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Introduction
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• Problems Statements:
─ Chamfer Distance (CD) and variants, are sensitivity 

to outliers and need time-consuming parameter 
tuning.

─ Can we define a weighted CD to boost the 
performance of the vanilla CD?

─ If we can reproduce the exact gradients in training, 
we can then reproduce the performance of a 
certain loss (HyperCD in this case).

• Motivation:

─ We aim to explore functional spaces to search for good 
functions.

─ The distances in the metric as a training loss should be 
weighted in some form rather than uniform.

─ We borrow the idea from network distillation, rather than 
networks, we aim to learn losses functions instead.

Fig 1. Illustration of distributions that are similar to 
the gradient weighting distribution from HyperCD 
and can used as weighting functions in weighted CD.
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• Contribution:
─ We propose a gradient-matching 

method for loss distillation.

─ We show strong performance for 
point cloud completion based on 
weighted CD

─ Our method can be simply done by 
simulated data with mathematical 
derivations.
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Background
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• Chamfer Distance: CD serves 

as a popular training loss in 
point cloud completion for 
training neural networks.

─ In our work:

• Hyper CD: Defines as follow equation

• Weighting Functions: Distributions 

as weighting functions in WeightedCD
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Method
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Weighted CD

Loss Distillation via Gradient Matching: 
Mimic the learning behavior of the target 
teacher CD (HyperCD in this case).

Searching Scheme

Fig 2. (a) Illustrate the distance distribution from HyperCD. In (b-c) 
respectively, where all the curves are rescaled by the maximum values 
and ordered by the minimum of Loss Distillation equation 3.

(1)

(2)

(3)

(4)

Point Cloud Completion with Weighted CD
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Results  
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• Completion Results:

─ Evaluated on both synthesis: PCN, ShapeNet-55, and real-word datasets: KITTI. One of the proposed 
weightedCD, namely LandauCD, consistently outperformed HyperCD and other variants in multiple 
benchmarks.

Fig. 3 Visualization of the KITTI benchmark, Row 1: 
input, Row 2: HyperCD, and Row 3: LandauCD.

Fig.4 Visualization of ShapeNet-55 benchmark. Gray is the 
input. Yellow is HyperCD. Green is Landau CD.
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Table. 1 Comparison on PCN dataset in terms of 
per-point L1-CD x 1000 (Lower the better).
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Results
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• Training Analysis:

─ In Fig. 5, our weightedCD losses 
exhibit a more rapid convergence 
compared to HyperCD.

─ In Table.2, the training efficiency 
still consist with original target CD. 

Loss Functions Computation Time

HyperCD 0.4239±0.0019

InfoCD 0.4298±0.0014

LandauCD 0.4341±0.0026

Fig. 5 Convergence comparison

Table. 2 Training efficiency comparison
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Conclusion

• A novel loss distillation method for point cloud completion by mimicking the 
learning behavior of HyperCD based on weighted CD.

• An efficient and effective gradient matching algorithm to search for potential 
weighting functions for weighted CD. 

• A bilevel optimization problem to train backbone networks, based on our iterative 
differentiation algorithm.

• We conduct comprehensive experiments with different datasets to demonstrate 
the effectiveness of weighted CD losses
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