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3D assembly completion with stability optimization

Yao Qihao, Wang Weihao, You Mingyu'
(College of Electronic and Information Engineering, Tongji University, Shanghai, 201804, China)

Abstract: 3D assembly completion is an essential and complex interactive assembly task. The robot must identify the true
missing parts, select the correct parts from a toolkit of candidates, calculate precise assembly poses, and ultimately make the
incomplete assembly complete. As the primary principle in the design of actual assemblies such as chairs and tables, stability
is also an ultimate goal of 3D assembly completion. Existing works of 3D assembly completion primarily focus on geometric
relationship modeling of parts, without taking into account the stability of assembly, leading to low accuracy in completion and
making it a challenge to meet the actual requirements of robot assembly. To tackle this issue, we propose StableFiT
(Finishing the Incomplete 3D Assembly with Transformer) for 3D assembly completion with stability optimization. We
introduce a novel stability verification method for the completed assembly . By training an assembly stability discriminator
using the verification results obtained from the NVIDIA Isaac Sim simulation platform, we furtherly optimize 3D assembly
completion based on stability feedback from the stability discriminator. Experimental results on the PartNet dataset
demonstrate that StableFiT effectively improves the correctness and stability of the completed assemblies, addressing the
limitations of existing assembly completion methods.
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Fig.1 A typical display of unstable assemblies
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Fig.2 A stability verification method for the completed assembly based on Isaac Sim simulation platform
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Table 3 Effect of loss components on experiment results

‘ ¢, ¢ty MA*r SCDy PA A CA* PSAA

X N NN 8710 0.0106  49.35  36.96  82.31

~vooxX N N 8491 0.0086  64.73  49.63  90.58

Voo X W 90,01 0.0100  63.00  48.68  91.20

v N N X 8771 0.0089  63.56  49.94  90.10

Voo N N 88.47  0.0084  66.45  51.19  90.95
5 %t

ST A AT 55 S AR D R 2B TS A B
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