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◼ Challenges with LiDAR-Generated Point Clouds

• Occlusions and limited angles may not fully capture object surfaces.

• Impacts registration and object detection tasks.

◼ Prior Approaches to 3D Shape Completion

• Learning-based techniques confront complexity with irregular and 

unordered point clouds for loss function.

• Existing metrics like Chamfer Distance and Earth Mover's Distance 

have drawbacks.

➢ Chamfer Distance (CD) is efficient but not sensitive enough.

➢ Earth Mover‘s Distance (EMD) is accurate but computationally 

intensive.

◼ Key Contribution: Adaptive Auction with Initial Price 

Algorithm (AAIP)

• Introduces initial prices to accelerate convergence in auction algorithms.

• Proposes an efficient algorithm for the computation of initial prices.

• Presents an adaptive Earth Mover's Distance approximation scheme for 

shape loss functions.

• Experimental results show reduced errors and superior training 

outcomes.

Point Cloud Completion Problem

Introduction

Figure 1: The illustration of point cloud completion problem.

▪ Define the point cloud completion problem as predicting T given S’.

▪ S’ is not necessarily a subset of  T and there is no explicit 

correspondence between points in S’ and points in T, because they are 

independently sampled from the underlying object surfaces.

The Auction Algorithm

▪ Expression of the Optimization Problem

➢ EMD(S, T) = min
𝛷:𝐒→𝐓
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Figure 2: An example illustrates the efficacy of the method.

▪ The Challenges of Computing the Loss Function Using the 

Auction Algorithm[1]

➢ The number of iterations required for auction algorithm termination 

is difficult to estimate. 

➢ For certain point cloud, the number of iterations needed can be 

extremely high.

Table 1: The training results (EMD×103) of point cloud completion network on 

the ShapeNet dataset. We denote the compared methods as emd1
[4] and emd2

[5].

Figure 4: The accuracy and efficiency results  of different EMD estimation methods

Auction Algorithm with Initial Prices

• Discern that given a local assignment A− of S− ⊆ S and T − ⊆ T, 

denoting the final selling price of the assigned tj ϵ T − in A − as μ −.

• Definition 1 (Initial prices, ∆). We say the set of initial prices ∆ is valid if 

0 ≤ δj ≤ μ−
j , ∀ tj ϵ T−.

• Correctness and Effectiveness of initial prices have been proved. 

(cf.  Thm. 1 and Lem.1)

◼ Configuration of Initial Prices

• Objectives for setting initial prices: 

➢ Aim to configure initial prices to meet criteria of Thm. 1, 

ensuring δj ≤ μ j 
−

 for each task tj.

➢ Seek to offer a controlled solution cost to mitigate the overall 

computational expense.

• Lemma 2 (Configuration of initial prices). Assuming that (si, tj) is an 

assigned pair in a local assignment A−. Furthermore, within this assignment, ∀ sp 

ϵ (S − − si),  the sink assigned to sp is denoted as tq ϵ T−. Considering the value 

αj obtained by evaluating max
spϵS−

 {dpq − dpj + ε},we can set δj = max {0, αj}. 

This choice ensures that δj satisfies Theorem 1, specifically δj ≤ μ 
j 
− .

• Utilized the core of the Successive Shortest Path algorithm (SSPA)[2] to 

calculate the proposed initial prices by Lem. 2. 

◼ Optimization Strategies

• Simplified Graph Strategy[3].

➢ Accelerated computational time cost for calculating initial prices.

• Source Sorted Algorithm (SSA). 

➢ Optimized the order of local assignment points to enhance the 

effectiveness of the initial price distribution.

• Adaptive iteration Strategy.

➢ Adapted to deep learning processes to increase the algorithm's 

robustness to diverse feature point cloud data.
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Figure 3:  Adaptive Auction with Initial Price Algorithm Flowchart. 
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