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Figure 1: (a) Zero-shot color transfer between 3D assets. (b) In real-world robotic experi-
ments, we use DenseMatcher to transfer a manipulation sequence to the robot from a single human
demonstration. Circles represent the contact points in the human demo / grasping points for robot
manipulation.

ABSTRACT

Dense 3D correspondence can enhance robotic manipulation by enabling the gen-
eralization of spatial, functional, and dynamic information from one object to
an unseen counterpart. Compared to shape correspondence, semantic correspon-
dence is more effective in generalizing across different object categories. To this
end, we present DenseMatcher, a method capable of computing 3D correspon-
dences between in-the-wild objects that share similar structures. DenseMatcher
first computes vertex features by projecting multiview 2D features onto meshes
and refining them with a 3D network, and subsequently finds dense correspon-
dences with the obtained features using functional map. In addition, we craft
the first 3D matching dataset that contains colored object meshes across diverse
categories. We demonstrate the downstream effectiveness of DenseMatcher in
(i) robotic manipulation, where it achieves cross-instance and cross-category
generalization on long-horizon complex manipulation tasks from observing only
one demo; (ii) zero-shot color mapping between digital assets, where appearance
can be transferred between different objects with relatable geometry. More de-
tails and demonstrations can be found at https://tea-lab.github.io/
DenseMatcher/.

1 INTRODUCTION

Correspondence plays a pivotal role in robotics Wang (2019). By establishing correspondences, we
can enable the robot to identify semantically similar components between two objects, which is cru-
cial for various day-to-day manipulation tasks. For instance, in robotic assembly, it is necessary to
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Figure 3: Predicted correspondences on few-shot categories. DenseMatcher can generalize across
diverse topological variations, given only 5 training examples per category. To ensure that the model
is not reliant on canonical spatial poses, we randomly rotate the mesh before the test procedure.

determine the corresponding parts between the target and source objects. Furthermore, recent stud-
ies Ju et al. (2024); Kuang et al. (2024) illustrate the capacity to infer the affordances of previously
unseen objects through correspondences with a known reference.

Correspondences can be classified along two axes: density and dimensionality. In 2D scenarios,
sparse correspondence focuses on matching a limited set of keypoints, while dense correspondence
takes spatial proximity into account and aligns every pixel between images. Similarly, in 3D, sparse
methods align key points of point clouds or meshes, whereas dense correspondence considers the
entire structure for alignment.

Figure 2: The 4 types of correspon-
dence. The reference image is on the
left, while the right side demonstrates
1) 3D dense, 2) 3D sparse, 3) 2D dense,
and 4) 2D sparse correspondences.

Among these types, 3D dense correspondence is particu-
larly advantageous for robotic manipulation, as it ensures
continuity by smooth mappings between surfaces. This
is crucial for tasks requiring precise multi-point contact
and positioning. Additionally, 3D correspondence avoids
common 2D ambiguities like distortions from changing
viewpoints or occlusions, enhancing a robot’s ability to
interact accurately with real-world objects.

However, existing datasets and methods for 3D dense cor-
respondence (Pratikakis et al., 2016; Dyke et al., 2019;
Bogo et al., 2014b; Zuffi et al., 2017; Halimi et al., 2019;
Hedlin et al., 2023; Groueix et al., 2018b) often focus on
geometry and ignore textures or color information. This
limits the ability of models to effectively combine appearance and geometry information, both of
which are essential for semantic understanding. In addition, they typically only contain a single or
few categories (e.g. humans, four-legged animals), which further limits the generalization ability of
models. As a result, prior methods generating dense 3D features can be divided into two categories:
(1) 3D networks that only utilize geometry information and are trained on category-specific datasets
(Cao et al., 2023; Halimi et al., 2019), which do not generalize well to unseen objects, or (2) models
that naively average multiview appearance features from frozen 2D networks (Dutt et al., 2024) and
do not utilize any geometry information, which suffer from noise due to varying visibility and pixel
coordinates for each vertex, and lack global 3D consistency.

To address this, we release DenseCorr3D, the first 3d matching dataset containing colored meshes
with dense correspondence annotations, with 600 densely annotated assets across 24 categories. In
addition, we develop DenseMatcher, a model framework that combines both the powerful gen-
eralization capability of 2D foundation models with the geometric undertanding of 3D networks.
DenseMatcher first computes per-vertex mesh features by projecting multiview features from 2D
foundation models onto 3D meshes, before refining them with a lightweight 3D network. It then
calculates dense correspondences using the refined features via functional map, which we improve
with several novel constraints.

We further demonstrate the downstream effectiveness of DenseMatcher by performing complex
long-horizon robotic manipulation experiments based on only a single demonstration of hand-
object interaction. Finally, we further showcase the quality of our correspondence by presenting
several examples of color transfer from one mesh to another without any additional supervision.

In summary, we make the following contributions: (i) a novel 3d matching dataset that remedies
the lack of texture information and categories in previous datasets, (ii) a 3D dense correspondence
model framework that bridges the gap between 2D and 3D neural networks (iii) comprehensive 3D
matching, robotic manipulation, and color transfer experiments.
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