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Motivation Introduction

The diversity of object categories limits the We propose a zero-shot method to achieve category-level 6-DOF
generalization ability of pose estimation models. object pose estimation, which exploits both 2D and 3D universal
-y features of input RGB-D image to establish semantic similarity-
A\ based correspondences and can be extended to unseen categories
without additional model fine-tuning:

Our main contributions:

» A 2D/3D universal features guided zero-shot category-level object

Various Object Categories!!2 pose estimation with coarse-to-fine optimization.

» In order to handle pose ambiguity due to intra-category shape

models can learn the semantic similarities between difference, we employ 3D universal features to refine the 6-DOF

objects and thus establish correspondences object and the shape of reference model by dense pixel-level
Souce - ~ ' registration.

The universal features extracted by the foundation

Project Webpage:
https://iscas3dv.qgithub.io/univers
alodpose/
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Target Object

Our framework includes a coarse pose estimation module and a pose refinement module. In the first module, we
establish the correspondences between image pairs based on the 2D universal features and calculate the coarse
pose using least squares in an iterative manner. In the second module, we use pixel-level optimization combined
with 3D universal features to refine the pose and shape of reference model to obtain the fine pose.

Experiment
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(b) After Iteration to calculate an accurate After the shape optimization, the reference object shape will become
pose. closer to the target object shape, resulting in more accurate pose.
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