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Task ——6D Pose Esimation01
6D Pose : thetransformation from object coordinate to world coordinate .

• 6D : 3D Rotation + 3D Translation

• Homogeneous coordinates :

express rotation and translation in a 
unified linear matrix form.

• SO(3) is the space of all valid 3D rotations :

• SE(3) is the space of all 3D rigid transformations :



Introduce ——Quaternion 02
In 6D pose estimation, a pose can be represented by a unit quaternion q :

Unit quaternions lie on a 4D unit hypersphere, 
where antipodal points q and -q represent the 
same 3D rotation.

1.  Quaternions are easy to compose through 
quaternion multiplication. 
2.  Quaternions are easy to apply for rotating 3D 
points or vectors. 
3.  Quaternions support smooth interpolation using 
Spherical Linear Interpolation. 
4.  Quaternions avoid the gimbal lock problem, but 
they need normalization and are less intuitive to 
manipulate directly.

• Advantage:



Introduce ——Symmetry and Solution02
For symmetric objects or parts, one visual observation may correspond to multiple valid 6D poses.

1.  Multi-solution ambiguity
A single ground-truth pose is not enough, because multiple 
equivalent poses can describe the same object state.
2.  Rotation ambiguity
Rotating an object around its symmetry axis may produce 
almost the same appearance.
3.  Mirror ambiguity
Reflection across a symmetry plane may also lead to 
indistinguishable visual observations.
4.  Annotation dependency

• Main problem:

Due to object symmetry, multiple poses may be visually 
indistinguishable.



Framework ——Overall  pipeline03

Overview of our framework. First, we construct a backbone with our designed �3 hyperspherical (HyperS3) layer to extract 
point cloud feature. Then, we generate quaternion candidates and refine each on the hyperspherical manifold of quaternion 
�3. To better cope with the multi-hypothesis caused by symmetry, we additionally design a self-adaptive network to estimate 
the symmetry axes or planes, based on which we generate the corresponding equivalent solutions later. Finally, we aggregate 
all refined candidates and apply an additional refinement step, yielding ������.



Method ——Symmetry and Candidates 04

Process of the self-adaptive symmetry learning 
process. The figure depicts the evolution of the 
framework from an initial state (a) to a trained state 
(b). The top panels show the implicit probability 
distribution along x, y, z axes.

The illustration of the transformation process 
from the initial candidates � to the feature 
embedding. The right demonstrates the 
extraction of orientation information. The left 
shows the extraction of other geometric 
information.



Result ——Main result05

Results of GAParts Pose estimation in terms of per-part-class Rotation error and translation error. We use degree error 
(noted as °) and distance error (noted as cm) as metrics. Ln.=Line. F.=Fixed. Rd.=Round. Hg.=Hinge. Hl.=Handle. Sd.=Slider. 
Ld.=Lid. Bn.=Button. Dw.=Drawer. Dr.=Door. Kb.=Knob. Rot.=Rotation. Trans.=Translation.



Result ——Qualitative and Real-world 05

Qualitative results on GAParts pose estimation. We compare our method with RFMPose. More qualitative results can be 
found in supplementary materials.
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