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Abstract

We introduce GeoAware3D, a 3D feature descriptor de-
signed for meshes and point clouds. Our approach is class-
agnostic, requiring no explicit labelling, and is applicable
to diverse 3D shapes. Leveraging robust 2D foundational
models, namely Diffusion and DINO, we extract features
and project them back into the 3D domain. By incorpo-
rating advancements in image-based semantic correspon-
dence, our method enhances geometric awareness leading
to precise and descriptive features. Notably, our method re-
quires no training or additional data, and is more simplistic
than its predecessors. We demonstrate its efficacy through
benchmarks on SHREC’19, highlighting its expressive ca-
pabilities.

1. Introduction
Extracting meaningful features in three dimensions is a fun-
damental and challenging task in computer vision. Given a
pair of 3D meshes, our objective is to decorate the geomet-
ric representations with meaningful features. This task is
essential for multiple downstream tasks, such as shape cor-
respondence, 3D generative models, and shape morphing.

For decades, exploring geometric invariances [6, 13] was
the leading approach for building feature descriptors. Re-
searchers focused on methods that could capture the essen-
tial geometric properties of shapes in a way that remained
consistent under transformations such as rotation, scaling,
and translation.

Additionally, optimization approaches [24] enhanced the
robustness and accuracy of these descriptors. Researchers
continued to refine the process of matching and recognizing
shapes, improving the ability to handle variations in shape
and noise. Despite big leaps in the field, generalization re-
mained poor.

Recently, the emergence of deep learning has overhauled
past approaches in image analysis tasks. Large-scale foun-
dational models have implicitly learned descriptive and
robust semantic features, commonly surpassing previous
methods without handcrafting. As outlined in [32], Sta-

Figure 1. Semantic Correspondence with GeoAware3D. Un-
like shape correspondence, which categorizes points and faces of
meshes into discrete classes, we generate high-dimensional se-
mantic features for each point. This is a fundamentally more chal-
lenging task with numerous downstream applications.

ble Diffusion features [22] have strong spatial understand-
ing and can generate smooth correspondences, while DINO
[17] features provide sparse but accurate matches. Once
combined, the feature maps of the two foundational models
perform very impressively on downstream tasks.

Our approach utilizes projective analysis [24] by encod-
ing meshes as a set of image projections, performing anal-
ysis in 2D, and then unprojecting back into 3D. As previ-
ously discussed, this method offers numerous advantages,
primarily leveraging powerful pre-trained image models.

Our models lack texture, which is an important challenge
to be addressed. Image-based foundational models are gen-
erally trained on photorealistic images which are inherently
very different and contain more signal. Consequently, we
first texture renderings of the mesh using Stable Diffusion,
with the 2D rendering serving as guidance for ControlNet
[34]. Surprisingly, even with inconsistent texturings from
different viewing angles, we still obtain robust features [5]
capturing the semantics and geometry.

2. Related Work
This section summarizes fundamentally different ap-
proaches to 3D shape correspondence, focusing primarily



Figure 2. Qualitative comparison. Green lines indicate cor-
rect matches and red incorrect. Our method can build ’geomet-
rically aware’ semantic correspondence even for vastly differing
poses, while standard SD+DINO struggles with geometric ambi-
guity. This distinction is particularly important when decorating
human and animal meshes due to the large number of symmetries.

on deep learning-based methods. For a detailed examina-
tion of earlier techniques in registration and similarity, refer
to Sahillioğlu’s comprehensive survey [20].

2.1. Point-to-Point Shape Correspondence

Point-to-point shape correspondence methods aim to map
points between surfaces rather than continuous surfaces.
For instance, 3D-Coded [7] learns transformations between
point clouds by deforming a template shape. Many algo-
rithms like DCP [26], RPMNet [30], and GeomFMap [4]
rely on ground truth or mesh connectivity, which can be
challenging to obtain.

Recent approaches focus on unsupervised learning on
point clouds. CorrNet3D [31] utilizes DGCNN [28] for
feature embeddings and includes a symmetry deformation
module for reconstruction and correspondence. SE-ORNet
[2] aligns point clouds using an orientation module and em-
ploys a teacher-student model along with DGCNN for find-
ing correspondences. However, these methods often priori-
tize geometry and may overlook semantic features.

2.2. Surface Map Methods

Surface map methods simplify shape correspondence be-
tween arbitrary 2-manifold surfaces. Traditionally, these
methods either leverage eigenfunctions to create functional
mappings or construct atlases from R2 → Rn (where
n = 2, 3). They aim to preserve specific geometric prop-
erties such as angle preservation for conformal maps. The
underlying idea is to map both surfaces onto a common base
domain, whether a mesh or a planar region, to facilitate the
mapping process.

For example, SURFMNet extends FMNet to handle un-
supervised scenarios by enforcing desired structural prop-
erties on the resulting functional maps [9, 12]. Unlike tra-
ditional methods that require 2-manifold meshes, our ap-
proach can establish correspondences even in meshes with

imperfections.

2.3. Multi-view Rendering

Multi-view rendering-based learning has proven effective
across various 3D tasks. This method, exemplified by pro-
jective analysis [27], involves representing shapes through
2D projections, analyzing them in image space, and rein-
tegrating findings into 3D. It has demonstrated strong per-
formance in shape/object recognition [25, 29], human pose
estimation [11], reconstruction [18], and segmentation [21].

Specifically, the technique involves rendering 3D shapes
from multiple viewpoints and extracting visual descriptors
via CNNs trained in supervised settings. Methods for aggre-
gating features across views include averaging, max pooling
[23], concatenation, or employing additional CNNs for fu-
sion.

One such method employed by Abdelreheem et al. [1]
explores zero-shot correspondence using language models.
This approach leverages LLMs and vision models to gener-
ate segmentation maps and semantic mappings. Once these
maps are obtained, they utilise the 3D semantic segmenta-
tion model SAM [10] to get the final geometric descriptors.
Due to the reasoning capabilities of language models, this
method is particularly effective for strongly non-isometric
shape pairs.

Inspired by Dutt et al. [5], who refined projective analy-
sis on meshes using shape renders from diverse angles, our
work aims to enhance and simplify their process. Like Dutt
et al., we employ zero-shot feature decoration using textur-
ing, diffusion, and DINO to generate geometric and seman-
tic descriptors. However, recent advancements in building
features from foundational 2D models offer the potential for
more descriptive and consistent 3D features, which we aim
to take advantage of.

3. Method

Pre-trained foundational vision models exhibit a behavior
where they assign semantic features to pixels in the input
image. To accurately de-noise images, the model has to
distinguish between adjacent pixels, which is crucial for ex-
ecuting essential downstream tasks such as object detection
and image segmentation.

Our central approach leverages this behavior by utiliz-
ing a pre-trained foundational model to de-noise renderings,
which necessitates the creation of semantic per-pixel fea-
tures. During this process, the model generates detailed se-
mantic information for each pixel, which we can then ex-
tract and transform into a three-dimensional representation.

3.1. Rendering and Texturing

For each mesh we start by representing the 3D model as a
collection of k renderings, where viewpoints are sampled



Figure 3. Pipeline. GeoAware3D decorates shapes in a zero-shot
manner. We take 2D renderings from multiple angles and add
texture using ControlNet [34]. We then combine SD and DINO
features as outlined in GeoAware SC[33], before aggregating the
features back onto the mesh.

uniformly around the shape for a wide coverage. We set
the elevation to zero and calculate the azimuths depending
on the number of views, taking renderings around the unit
sphere.

We then add additional signal to the images by texturing
them using ControlNet [34] conditioned on the renderings
and prompts such as ”high definition, photo-realistic”. An
important thing to note is that meshes may have inconsis-
tently textured images, as shown in 3, however the associ-
ated image features are robust and can be aggregated across
views [5].

3.2. Diffusion and DINO Features

Visual foundation models such as DINO [17] and SD [19]
have demonstrated that the features they learn through self-
supervised learning or generative tasks [14, 22] can effec-
tively serve as descriptors for semantic matching, often out-
performing previous methods designed specifically for this
purpose. Despite this progress these models still have short-
comings [8] in grasping the intrinsic geometry of instances.

3.2.1 Diffusion Hyperfeatures

Various approaches exist to effectively combine SD and
DINO features. One such approach by Luo et al. [14]
proposes a learned feature aggregator that weights all fea-
tures, distilling them into a concise descriptor map. Pre-
vious methods, which used hand-selected subsets of inter-
mediate diffusion features, are sub-optimal due to the large
size and varying semantics of feature maps across differ-
ent layers and time-steps. Luo et al.’s approach involves
a lightweight aggregation network that learns the relative
importance of feature maps dependent on the downstream
application, aiming to improve tasks like semantic corre-
spondence.

In our case, this method underperformed due to its lack
of geometric awareness, which is a crucial factor in human
mesh applications.

3.2.2 Geometry-Aware Semantic Correspondence

Zhang et al. [33] enhance the geometric awareness in fused
SD+DINO features by fine-tuning an aggregation network
that receives the fused features as input and generates a
lower-dimensional feature vector for each pixel. They em-
ploy pose-variant data augmentation during fine-tuning and
use a dense loss additionally to the sparse contrastive loss.
Their approach results in a new state-of-the-art for semantic
correspondence on the SPair-71k dataset [16], making it a
promising candidate for our pipeline.

3.3. Unprojection and View Aggregation

In order to convert the pixel-wise features obtained by foun-
dational images models in 2D space back into 3D, we define
an unprojection function U as follows:

U :=

(
R2

pixels
× Rd

features

)
× R

depth
×K → R3

points
× Rd

features
. (1)

The function maps pixel-wise features, represented by
the pixel locations and features with dimension d, together
with the depth of each pixel and the intrinsic camera set-
tings K back into 3D. We apply U on all pixel-wise features
extracted from k-views and concatenate all 3D features to
obtain a final point cloud PF with point-wise features.

Since these point-wise features could vary dependent on
the view angle they came from, we aggregate them to obtain
vertex-wise features:

Φmean(v, k) =
1

k

∑
pf∈Nk(v)

pf (2)

The aggregation function Φ will compute the mean-
aggregated features for vertex v using the k nearest point
features pf given by a k-d tree query function Nk. We
tried different aggregation methods such as max-pooling or
distance weighted mean aggregation but found that simple
mean aggregation performs the best.

3.4. Computing Correspondence

There are two ways to compute correspondence. Given two
sets of points S and T , sampled from the source mesh and
target mesh respectively, we can either use the closest ver-
tex for each point and compute similarities between vertex-
wise features or alternatively, apply Φ directly to the sam-
pled points to compute point-wise aggregated features and
subsequently the similarities.

We measure similarity between two normalized features
f1 and f2 using the dot product, which is equal to the cosine
similarity.

3.4.1 Closest Vertex

For each source point s ∈ S, we find its closest vertex vs,
forming a set of closest vertices VS ⊂ V . Let FS ∈ Rn×d



be the feature matrix of these n vertices, and FT ∈ Rm×d

be the feature matrix of all m vertices in the target mesh.
For each source vertex feature FSi , the target vertex in-

dex j with the highest similarity is given by:

j = argmaxk FSi
F⊤
Tk
. (3)

We then pick the closest point in the sampled target
points set T to the vertex vj as the predicted correspond-
ing point. A downside of this method is that predictions are
restricted to vertices, hence may not be exact point corre-
spondences.

3.4.2 Direct Point-to-Point Correspondence

We directly compute point-wise aggregated features for
sampled source and target points S and T , leveraging ex-
act point correspondences. Given the point clouds S and T ,
we aggregate features using function Φmean as defined in 2
to obtain feature matrices FS ∈ Rn×d and FT ∈ Rm×d.
We then compute the similarity matrix FSF

⊤
T . The highest

similarity index j is determined by Eq. 3, allowing precise
point-to-point correspondences between the meshes.

4. Evaluation
In order to evaluate our method and to ensure comparability
with other methods, we pick the correspondence accuracy
metric, which calculates the percentage of predicted points
that lie within a certain error tolerance γ. It is given by

acc(P ) =
1

n

∑
ps, pt∈P

1(∥f(ps)− pt∥2 < γd), (4)

where P ∈ R3 × R3 is the ground truth point-to-point
correspondence pairs, f(·) is the location of the predicted
corresponding point, γ is the error tolerance and d is the
maximum distance between any two points in the target
mesh. We follow Dutt et al. [5] and set γ = 0.01 for a
1% error tolerance.

4.1. Benchmarks

We evaluate and compare our approach on the SHREC’19
dataset [15], which contains a set of 44 human shapes in
different poses and 430 ground-truth correspondence anno-
tations. Due to the fact that we opted for the GeoAware
approach rather late and have limited compute, we focus on
human shapes.

4.2. Results

The results presented in Table 1 highlight the performance
of various methods on the SHREC’19 dataset [15], mea-
sured in terms of accuracy and runtime per mesh. DIFF3F
[5] achieves the highest accuracy at 26.41% but has a

Table 1. Results on the SHREC’19 dataset. Accuracy (acc ↑)
and runtime (min ↓) in minutes per mesh are reported.

Method Accuracy (acc ↑) Runtime (min ↓)

DIFF3F 26.41 4.42
SE-ORNet 21.41 ?
GeoAware3D 23.42 1.02

Runtime is measured under same system conditions on an A100
GPU using the code published by Luo et al. [5] for DIFF3F.

Table 2. Ablation study on SHREC’19 dataset. Accuracy (acc
↑) metric is reported.

Ablation SHREC’19 (acc ↑)

Correspondence in 2D 16.12
Standard SD+DINO 17.81
Hyperfeatures 18.54
GeoAware3D (k-views=32) 23.35
GeoAware3D (k-views=64) 23.42

Ablation study evaluating different components and configurations
of the GeoAware3D method on the SHREC’19 dataset.

moderate runtime of 4.42 minutes per mesh. SE-ORNet
(trained) [3] achieves an accuracy of 21.41%, although
its runtime data is unavailable in the current table. Our
proposed method, GeoAware3D, attains an accuracy of
23.42%, which, while not surpassing the state-of-the-art ac-
curacy of DIFF3F, demonstrates a significant improvement
in runtime efficiency, requiring only 1.02 minutes per mesh.
GeoAware3D provides a trade-off between accuracy and
computational efficiency, outperforming SE-ORNet in ac-
curacy and achieving a faster runtime compared to DIFF3F.

4.3. Ablations

We conduct an ablation study on the SHREC’19 dataset
to evaluate the impact of different components in our
GeoAware3D method, as shown in Table 2.

The “Correspondence in 2D” strategy bypasses feature
aggregation, treating the task as point-to-point correspon-
dence in 2D. This approach necessitates rendering k dif-
ferent views of the mesh, but it selects only the most suit-
able view for each point targeted for correspondence match-
ing. “Standard SD+DINO” uses stable diffusion and DINO
features without any aggregation network. “Hyperfeatures”
employs the aggregation network proposed by Luo et al.
[14]. Further, we find that our method works well with a
low number of k-views, whereas DIFF3F uses 100 views.
Doubling the number of views used improved relative ac-
curacy by merely 0.3% .
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Vo, Marc Szafraniec, Vasil Khalidov, Pierre Fernandez,
Daniel HAZIZA, Francisco Massa, Alaaeldin El-Nouby,
Mido Assran, Nicolas Ballas, Wojciech Galuba, Russell
Howes, Po-Yao Huang, Shang-Wen Li, Ishan Misra, Michael
Rabbat, Vasu Sharma, Gabriel Synnaeve, Hu Xu, Herve Je-
gou, Julien Mairal, Patrick Labatut, Armand Joulin, and Pi-
otr Bojanowski. DINOv2: Learning robust visual features
without supervision. Transactions on Machine Learning Re-
search, 2024. 1, 3
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