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Supplementary Material

This Supplementary Material provides the following ex-
tended analyses, experimental findings, and additional de-
tails that complement our main paper:
• Additional training details, including dataset specifica-

tions, training duration, and memory requirements.
• A detailed description of the relative pose estimator used

in our framework.
• Additional qualitative results demonstrating the effective-

ness of our method across various datasets.

1. Additional Training Details
The training process consists of three stages: optical flow
fine-tuning, a coarse stage, and a refinement stage. All
stages were trained using image pairs constructed from the
GSO [1] dataset. As noted in MegaPose [3], GSO plays
a significant role in performance. We observed that train-
ing exclusively with GSO resulted in only a minor perfor-
mance difference (-0.2 AR), despite requiring less training
effort. The entire training process takes approximately 80
GPU hours on an RTX 3090, with a memory consumption
of around 20GB.

2. Details of Relative Pose Estimator
The relative pose estimator follows the MRPE [4] frame-
work and is composed of a three-layer CNN, two fully con-
nected (FC) layers, and two separate FC branches for trans-
lation and rotation estimation. This network outputs a 3D
translation vector and a 6D rotation vector [6].

3. Additional Qualitative Results
We present additional visualizations of the proposed
method. Fig. 1 and Fig. 2 illustrate the coarse pose estima-
tion results for the YCB-V [5] and LM-O [2] datasets, re-
spectively, while Fig. 3 and Fig. 4 depict the corresponding
pose refinement results. Although the coarse pose estima-
tion stage yields promising results, a comparison between
the last columns of Fig. 1 and Fig. 2 with those of Fig. 3 and
Fig. 4 demonstrates that the refinement method proposed in
this paper further improves pose estimation accuracy.
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Figure 1. Qualitative results of coarse pose estimation on YCB-V. The first column shows the query image Iq along with the ground
truth query geometry Ḡq . The second to fifth columns display each template image ISk from the selected template set S along with the
corresponding estimated geometry candidate G

(k)
q . In the last column, the image at the bottom illustrates the geometry Gq estimated

through pixel-wise voting, and the image at the top shows the estimated initial pose P0. In the top image, the green contour represents the
ground truth pose, while the blue contour represents the estimated pose.
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Figure 2. Qualitative results of coarse pose estimation on LM-O.
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q Ir , Gpos

r Prefined, Gpos
q

Figure 3. Qualitative results of pose refinement on YCB-V. The
first column shows the query image Iq along with the ground truth
query geometry Ḡpos

q . The second column displays the reference
image Ir and the reference geometry Gpos

r . In the last column, the
image at the bottom illustrates the estimated geometry Gpos

q , and
the image at the top shows the refined pose Prefined. We visualize
Gpos for the low-frequency 3 channels.
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Figure 4. Qualitative results of pose refinement on LM-O.


