
Supplementary Materials of SecondPose

Yamei Chen1,∗, Yan Di1,∗, Guangyao Zhai1,2,†, Fabian Manhardt3, Chenyangguang Zhang4,
Ruida Zhang4, Federico Tombari1,3, Nassir Navab1 and Benjamin Busam1,2,5

1 Technical University of Munich 2 Munich Center for Machine Learning
3 Google 4 Tsinghua University 5 3dwe.ai

{yamei.chen,yan.di,guangyao.zhai}@tum.de

The supplementary material encompasses this PDF file,
offering additional details about our work, a video show-
casing SecondPose predictions frame by frame on the
REAL275 and HouseCat6D test set, and a ZIP file contain-
ing the SecondPose code for reproducibility.

1. Implementation Details
Our network is implemented on Pytorch 1.13. The back-

bone is based on VI-Net [4]. To obtain DINOv2 features,
we initially crop the object by its bounding boxes from the
original image and subsequently resize it to a resolution of
210 × 210. The DINOv2 model version employed is ’di-
nov2 vits14’, with a set stride of 14. Consequently, the res-
olution of the output DINOv2 feature is 15 × 15. We ran-
domly select 100 points from the feature map as our sam-
pled points with DINOv2 features.

For extracting geometric features, we initially ran-
domly sample 300 points from the entire point cloud.
These points serve as the basis for estimating point-wise
normal vectors. To create the hierarchical panels, we
then choose range parameters (k0, k1, k2, k3, k4, k5, k6) =
(0, 10, 20, 40, 80, 160, 299).

See Tab 1 for an overview of the number of trainable
parameters and frozen parameters of our method and VI-
Net.

Number of Parameters Trainable Frozen

VI-Net 27,311,368 0
Ours 33,639,561 22,056,576

Table 1. Parameter Count

2. Further Explanations of the Pipeline
Invariance vs Equivariance. Following VI-Net [4], our

backbone ensures that, when the input point-wise features
are approximately SE(3)-invariant, the output feature map is
approximately SE(3)-equivariant. We used the term “SE(3)-
invariant” to emphasize that our input features are invariant.

Figure 1. Feature Fusion We illustrate fusion process with anno-
tated approximately equivalent and approximately invariant fea-
tures.

The process of feature fusion is illustrated in the Figure 1
below, the RGB values Fc, the DINOv2 features Fs, and
the HP-PPF features Fg are our invariant input features.
1) All input features are approximately invariant: the ge-
ometric features and RGB values are inherently invari-
ant. The DINOv2 features are approximately invariant due
to their training on a large-scale dataset, ensuring consis-
tent semantic representation. This consistency in semantic
meaning, regardless of rotation/translation, implies SE(3)
consistency, thus leading to approximate SE(3) invariance.
2) The output is equivariant: similar to VI-Net, our back-
bone transforms point-wise features with the point cloud’s
3D coordinates into a 2D feature map. These maps are then
processed by ResNets that approximately maintain SE(3)
equivariance (see section 3.4 and [4] for details). Conse-
quently, when the input features are approximately SE(3)
invariant, the output 2D feature map is approximately SE(3)
equivariant.

Visualization of Feature Maps. In Fig 2, we visualize
the features of same object in two frames, each with a dif-
ferent pose.

“RGB”, “DINOv2”, “HP-PPF” depict our input features,
which are roughly SE(3) invariant. “Second(2D)” repre-
sents our post-fusion feature map, utilized for pose estima-
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