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Abstract

Rezanejad et al. [11] recently showed that symmetry-based
contour descriptors improve convolutional neural network
(CNN) performance on 2D scene categorization, indicat-
ing that complex symmetry-based features cannot neces-
sarily be learned and/or represented with CNNs. In this
work, we investigate whether there is evidence for a sim-
ilar phenomenon in 3D visual data. Using 45,949 object
instances from ScanNet spanning 440 classes, we evaluate
ten neural architectures across fifteen feature sets, including
CLIP [10] embeddings, learned features from voxel, and ex-
plicitly computed 3D descriptors: geometric statistics and
symmetry-based features extracted with SymmetryNet [14].
We observe that explicit geometric and symmetry-based de-
scriptors consistently provide additional predictive infor-
mation and improve test classification accuracy. We study
the possibility of recovering symmetry-based and geometric
features from CLIP embeddings, and we show that they are
partially recoverable from CLIP features.

Our findings extend Rezanejad et al. [11]]’s 2D results to
3D, and further demonstrate that symmetry-based and ge-
ometric features provide complementary information be-
yond foundation model embeddings and raw voxel repre-
sentations. This provides preliminary evidence that global
symmetry-based features may be useful in open-world 3D
scene understanding.

1. Introduction

Geometric descriptors have long informed visual recogni-
tion, even as deep neural networks have come to dominate.
Rezanejad et al. [11] showed that 2D symmetry-based con-
tour features derived from medial axis transforms signifi-
cantly improved CNN scene categorization from contours.
Their findings demonstrated that explicit structural descrip-
tors, when combined with learned representations, provide
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measurable benefit beyond what networks implicitly dis-
cover. It remains unclear whether this conclusion extends to
3D, namely whether higher-order 3D shape descriptors pro-
vide additional predictive information beyond what modern
neural architectures already capture.

In this work, we extend Rezanejad et al. [[11]’s 2D findings
into 3D. Using 45,949 ScanNet object instances spanning
440 classes after filtering underrepresented categories, we
evaluate explicit geometric statistics and symmetry-based
descriptors from SymmetryNet [14] alongside learned em-
beddings such as CLIP and voxel-learned features. We con-
struct a systematic grid of 10 architectures and 15 input fea-
ture sets combinations (150 conditions total), enabling con-
trolled comparison of explicit versus implicit feature utility.

Our results show that symmetry-based and geometric de-
scriptors consistently provide additional information: clas-
sification accuracy improves when these features are in-
cluded, independent of model family. We also demon-
strate that CLIP embeddings contain partially recoverable
shape information, but remain less reliable than using ex-
plicit descriptors directly. Taken together, these findings
extend Rezanejad et al. [11]]’s 2D results to 3D, showing
that explicit computation of symmetry-based and geometry
features can complement foundation model features.

Although SymmetryNet features specifically are computed
per object, shape-based features such as in Rezanejad et al.
[L1]] can be computed per scene. Our work provides prelim-
inary evidence that shape-based features can be useful in 3D
scene understanding and complement foundation model-
based features.

2. Background and Related Work

Explicit descriptors and equivariance. Classical shape
analysis shows that explicit structural cues can add predic-
tive value: symmetry-based contour descriptors improve
CNN scene categorization in 2D [11]. In parallel, E(3)-
equivariant networks achieve large gains in data efficiency



by hard-wiring geometric symmetries into the architec-
ture [1]. Together, these lines of work suggest that ex-
plicitly representing geometry—either as features or as con-
straints—can complement end-to-end learning [[16].

From 2D contours to 3D structure. Transitioning from
2D outlines to 3D shapes introduces pose, occlusion, and
volumetric effects that challenge appearance-only pipelines.
Explicit 3D symmetry-based descriptors (e.g., Symme-
tryNet for reflectional symmetries [14]) and compact geo-
metric statistics (e.g., bounding-box ratios, surface/volume
surrogates, PCA eigen-structure) provide pose-robust sum-
maries of shape organization. These descriptors are com-
plementary to voxelized occupancy or learned embeddings:
the former capture stable global regularities (axes, planes,
repetitions), while the latter excel at semantics but may con-
flate geometry with texture [4} (6} 17, [20].

Limits of foundation models for geometric reasoning.
CLIP [10] delivers strong transferable semantics, yet vi-
sion models trained on natural images exhibit pronounced
texture bias relative to human shape bias [3]]. CLIP-style
VIiT towers also struggle on composition/spatial tests such
as Winoground [15], and targeted objectives (e.g., Triplet-
CLIP) improve but do not eliminate these gaps [9]. More-
over, standard ViTs lack built-in rotation/reflection equiv-
ariance and positional encodings can disrupt symmetry,
motivating the use of explicit geometric signals alongside
learned features [2} 15 [7, 8, (12} (13} [18L 19} [21]].

Gap and our focus. While there is evidence that explicit
geometry helps in 2D [11]] and that equivariant designs
boost data efficiency [1]], there has not been a systematic 3D
study that tests across architectures and input sets whether
higher-order geometric and symmetry features provide ad-
ditional predictive information beyond modern learned em-
beddings. Our work fills this gap via an apples-to-apples
evaluation on ScanNet that pairs explicit 3D descriptors (ge-
ometry and symmetry) with CLIP embeddings and voxel-
learned features, quantifying their complementarity in 3D
recognition.

3. Method

We explore whether symmetry-based and geometric fea-
tures improve classification performance. We then explore
to what extent those features can be recovered from CLIP
embeddings.

First, we conduct a large-scale classification study on Scan-
Net object instances, systematically evaluating ten neural

architectures across fifteen feature set combinations, yield-
ing 150 experimental conditions. The results (Figure [I)
shows how different feature types and model classes con-
tribute to instance-level recognition.

Second, we perform a study where multi-view CLIP em-
beddings are used to predict explicit symmetry-based and
geometric descriptors. This setup explores whether such in-
formation can be recovered from vision—language embed-
dings.

3.1. Dataset

After filtering out classes with fewer than two examples,
45,949 object instances across 440 valid categories were
used in our experiments. We precompute features from
meshes, including CLIP embeddings (512D), geometric de-
scriptors (13D), symmetry features (86D), and voxel occu-
pancy grids (323). The full class distribution and prepro-
cessing details are provided in our supplementary materials
(section [6)).

3.2. Input Features

We consider four primary sources of input features:

* CLIP embeddings (512D). Extracted from a frozen ViT-
B/32 CLIP image encoder applied to 12 rendered views
of each ScanNet object instance. Multi-view embeddings
are cached to ensure consistency across experiments.

* Geometric descriptors (13D). Hand-crafted shape de-
scriptors capturing bounding box aspect ratios, surface-
to-volume ratios, and PCA eigenvalue statistics, designed
to encode scale- and orientation-independent shape struc-
ture.

* SymmetryNet descriptors (86D). Learned feature em-
beddings extracted from a pretrained SymmetryNet en-
coder. SymmetryNet is a deep network that predicts re-
flectional and rotational symmetries of 3D objects from
single-view RGB-D images, overcoming the limitations
of incomplete geometric data. It combines CNN-based
appearance features with PointNet geometric features in a
multi-task framework that jointly estimates symmetry pa-
rameters and dense symmetric correspondences. An op-
timal assignment mechanism (Hungarian algorithm) en-
ables detection of multiple symmetries, while visibility-
based verification handles occlusion. We use the pre-
trained 86-dimensional SymmetryNet features, which en-
code global symmetry patterns—capturing reflective, ro-
tational, and translational regularities across diverse 3D
object categories.

* Voxel occupancy grids. Binary volumetric representa-
tions (R?) of each instance mesh, processed either di-
rectly through a 3D CNN or indirectly as precomputed



Table 1. Summary of input feature types used in our ScanNet experiments. Non-voxel features are standardized to zero mean and unit
variance. A pre-trained 3D ResNet backbone is used for voxel-related inputs.

Input Dim. Constituents Source / Description

clip 512 CLIP embeddings Frozen CLIP ViT-B/32 on multi-view renders.

geometric 13 geometry descriptors Bounding-box ratios, surface/volume stats, PCA eigenvalue ratios, etc.
symmetrynet 86 SymmetryNet features Symmetry feature vector from SymmetryNet.

geo_clip_concat
sym_clip_concat
sym_geo_concat
sym_geo_clip_concat

13 + 512 = 525
86 + 512 = 598
86 + 13 =99
86 + 13 + 512 = 611

geometric + CLIP

symmetry + CLIP

symmetry + geometric
symmetry + geometric + CLIP

Concatenation of geometric descriptors with CLIP embeddings.

Concatenation of symmetrynet and CLIP embeddings.
Concatenation of symmetrynet and geometric features.

Concatenation of symmetrynet, geometric descriptors, and CLIP.

voxel
geometric_vox_direct_concat
symmetrynet_vox_direct_concat
clip-vox_direct_concat
sym_geo_vox-direct_concat
sym_clip_vox_direct_concat
geo_clip_vox_direct_concat
sym_geo_clip_vox_direct_concat

323 grid

13 4 512 = 525

86 4+ 512 = 598
512 + 512 = 1024

99 + 512 = 611
598 4 512 = 1110
525 4+ 512 = 1037
611 + 512 = 1123

raw voxel grid
geometric + voxel emb

End-to-end 3D ResNet on raw occupancy volumes.

Fusion:

geometric + ResNet3D backbone embedding.

symmetry + voxel emb Fusion: symmetry + ResNet3D embedding.

CLIP + voxel emb Fusion: clip + ResNet3D embedding.

(sym+geo) + voxel emb Fusion: sym_geo_concat + ResNet3D embedding.
(sym+CLIP) + voxel emb Fusion: sym_clip_concat + ResNet3D embedding.
(geo+CLIP) + voxel emb Fusion: geo_clip_concat + ResNet3D embedding.
(sym+geo+CLIP) + voxel emb Fusion: sym_-geo_clip_concat + ResNet3D embedding.

voxel embeddings (256D).

These inputs are evaluated individually and in concatenated
forms, yielding 15 total feature set combinations. Full de-
tails of the feature computation are provided in our supple-
mentary materials (section @), with a summary in Table

3.3. Model Architectures

To probe the interaction between feature type and model
class, we instantiate ten neural architectures representing
four design families:

1. Linear Baseline: A single linear projection
(CLIPLINEAR) providing a control for raw feature
separability.

2. Transformers: (i) CLIPTRANSFORMER, a lightweight
2-layer encoder with learnable [CLS] pooling; (ii) FT-
TRANSFORMER, a feature-token transformer adapted
for tabular embeddings.

3. Multi-Layer Perceptrons:  Depth-varying MLPs
(MLP1-MLP5) with hidden widths 512 — 768, ReLU
activations, and dropout.

4. Specialized Models: (i) MULTIMODAL, a 3-layer fu-
sion MLP for concatenated inputs; (ii)) VOXCNN, a 3D
CNN for raw voxel grids. Since voxel grids are inher-
ently volumetric data, they are only evaluated with Vox-
CNN, while all other models are designed for tabular or
embedding features rather than raw 3D volumes.

See supplementary materials (section [6) for details and ta-
ble.

3.4. Complementary Experiments: CLIP — Fea-
ture Prediction

In addition to classification, we study whether CLIP em-
beddings encode sufficient geometric and symmetry infor-

mation to recover explicit descriptors. For each ScanNet
object, we render V' = 12 views and extract frozen CLIP
embeddings (512D each), aggregated into a multi-view to-
ken sequence. A ViT-style encoder with a learnable [CLS]
token produces a global representation, which is mapped
via an MLP head to predict either: (i) Symmetry-based de-
scriptors (1408D), or (ii) Geometric descriptors (13D). Tar-
gets are standardized on the training split, and optimization
uses a cosine-augmented mean squared error.

4. Experiments and Results

4.1. Instance-Level Classification Results

Figure [T] presents the test classification accuracy across all
model architectures and input feature sets on 45, 949 filtered
ScanNet instances (See supplementary materials (section|[6)
for details). Several clear trends emerge:

» Explicit features improve accuracy. Incorporating ge-
ometric and/or symmetry-based descriptors consistently
improves classification over CLIP embeddings alone.

* Concatenated features dominate. The strongest results
are obtained when CLIP embeddings are combined with
voxel/voxel-derived, geometric and/or symmetry-based
descriptors.

* Architectural sensitivity is modest. While deeper MLPs
(MLP2-MLP5) slightly outperform shallower ones, the
overall variance across architecture families is smaller
than the variance across input feature sets.

These findings demonstrate that explicit geometric and
symmetry-based features provide robust additional in-
formation for object classification, complementing high-
dimensional CLIP embeddings and voxel information.
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Figure 1. Instance-level classification accuracy on ScanNet across model architectures (rows) and input features(columns). Explicit
geometric and symmetry-based features consistently boost performance over CLIP/voxel-only baselines.

4.2. CLIP — Shape-Based Features

To probe whether CLIP embeddings implicitly contain geo-
metric and symmetry-based information, we trained a com-
pact ViT-style 3D Transformer to predict symmetry-based
and geometric features.

Cosine similarity is ~ 0.75 when predicting geometric fea-
tures and ~ 0.68 when predicting symmetry-based features,
with MSE around 0.4. These results indicate that geomet-
ric and symmetry-based descriptors are partially recover-
able from CLIP representations.

5. Conclusions

We studied whether higher-order 3D shape descriptors add
predictive value beyond what modern neural architectures
implicitly capture. Across 45,949 ScanNet instances (440
classes), systematic experiments over 10 architectures and
15 input feature sets showed that incorporating geometric
or symmetry-based features consistently improves classifi-
cation performance compared to CLIP embeddings/voxels
alone. We show that CLIP embeddings only partially en-
code geometric and symmetry-based features. These results
extend Rezanejad et al. [11]]’s 2D findings to 3D, demon-
strating that explicit symmetry-based and geometric fea-
tures complement learned features with additional predic-
tive information. Symmetry-based and geometric features

may not be easily learnable or may not be mechanistically
representable with our architectures.

Our work provides preliminary evidence for exploring
shape-based features in 3D scene understanding. In par-
ticular, we provide evidence that as is the case in 2D [11]],
shape-based features can be useful in 3D as well. Note that
the evidence we provide is based on precomputed object
meshes. However, shape-based features can be computed
for the entire scene as in Rezanejad et al. [11]].

6. Supplementary materials

The supplementary materials are available at the following

anonymized repository:
https://anonymous.4open.science/r/opensun3d_sup-8FD3
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