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Abstract

Inferring an object’s physical properties such as material
type and surface hardness from visual observations is es-
sential for augmented reality, robotic perception, and em-
bodied intelligence. However, existing solutions to phys-
ical property reasoning like NeRF2Physics are computa-
tionally expensive and error-prone because they interpo-
late sparse, noisy CLIP features across dense 3D scenes.
This creates a fundamental conflict between the pursuit
of high semantic resolution and high reasoning efficiency
while making the system sensitive to oblique or low-quality
viewpoints. We introduce a lightweight, structure-guided
framework that achieves fine-grained semantic consistency
for physical property reasoning with orders-of-magnitude
lower computational cost. Our key insight is that the 3D
structural priors offer a stronger cue for the object’s se-
mantic organization, which allows us to avoid the dense in-
terpolation for physical property reasoning. We project 2D
DINO embeddings into 3D for coarse component segmen-
tation, perform adaptive sparse sampling of representative
CLIP source points, and apply a view-quality-aware patch
selection with probability-weighted aggregation. These de-
signs successfully eliminate dense interpolation, suppress
noisy viewpoints, and drastically cut the number of CLIP
queries. Extensive experiments on ABO dataset demon-
strate our method reduces end-to-end runtime from hun-
dreds of seconds to mere seconds per scene while improv-
ing semantic accuracy, spatial coherence, and downstream
physical-property inference.

1. Introduction
Reasoning an object’s physical properties from its visual
observations, such as material type, weights, surface rough-
ness, and structural attributes, is a fundamental capability
for visual intelligence and embodied perception [6, 24].

Figure 1. Material grounding and physical property estima-
tion comparison. Compared to NeRF2Physics [29] (66.1s) and
PUGS [23] (859.2s), our method produces more accurate ma-
terial grounding and physical property estimation in only 3.81s,
achieving over 17× speedup over NeRF2Physics and 225× over
PUGS. Our method yields coherent, component-level material as-
signments (e.g., correctly distinguishing the wooden tabletop from
the metal frame) and more uniform density distributions within ho-
mogeneous regions. In contrast, prior methods exhibit fragmented
material boundaries and inconsistent physical property estimation.

Recent advances that ground 2D Vision-Language Mod-
els (VLMs) in 3D representations have begun to unlock
open-world physical reasoning by connecting an object’s
appearance to its underlying material semantics [13, 19, 23,
27, 29]. This progress opens new avenues for augmented
reality interaction [1], more accurate physics-based simu-
lation [10] and improved robotic manipulation and plan-
ning [5, 21].

While the detailed techniques may differ, existing vision-
based physical property reasoning solutions [19, 23, 29] all
follow a common pipeline: begin with a reconstructed 3D
point cloud and, for each point, retrieve the corresponding

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision
Foundation. Except for this watermark, it is identical to the accepted version;
the final published version of the proceedings is available on IEEE Xplore.
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Figure 2. Overview of S3-PHYS. Given posed multi-view images, S3-PHYS lifts dense DINO features into 3D to form a structure-aligned
feature field, segments the object into coarse components, and samples only a few representative points for CLIP encoding. After quality-
based view filtering, we fuse CLIP features to estimate per-component material probabilities and predict downstream physical properties.
Our design removes dense interpolation and enables fast, consistent 3D physical-property reasoning.

multi-view image patches. Each patch is fed into the vision
encoder [8, 20] to obtain sparse semantic features, which
are then interpolated across the full 3D point cloud to pre-
dict a material label for every point. Finally, these per-point
material estimates are integrated to infer physical properties
such as hardness or density.

However, such approaches suffer from two limitations.
• Excessively long processing time from exploding CLIP-
query complexity. Achieving fine-grained material resolu-
tion requires querying CLIP for a large number of source
points, and each point must be processed from multiple
visible views. Consequently, the number of CLIP calls
scales multiplicatively with the number of points and views,
quickly dominating runtime and making high-resolution in-
ference computationally prohibitive.
• Noisy vision features leading to unstable physical reason-
ing. CLIP embeddings captured far away or from oblique
viewpoints are frequently noisy (see Appendix), yet exist-
ing methods treat all visible views uniformly, allowing low-
quality patches to pass through without filtering. These
noisy features propagate through the dense interpolation
stage, degrading material prediction accuracy and produc-
ing unstable estimates of physical properties. They further
increase latency, as thousands of unreliable patches must
still be processed to recover fine-grained detail.

In this paper, we propose S3-PHYS, an efficient yet more
accurate framework for physical property reasoning that re-
tains the semantic richness of CLIP-based methods while
addressing the two core bottlenecks discussed above, as
shown in Fig. 2. Our approach introduces three key ideas
that together strike an effective balance between semantic
fidelity and computational efficiency, as elaborated below.

(1) Structure-guided fast source-point selection. Instead
of querying CLIP for every point–view pair, we use DINO
features [4, 16] as efficient structural priors. DINO pro-
duces dense pixel-level features in a single forward pass
per view, which we lift into 3D to obtain a dense feature
field aligned with geometric and textural boundaries. This
field provides a reliable signal for segmenting the scene into
coarse, semantically coherent components. From each com-
ponent, we then sample only a small set of representative
points as CLIP source points. This significantly reduces
the number of CLIP queries and improves computational
efficiency while preserving the semantic detail needed for
accurate material and physical property reasoning.
(2) Regional material normalization and property in-
ference. Within each structural region, instead of relying
on dense and potentially noisy interpolation, we normalize
the per-point material probabilities of sparse source points
to obtain a single, spatially consistent material probability
distribution for the entire region. This regional normal-
ization suppresses point-level semantic noise and enforces
component-level coherence. The resulting distribution is
then used to estimate the region-level physical property via
kernel regression following [29] (Eq. 6), yielding smoother
and more reliable material and physical property estimates.
(3) View-quality-aware patch filtering for robust CLIP
embeddings. To further mitigate CLIP noise, we intro-
duce a view-filtering module that evaluates each candidate
view via geometric and photometric heuristics such as sur-
face normal alignment, view angle, and illumination. Only
high-quality patches are retained for CLIP encoding, which
reduces noisy embeddings and decreases the number of
CLIP calls by an order of magnitude. When combined with
DINO-guided segmentation and adaptive sampling, this en-
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ables fast, stable, and high-resolution physical reasoning,
lowering end-to-end runtime from hundreds of seconds to
only a few seconds while improving both semantic coher-
ence and physical accuracy.

We summarize the contributions of our work as follows:
• We provide, to our knowledge, the first analysis show-

ing why existing CLIP-based 3D physical reasoning
pipelines are slow and unstable, revealing two core bot-
tlenecks: (i) excessive CLIP queries caused by dense
sampling, and (ii) noisy multi-view features that under-
mine material and physics inference.

• We introduce a structure-guided sampling strategy that
projects 2D DINO features into 3D to obtain structural
priors. This enables coarse component segmentation and
reduces CLIP source-point queries by orders of magni-
tude while retaining semantic detail.

• We develop an efficient semantic fusion pipeline combin-
ing view-quality-aware patch filtering with probability-
weighted component voting. This suppresses noisy view-
points, stabilizes material estimation, and removes the
need for dense point-wise interpolation.

• Extensive experiments on the ABO dataset show that our
method improves semantic accuracy and spatial coher-
ence, achieving 17.4 - 225.5× speedup over prior CLIP-
based baselines and enabling practical real-time 3D phys-
ical property reasoning.

2. Related Work

We divide related works into two categories.
Vision-based object’s physical property reasoning. Infer-
ring physical properties from visual observations has long
been a core challenge in computer vision and cognitive sci-
ence [5, 9, 26]. Prior work has explored dynamic reason-
ing by observing object motion [14, 26] or physical inter-
actions in simulators [18, 28], and static reasoning from
single images [2, 3, 22, 24]. While these methods can es-
timate quantities such as mass, friction, or elasticity, they
rely on task-specific supervision or constrained experimen-
tal setups. Recent neural approaches extend visual physics
reasoning into 3D. NeRF2Physics [29] embeds visual cues
within NeRF fields but requires time-consuming volumet-
ric optimization for each scene. 3D Gaussian–based physi-
cal reasoning algorithms [23, 27] accelerate this process via
3DGS reconstruction, yet they still suffer from instability
under noisy multi-view inputs and high computational cost
from redundant CLIP queries. Our method addresses these
issues by introducing a DINO-guided 3D structural prior
for robust component segmentation and adaptive sampling.
This design not only suppresses noisy-view interference but
also reduces CLIP invocations by orders of magnitude, en-
abling fast, consistent, and high-resolution physical reason-
ing within seconds rather than minutes.

3D language fields. A complementary line of work builds
semantic 3D representations using vision–language mod-
els (VLMs). CLIP [20], trained on large-scale image–text
pairs, has proven effective for zero-shot segmentation, lo-
calization, and open-world reasoning. Methods such as Dis-
tilled Feature Fields, LERF [13], and OpenNeRF [7] inject
CLIP features into NeRFs for semantic 3D understanding,
while approaches like Openscene [17, 30] map CLIP fea-
tures onto point clouds, and feature splatting [19] prop-
agates them into 3DGS representations. However, these
pipelines typically rely on dense feature interpolation over
millions of 3D points and exhaustive multi-view fusion,
which greatly increases computation and exacerbates CLIP
noise. In contrast, our method leverages CLIP more judi-
ciously: we extract features only from sparse, high-quality
patches selected via DINO-guided structural segmentation
and view-quality heuristics, producing faster and more reli-
able 3D semantic fields.

3. Methods
In this section, we first present the system overview (§3.1).
We then detail each design component, including structure-
guided adaptive sampling (§3.2), efficient semantic fusion
(§3.3), material proposal (§3.4), and regional-aware physi-
cal property inference (§3.5).

3.1. Overview
S3-PHYS takes as input a set of posed multi-view im-
ages and a reconstructed 3D space (e.g., point cloud from
VGGT [25], NeRF [29], 3DGS [12, 23], or mesh re-
construction) and produces a spatially consistent physical-
property map for any query point X . As illustrated in Fig. 2,
the framework consists of three core stages:
Step One: Structure-guided adaptive sampling. We ex-
tract DINO features [16] from each input view and project
them onto the 3D point cloud to obtain a dense per-point
feature field that encodes both geometry and appearance.
This lifted feature field serves as an efficient structural prior:
it can be computed in a single multi-view pass and adds neg-
ligible overhead in practice (§5.4). Using these features, we
segment the object into coarse, semantically coherent com-
ponents and sample only a small number of representative
points from each component as CLIP source points, sub-
stantially reducing the number of required CLIP queries.
Step Two: Efficient semantic fusion. For each represen-
tative point, we evaluate candidate views using geometric
and photometric criteria and retain only the high-quality
ones. We perform multi-scale CLIP feature fusion on these
patches to obtain stable and reliable semantic embeddings.
Step Three: Material proposal and physical reasoning.
In parallel, a vision-language model (VLM) analyzes a set
of diverse input views to propose candidate materials and
their physical properties. We fuse these proposals with
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the 3D semantic embeddings through probability-weighted
component voting, yielding component-level material as-
signments and object-level physical property distributions.

These stages yield fast, noise-resistant, and semanti-
cally coherent 3D physical-property maps without relying
on dense interpolation, reducing the end-to-end running la-
tency from hundreds of seconds to 3.81s (§5).

3.2. Structure-Guided Adaptive Sampling
We consider the task of inferring per-point material se-
mantics and downstream physical properties from a recon-
structed 3D object. The input includes a point cloud {xi},
and a set of posed multi-view images {Iv}v∈V . For each
3D point xi, the goal is to infer a material probability dis-
tribution and convert it into physical quantities. Most ex-
isting pipelines, such as NeRF2Physics, all rely on query-
ing numerous source points from the object’s point cloud to
obtain sufficient semantic resolution. This design however
creates a fundamental trade-off: sparse sampling triggers
less CLIP encoding but produces inconsistent semantics,
whereas dense sampling dramatically improves coverage at
the cost of substantial runtime and increased noise.

To overcome this challenge, we first use DINO features
as a geometric-semantic prior for adaptive sampling. For
each input view v ∈ V , DINO produces dense pixel-level
features Fv(·) in a single forward pass. We then lift these
2D features into 3D by projecting every point xi onto each
view through the camera projection function π(xi, v) ∈ R2.
Only views in which the point is actually visible contribute
to its aggregated feature.
Aggregated DINO feature field. Let Mvis(xi, v) denote
the visibility of point xi from view v. The aggregated DINO
feature for point xi is defined as:

ΨDINO(xi) =

∑
v∈V Mvis(xi, v) · Fv(π(xi, v))∑

vj∈V Mvis(xi, vj)
. (1)

Visibility function. A point is considered visible in a view
if its projected depth is consistent with the depth map:

Mvis(xi, vj) =

{
1, if dis(xi, v) ≤ Depth(π(xi, v))

0, otherwise.
(2)

where dis(xi, v) is the depth of xi along the camera ray of
view v, and Depthv(·) is the depth map rendered from that
view.
Coarse structural segmentation. With the aggregated
DINO field ΨDINO(xi), our next step is to partition the
object into coarse, semantically coherent components that
serve as regions for adaptive sampling. DINO features nat-
urally align with geometric and textural boundaries, allow-
ing structurally similar regions to be clustered together at
negligible cost. However, the raw DINO embeddings are
very high-dimensional, and K-means clustering is known to
degrade in both accuracy and efficiency in such spaces. To

Figure 3. Quality-based View Filtering S3-PHYS excludes those
bad views that contribute less to semantic fusion, thereby reducing
the runtime latency.

address this, we apply PCA to obtain a compact represen-
tation of each aggregated feature (8D in our case), greatly
reducing computational cost while preserving the relevant
structure. Then we concatenate each PCA-reduced DINO
feature with its 3D coordinate xi, enabling the clustering to
jointly consider appearance similarity and spatial proximity.
Formally, the segment results are represented as follows:

S = KMeans ([fPCA(ΨDINO(xi)), xi], NS) , (3)

where the number of clusters NS is provided by the VLM
during the material-proposal stage (§3.4). This effectively
groups geometrically and visually coherent regions, estab-
lishing a structural prior for sampling. To ensure coverage
of all structures regardless of size, we sample a fixed num-
ber of k=10 points from each segment Si. This strategy
drastically reduces computational overhead without sacri-
ficing coverage. As detailed in Table 1, our approach re-
duces the average CLIP source points from 3,505 to 78
(45× reduction) while maintaining semantic diversity.

3.3. Efficient Semantic Fusion
Our semantic fusion module contains two components:
quality-based view filtering and multi-scale feature fusion.

3.3.1. Quality-based View Filtering
After selecting representative 3D source points, we fuse
CLIP features from multiple views to obtain stable seman-
tic embeddings. However, multi-view images vary widely
in quality: some views provide sharp, front-facing obser-
vations, while others suffer from blur, occlusion, extreme
angles, or specular reflection, as shown in Fig. 3. Directly
fusing CLIP features from all visible views amplifies noise
and increases computation, a key weakness of prior CLIP-
based pipelines. To mitigate this issue, we assess the quality
of each visible view before extracting and fusing its CLIP
features using two geometric factors:
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• Distance-induced resolution loss. Faraway views con-
tain fewer texture details and produce weak CLIP fea-
tures, so they should be excluded.

• View-surface angle mismatch. Highly oblique viewing
angles introduce foreshortening and reflection artifacts,
which degrade semantic consistency.

We compute an importance score that combines distance
and normal alignment for every point-view pair. Each sam-
pled point has an estimated surface normal. For a point at
depth z from a view, the distance score is defined as follows:

Sdist(z) =
1

1 + z
,

The angle score is defined below:

Sangle(v,n) = max (0, v · (−n)) ,

where v is the unit view direction and n is the outward nor-
mal. The importance score of an view is computed as:

Stotal = Sdist · Sangle.

We rank views by Stotal and retain only the top-k (where
k=3) for CLIP feature extraction. According to our ex-
periments, this filtering reduces the number of embedded
patches by approximately 2.7× while improving robustness
by discarding poorly aligned or low-quality observations, as
shown in Table 1.

3.3.2. Multi-Scale Feature Fusion
After selecting the top-k views, we extract CLIP features
from patches centered at the projected location of each sam-
pled point. Using a single patch size often provides lim-
ited context: small patches fail to capture larger structures,
while large patches smooth out fine texture. Following
LeRF [13], we therefore aggregate features across multiple
spatial scales to improve robustness. For each retained view,
patches of different scales are encoded by the CLIP image
encoder and averaged to form a multi-scale representation.
For source point x, features from the top-k views are then
averaged to obtain the final semantic embedding:

f(x) =
1

k

k∑
v=1

 1

|L|
∑
l∈L

ϕ
(
P(l)
v (x)

) , (4)

where ϕ(·) is the CLIP encoder, P(l)
v (s) is a patch of scale

l extracted from view v, and L is the set of scales. This
strategy preserves both fine-grained detail and coarse con-
text while keeping computation manageable. As shown in
Table 1, even with multi-scale processing, the total number
of embedded patches remains 40× smaller than the base-
line.
Parallelize multi-scale feature fusion. To accelerate se-
mantic feature fusion, we project all sampled points onto the
selected views in one vectorized operation. Angle scores

of all selected views are then batch-evaluated using pre-
estimated normals, and all valid image patches are consol-
idated into a single global batch for CLIP encoding. This
transforms the standard nested loop-based computation into
a fully parallelized pass, substantially reducing latency.

With these optimizations, the entire semantic fusion
stage, including CLIP feature extraction and fusion, com-
pletes within 1.2 s (Tab. 6).

3.4. Material Proposal
To ensure coverage of all visible materials, we select 2-4
views Im with the largest pose differences from the input set
and concatenate them into a single composite image. This
composite image, together with a task-specific text prompt,
is provided to the VLM to generate a detailed semantic de-
scription and a list of material candidates. For each mate-
rial, the model predicts its approximate thickness within the
object as well as corresponding physical property values.
Formally, this process produces a material–property dictio-
nary:

M = {(ki, yi, θi)}Ki=1,

where ki is the material name, yi is the associated set of
physical properties or value ranges, and θi is the estimated
thickness ratio. In addition, the VLM provides an estimated
segment number NS , which is used as the target cluster
count in §3.2. The complete prompt and query design are
provided in the Appendix.

3.5. Regional-aware Physical Inference
Given the spatially aggregated semantic features (§3.3.2)
and the VLM-generated material proposals (§3.4), we next
infer a consistent material distribution and its correspond-
ing physical properties for each structural segment and sub-
sequently estimate its corresponding physical properties to
obtain the final object-level attributes. Because DINO fea-
tures offer much finer granularity than CLIP embeddings,
we assume that each DINO-derived segment Si is domi-
nated by a single material class.
Regional material normalization. To get robust material
estimation, we first compute the material affinity score for
each point and then apply regional material normalization.
Specifically, for any point x and material candidate k, we
define: ωx(k) = ϕCLIP

(
f(x), t(k)

)
, where ϕCLIP(.) denotes

cosine similarity, f(x) is the fused semantic feature at point
x, t(k) is the CLIP text embedding of the k-th material la-
bel. Thus, ωx(k) measures how well point x semantically
matches material k in CLIP space.

Rather than relying on noisy point-wise predictions, we
aggregate affinities over each structural segment to improve
robustness. We compute the spatially averaged material
score ω̄Si

(k) for the segment Si using the equation:

ω̄Si
(k) =

1

|Si|
∑
x∈Si

ωx(k). (5)
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Table 1. Workload reduction from each module in semantic fusion. SAS: Structure-Guided Adaptive Sampling; QVF: Quality-based View
Filtering; MFF: Multi-scale Feature Fusion. Results from 5 scenes. Our full pipeline reduces processed patches from 28,040 to 702 (40×).

Baseline SAS (§3.2) SAS + QVF (§3.3.1) SAS + QVF + MFF (§3.3.2)
Avg. embedded source points 3,505 78 78 78
Avg. patches per point 8 8 3 9
Total embedded patches 28,040 624 234 702

Figure 4. Qualitative comparison on representative ABO objects. For each object, we show the input RGB view, DINO features, coarse
segmentations, semantic points and material grounding. Compared with NeRF2Physics and PUGS, ours system produces cleaner, more
coherent component boundaries and more accurate material assignments, leading to more reliable physical-property predictions.

We then assign the material with the maximum aggregated
score to segment Si.
Physical property inference. Once each segment Si has
been assigned a dominant material, we estimate its physical
properties using the material–property dictionary provided
by the VLM as shown in Fig. 2. Let {yk}Kk=1 denote the in-
trinsic physical values (e.g., density) associated with the K
material candidates. To make the prediction robust, rather
than taking a hard material assignment, we compute a soft,
probability-weighted estimate by applying a temperature-
controlled softmax over the aggregated material affinities
ω̄Si

(k). Here T is a temperature parameter that controls
confidence sharpness (lower T makes the distribution more
peaked, while higher T encourages smoother mixing across
materials). Formally, the predicted physical property for
segment Si is represented as:

ρ(Si) =

∑K
k=1 exp

(
ω̄Si

(k)/T
)
yk∑K

k=1 exp
(
ω̄Si

(k)/T
) . (6)

This yields a single, stable physical-property estimate for
the segment Si, which is assigned uniformly to all points in
Si. To derive global object-level physical quantities such as
total mass ζ̂, we accumulate material contributions from all
segments as follows:

ζ̂ =
∑
i

ρ(Si) θi b
2 λ, (7)

where θi is the VLM-predicted thickness for segment Si, b

is the adaptive voxel size, and λ is the geometric correction
factor from [29].

4. Implementation Details
All experiments are conducted on an NVIDIA A6000Ada
GPU with an AMD Ryzen Threadripper PRO 5975WX
CPU using PyTorch. We use DINOv2-B/14 [16] for 2D
feature extraction (reduced to 8D by PCA) and OpenCLIP
ViT-B/16 [11] for multi-scale patch embedding. The VLM-
estimated cluster count NS typically ranges from 6–14 de-
pending on object complexity. The material proposal stage,
based on GPT-4o [15] with 2 composite views, runs asyn-
chronously in parallel with the main pipeline.

5. Experiments
5.1. Metrics
We employ four complementary metrics to evaluate both
physical accuracy and computational efficiency. (1) Mass
estimation error. Following NeRF2Physics [29] and
PUGS [23], we evaluate four quantitative measures between
the predicted and measured mass on the ABO dataset (500
objects): (i) Absolute Deviation Error (ADE), (ii) Absolute
Log-Deviation Error (ALDE), (iii) Absolute Percentage Er-
ror (APE), and (iv) Mean Relative Error (MnRE). (2) Mate-
rial segmentation IoU, assessing spatial consistency across
100 ABO objects. (3) Efficiency, measured as the average
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Table 2. Accuracy results on ABO dataset (500 objects). Lower
is better for ADE/ALDE/APE; higher is better for MnRE.

Method ADE↓ ALDE↓ APE(%)↓ MnRE(%)↑

NeRF2Physics [29] 12.725 0.736 1.040 0.564
PUGS [23] 9.461 0.661 0.767 0.576
Ours 8.485 0.657 0.751 0.571

scene processing time excluding point cloud reconstruction,
for fair comparison with PUGS and NeRF2Physics.

For the segmentation metric, we unify all materials
into 10 categories and manually annotate material masks
on selected reference views for both datasets. The mean
Intersection-over-Union (mIoU) is then computed between
our predicted material distributions and the annotated
ground truth.

5.2. Evaluation
We compare S3-PHYS against two recent represen-
tative CLIP-based baselines—NeRF2Physics [29] and
PUGS [23]—which also perform material-aware physical
property reasoning from visual inputs. Table 2 and Table 3
summarize the quantitative results for mass estimation and
material segmentation.

Our method achieves the best ADE, ALDE, and APE,
reducing ADE by 33% over NeRF2Physics and 10% over
PUGS. On MnRE, PUGS retains a slight advantage (0.576
vs. 0.571), likely due to its contrastive training on dense 2D
masks, which benefits relative error on small-mass objects.
Overall, the results show that our component-aware sam-
pling and regional-aware inference yield competitive mass
estimation and eliminate interpolation artifacts commonly
observed in previous methods while being orders of magni-
tude faster.

Per-class results show that our method achieves no-
table gains on structurally coherent materials such as Plas-
tic, Fabric, and Wood, where DINO-guided segmenta-
tion effectively captures component boundaries. Materi-
als with ambiguous visual appearance (Glass, Rubber) re-
main challenging across all methods, indicating a shared
limitation of CLIP-based semantic grounding rather than a
pipeline-specific issue.

In addition, our framework produces smoother and more
spatially coherent material predictions. Qualitative com-
parisons in Fig. 4 show that NeRF2Physics and PUGS of-
ten exhibit fragmented or noisy material boundaries, while
S3-PHYS yields uniform and physically plausible segmen-
tation across diverse object categories. This demonstrates
that leveraging DINO features as a structural prior not
only improves quantitative performance but also enhances
cross-component semantic coherence—an essential prop-
erty for reliable physical reasoning in downstream applica-
tions. Fig. 5 exhibits S3-PHYS broad adaptability to multi-
ple downstream physical properties.

Figure 5. Qualitative results in different physical properties.
Our method predicts four distinct physical properties—thermal
conductivity, density, elastic modulus, and Shore hardness—
across diverse object categories. The predicted distributions re-
flect material-level consistency: e.g., the wooden chair exhibits
uniformly low thermal conductivity and moderate density, while
the metal components of the mechanic stool show distinctly
higher hardness and elastic modulus values compared to its rub-
ber wheels.

5.3. Ablation Studies

We conduct ablations on a 100-object subset of ABO to
evaluate the contribution of each module in our pipeline.
Starting from a naive CLIP-only baseline with kNN-based
physical inference [29], we progressively add Structure-
guided Adaptive Sampling (SAS), Regional-aware Physical
Inference (RPI), Quality-based View Filtering (QVF), and
Multi-Scale Feature Fusion (MFF). For a fair comparison,
the naive baseline uses voxel downsampling to obtain ap-
proximately 80 source points, which matches the average
number of points selected by SAS.

Table 4 summarizes the results. The naive baseline is
the fastest, as it does not require DINO feature extraction
or fusion. However, its accuracy is the lowest: with only a
small number of source points, kNN-based inference strug-
gles to preserve spatial granularity. Adding SAS alone does
not resolve this issue. Although the sampling becomes
more structured, the underlying kNN inference still col-
lapses when the source set is sparse.

Introducing the RPI module leads to a substantial im-
provement: MnRE increases by 8.18% without any runtime
overhead. This demonstrates that region-level physical in-
ference is significantly more robust than point-level voting
when dealing with sparsely sampled observations.

Adding QVF further reduces runtime by 0.71s by
discarding low-quality views before aggregation, while
slightly improving MnRE. Finally, integrating MFF yields
the best overall accuracy with only a modest increase in
runtime, still lower than the unfiltered variants. Overall,
each module contributes complementary benefits, jointly
improving both accuracy and efficiency.
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Table 3. Per-class IoU and scene average mIoU comparison across methods. Higher is better. The Stone category does not appear in
the 100-object annotated subset and is therefore marked as N/A.

Method Plastic Rubber Fabric Metal Wood Ceramic Glass Stone Other Overall mIoU

NeRF2Physics 0.059 0.222 0.720 0.297 0.640 0.475 0.015 – 0.362 0.304
PUGS 0.033 0.367 0.634 0.235 0.638 0.865 0.000 – 0.000 0.428
Ours 0.132 0.135 0.752 0.202 0.736 0.850 0.000 – 0.000 0.461

Table 4. Ablation on 100-object subset of ABO. We pro-
gressively add SAS (Structure-guided adaptive Sampling), RPI
(Regional-aware Physical Inference), QVF (Quality-based View
Filtering), and MFF (Multi-Scale Feature Fusion) modules. Each
delta percentage for MnRE relates to naive pipeline, and each delta
runtime relates to its previous row. Naive denotes the baseline us-
ing sparse voxel sampling without further optimization.

Ablation Settings MnRE↑ Time(s)↓

Naive 0.550 1.73
+ SAS 0.551 (+0.18%) 4.01 (+2.28s)
+ SAS + RPI 0.595 (+8.18%) 3.97 (-0.04s)
+ SAS + RPI + QVF 0.598 (+8.73%) 3.26 (-0.71s)
+ SAS + RPI + QVF + MFF 0.602 (+9.45%) 3.44 (+0.18s)

Table 5. Efficiency results on ABO dataset (500 objects). Lower
is better for runtime; higher is better for speedup.

Method Time(s)↓ Speedup↑

NeRF2Physics [29] 66.1 x1.0
PUGS [23] 859.2 x0.08
Ours 3.81 x17.4

Table 6. Stage-wise latency breakdown per scene on ABO (ex-
cluding reconstruction).

Stage Time(s)↓ Share(%)

DINO Feature Extraction 1.61 42.2
DINO Feature Aggregation 0.86 22.6
Structure Guided Adaptive Sampling 0.15 3.9
Efficient Semantic Fusion 1.17 30.7
Property inference 0.02 0.5

Total (Ours) 3.81 100

5.4. Efficiency Analysis

As shown in Table 5, our method processes each scene
in 3.81 s on average (excluding reconstruction), yield-
ing a 17.4× and 225.5× speedup over NeRF2Physics and
PUGS, respectively. Note that the VLM-based material pro-
posal (§3.4) runs asynchronously in parallel with the main
pipeline; its wall-clock cost depends on network round-trip
and the service provider, typically 3–7 s, and is therefore
excluded from the reported time.

Table 6 provides a stage-wise breakdown: DINO fea-
ture extraction (42.2%) and semantic fusion (30.7%) dom-
inate, while adaptive sampling and property inference to-
gether account for less than 5%, confirming that no single
stage forms a bottleneck.

6. Limitations

While our pipeline substantially improves efficiency and
achieves competitive accuracy with prior methods, several
aspects warrant further investigation. The DINO-based seg-
mentation relies on the discriminative power of visual fea-
tures, so highly homogeneous or reflective surfaces may
produce ambiguous boundaries, and very small components
can be absorbed by neighboring clusters. CLIP embed-
dings, in turn, struggle to distinguish materials with sim-
ilar visual textures (e.g., plastic vs. rubber), which can
propagate errors to downstream property estimation. More
broadly, vision-based approaches inherently cannot recover
the true substrate material when it is occluded by surface
coatings such as paint, veneer, or fabric upholstery, since
only the outermost layer is visible to the camera. Addi-
tionally, the material proposal stage depends on the VLM’s
commonsense knowledge; uncommon or domain-specific
materials underrepresented in its training data may be over-
looked. Future work will explore physically grounded cues
such as reflectance and micro-geometry, as well as end-to-
end differentiable formulations that jointly optimize struc-
tural segmentation and physical property prediction.

7. Conclusion

We have presented S3-PHYS, a lightweight, structure-
guided framework for visual physical property reasoning.
By combining DINO-derived structural priors with adaptive
sparse sampling, quality-based view filtering, and regional-
aware physical inference, S3-PHYS reduces inference time
from hundreds of seconds to a few seconds per scene (up to
225× speedup) while achieving competitive mass estima-
tion accuracy and improved material grounding quality over
prior methods. Our approach provides a practical founda-
tion for real-time material perception in AR/VR, robotics,
and digital twins.
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