Dagli et al., 2025) 029 =123 0.00 =000) 1175 (24.02)
Ours-H (0.6B) 0457 6924 0512 0.667 Ours-H (0.6B) 028 1127 0.00 oon 1178 (2302
Table 5. Ground-truth SAV compactness. Ratio of leaf nodes Table 6. Generated vs. ground-truth structure. Ratios of
at 64° resolution or coarser in the ground-truth material tree to aggregated counts on GVT-TEST: leaf nodes at levels £ < 6 for
the number of occupied voxels under dense 64° voxelization. trees, and occupied voxels for VOMP’s dense 64° voxelization.
Metric GVT-TEST (166) Full (1,719) Comparison Ratio
((3}33 leavels (=6 o 2522?5 5822%323 GT leaves / Generated leaves 79.28%
voxels o il GT leaves / VOMP voxels (643) 7.24%
Overall ratio 7.24% 10.54% Generated leaves / VOMP voxels (64%)  9.14%
Per-object mean 16.16% (+24.57)  14.67% (+30.01)
Median 4.42% 1.97%
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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-fidelity 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 find that our B+ model, has similar parameters as VoOMP
but still outperforms VoMP (Table 7).

5.4. Structure Efficiency

A key advantage of the adaptive SAV representation is its
ability to reduce the number of stored voxels compared
to a fixed-grid baseline while preserving material fidelity.
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 dense 643 voxelization, and sepa-
rately measure how faithfully our generated trees recover
the ground-truth structure. Throughout, we report leaf-node
counts restricted to levels ¢ < 6, so the finest cells match
643 resolution.

Table 5 reports the compactness of the ground-truth SAV
representation. On GVT-TEST, ground-truth material trees
require only 7.24% of the occupied voxels of a dense 643
voxelization (VoMP) when counting leaves at level ¢ < 6
(i.e., 643 or coarser) ; on the full dataset the ratio is 10.54%.
Per-object statistics reveal substantial variation (median
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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 (£) as a function
of training tokens. Larger models achieve lower error at a fixed
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 contain 79.28%
as many leaves as the generated trees, i.e., generated trees
use 26.14% more leaves than the oracle structure at levels
¢ < 6. Combining this with the ground-truth compactness
ratio of 7.24% (Table 5) implies that generated trees require
9.14% of the occupied voxels of a dense 643 voxelization,
preserving the compactness advantage after learning.
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6. Discussion

As a data-driven method, the accuracy and generalization
of our model will improve with more available training
data. The high-resolution prediction of mechanical proper-
ties by our method enables the approximation of anisotropic
materials via multiscale modeling, but still cannot handle
truly directional materials whose Young’s moduli are spatial-
varying tensor fields. Future work can also extend our pre-
dictions beyond linear elasticity to include yield strength,
shear modulus, and thermal expansion. Our method pre-
dicts ‘true’ material properties that work well for accurate
simulators, but it would be useful to adapt to specific, often
non-physical parameter scales for approximate, real-time
simulators. Lastly, as our approach is designed for static 3D
assets, we currently cannot incorporate dynamic physical
cues available in video observations. These limitations point
to interesting future directions.

7. Conclusion

ADAVOMP predicts mechanical property fields for 3D as-
sets at 16 x higher resolution than prior works while main-
taining memory efficiency. Using surface-level visual ap-
pearance to transform 3D assets into volumetric, physically
interactable entities, we obviate the need for manual param-
eter tuning, which is currently the bottleneck to realistic
simulation at scale. We hope this work will become a foun-
dational block of physical Al, opening the door to scalable
pipelines for generating simulation-ready assets, training
robotic agents with physics in the loop, to produce realis-
tic dynamic 3D worlds and to produce realistic interactive
worlds.
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chanical property fields from geometric and visual cues.
A potential positive impact is to reduce the cost of build-
ing simulation-ready digital assets by providing a learned
prior over physically plausible, spatially varying materials,
which may benefit downstream tasks such as simulation
and interactive scene generation. A risk with our model

like many other models is that it can be misused to create
realistic digital content or deepfakes. The risk is misuse
of predicted properties in safety-critical decisions without
validation. Our outputs are learned estimates and can be
wrong under distribution shift, partial observability, or atyp-
ical materials; using them as a substitute for measurement,
testing, or certified engineering analysis could lead to un-
safe designs or incorrect conclusions. We view the method
as a tool for accelerating asset preparation and providing
initialization for downstream pipelines, not as a replacement
for verification.
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A. Additional Results

A.1. Scaling Experiments

We show full object-averaged scaling results in Tb.7. We
complement Figure 4 with a figure scaling the model, train-
ing, and test-time compute in Figure 6. We demonstrate
experiments on how memory scales in Figure 7 with our
framework as we scale model sizes and resolution. We show
the dimensionality of generated SAV as we scale the res-
olution in Figure 8. We show the computational cost for
scaling model parameters and resolution in Figure 9.

A.2. End-to-end Examples with Simulation

We qualitatively evaluate ADAVOMP by using it to anno-
tate volumetric mechanical fields for several meshes and
3D Gaussian Splats, and running physics simulation with
these spatially varying (E, v, p) values, resulting in realistic
simulations without any hand-tweaks.

A.3. Additional Mechanical Property Prediction Results

For completeness, we show voxel (not object) averaged
results over regular and hard datasets in Tb.8 and Tb.9,
complementing main paper tabulations in Tb.1, Tb.2. These
are computed by averaging metrics over all voxels in the
dataset.

A.4. Additional Mechanical Property Fields

We show additional mechanical property fields in Figures 12
to 14. We demonstrate additional comparisons with baseline
methods in Figures 15 to 19.

B. SAV: Our Sparse Adaptive Volumetric
Voxels Backend

We provide additional details about the SAV backend used
for training and evaluation. Our goal is to ensure the rep-
resentation is suitable as a generation target and as condi-
tioning input, while being fast enough to evaluate material
properties at high resolutions.

B.1. Representation

Coordinate System and Multi-Resolution Voxels. We
operate on a normalized domain 2 C [-0.5,0.5)
with finest grid resolution G = 2Lmax. A level ¢ €

{0, ..., Liax } corresponds to voxel side length
2Z
= — 11
0= (11)

and a level grid size G := G'/2¢. A level-£ voxel is indexed
byi € {0,...,G;—1}3 and corresponds to the axis-aligned

20

cell

[—0.5 4 iqse, —0.54 (in + 1)s¢).

(12)
Its geometric center is cg; := —0.5 4+ (14 0.5) sy.

Stored Nodes. An adaptive voxel tree stores a sparse sub-
set of voxels at multiple levels. For each level ¢ we store
a sparse index set Z, C {0,...,G¢ — 1} and associated
features {fy; € Rd}iez,j. We denote the resulting stored
node set by

Lmax

U (@i fe) s i € o).

£=0

T: (13)

Finest-Available Query Operator. We interpret SAV as
a representation of a function. Given a point x € 2, we
define the queried feature as the finest available voxel value
that covers x:

* * o . x+0.5
(0.7 () = arg_ iy {e { . JEIZ},
(14)
T(x) = oo (x),i* (x)- (15)

When 7 is a consistent hierarchy, Equation (15) is equiva-
lent to the usual “leaf voxel” semantics. The operator also
remains well-defined for partial trees: if fine voxels are
missing in a region, queries fall back to a coarser stored
voxel and return its region-average feature. This behavior
is used for level-wise supervision and test-time compute
scaling, since truncating generation yields a valid coarser
field.

Material Trees and Averaging under Truncation. For
material prediction, we set F = M with d = 3 and
fri = my; = (Epi, Ve, pei). Our value-range refine-

ment rule stores the descendant mean at coarse voxels when
refinement is not triggered. For a voxel V; ; we denote its
finest-level descendants by

desc((,i) .= {j € Tp : |i/2"] =i}, (16)
and define the descendant mean
myyi— — Z m (17)
C1 desc(2,1))] 03

jEdesc(4,i)

Thus, if a region is represented only coarsely at inference
time, the queried material is the physically meaningful aver-
age over that region.
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Table 7. Scaling with model size. We report object-averaged errors at two query resolutions for all model sizes, using the same evaluation
protocol as Table 1. Larger models improve accuracy across (E, v, p). We find that scaling test-time compute (64° — 1024%) is more
effective at larger model sizes.

Model Young’s Modulus Pa (E) Poisson’s Ratio (v) Density % (p)

ALDE ({) ALRE (|) ADE ({) ARE (]) ADE ({) ARE ({)
Evaluation at 643 resolution.
S 0.5949 (+031) 0.0617 (£0.04) 0.0354 (+0.01) 0.1173 (£0.04) 215.7624 (+15154) 0.1427 (+o0.11)
B 0.3828 (+024) 0.0397 (£0.03) 0.0232 (+0.01) 0.0768 (£0.04) 136.3824 (+138.64) 0.0902 (+0.06)
B+ 0.3625 (+023) 0.0376 (£0.04) 0.0223 (x0.01) 0.0741 (£0.03) 133.3584 (+161.00) 0.0882 (+0.07)
L 0.3480 (+029) 0.0361 (+0.04y 0.0217 (x0.01) 0.0721 (£0.02) 131.2416 (+15422) 0.0868 (+0.06)
L+ 0.3355 (+026) 0.0348 (+0.03) 0.0211 (+0.01) 0.0700 (+0.04y 129.2781 (+164.82) 0.0855 (+0.07)
H 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.
S 1.5898 (+032) 0.1649 (+0.100 0.0439 (+o0.01) 0.1457 (+0.03) 299.8296 (+202.80) 0.1983 (+0.10)
B 1.1512 (0299 0.1194 (+0.100 0.0284 (+0.01) 0.0941 (+0.04) 179.1720 (+22862) 0.1185 (+0.10)
B+ 1.0856 (+033) 0.1126 (x0.100 0.0265 (+0.01) 0.0879 (+0.04) 173.7288 (+176.72)  0.1149 (+0.10)
L 1.0008 (+031) 0.1038 (+0.07) 0.0241 (+0.01) 0.0798 (£0.03) 167.2272 (+17322) 0.1106 (+0.10)
L+ 0.9159 (+023) 0.0950 (+0.07 0.0225 (+0.01) 0.0745 (+0.03) 161.7867 (+174.03) 0.1070 (+0.08)
H 0.8841 (+027) 0.0917 (x0.07 0.0215 (+0.01) 0.0714 (+0.03) 158.4602 (+176.28) 0.1048 (+0.08)

Table 8. Mechanical Property Estimates (voxel-averaged). of our method significantly outperform the baselines on all metrics and
marginally outperforms the baseline even with low test-time compute (64%). The metrics are averaged across all voxels.

Method Young’s Modulus Pa (F) Poisson’s Ratio (v) Density % »)

ALDE (]) ALRE (}) ADE ({) ARE ({) ADE () ARE ({)
Evaluation at 643 resolution.
NeRF2Physics (Zhai et al., 2024)  2.5719 (+1.15  0.4122 (+0.08) - - 1354.9458 (+131571)  1.1496 (+0.67)
PUGS (Shuai et al., 2025) 3.8619 (+2.01) 0.4512 (+o0.11) - - 3641.0715 (£332078) 4.0413 (+4.16)
Phys4DGen* (Lin et al., 2025a) 5.2977 (+336) 0.4825 (+0.14)  0.0394 (+0.05) 0.1425 (+021) 1285.9489 (+1981.11)  1.0445 (+2.53)
Pixie (Le et al., 2025) 0.4073 (+042) 0.0462 (+0.06) 0.0272 (0.01)  0.0904 (+0.04) 110.7426 (+294.88)  0.0899 (+0.14)
VoMP (Dagli et al., 2025) 0.3765 (+039)  0.0421 (+0.05 0.0250 (0.01) 0.0837 (+0.03) 113.3807 (+301.90)  0.0908 (+0.14)
Ours-H (0.6B) 0.3314 (1034 0.0342 (+0.04)  0.0206 (+0.01)  0.0687 (--0.03) 96.4381 (+248.62)  0.0806 (+0.12)
Evaluation at 10242 resolution.
NeRF2Physics (Zhai et al., 2024)  3.9814 (+1.82)  0.6127 (+0.17) - - 2548.9372 (+192544) 2.0861 (+1.43)
PUGS (Shuai et al., 2025) 6.3189 (+297) 0.7421 (+0.22) - - 6893.2247 (+4628.35)  6.1443 (£6.21)
Phys4DGen* (Lin et al., 2025a) 7.4136 (+428) 0.8317 (+032) 0.0789 (+0.08) 0.2912 (+041) 2962.5718 (+3254.100 2.7415 (+3.92)
Pixie (Le et al., 2025) 1.2289 (057  0.1394 (+0.12)  0.0418 (+0.02) 0.1412 (+0.07) 218.4621 (+268.79) 0.1627 (0.15)
VoMP (Dagli et al., 2025) 1.1284 (+046) 0.1262 (+0.100 0.0334 (+0.02) 0.1149 (+0.06) 161.9243 (+24458) 0.1219 (+0.13)
Ours-H (0.6B) 0.8614 (+0.32)  0.0889 (+0.09)  0.0207 (+0.01) 0.0692 (+0.03) 124.0773 (+221.37)  0.1037 (+0.10)

Table 9. GVT-HARD at 1024° (voxel-averaged). Global voxel-averaged errors on the challenging GVT-HARD subset. Most baselines
degrade substantially under voxel averaging, while our gap between voxel and object aggregation remains small.

Method Young’s Modulus Pa (E) Poisson’s Ratio (v) Density :ng‘& )

ALDE () ALRE (}) ADE (}) ARE (}) ADE (}) ARE (})
NeRF2Physics (Zhai et al., 2024) 5.9300 (+2.70)  0.9500 (+0.22) - - 4683.9312 (+2954.17)  3.9045 (+2.12)
PUGS (Shuai et al., 2025) 10.2700 (+4.40)  1.2000 (+0.35) - - 10452.8837 (+£6890.34)  9.2167 (+6.55)
Phys4DGen* (Lin et al., 2025a) 14.8200 (+6.90)  1.3500 (+0.50) 0.1383 (+0.100  0.5000 (+0.55) 7421.3764 (+5833.92)  5.6281 (+5.62)
Pixie (Le et al., 2025) 2.8200 (+1.60)  0.3200 (+o0.16) 0.0662 (40.04)  0.2200 (+0.12) 642.9148 (+492.66) 0.3392 (40.28)
VoMP (Dagli et al., 2025) 2.5480 (145  0.2850 (+0.14)  0.0568 (+£0.03)  0.1900 (+0.10) 571.3873 (+463.21)  0.3184 (+0.26)
Ours-H (0.6B) 1.2880 (+0.42)  0.1330 (=0.10)  0.0300 (-0.02)  0.1000 (+0.06) 254.6281 (+237.45  0.1651 (+0.15)
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A

Figure 5. Simulating Gaussian Splats and Meshes at Scale. We show an elastodynamic simulation of a Gaussian Splat and a mesh scene
with objects given mechanical properties generated by ADAVOMP. We find that objects like the sofa and the pillows on the sofa are stable
under gravity. Near the center of the scene, we simulate a robot (frankaemika, 2025) which interacts with the fruits on the table producing
realistic interactions. We integrate ADAVOMP into RoboLab (Yang et al., 2026) to generate this demo. The Gaussian Splat is generated
with Marble (World Labs, 2025) and the robot is controlled by the 7.5 (Black et al., 2025) Vision-Language-Action model (@: 04:27).

Training-Only Internal Supervision Nodes. During
training, we additionally store internal voxels that are known
to be subdivided, solely to define structure supervision (keep
vs. subdivide) and per-level losses. These internal nodes do
not change the inferred field because queries always return
the finest available voxel by Equation (15). We therefore
treat this as an auxiliary supervision scaffold, not a distinct
inference-time representation.

B.2. Baking DINO Features into SAV

Here we provide details on how multi-view features of the
input object are mapped to SAV to be ingested by the Ge-
ometry Transformer (§4.1).

We form the conditioning node features by reconstructing
multi-view DINOv3 (Siméoni et al., 2026) patch-token fea-
tures over a volumetric voxelization of the object. Let
{p:i}E£_, denote the occupied finest-grid voxel centers and
let J denote the set of rendered views. For each view j € J,
letIT; : R® — [—1, 1]% be the camera projection and let d; ;
be the camera-space depth of p; in view j. Let the DINOv3
patch-token map be T} € R xnxn (feature dimension
din on an n x n patch grid) and let F : [-1,1]? — R%»
denote bilinear sampling of T);. At our target voxel resolu-
tion, many occupied voxels are weakly observed in some
views; we therefore model the per-view reconstructed fea-
ture as f.i,j = FJ(H](pZ)) = fz* + €i,j with E[Gi’j} =0
and depth-dependent variance E|lg; ;||3 o< 1 + ad, ;. Us-
ing this model, we aggregate features using inverse-depth
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attenuation,
WD s = _ Wi s — Wi g
Y it ady; Y D jres Wi e (18)
£, =) wi; Fi(1L(pi)),
jeJ

where d; ; = d; ;/(dmax +€) normalizes depths by dyax :=
max; ; d; ; and a > 0 controls attenuation strength. The
weights are normalized across views so that > jeg Wiy =1
for each voxel ¢, yielding a depth-weighted average (the case
o = 0 recovers uniform averaging from prior work (Wang
et al., 2023; Dutt et al., 2024; Xiang et al., 2025; Dagli et al.,
2025)).

We construct the conditioning tree 7' by merging feature-
homogeneous cells on the SAV grid. For a cell V; ; at level
¢ we sample a subset of finest-level occupied voxel centers
Séf) C {p; : p; € Vi;} and reconstruct their features {f; }.
We then measure the within-cell feature similarity using the
maximum pairwise distance in /5-normalized feature space,

fi fi’

0gi =
Ifill2 [Ifir]l2

)

(19)

max ,
iir €S 2
and consider the cell uniform if §g; < Teeay for a fixed
threshold 7¢e,t > 0. Uniform cells are stored as leaves with
pooled feature given by the mean of sampled (unnormalized)
features,

1
::W Z f;,

(20)
0i | ies{y

€yi

while non-uniform cells are subdivided into occupied chil-
dren and refined recursively (Algorithm 3).
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Figure 6. Scaling Model, Training, and Test-time Compute. Left / Center: We visualize the best runs of our sparse adaptive model
across three independent axes: training tokens, test-time compute (output resolution), and model size. We show displacement errors for
Poisson’s ratio (v) and Young’s modulus (£) as a function of training tokens, showing that larger models achieve lower error at a fixed
training budget and that allocating additional test-time compute (higher resolution) consistently improves accuracy. Right: We show the
final training budget and show the error trend as a function of resolution (top) and model size (bottom).

B.3. Sparse Tensor Backend

Per-Level Sparse Tensors. Each level / is represented
as a sparse tensor Sy (Cy, Fy) with coordinates C, €
ZNe*4 and features F;, € RN¢X4 Each coordinate row
has the form (b, s, iy,%.) Where b is the batch index and
(i3,1y,1,) € Zy. For a single tree, b = 0 for all rows.
For GPU efficiency, we store coordinates as contiguous
32-bit integer tensors with four dimensions (batch id and
integer grid indices). The features are stored contiguously
in memory.

Hashing for Fast Lookup. For a level grid size Gy, we
use a linear spatial hash,

hf(izviyviz) = ZIG? + inE + iz, 2D

which is unique on {0, .. ., Gy —1}3. In our implementation,
we realize membership tests by sorting hashes and applying
binary search, yielding O(log Ny) lookup per query.

Batch Flattening across Trees and Levels. Given a batch
of trees {ﬁ}bB:Bl, we construct a single batched sparse ten-
sor by concatenating all coordinates/features and writing the
batch id into the first coordinate column. Because our en-
coder conditions on a mixed-level token set, we additionally
maintain a per-token level vector £ € ZMewt aligned with
the concatenated rows as we show in Algorithm 1.

Implementation on Top of Sparse Tensor Libraries. We
implement sparse voxel tensors using spconv (Contribu-
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tors, 2022) to store (Cy, F) and to accelerate common
sparse operators. For efficient batching, we maintain an
ordering invariant: for each batch element b, all rows with
Cyl:,0] = b form a contiguous slice. This induces a per-
batch layout, {layout,[b]} ;" enabling fast extraction of a
single item’s voxels and efficient broadcast along the batch
dimension. When we update features without changing
coordinates (a common pattern in neural blocks), we pre-
serve all coordinate metadata and cached index mappings
so coordinate-dependent preprocessing is reused instead
of recomputed. Finally, we use a spatial cache keyed by
scale/stride to reuse expensive coordinate-dependent compu-
tations (e.g., sorted hash permutations, window/serialization
indices) across repeated operations without changing the
stored representation.

B.4. Core Operators

We use four core operators throughout our pipeline: material
tree construction (see Algorithm 2), conditioning feature
tree construction (see Algorithm 3), batched finest-available
point queries (see Algorithm 4), and batch flattening into
encoder tokens (see Algorithm 1). We serialize each tree
by storing G, the occupied levels, and per-level coordinates
and features; this is lossless with respect to Equation (15).

C. Ablations

We provide an in-depth analysis motivating our Adaptive
Geometry Transformer and Adaptive Material Generator
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high-resolution 1024% volumes within the memory constraints
of standard hardware (e.g., 8 X A100, dashed orange line). The
curves for different model sizes remain parallel, suggesting that
the memory overhead from model parameters is independent of
the resolution-based scaling.

training scheme by ablating each component. Our ablations
require changing the hyperparameters for fair comparisons;
thus, for each ablation, we tune our hyperparameters within
an identical compute budget. We run all the ablations at
the B scale (Table 14) which are reported in Table 10. It
is not possible to directly compare the results of the Ma-
terial Gaussian Splats ablation with the baseline because
the baseline is trained in a different way with a different
architecture. Thus, we do our best to make it comparable to
other ablations (Section C.1).

Initialization. We initialize AGT from a pretrained TREL-
LIS (Xiang et al., 2025) encoder checkpoint (Section F). We
ablate this choice by training from scratch and by initial-
izing from a VoMP (Dagli et al., 2025) geometry encoder
checkpoint.

Query Embeddings. We ablate the discrete signals used
to disambiguate candidate voxels during coarse-to-fine de-
coding. Removing the level embedding eliminates the ex-
plicit level index from the query (Equation (4)), while re-
moving the octant embedding removes the child offset signal
(Equations (2) and (4)). We also compare learned level em-
beddings to a deterministic RoPE-style (Su et al., 2024)
level encoding.

Structure and Material Supervision. We ablate the two
auxiliary supervision choices used to stabilize coarse-to-fine
learning. First, we remove explicit supervision for EMPTY
actions by computing Lgt,uct only on non-empty ground-
truth candidates (Equation (8)), which tests whether negative
(empty-space) supervision is necessary for reliable structure
prediction. Second, we restrict material supervision to the
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Figure 8. Effective Dimensionality of Adaptive Geometry. Ac-
tive voxel count as a function of resolution for varying sparsity
thresholds. The slope of these curves represents the dimension d
of the generated geometry. We measure an effective dimension-
ality of d ~ 2.48 for our sparse adaptive volumetric geometry,
which falls between surface scaling (d = 2) and dense volumetric
scaling (d = 3). In some cases, SAV can represent a volume more
efficiently than representing the same object’s surface as a dense
voxel grid.

finest level by dropping coarse-level material losses (Equa-
tion (10)), testing whether coarse-level averages are needed
to regularize long-range material assignments. We note that
removing the coarse level material supervision also leads
to not being able to scale test-time compute since lower
resolutions no longer generate average material values.

Material Parameterization. We ablate the MatVAE con-
straint by directly regressing the normalized material triplet,
removing the learned MatVAE decoder while keeping the
same regression loss form (Equation (10)).

C.1. Material Gaussian Splats

Our main method represents the material field as a
piecewise-constant adaptive voxel tree, where each leaf
voxel stores a constant material vector queried by the tree’s
spatial lookup. This discretization is effective for scaling
to very high effective resolutions, but it ultimately ties the
finest representable variation to the finest voxel size. To ex-
plore a complementary alternative for capturing sub-voxel
material detail, we experimented with a fixed-grid 3D Gaus-
sian Splatting (Kerbl et al., 2023) inspired variant. We
keep the training dataset and preprocessing identical to
VoMP (Dagli et al., 2025), including fixed-grid voxelization
and per-voxel multi-view feature processing. We replace
the single per-voxel material latent with a set of Gaussian
primitives per voxel.

Representation. We voxelize the object on a fixed 643
grid and process up to Ly = 32,768 occupied voxels per
object via stochastic subsampling when the occupied set is
larger. Conditioned on the same per-voxel features as VoMP,
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for each occupied voxel V; with center c; and side length h,
the decoder predicts N = 32 anisotropic 3D Gaussians with
parameters {(t; k, Xk, Vi k, Zi k) fo,. Here p;p € R3
is a center constrained to lie inside V;, X, j is a positive-
definite covariance (parameterized by an anisotropic scale
and a 3D rotation), «; . € (0, 1) is an opacity-like ampli-
tude, and z; 5, € R? is a 2D MatVAE latent code. Unlike
appearance-focused splatting, no color is predicted; instead,
each Gaussian carries a material latent which is decoded
by the frozen MatVAE decoder. This is a direct extension
of VoMP’s per-voxel latent prediction: a single latent per
voxel is replaced by N latents tied to continuous Gaussian
supports within the voxel.

Querying the Material Gaussian Splats. Querying
M (x) can be viewed as a local “rendering” operator analo-
gous to 3D Gaussian splatting: we evaluate each Gaussian
density at a 3D sample point and normalize contributions
to obtain mixture weights. Given a query point x € V;, we
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form mixture weights from the Gaussian densities,

Wik (X) = i eXP(—%(X - N@k)TE;; (x — Hi,k)) )
Wik (x)

wik(x) = —x
' S0l i

(x)

(22)
We then decode each latent through MatVAE and blend the
resulting normalized material triplets,

N
M(x) = Z W 1 (X) GMArVAE (Zi k) - (23)
k=1

This defines a continuous, locally smooth material field
within each voxel while preserving our use of MatVAE to
constrain predicted properties.

Training. This ablation follows the supervised fixed-grid
recipe of VoMP (Dagli et al., 2025); the only change is to re-
place the single per-voxel latent with /N Gaussian-supported
latents inside each occupied voxel. Let V denote the occu-
pied voxel indices used in an iteration (after subsampling
to |[V| < Ly). For each i € V, we draw a fixed num-
ber (Q of sample points {xi’q}qul C V; and supervise the
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normalized material field at those points (normalization
in Section F). Since M (x; ,) is obtained by the differen-
tiable rendering/query operator in the previous paragraph,
training amounts to rendering materials at sampled points
and minimizing the point-sampled regression loss

>y

i€V q=1

(24)

GS Xz,q qu ||A’

IV\Q

where m*(x) € R? denotes the ground-truth normalized
material triplet at x and || - ||% is the per-property weighted
squared error defined in Equation (10). Empirically, this
Gaussian refinement yields only modest gains over the voxel
baseline while increasing per-voxel parameterization.

While ablating this model, we choose parameters under the
same compute budget as other baselines to serve as a proxy
for a fair comparison. This comparison is not perfect since
Material Gaussian Splats model is trained with only Data
Parallelism which was not possible for the other baselines
due to their memory constraints during training. We find
that the Material Gaussian Splats are able to outperform
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the B size, however it is unable to scale well and match
performance of our higher model sizes.

D. Metrics

We present an explanation of the metrics we use. We use
the same metrics as in VoMP (Dagli et al., 2025).

D.1. Metrics for Mass and Field Estimation

To evaluate the accuracy of predicted scalar quantities such
as object mass, as well as continuous scalar fields like den-
sity or stiffness, we use several commonly adopted metrics.
Let y denote a ground-truth scalar value or voxel-wise field
(e.g., density), and 7 its predicted counterpart.

Absolute Difference Error (ADE). The average absolute
error between predicted and ground-truth values:

ADE = 25)

LN
=1y — dil-
N 1=1
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Figure 11. First: We show realistic simulations for 18 Gaussian Splats falling through a pachinko machine mesh using generated properties
(o 04:44). Second: We show realistic simulations for meshes using predicted material values (&: 04:57). Third: In this example,
we apply ADAVOMP to this Gaussian Splat model that we captured using a commercial app. Our method converts this model into a
simulation-ready asset, which is tetmeshed and simulated with FEM (@: 04:57). Fourth: We show realistic simulations for meshes using
predicted material values (@: 04:44).

Table 10. Architecture and training ablations at 1024°. We evaluate all variants at B scale.

Ablation Young’s Modulus Pa (E) Poisson’s Ratio (v) Density % (p)

ALDE (1) ALRE (}) ADE (}) ARE (1) ADE (}) ARE (})
Initialization.
Scratch initialization 1.3794 (+035) 0.1428 (+0.11)  0.0336 (£0.02) 0.1126 (+0.06) 219.4837 (£265.000 0.1459 (+0.12)
VoMP (Dagli et al., 2025) initialization 1.1916 (+030) 0.1236 (+0.100 0.0292 (+0.01)  0.0968 (+0.04y 185.9342 (+23200) 0.1214 (+0.10)
Query embeddings.
w/o level embedding 1.2619 (+031)  0.1307 (+0.100  0.0311 (+0.01) 0.1032 (+0.05) 197.3824 (+240.00) 0.1289 (+0.11)
w/ RoPE (Su et al., 2024) level encoding  1.1884 (+030)  0.1227 (+0.100  0.0290 001y  0.0961 (+0.04) 184.5173 (+233.00) 0.1207 (z0.10)
w/o octant embedding 1.4682 (£040) 0.1579 (+0.12) 0.0674 (x0.04) 0.2386 (+0.18) 419.6341 (+£540.000 0.6852 (+0.55)
Structure and material supervision.
w/o empty-space supervision 1.3106 (+034) 0.1358 (=0.11)  0.0329 (£0.02) 0.1096 (+0.07) 208.1756 (£255.000 0.1374 (+0.12)
w/ leaf-only material supervision 1.8893 (+0.55) 0.1967 (+0.155 0.0386 (+0.02) 0.1298 (+0.07) 287.9042 (+350.00) 0.3218 (+0.28)

Material parameterization.
w/o MatVAE (Dagli et al., 2025) 1.6547 (+048) 0.1704 (+0.13)  0.0411 (£0.03) 0.1407 (+0.100 268.7729 (£330.000 0.2216 (+0.19)

Material Gaussian Splats.
Material Gaussian Splats (Section C.1) 1.1015 (=031 0.1147 (=010 0.0273 (+0.01)  0.0904 (+0.04) 175.8321 (+222.000 0.1168 (+0.10)

Ours-B 1.1512 (+029) 0.1194 (+0.100 0.0284 (+0.01) 0.0941 (+0.04y 179.1720 (+228.62) 0.1185 (+0.10)
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Figure 12. Inferred Mechanical Property Fields. We show additional mechanical property fields and slice planes through mechanical

property fields estimated by ADAVOMP.

This metric is scale-sensitive and reports the error in physi-
cal units (e.g., kg/ m? for density, kg for mass).

Absolute Log Difference Error (ALDE).
absolute error in logarithmic space:

The average

N
1
ALDE = > logy; — log iil.

i=1

(26)

This metric captures multiplicative error and is particularly
useful for quantities that vary over several orders of magni-
tude.

Average Relative Error (ARE). The mean relative devia-
tion between predictions and ground truth:

N

1
ARE= >

i=1

Yi — Ui
Yi

27)

This dimensionless metric penalizes over- and under-
estimates proportionally, making it appropriate for com-
paring across varying scales.

Minimum Ratio Error (MnRE).
bounded measure of relative accuracy:

A symmetric and

1
MnRE = — 28
n N (28)
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This metric ranges from 0 to 1 and is maximized when
predictions are perfectly accurate. As suggested in prior
work (Standley et al., 2017), MnRE avoids bias toward
systematic over- or under-estimation and reduces sensitivity
to outliers, making it particularly effective for evaluating
physical quantity predictions across heterogeneous samples.

D.2. Metrics to Measure Differences in Mechanical
Properties

We evaluate mechanical-property estimates at query points
inside the object volume. Let {(E;, v;, p;)}Y, denote the
ground-truth material triplets at the queried locations and
let {(E;, 0, pi) YV, denote the corresponding predictions.

Relative Error in log(E). Relative error between pre-
dicted and true values of the logarithm of Young’s modulus
E reported in units of Pa. This captures relative error in
material stiffness across several orders of magnitude.

1

ARElogE = N

N
3 ‘1og10 B, —logio Bi|. (29
i=1

Relative Error in v. Relative Error in linear space for
Poisson’s ratio v, a dimensionless measure of lateral con-
traction under uniaxial loading.

N
1 Z N
ARED = N 2 |Vi — V. (30)



ADAVOMP

Algorithm 1 Batch Flattening for Encoder Tokens

Require: Trees {77,}sz_01 with per-level sparse tensors
b b
{(c” ¥}
Ensure: Batched sparse tensor (Cpateh, Fhaten) and per-
token levels £

l: coords « ||

2: feats + ||

3: levels «+ ||

4: forb=0,1,...,B—1do

5. for each occupied level £ in T}, do

6: C«cl

7: set C[:,0] < b

8: Append C to coords

9: Append ng) to feats

10: Append a vector of length |C| filled with ¢ to
levels

11:  end for

12: end for

13: Cpatch < CAT(coords)
14: Fpaten < CAT(feats)
15: £+ CAT(levels)

16: return (Cpatch, Frateh), £

Relative Error in p. Relative Error between predicted
and true values of material density p, reported in units of
kg/m?.

N
1 Z R
=1

Displacement in log(E). We measure the mean absolute

error in log;, space,

N
1 ~
ADEiogp = 1 > ’10g10 Ei—logo E|. (32
=1

Displacement in . 'We measure the mean absolute error
of Poisson’s ratio in linear space,

N
1 Z N
ADEV = N 2 |I/i — I/i| . (33)

Displacement in p. We measure the mean absolute error
of density in linear space,

N
1 .
ADEp = N g ‘pi - pi‘ . (34
=1

E. Dataset Details

This appendix summarizes dataset construction choices that
affect the supervision targets and conditioning signals used
in our experiments. We refer to our processed dataset as
GVT.

E.1. Voxelizing for Training

Assets. We construct GVT from simulation-ready, tex-
tured USD assets pooled from multiple collections (NVIDIA
Developer, 2025; NVIDIA Corporation, 2025a;b;c). Each
asset is assigned a stable instance identifier (SHA-256 hash
of its canonical name within its source collection) and a
semantic class label provided by source metadata.

Geometry Normalization and Occupancy. All assets are
normalized to the coordinate convention of Section 3. We
voxelize the occupied volume at the finest grid resolution
G = 1024 (so Lyax = 10) and represent geometry by the
set of occupied finest-grid indices. We perform volumetric
(solid) voxelization by first voxelizing the surface and then
filling the interior, yielding occupancy throughout the object
volume rather than only on the surface. For robustness, we
cap the number of generated voxels per asset at 10% during
preprocessing; this cap is never active in typical cases.

Per-part Material Supervision. For supervision we re-
quire a material triplet (E, v, p) at each occupied voxel
(with E in Pa, v unitless, and p in kg/m3). Each part of
the object is assigned a constant material triplet, and each
occupied voxel inherits the triplet of its part.

E.2. Material Adaptive Tree for Training

From the voxelized material field at resolution G = 1024,
we build the supervision tree 7 using value-range refine-
ment (Algorithm 2). When multiple material samples map
to the same voxel, we average them before refinement. We
use per-channel merge tolerances

T = (100.0, 0.01, 10.0), (35)

applied to (F, v, p) in the units above, so that refinement
is triggered only at boundaries where descendant ranges
exceed these tolerances. Coarser nodes store descendant
means, enabling level-wise supervision as described in Sec-
tion B.

E.3. Feature Adaptive Tree for Training and Inference

Multi-view Rendering. For each asset we render 150
RGB views at 512 x 512 resolution with transparent back-
ground and fixed lighting. Cameras are distributed on a
sphere using a low-discrepancy (Hammersley) sequence,
with radius 2.1 and horizontal field-of-view 40°. For each
view we record the camera-to-world transform and intrinsics
so that features can be lifted consistently to the voxel grid.

DINOv3 Feature Lifting and Aggregation. We use DI-
NOv3 ViT-H+/16 (Siméoni et al., 2026) patch-token fea-
tures extracted at input resolution 512 x 512 with patch size
16 (yielding a 32 x 32 patch grid) and feature dimension
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din, = 1280. We apply ImageNet mean/std normalization to
each view prior to the DINO forward pass. We lift patch-
token features to voxels and aggregate across views as de-
scribed in Section 4.1, Section B.2 and Equation (18), using
inverse-depth attenuation with o = 2.0.

Adaptive Feature Tree Hyperparameters. To bound pre-
processing cost at G = 1024, we cap the number of occu-
pied finest-grid voxels used for feature lifting to 100,000
via stochastic subsampling when the occupied set is larger.
We build 7™ using the lazy refinement procedure in Algo-
rithm 3 with start level /y,,1 = 8, samples per cell K = 16,
and a maximum of N ., = 100,000 stored nodes. We
use the max-distance uniformity test in normalized feature
space (Equation (19)) with threshold T,y = 0.01.

E.4. Dataset Statistics

We report statistics of GVT after the preprocessing steps
in Sections E.1 to E.3 at finest resolution G = 1024. GVT
uses the same assets as GVM (Dagli et al., 2025) but slightly
increases the number of assets to 1,725 high-quality objects.
These objects like GVM (Dagli et al., 2025) span four source
collections (NVIDIA Developer, 2025; NVIDIA Corpora-
tion, 2025a;b;c), dominated by SimReady (59.7%) and Res-
idential (29.3%) assets (Figure 20a). The dataset contains
55 semantic classes with a long-tailed distribution; the most
frequent classes are residential (29.3%), shelf (14.5%), and
container (11.2%) (Figure 20b).

The volumetric setting induces very large and heavy-tailed
occupancy: objects contain 22.5M occupied voxels on
median, and the 5th-95th percentile range spans 0.88M-—
123.0M occupied voxels (Table 11, Figure 20c). At G =
1024, this corresponds to ~ 86.7k input tokens per object
(nodes in 7'™) and up to 398,112 output tokens per object
(decoder candidates Ef;"g" |C¢| in Section 4.2 under our
per-level cap), which are the token counts we train on. This
motivates the adaptive discretization and candidate-only
computation described in the main text. For sparsity statis-
tics, Figure 20d shows the distribution of adaptive feature-
tree sizes (mean 86.7k nodes/object). Figure 21 summarizes
how material and feature tree nodes distribute across levels.
Reported material-property summary statistics are computed
by first averaging each property over the nodes of an object
and then taking moments across objects.

F. Additional Details on Training
F.1. Network Design

See Section 4 for the definitions of the Adaptive Geome-
try Transformer (AGT) and Adaptive Material Generator
(AMG), including the conditioning tree construction, unified
coordinates, and the coarse-to-fine generation procedure.
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Table 11. Summary statistics of GV T after preprocessing at finest
resolution G = 1024.

Statistic Value
Dataset

Objects 1,725
Source collections 4
Semantic classes 55

Voxels
Total occupied voxels (all objects)
Occupied voxels/object (mean)

75,266,550,963
43,632,783 (+58,967,607)

Occupied voxels/object (median) 22,545,066
Occupied voxels/object (p5-p95) 883,455-123,006,818
Occupied voxels/object (min—max) 8,200-460,452,213

Material tree

Nodes/object (mean)

936,605 (+6.434,929)

Nodes/object (median) 6,637
Nodes/object (p95) 3,018,837
Nodes/object (max) 115,021,795
Levels/object (mean) 6.6

Total nodes (all objects) 1,615,747,465

Materials

Young’s modulus E' (mean) 3.48 x 1010 Pa
Poisson’s ratio v (mean) 0.337
Density p (mean) 1949.0 kg/m>
Feature tree

Nodes/object (mean) 86,719 (+16,488)
Nodes/object (median) 91,101
Nodes/object (p5—p95) 71,255-96,615
Nodes/object (max) 97,940
Levels/object (mean) 6.7
Total nodes (all objects) 149,503,385
Feature dimension (d;,) 1280

Here we provide the architectural parameterization used
in our experiments, together with output-preserving imple-
mentation choices that are needed to train at high effective
resolutions.

AGT is a sparse 3D Transformer operating on unified co-
ordinates (Equation (1)). We use a pre-norm block with
residual connections (He et al., 2015):

h + h + MSA(LN(h)),

h « h+ MLP(LN(h)), (0

where MSA is multi-head self-attention and MLP is a two-
layer feedforward network (MLP ratio 4 with GELU ac-
tivations). Self-attention uses sparse 3D shifted-window
attention (Liu et al., 2021; 2022; Xiang et al., 2025) with
ROPE (Su et al., 2024) on unified coordinates. We use
width d;,o4e1 = 768 with 12 heads (head dimension 64),
and apply per-head RMS normalization (Zhang & Sen-
nrich, 2019) to queries and keys before the dot-product
attention. AGT is initialized from a pretrained TRELLIS
encoder slat_enc_swin8_B_6418 checkpoint (Xiang
et al., 2025) and fine-tuned end-to-end.
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Table 12. Architectural details of the Adaptive Geometry Trans-
former (AGT). Shifted-window self-attention uses window size
32 (unified-grid units) and RoPE on unified coordinates; per-head
Q/K RMS normalization is applied before dot-product attention.
The number of blocks Benc varies by model scale (see Table 14).

Table 13. Architectural details of the Adaptive Material Generator
(AMG). Each block applies cross-attention to AGT latents fol-
lowed by shifted-window self-attention among candidates. AMG
blocks are shared across all refinement levels, so the number of
blocks Baec is independent of Ly,ax (see Table 14).

Stage ‘ Block Stage ‘ Block
In_proj ‘ Token embedding hY ; (Equation (3)) Query | Query embedding q; (Equation (4))
i LayerNorm T i LayerNorm T
QK-RMSNorm QK-RMSNorm
ShiftWinSelfAttn(12 x 64) CrossAttn(12 x 64)
Stem LayerNorm X Bene LayerNorm
Linear (768, 3072) Stem QK-RMSNorm B
GELU ShiftWinSelfAttn(12 x 64) dec
Linear(3072, 768) LayerNorm
AMG details the block structure of the coarse-to-fine thleagg?_%?)()??)
generator described in Section 4.2. Each AMG block Li
. . . inear (3072, 768)
applies full cross-attention from level-¢ candidates to
AGT latents, followed by sparse shifted-window self- Out_proj Li'near(768,3) (structure logits)
attention among candidates at that level, and uses the - Linear (768, 2) (material latent)

same (dmodel, heads, head dim, MLP ratio) as AGT. We
share AMG block weights across refinement levels so that
parameter count is independent of L., while compute
scales linearly with the number of levels. The query con-
struction and output heads are summarized in Table 13.

AMBG predicts a 2D latent that is decoded by the frozen
MatVAE decoder from VoMP (Dagli et al., 2025).

For numerical stability under mixed precision and large to-
ken counts, LayerNorm (Ba et al., 2016) is computed in
float32 and cast back to the activation dtype. To bound peak
memory without changing outputs, we evaluate token-wise
operators (LayerNorm (Ba et al., 2016) and the position-
wise MLP) in exact chunks when processing very large
token sets. Shifted-window attention (Liu et al., 2021;
2022) and RoPE (Su et al., 2024) depend only on the dis-
crete sparse coordinates; since the same coordinate sets
are reused across many Transformer blocks and, in AMG,
repeatedly across refinement levels, we cache coordinate-
dependent quantities such as RoPE {cos, sin} factors and
window-partition index maps and reuse them across blocks.
Tables 12 and 13 summarize the block-level architectures.

F.2. Training Recipe

We provide additional details needed to reproduce optimiza-
tion and normalization, together with the full hyperparame-
ter tables.

We train on normalized material targets to balance gradients
across properties. We apply a log-minmax transform to
Young’s modulus and density and a minmax transform to
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Poisson’s ratio:

logyg(max(FE, €)) — log;o(Emin)

B = 1)
logo(Emax) — 10g1o(Emin)
y— V= Vmin_ a8)
Vmax — Vmin
r_ log;o(max(p, €)) — 10g10(/’min), (39)

log; (Pmax) — log (Pmin)

with a small € to avoid log(0). We reuse the normaliza-
tion bounds computed for MatVAE training to ensure the
latent decoder and the field generator operate in a consistent
normalized space.

We optimize the multi-level objective in Equation (6) with
level weights wy = *yé . We use Ag¢ruct = 1 and report Apa¢
and the per-property weight matrix A = diag(Ag, Ay, A)
in Tables 15 and 16.

We optimize with AdamW (Kingma & Ba, 2017; Loshchilov
& Hutter, 2019) for 7' optimization steps using a linear
warmup followed by linear decay. With peak learning
rate 7)peak and warmup length T, we linearly ramp from
Npeak/Tw (at step 0) to Npeak, and then decay linearly to
Nend = 0.017pcak by step T'. We clip the global gradi-
ent norm and maintain an exponential moving average of
the Adaptive Geometry Transformer and Adaptive Material
Generator weights. Training uses bfloat16 mixed precision
for the forward pass, while optimizer state is maintained
in FP32. We summarize the hyperparameters in Tables 15
and 16. We present details on inference-time decoding,
candidate capping, and teacher forcing is provided in Algo-
rithms 5 to 7.
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Table 14. Model scale configurations.

Scale Encoder blocks Be,. Decoder blocks Bgo. Params (M)  dj, dmoder Heads Window d,
S 1 1 19.9 1280 768 12 32 2
B 6 6 90.8 1280 768 12 32 2
B+ 8 8 119.1 1280 768 12 32 2
L 21 21 303.3 1280 768 12 32 2
L+ 24 24 345.9 1280 768 12 32 2
H 40 40 572.6 1280 768 12 32 2

F.3. Distributed Training

We train with Hybrid Sharded Data Parallelism (HSDP) i.e.
ZeRO-3 (Rajbhandari et al., 2020)/FSDP-2 (Zhao et al.,
2023) + Distributed Data Parallelism (DDP). We adapt
Megatron-LM’s Megatron-FSDP (Shoeybi et al., 2020) im-
plementation for our training. We denote an inner group
of size Sgnarq With data-parallel replication across R outer
replicas. For a world size W, we set R = W/Sghara. We
summarize the parallelism-related hyperparameters in Ta-
bles 15 and 16.

Adaptive trees vary substantially in depth across objects,
and many samples terminate early due to no further SUB-
DIVIDE decisions at coarse levels. Under HSDP, every rank
must execute an identical sequence of collectives (parameter
gathers and gradient reduce-scatters) in the same order. We
therefore enforce a fixed-level schedule during teacher forc-
ing: if a sample has no real candidates at a level, decoding
continues with a single dummy candidate for the remaining
finer levels, and those dummy levels are masked out of the
loss. This keeps collective order aligned across ranks while
making it much more computationally efficient to train with
diverse data.

We apply global gradient-norm clipping in the sharded set-
ting by first aggregating the squared norm across ranks in
the data-parallel group and then scaling local shards accord-
ingly. The total number of input tokens equals the number
of nodes in the adaptive feature tree, and the total number
of decoder candidates equals the sum of candidate voxels
across all levels. Candidate capping bounds the number of
candidates processed at a level by selecting a contiguous
spatial window, which controls attention memory while pre-
serving locality; pseudo-code is provided in Algorithm 6.
For additional memory safety at high resolutions, we com-
pute windowed self-attention in chunks, and we decode
MatVAE (Dagli et al., 2025) outputs in chunks when the
number of non-empty candidates is large.
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G. Additional Implementation Details
G.1. Compute

We report training compute in A100-80GB GPU-days, de-
fined as the number of GPUs multiplied by wall-clock days
for an end-to-end training run of AGT+AMG. Table 17 lists
the compute required for each model scale in Table 14.

G.2. Simulation and Rendering
G.3. Baselines

Converting Hardness to Young’s Modulus.
NeRF2Physics (Zhai et al., 2024) does not estimate
a numerical value of Young’s Modulus, but instead predicts
Shore A-Shore D hardness. Thus, to compare our method
with NeRF2Physics (Zhai et al., 2024) we convert these
Shore hardness values to average Young’s Modulus values.

¢ Shore A. For Shore A hardness, we follow (ASTM
International, 2015) and use:

e(SA X0.0235)70.6403 (40)

EMPa =
where S 4 is the Shore A hardness value and Ejyp, is
Young’s modulus in megapascals.

¢ Shore D. For Shore D hardness, we follow (ASTM
International, 2015) and use:

By, = e((Sp+50)x0.0235)—0.6403 (41)
where Sp is the Shore D hardness value and Ejyp, is
Young’s modulus in megapascals.

Point or Voxel Sampling. The  baselines
NeRF2Physics (Zhai et al., 2024) and PUGS (Shuai
et al., 2025) in their methods sample points from the NeRF
or Gaussian splat, respectively, and predict mechanical
properties at those points. To ensure fair comparisons,
we explicitly make these methods work on the same set
of points in the object on which our method is evaluated.
Pixie (Le et al., 2025) and VoMP (Dagli et al., 2025)
work on a fixed lower resolution voxel grid of 643. When
evaluating Pixie (Le et al., 2025) and VoMP (Dagli et al.,
2025) at higher resolutions, we sample voxel centers and
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Table 15. Training hyperparameters for S, B, and B+.

Hyperparameter S B B+
Parallelism

GPUs (W) 16 16 16
ZeRO-3 shard group size (Sshard) 16 16 16
DDP replica count (R = W/Sshard) 1 1 1
Optimization

Optimizer AdamW AdamW AdamW
AdamW (81, 32) (0.9,0.999) (0.9,0.999) (0.9,0.999)
AdamW e 108 10-8 1078
Weight decay 0.01 0.01 0.01
Training steps (1) 60,000 60,000 60,000
Batch size / GPU 1 1 1
Global batch size (W x batch/GPU) 16 16 16
Gradient accumulation steps 1 1 1
Gradient clipping (global norm) 1.0 1.0 1.0
EMA decay 0.9999 0.9999 0.9999
Precision (forward) bf16 bf16 bf16

Learning-rate schedule

Schedule linear warmup + linear decay  linear warmup + linear decay linear warmup + linear decay
Warmup init LR (1peak/Tw) 107 1077 1077

LR peak (1peak) 2x 1074 2x 1074 2x 1074
Warmup steps (1) 2,000 2,000 2,000

LR end (1enq) 2x 1076 2x 1076 2x 1076

Loss

Structure 10ss Lgtruct 3-way cross-entropy 3-way cross-entropy 3-way cross-entropy
Structure loss weight Agtryct 1 1 1

Material 1oss Lat {5 on normalized triplets {5 on normalized triplets {5 on normalized triplets
Level-weight base + (for w, = ~%) 1.4 1.4 1.4

Material loss weight A a¢ 75 75 75
Per-property weights A (1,1,3) (1,1,3) (1,1,3)
Sparsity and exact chunking (output-preserving)

Max candidates / level (|C¢|max) 36,192 36,192 36,192
Window-attention chunk cap (tokens, N2 ) 262,144 262,144 262,144
MatVAE decode chunk (N2t VAE) 128 128 128

interpolate the mechanical properties at those points from
the lower resolution voxel grid.

Implementation details of Baselines. The baseline
NeRF2Physics (Zhai et al., 2024) uses gpt-3.5-turbo
for certain parts of their pipeline. We replace
gpt-3.5-turbo in their pipeline with a better perform-
ing model, GPT-40 (OpenAl & et al., 2024). The baseline
Phys4DGen (Lin et al., 2025a) does not have code available.
Thus, we follow the evaluation pipeline from VoMP (Dagli
et al., 2025) and faithfully reproduce the parts, "Material
Grouping and Internal Discovery" and "MLLMs-Guided
Material Identification". We reproduce these parts of their
pipeline using GPT-40 (OpenAl & et al., 2024) for the
MLLMs-Guided Material Identification. Furthermore, we
obtained the prompts from the authors of Phys4DGen (Lin
et al., 2025a) and use the same prompts.
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H. Additional Details on the Simulations

We experiment with Simplicits (Modi et al., 2024), a re-
duced order simulator (Modi et al., 2024; Xiang et al., 2026),
an accurate finite-element method (FEM) (Huang et al.,
2025; 2024a) simulator, and Isaac (NVIDIA) for our sim-
ulations with generated mechanical properties. We share
details on these simulations below.

H.1. Material Interpolation Scheme For Simulation

Material values in ADAVOMP are returned on a sparse
voxel grid. Simulators, however, need material values are
arbitrary query locations (such as mesh vertices or monte-
carlo sampled cubature points). We used nearest-neighbor
interpolation on the material voxel field to source material
parameters for aribtrary query points in the field.
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Table 16. Training hyperparameters for L, L+, and H.

Hyperparameter L L+ H
Parallelism

GPUs (W) 32 32 32
ZeRO-3 shard group size (Sshard) 32 32 32
DDP replica count (R = W/Sshard) 1 1 1
Optimization

Optimizer AdamW AdamW AdamW
AdamW (81, 32) (0.9,0.999) (0.9,0.999) (0.9,0.999)
AdamW e 108 10-8 1078
Weight decay 0.01 0.01 0.01
Training steps (1) 60,000 60,000 60,000
Batch size / GPU 1 1 1
Global batch size (W x batch/GPU) 32 32 32
Gradient accumulation steps 1 1 1
Gradient clipping (global norm) 1.0 1.0 1.0
EMA decay 0.9999 0.9999 0.9999
Precision (forward) bf16 bf16 bf16

Learning-rate schedule

Schedule linear warmup + linear decay  linear warmup + linear decay linear warmup + linear decay
Warmup init LR (1peak/Tw) 107 1077 1077

LR peak (1peak) 2x 1074 2x 1074 2x 1074

Warmup steps (1) 2,000 2,000 2,000

LR end (1enq) 2x 1076 2x 1076 2x 1076

Loss

Structure loss Lgtruct

3-way cross-entropy

3-way cross-entropy

3-way cross-entropy

Structure loss weight Agtryct 1 1 1

Material 1oss Lat {5 on normalized triplets {5 on normalized triplets {5 on normalized triplets
Level-weight base + (for w, = ~%) 1.4 1.4 1.4

Material loss weight A a¢ 75 75 75
Per-property weights A (1,1,3) (1,1,3) (1,1,3)
Sparsity and exact chunking (output-preserving)

Max candidates / level (|C¢|max) 36,192 36,192 36,192
Window-attention chunk cap (tokens, N2 ) 262,144 262,144 262,144
MatVAE decode chunk (N2t VAE) 128 128 128

Table 17. Training compute by model scale, reported in A100-

80GB GPU-days.

and pre-processing steps (such as mesh construction and

simplicits basis construction). Our FEM hyperparameters

are listed in Table 18. All out simulations are run on an RTX
A6000 - 48 GB.

Scale GPU-days
S 83

B 92

B+ 92

L 166
L+ 166

H 172

H.2. Evaluating on FEM and Simplicits Simulations

Our FEM and Simplicits simulation pipelines for evaluating
predicted materials follows the same setup as introduced in
the original VoMP paper (Dagli et al., 2025). Specifically,
the predicted volumetric material parameters, (F, v, p),
are converted into simulation-ready Lamé parameters and
passed to the object’s constitutive model. The FEM and
Simplicits solver implementation details are identical to the
original VOMP paper, as well as solver hyperparameters
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H.3. Evaluating on IsaacSim

Additional simulations are conducted in NVIDIA Isaac
Sim (NVIDIA), a robotics simulation platform built on
NVIDIA Omniverse that leverages the PhysX physics en-
gine (NVIDIA Corporation, 2025d) for rigid body dynam-
ics. Tb. 19 details the key hyperparameters used in our
simulation pipeline. PhysX employs a Temporal Gauss-
Seidel (TGS) iterative solver (NVIDIA Corporation, 2025d)
for constraint resolution. The simulation runs at 120 Hz,
maintaining real-time performance. Contact handling is
enhanced through Continuous Collision Detection (CCD)
on the object meshes, which prevents fast-moving objects
from tunneling. Material properties, including friction co-
efficients and restitution values, are tuned to approximate
realistic object interactions observations.
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Table 18. Hyperparameters for FEM simulation.

Hyperparameter Value

Hyperparameter Value

Time Integrator Backward Euler

Nonlinear Solver

Newton max iters. 1024
Velocity tol. 0.05 ms™1
CCD tol. 1.0
Transform rate tol.  0.1/s
dt 0.02
Gravity [0.0,—9.8,0.0]

Newton’s w/ line search

Linear Solver pre-conditioned CG

Linear tolerance 1073
Line search

max iters 8
Collision

Friction 0.5

Contact Resistance 1.0

d 0.01

Table 19. Hyperparameters for PhysX simulation.

Hyperparameter Value

Solver Type PhysX TGS

Time Step (dt) 1/120 s (0.00833 s)
Render Interval 8 steps

Position Iterations 4

Velocity Iterations 1

Relaxation 0.75

Warm Start 0.4

Gravity [0.0,0.0, —9.81] m/s?
Contact & Collision

Enable CCD True

Contact Offset 0.02 m

Rest Offset 0.01 m

Max Extraction Velocity ~ 100.0 m/s

Shape Collision Distance 0.0 m

Shape Collision Margin 0.0 m

Shape Appx Cvx Decomp

Object Material Properties

Static Friction 0.5
Dynamic Friction 0.4
Restitution 0.1

I. Additional Related Works

For completeness, we include other tangentially related
works here. To address the trade-off between computa-
tional efficiency and representational fidelity, recent meth-
ods across various modalities have increasingly adopted
adaptive, some form of multi-scale strategies different than
us. In the video and language modeling, approaches use
dynamic tokenization, where models adaptively compress
visual tokens (Wang et al., 2025), utilize multi-scale lan-
guage units (Li et al., 2025a; Barbere et al., 2024; Nawrot
et al., 2023), or learn space-time tokens to reduce temporal
redundancy (Liu et al., 2017; Yan et al., 2025; Ryoo et al.,
2021). Similarly, for static images, many Vision Transform-
ers handle adaptive patch sizes, either by training a single
model for variable resolutions (P & Sethi, 2022; Hu et al.,
2024; Zhou & Zhu, 2023; Wang et al., 2021; 2024; Beyer

35

et al., 2023; Chen et al., 2021) or by dynamically mixing
patch sizes within a single inference pass to allocate com-
pute to complex regions (Rao et al., 2021; Fan et al., 2024;
Havtorn et al., 2023; Chen et al., 2023; An et al., 2024,
Ronen et al., 2023). In 3D generation, some works generate
geometry in a coarse-to-fine scheme from low-resolution
priors or learn features over a 3D space in a coarse-to-fine
scheme (Wei et al., 2025; Ren et al., 2024a;b; Ghadai et al.,
2019; Bai et al., 2024).

Beyond static property prediction, extensive research ex-
plores recovering physical attributes through dynamic inter-
action or observation. This includes estimating parameters
from video sequences (Davis et al., 2015; Mottaghi et al.,
2016; Bhat et al., 2002; Chen et al., 2025b; Liu et al., 2024a;
Xue et al., 2023; Li et al., 2025b; Brubaker et al., 2009;
Yildirim et al.; Li et al., 2023; 2020b; Wu et al., 2016; 2015;
2017; Xia et al., 2024; Xu et al., 2019; Feng et al., 2023; Lin
et al., 2024) or through direct physical manipulation of real-
world objects (Yu et al., 2024; Pai et al., 2001; Lang et al.,
2003; Lloyd & Pai, 2001; Pai et al., 2008; Pai, 2000; Yao &
Hauser, 2023; Pinto et al., 2016). There are works that focus
on generation, several works enforce physical plausibility
such as gravitational stability during the synthesis of new
shapes (Lin et al., 2025b; Guo et al., 2024; Chen et al., 2024;
Ni et al., 2024; Yang et al., 2024; Mezghanni et al., 2022;
Chen et al., 2025a; Cao et al., 2025; Cao & Kalogerakis,
2025). However, unlike our approach, these methods focus
on creating new geometry rather than augmenting existing
assets with mechanical fields. Finally, alternative techniques
bypass explicit property estimation entirely by directly pre-
dicting surface displacements (Zhang et al., 2024; Shi et al.,
2023) or articulation parameters (Xia et al., 2025; Goyal
et al., 2025; Song et al., 2025; Aygun & Mac Aodha, 2024;
Werby et al., 2025; Li et al., 2020a).
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Algorithm 2 Material Tree Construction via Value-Range
Refinement

Require: Finest-level occupied indices Iy € ZN0*3, ma-
terials My € RNox3_ resolution G = 2Lmax_ tolerance
TeR3

Ensure: Stored material tree 7 = J,{(¢,i,my;)} (leaves
plus internal supervision nodes)

Algorithm 3 Conditioning Feature Tree Construction via
Lazy Refinement

2: CO) 1, -
3 m(©® « M, Require: Finest-level occupied indices Iy € ZNo*3, grid
4 m™n0) M, size G = 2Lmaxstart level £y, samples per cell K,
. m™ax(0) uniformity threshold T¢e,t > 0, max nodes Ny, ax, and
5: m — MO
6: for £ =1,2,..., Lyax do voxel feature lifting as in Equation (18)
7. Gy G/2° Ensure: Frontier-only feature tree 7 = [J{(¢,1,e/,:)}
8:
9. P« |[CUD )2 LT+ 0 |
10 h+ h(P) 2: frontier ¢+ {(fstart,C) : c €
11 UNIQUE( [ Ig/2%% | )}
12: (u,inv,cnt) + UNIQUE(h) 3: while |[frontier| > 0and |7| < Npax do
13: C(’z) <—7UNHASH(u Gy) 4:  Pop (¢, c) with maximal ¢ from frontier
: ) . ) o _
14 m® « SCATTERSUM(m“~Y inv)/cnt 2: ‘i : {—nO.tlll_IO[n]/Q I=¢}
15: m™"®) « SCATTERMIN(m™* (=1 inv) ) if S| . en
16:  m™>()  SCATTERMAX(m™*(~1) inv) continue
17: 8: endif
180 AWO  mmax(t) _ pymin(®) 9:  Ssamp < SAMPLE(S, min{ K, |S|})
19: end for 10: P+ (IQ[Ssamp] + O5)/G - 0.5
20: 11: E + LIFTDINO(P) (uses Equation (18))
: 100 12:
23: T 0 14:  uniform < (max@gb D, < Tfeat)
" 24 15:  ifuniformor ¢ = 0 then
25: for ¢ = {y, downto O do i? eAedi1<—é MEAN(]?)T
26:  if £ = Ly then : (4,c,eqc) to
27 active + True'cd)| 18:  else
8 else 19: for each o € {0,1}* do
: . ;
29: — |lc® /9 20: c' < 2c+o
30: E %th 1/(pj) 21: if child cell (¢ — 1,c’) contains at least one
: P + .
31: active ¢ ISIN(hy, H[¢ + 1)) occupied voxel then .
3. endif 22: Add (¢ —1,c¢’)to frontier
33:  C, + CWactive] ii and if
34:  m, + mPW[active] : end tor
. 25:  endif
35:  if £ =0 then 2. end whil
36: Add all (0,i,m,) to T - end whtle
37 else 27: return 7
38: subdiv < ANY(A®[active] > 7)
39:
40: Add all (¢,i,m,[-subdiv])to T
41:
42 Add all (4,1, m,[subdiv])to T
43: H[l) < he(Cqylsubdiv])
44:  end if
45: end for
46: return T
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Algorithm 4 Batched Point Query (Finest-Available)

Require: Query points X € Q9*3, per-level coordinate Algorithm 5 Inference-Time Coarse-to-Fine Decoding
sets {Z,}, per-level features {F,}, grid size G = 2Lmax

Ensure: Queried features R € RO*¢

Require: Conditioning latents H™ from AGT;
max level L,,..; initial candidate set Cr, =

max

I: R<~0 {(Lmax7(07070))}' ,
2. found <« False® Ensure: Generated material tree 7 .
3: for { = 0,1,..., Linax do 1: Initialize TM/ — 0
4 2: Initialize C, < {(Lmax, (0,0,0))}
5. if ALL(found) then 3: Initialize parent-to-child state for the root as 0 (as in
6: break Equation (4))
7:  endif 4: for £ = Lypax, Lynax — 1,...,0do
8 Go+ G/2* 5. Run AMG at level ¢ on candidates C, (queries by
9: Equation (4)) to obtain logits {ay ; } and latent means
10 I, « [(X+0.5)/s¢] {203}
11: hy < he(Iy) 6:  §¢; < argmaxsoftmax(ay ;) for each candidate.
12: hy + he(Zy) 7. Enforce boundary constraints: at £ = L, disallow
13:  (hs, perm) < SORT(hy) EMPTY; at £ = 0, disallow SUBDIVIDE.
14 idx < SEARCHSORTED(h;, h,) 8 Add all non-empty candidates to 7" with their pre-
15: clamp idx to valid range dicted latents zy ; (MatVAE decoding in Section 4.2).
16:  match ¢ (h[idx] = hy) 9 if¢>O0then
17:  upd < match A —found 10: Co_q U(e §)€Cy: 80 1=SUBDIVIDE Children(¥, i)
18:  Rlupd] «+ F[perm[idx[upd]]] 1 iC,_ =0 then
19:  foundlupd] < True 12: break
20: end for 13: end if
21: if ﬁALL(found) then 14: end if
22:  Assign remaining queries by nearest-neighbor over 15 end for
voxel centers across all stored nodes 16: return TM’
23: end if
24: return R

37



ADAVOMP

Algorithm 6 Window-Based Candidate Capping

Require: Candidate grid indices I € Z~*? and aligned

parent-to-child states P € RV <9 (set to 0 at the root);
cap Npax; minimum window size w.

Ensure: Subsampled candidates (I', P’) and selected in-

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24
25:
26:

R A A S ol

dices .

if N < N,.x then
T+ {1,...,N}
return (I, P), 7
end if

imin < min(I)
imax < max(I)
4 imax - imin +1

7 < Nmax/N

a < ri/3

w + max(w, |ad])

C < \_(imin + imax)/QJ

o + clip(c — [W/2], imin, imax — W+ 1)
of «—o+w

m+{n:0<I, <ot}
if || > Npax then
Truncate 7 to its first V., indices.
end if
if || < Npax/4 then
Fallback 7 < {1,...,min(N, Ny.x)}-
end if
I' « I[n]
P’ < P[n]
return (I',P"), 7

(componentwise)
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Algorithm 7 Teacher-Forced Candidate Expansion and Loss
Evaluation During Training

Require: Conditioning latents H™ from AGT; ground-

truth material tree 7 with per-level voxel sets {V} };
max level Ly,ay; candidate cap |Cy|max; level weights
wp; loss weights (Astruct, Amat) and A.

Ensure: Loss £ as in Equation (6).

10:
11:

12:
13:
14:
15:

16:
17:
18:
19:
20:
21:
22:

23:
24
25:
26:
27:

P RN AR

CLmax — {(Lmaxv (07 07 O))}
sum_CE + 0
sum_MSE < 0
cnt_C+0
cnt_P <+ 0
for { = Loy, Limax — 1,...,0do
If |Co| > |Ce¢lmax, subsample
candidates with a contiguous spatial window (Al-
gorithm 6).
Run AMG at level £ on candidates C, conditioned on
H'™ to obtain logits {a,;} and latents {z;}.
for each (¢,i) € C; do
Compute ground-truth structure label s ; by Equa-
tion (7).
sum_CE += wy( — log softmax(a;)(s7;))
cnt_C+=1
if s7; # EMPTY then
Decode z, ; with frozen MatVAE to obtain 1my ;
and compare to target my ;.
sum_MSE += wy ||Iﬁg_’i — m}f’iHi
cnt_P +=1
end if
end for
if /£ > 0O then
Coo1 < U(Z,i)EC[: s} ;=SUBDIVIDE Children(¢, i)
(see Equation (5)) '
end if
end for
Lstruct < sum_CE/cnt_C

Liat < sum_MSE/cnt_P
return £ — )\structﬁs‘cruct + )\mat‘cmat
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Figure 13. Inferred Mechanical Property Fields. We show additional mechanical property fields and slice planes through mechanical
property fields estimated by ADAVOMP.
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Figure 14. Inferred Mechanical Property Fields. We show additional mechanical property fields and slice planes through mechanical
property fields estimated by ADAVOMP.
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Figure 15. Dartboard Comparison. Mechanical property field comparisons across different methods.
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Figure 16. Foosball Comparison. Mechanical property field comparisons across different methods.
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Figure 17. Lombardy Poplar Comparison. Mechanical property field comparisons across different methods.
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Figure 18. Phineas Comparison. Mechanical property field comparisons across different methods.
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Figure 19. Shield Controller Comparison. Mechanical property field comparisons across different methods.
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Figure 20. Dataset statistics for GVT computed after preprocessing at G = 1024.
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Figure 21. Distribution of SAV tree nodes across levels in GVT. Each plot reports (left) the mean nodes per object at each level and
(right) the total nodes aggregated over all objects.
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Figure 23. Decoder Network
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