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METHOD AND APPARATUS FOR POINT CLOUD COMPLETION, 

NETWORK TRAINING METHOD AND APPARATUS, DEVICE, AND 

STORAGE MEDIUM 

  

TECHNICAL FIELD 

[0001] Embodiments of the present disclosure relate to the technical field of cloud 

data processing, and relate to, but are not limited to, a method and apparatus for point cloud 

completion, a network training method and apparatus, a device, and a storage medium.  

 

BACKGROUND 

[0002] In related art, compared with pictures or videos, a data format of a point cloud 

does not lose information of a distance between an object and a sensor, that is, 3D position 

information of an object in space can be obtained. Moreover, the ambiguity (for example, a 

position of a human body in 3D space is unclear) caused by pictures or videos can be avoided 

using point clouds. However, a point cloud outputted in a point cloud generation task cannot 

retain the details in an input incomplete point cloud, thus a global shape cannot be completed 

based on the incomplete details, and the generated point cloud has an incomplete shape 

accordingly.  

 

SUMMARY 

[0003] Embodiments of the disclosure provide a technical solution for point cloud 

completion.  

[0004] The technical solution of the embodiments of the present disclosure is realized 

as follows: 
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[0005] An embodiment of the present disclosure provides a method for point cloud 

completion, including: 

[0006] determining a probability distribution of an acquired first point cloud; 

[0007] completing the first point cloud based on the probability distribution to obtain 

a primary completed point cloud; 

[0008] concatenating the primary completed point cloud and the first point cloud to 

obtain a concatenated point cloud; 

[0009] determining association relationships between the concatenated point cloud 

and multiple groups of neighbouring points of the concatenated point cloud; and 

[0010] completing the concatenated point cloud based on the association relationships 

to obtain a second point cloud from completion to the first point cloud.  

[0011] In some embodiments, the determining a probability distribution of the 

acquired first point cloud may include: performing variational encoding on the first point 

cloud to obtain an encoded point cloud; performing residual processing on the encoded point 

cloud to obtain a residual point cloud; and determining the probability distribution based on 

the residual point cloud. Thus, a conditional probability distribution of the first point cloud 

can be quickly determined by performing encoding on the first point cloud using a variational 

automatic encoder of the probability generation network and processing the encoded point 

cloud using a linear residual module.  

[0012] In some embodiments, the completing the first point cloud based on the 

probability distribution to obtain a primary completed point cloud may include: predicting a 

first appearance shape of an object to which the first point cloud belongs based on the 

probability distribution; determining a second appearance shape of the object represented by 

the first point cloud, where an integrity of the first appearance shape is greater than an 

integrity of the second appearance shape; and completing the second appearance shape based 

on the first appearance shape to obtain the primary completed point cloud. In this way, the 
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details of the input first point cloud can be better preserved, and the completion can be 

implemented on the basis of the details of the input first point cloud.  

[0013] In some embodiments, the completing the concatenated point cloud based on 

the association relationships to obtain a second point cloud from completion to the first point 

cloud may include: determining an association feature of each data point in the concatenated 

point cloud based on association relationships between the each data point in the 

concatenated point cloud and corresponding groups of neighbouring points; determining a 

target feature of the each data point based on the association feature of the each data point; 

and obtaining the second point cloud from the completion to the first point cloud based on the 

target feature of the each data point in the concatenated point cloud. Thus, a second point 

cloud containing fine point cloud details can be obtained.  

[0014] In some embodiments, the determining a target feature of the each data point 

based on the association feature of the each data point may include: performing performing 

average pooling processing on the association feature of the each data point corresponding to 

the groups of neighbouring points to obtain a pooling feature; determining a group 

association degree between the each data point and each corresponding group of 

neighbouring points based on the pooling feature; and determining the target feature of the 

each data point based on the group association degree and the association feature of the each 

data point. In this way, the target feature of the point cloud with more details can be extracted 

by combining the group association degree of multiple groups of neighbouring points of 

different scales with the association feature of the each data point of the multiple groups.  

[0015] In some embodiments, the determining a group association degree between the 

each data point and each corresponding group of neighbouring points based on the pooling 

feature may include: determining an association degree between the each data point and each 

neighbouring point in the each corresponding group of neighbouring points based on the 

pooling feature to obtain a set of point assocation degrees; and determining a group 

association degree of the each group of neighbouring points based on the set of point 

assocation degrees. In this way, an association degree between each neighbouring point in a 
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group of neighbouring points and a corresponding data point may be determined to determine 

the group association degree of the group.  

[0016] In some embodiments, the determining the target feature of the each data point 

based on the group association degree and the association feature of the each data point may 

include: adjusting the association feature of the each data point based on the group 

association degree of the each group of neighbouring points to obtain an adjusted association 

feature corresponding to the each group of neighbouring points; and fusing the adjusted 

association features corresponding to the multiple groups of neighbouring points of the each 

data point to obtain the target feature of the each data point. In this way, the association 

features of each group are weighted by the group association degree of each group and then 

added up to obtain the target feature of the data point, so that the detailed information of the 

obtained target feature can be enriched.  

[0017] In some embodiments, the determining association relationships between the 

concatenated point cloud and multiple groups of neighbouring points of the concatenated 

point cloud may include: determining a first initial feature of each group of neighbouring 

points and a second initial feature of each data point in the concatenated point cloud, 

respectively; performing linear transformation on the first initial feature based on a first 

preset value to obtain a first transformed feature; performing linear transformation on the 

second initial feature based on the first preset value to obtain a second transformed feature; 

and determining a relationship parameter between the first transformed feature of the each 

group of neighbouring points and the second transformed feature as an association 

relationship between the each group of neighbouring points and a corresponding data point. 

Thus, key features in the point cloud data may be extracted by adaptively learning the 

relationship among neighbouring points in the point cloud.  

[0018] In some embodiments, the determining an association feature of each data 

point in the concatenated point cloud based on association relationships between the each 

data point in the concatenated point cloud and corresponding groups of neighbouring points 

may include: performing linearly transformation a first initial feature of each group of 
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neighbouring points based on a second preset value to obtain a third transformed feature, 

where there is a multiple relationship between the second preset value and a first preset value; 

and determining the association feature of the each data point based on the association 

relationships and the third transformed feature of the each group of neighbouring points. In 

this way, the initial features of the neighbouring points may be enhanced after the linear 

transformation, so that the association feature of the each data point can be obtained with 

more details.  

[0019] In some embodiments, after the determining the target feature of the each data 

point based on the association feature of the each data point, the method further may include: 

performing linearly transformation on the target feature to obtain a core target feature; 

performing linearly transformation on a second initial feature of the each data point to obtain 

a residual feature of the each data point; and updating the target feature based on the residual 

feature and the core target feature to obtain an updated target feature. In this way, the updated 

target feature is finally obtained by taking into account not only the original feature 

information but also the feature information subjected to complicated processing, so that the 

updated target feature has more details.  

[0020] An embodiment of the present disclosure provides a method for training a 

point cloud completion network, including: acquiring a first sample point cloud; determining 

a sample probability distribution of the first sample point cloud using a preset probability 

generation network; predicting a complete shape of the first sample point cloud based on the 

sample probability distribution to obtain a first predicted point cloud; adjusting the first 

predicted point cloud based on the first sample point cloud by using a preset relationship 

enhancement network to obtain a second predicted point cloud; adjusting a network 

parameter of the probability generation network based on loss of the first predicted point 

cloud, and adjusting a network parameter of the relationship enhancement network based on 

loss of the second predicted point cloud; and generating a point cloud completion network 

based on the probability generation network with the adjusted parameter and the relationship 

enhancement network with the adjusted parameter. In this way, the training process of the 

point cloud completion network is implemented by the two networks, and a point cloud with 



 6 

reasonably high precision can be generated while preserving details of the input incomplete 

point cloud on the basis of the input incomplete point cloud.  

[0021] In some embodiments, the first sample point cloud may include a sample 

incomplete point cloud of an incomplete shape and a sample complete point cloud 

corresponding to the sample incomplete point cloud, and the determining a sample 

probability distribution of the first sample point cloud using a preset probability generation 

network may include: performing variational encoding on the sample incomplete point cloud 

through the preset probability generation network to determine a first probability distribution 

of the sample incomplete point cloud; performing variational encoding on the sample 

complete point cloud through the preset probability generation network to determine a second 

probability distribution of the sample complete point cloud; and obtaining the sample 

probability distribution based on the first probability distribution and the second probability 

distribution. In this way, a conditional probability distribution of the sample complete point 

cloud and the sample incomplete point cloud can be quickly determined.  

[0022] In some embodiments, the predicting a complete shape of the first sample 

point cloud based on the sample probability distribution to obtain a first predicted point cloud 

may include: completing the sample incomplete point cloud based on a first probability 

distribution of the sample probability distribution to obtain a sample primary completed point 

cloud; reconstructing the sample complete point cloud based on a second probability 

distribution of the sample probability distribution and the first probability distribution to 

obtain a reconstructed complete point cloud; and determining the sample primary completed 

point cloud and the reconstructed complete point cloud as the first predicted point cloud. In 

this way, a probability generation network that accurately predicts the complete contour of 

the incomplete point cloud can be obtained.  

[0023] In some embodiments, the adjusting a network parameter of the probabilistic 

generation network based on loss of the first predicted point cloud may include: determining 

completion loss based on a similarity between the first probability distribution and the second 

probability distribution as well as a similarity between the sample primary completed point 
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cloud and the sample complete point cloud; determining first reconstruction loss based on a 

similarity between the second probability distribution and a preset standard distribution as 

well as a similarity between the reconstructed complete point cloud and the sample complete 

point cloud; and adjusting the network parameter of the probability generating network based 

on the completion loss and the first reconstruction loss to obtain the probability generation 

network with the adjusted parameter. In this way, a training process of the preset probability 

generation network is realized, so as to obtain a probability generation network capable of 

generating a rough point cloud with a complete shape.  

[0024] In some embodiments, the adjusting a network parameter of the relationship 

enhancement network based on loss of the second predicted point cloud may include: 

determining second reconstruction loss based on a similarity between the second predicted 

point cloud and the sample complete point cloud; and adjusting the network parameter of the 

relationship enhancement network based on the second reconstruction loss to obtain the 

relationship enhancement network with the adjusted parameter. In this way, the training 

process of the preset relationship enhancement network is realized, so as to improve the 

accuracy of the point cloud completion network.  

[0025] An embodiment of the present disclosure provides an apparatus for point 

cloud completion, including: 

[0026] a first determination module configured to determine a probability distribution 

of an acquired first point cloud; 

[0027] a first completion module configured to complete the first point cloud based 

on the probability distribution to obtain a primary completed point cloud; 

[0028] a first concatenation module configured to concatenate the primary completed 

point cloud and the first point cloud to obtain a concatenated point cloud; 

[0029] a second determination module configured to determine association 

relationships between the concatenated point cloud and multiple groups of neighbouring 
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points of the concatenated point cloud; and 

[0030] a first adjustment module configured to complete the concatenated point cloud 

based on the association relationships to obtain a second point cloud from completion to the 

first point cloud.  

[0031] In some embodiments, the first determination module may include: 

[0032] a first encoding submodule configured to perform variational encoding on the 

first point cloud to obtain an encoded point cloud; 

[0033] a first processing submodule configured to perform residual processing on the 

encoded point cloud to obtain a residual point cloud; and 

[0034] a first determination submodule configured to determine the probability 

distribution based on the residual point cloud.  

[0035] In some embodiments, the first completion module may include: 

[0036] a first prediction submodule configured to predict a first appearance shape of 

an object to which the first point cloud belongs based on the probability distribution; 

[0037] a second determination submodule configured to determine a second 

appearance shape of the object represented by the first point cloud, where an integrity of the 

first appearance shape is greater than an integrity of the second appearance shape; and 

[0038] a first completion submodule configured to complete the second appearance 

shape based on the first appearance shape to obtain the primary completed point cloud.  

[0039] In some embodiments, the first adjustment module may include: 

[0040] a third determination submodule configured to determine an association 

feature of each data point in the concatenated point cloud based on association relationships 

between the the each data point in the concatenated point cloud and corresponding groups of 

neighbouring points; 
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[0041] a fourth determination submodule configured to determine a target feature of 

the each data point based on the association feature of the each data point; and 

[0042] a fifth determination submodule configured to obtain the second point cloud 

from the completion to the first point cloud based on the target feature of the each data point 

in the concatenated point cloud.  

[0043] In some embodiments, the third determination submodule may include: 

[0044] a first pooling unit configured to perform average pooling processing on the 

association feature of the each data point corresponding to the groups of neighbouring points 

to obtain a pooling feature; 

[0045] a second determination unit configured to determine a group association 

degree between the each data point and each corresponding group of neighbouring points 

based on the pooling feature; and 

[0046] a third determination unit configured to determine the target feature of the 

each data point based on the group association degree and the association feature of the each 

data point.  

[0047] In some embodiments, the second determination unit may include: 

[0048] a first determination subunit configured to determine an assocation degree 

between each data point and each neighbouring point in the each corresponding group of 

neighbouring points based on the pooling feature to obtain a set of point assocation degrees; 

and 

[0049] a second determination subunit configured to determine a group association 

degree of the each group of neighbouring points based on the set of point assocation degrees.  

[0050] In some embodiments, the third determination unit may include: 

[0051] a first adjustment subunit configured to adjust the association feature of the 



 10 

each data point based on the group association degree of the each group of neighbouring 

points to obtain an adjusted association feature corresponding to the each group of 

neighbouring points; and 

[0052] a first fusion subunit configured to fuse the adjusted association features 

corresponding to the groups of neighbouring points of the each data point to obtain the target 

feature of the each data point.  

[0053] In some embodiments, the second determination module may include: 

[0054] a sixth determination submodule configured to determine a first initial feature 

of each group of neighbouring points and a second initial feature of each data point in the 

concatenated point cloud, respectively; 

[0055] a first transformation submodule configured to perform linear transformation 

on the first initial feature based on a first preset value to obtain a first transformation feature; 

[0056] a second transformation submodule configured to perform linear 

transformation on the second initial feature based on the first preset value to obtain a second 

transformation feature; and 

[0057] a first association submodule configured to determine a relationship parameter 

between the first transformed feature of the each group of neighbouring points and the second 

transformed feature as an association relationship between the each group of neighbouring 

points and a corresponding data point.  

[0058] In some embodiments, the third determination submodule may include: 

[0059] a first transformation unit configured to perform linear transformation on a 

first initial feature of each group of neighbouring points based on a second preset value to 

obtain a third transformed feature; where there is a multiple relationship between the second 

preset value and a first preset value; and 

[0060] a third determination unit configured to determine the association feature of 
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the each data point based on the association relationships and the third transformed feature of 

the each group of neighbouring points.  

[0061] In some embodiments, the apparatus further may include: 

[0062] a first transformation module configured to perform linear transformation on 

the target feature to obtain a core target feature; 

[0063] a second transformation module configured to perform linear transformation 

on a second initial feature of the each data point to obtain a residual feature of the each data 

point; and 

[0064] a first updating module configured to update the target feature based on the 

residual feature and the core target feature to obtain an updated target feature.  

[0065] An embodiment of the present disclosure provides an apparatus for training a 

point cloud completion network, including: 

[0066] a first acquisition module configured to acquire a first sample point cloud; 

[0067] a third determination module configured to determine a sample probability 

distribution of the first sample point cloud using a preset probability generation network; 

[0068] a first prediction module configured to predict a complete shape of the first 

sample point cloud based on the sample probability distribution to obtain a first predicted 

point cloud; 

[0069] a first adjustment module configured to adjust the first predicted point cloud 

based on the first sample point cloud by using a preset relationship enhancement network to 

obtain a second predicted point cloud; 

[0070] a first training module configured to adjust a network parameter of the 

probability generation network based on loss of the first predicted point cloud, and adjust a 

network parameter of the relationship enhancement network based on loss of the second 
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predicted point cloud; and 

[0071] a fourth determination module configured to generate a point cloud 

completion network based on the probability generation network with the adjusted parameter 

and the relationship enhancement network with the adjusted parameter.  

[0072] In some embodiments, the first sample point cloud may include a sample 

incomplete point cloud of an imcomplete shape and an sample complete point cloud 

corresponding to the sample incomplete point cloud, and the third determination module may 

include: 

[0073] a second encoding submodule configured to perform variational encoding on 

the sample incomplete point cloud through the preset probability generation network to 

determine a first probability distribution of the sample incomplete point cloud; 

[0074] a third encoding submodule configured to perform variational encoding on the 

sample complete point cloud through the preset probability generation network to determine a 

second probability distribution of the sample complete point cloud; and 

[0075] a seventh determination submodule configured to obtain the sample 

probability distribution based on the first probability distribution and the second probability 

distribution.  

[0076] In some embodiments, the first prediction module may include: 

[0077] a second completion submodule configured to complete the sample 

incomplete point cloud based on a first probability distribution of the sample probability 

distribution to obtain a sample primary completed point cloud; 

[0078] a first reconstruction submodule configured to receonstruct the sample 

complete point cloud based on a second probability distribution of the sample probability 

distribution and the first probability distribution to obtain a reconstructed complete point 

cloud; and 
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[0079] an eighth determination submodule configured to determine the sample 

primary completed point cloud and the reconstructed complete point cloud as the first 

predicted point cloud.  

[0080] In some embodiments, the first training module may include: 

[0081] a ninth determination submodule configured to determine completion loss 

based on a similarity between the first probability distribution and the second probability 

distribution as well as a similarity between the sample primary completed point cloud and the 

sample complete point cloud; 

[0082] a tenth determination submodule configured to determine first reconstruction 

loss based on a similarity between the second probability distribution and a preset standard 

distribution as well as a similarity between the reconstructed complete point cloud and the 

sample complete point cloud; and 

[0083] a first adjustment submodule configured to adjust the network parameter of 

the probability generation network based on the completion loss and the first reconstruction 

loss to obtain the probability generation network with the adjusted parameter.  

[0084] In some embodiments, the first training module may include: 

[0085] an eleventh determination submodule configured to determine second 

reconstruction loss based on a similarity between the second predicted point cloud and the 

sample complete point cloud; and 

[0086] a first training submodule configured to adjust the network parameter of the 

relationship enhancement network based on the second reconstruction loss to obtain the 

relationship enhancement network with the adjusted parameter.  

[0087] Embodiments of the present disclosure provide a method and apparatus for 

point cloud completion, a device and storage medium. For an acquired first point cloud, the 

first point cloud is first completed by determining a probability distribution of the first point 
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cloud, and a primary completed point cloud of the first point cloud is predicted. Thus, a 

reasonable contour of the first point cloud can be predicted by considering the probability 

distribution of the first point cloud, thereby obtaining a primary completed point cloud which 

is rational and conforms to the shape of the first point cloud. Then, the obtained primary 

completed point cloud is combined with the first point cloud to obtain a concatenated point 

cloud; multiple groups of neighbouring point clouds with different scales are determined 

based on the point data in the concatenated point cloud, and the concatenated point cloud is 

adjusted based on the association relationship between the multiple groups of neighbouring 

point clouds and the concatenated point cloud to obtain a second point cloud with a complete 

shape and rich details. In this way, the accuracy of the primary point cloud can be improved 

by combining the structural relationship of multiple groups of neighbouring points of 

different scales of the concatenated point cloud, so that the second point cloud with 

high-precision point cloud details can be obtained.  

 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0088] FIG. 1 is a schematic diagram of an implementation flow of a method for 

point cloud completion according to an embodiment of the present disclosure; 

[0089] FIG. 2A is a schematic diagram of another implementation flow of a method 

for point cloud completion according to an embodiment of the present disclosure; 

[0090] FIG. 2B is a schematic diagram of an implementation flow of a method for 

training a point cloud completion network according to an embodiment of the present 

disclosure; 

[0091] FIG. 3A is a schematic diagram of structure and composition of an apparatus 

for point cloud completion according to an embodiment of the present disclosure; 

[0092] FIG. 3B is a schematic diagram of structure and composition of an apparatus 

for training a point cloud completion network according to an embodiment of the present 



 15 

disclosure; 

[0093] FIG. 4 is a schematic diagram of structure and composition of a computer 

device according to an embodiment of the present disclosure.  

 

DETAILED DESCRIPTION 

[0094] To make the purpose, technical solution, and advantages of the embodiments 

of the present disclosure more apparent, specific technical solutions of the present disclosure 

will be described in further detail below in conjunction with the accompanying drawings. The 

following embodiments serve to illustrate the present disclosure, but are not intended to limit 

the scope of the present disclosure.  

[0095] In the following description, reference is made to “some embodiments” which 

describe a subset of all possible embodiments; but it is to be understood that “some 

embodiments” may be a same subset or different subsets of all possible embodiements, and 

may be combined to each other in the absence of conflict.  

[0096] In the following description, the reference to the term “first\second\third” is to 

merely distinguish between similar objects and does not represent a specific order for the 

objects, it being understood that, if allowed, the certain order or sequence indicated by 

“first\second\third” may be exchanged, such that the embodiments of the present disclosure 

described herein can be implemented in an order other than the order given in the drawings 

and the description. 

[0097] Unless defined otherwise, all technical and scientific terms used herein have 

the same meaning as commonly understood by those skilled in the art to which this disclosure 

belongs. The terms used herein is for the purpose of describing embodiments of the present 

disclosure only and is not intended to limit the present disclosure.  

[0098] Before the embodiments of the present disclosure are described in further 
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detail, the wording and terms referred to in the embodiments of the present disclosure are 

illustrated, and the wording and terms referred to in the embodiments of the present 

disclosure are applicable to the following explanations.  

[0099] 1) Global average pooling, also referred to as undersampling or 

down-sampling, is mainly used to implement feature dimension reduction, compress the 

quantity of data and the quantity of parameters, reduce overfitting, and improve the fault 

tolerance of a model.  

[00100] 2) Full connected layer is used to integrate features which are highly 

abstracted after multiple times of convolution, then normalize the features, output respective 

probabilities for classified cases, allowing a following classifier to perform classification 

based on the probabilities obtained from full connection.  

[00101] 3) Variational automatic encoder is an important generation model. It is 

assumed that observable data is x, x being generated from a hidden variable z.  The process 

z x  refers to a generation model 
( | )p x z , which is a decoder from the perspective of 

autoencoder; instead, the process x z  refers to an identification model 
( | )q z x , which is 

an encoder similar to the autoencoder.  

[00102] An exemplary application of the apparatus for point cloud completion is 

described below. The apparatus provided in the embodiments of the present disclosure may 

be implemented as various types of user terminals such as a notebook computer, a tablet 

computer, a desktop computer, a camera, a mobile device (e.g., a personal digital assistant, a 

dedicated messaging device, a portable game device), and may also be implemented as a 

server. Next, an exemplary application in which the apparatus is implemented as a terminal or 

a server will be described.  

[00103] The method may be applied to a computer device, the functions 

implemented by the method may be implemented by a processor in the computer device 

calling program codes, which may be stored in a computer storage medium. It can be seen 
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that the computer device includes at least a processor and a storage medium.  

[00104] An embodiment of the present disclosure provides a method for point cloud 

completion, as shown in FIG. 1A. The method is described in connection with the operations 

shown in FIG. 1A. 

[00105] In operation S101, a probability distribution of an acquired first point cloud 

is determined.  

[00106] In some embodiments, the acquired first point cloud may be acquired 

3-Dimension (3D) point cloud data, or received 3D point cloud data transmitted by other 

devices. For example, the 3D point cloud data may be point cloud data acquired at an angle 

for a desk lamp and representing the appearance of the desk lamp, or the 3D point cloud data 

may be received point cloud data transmitted by any device and representing an object. The 

first point cloud may be a complete point cloud capable of relatively completely representing 

the shape of the object, or may be an incomplete point cloud capable of representing a portion 

of the shape of the object. The probability distribution of the first point cloud is a conditional 

probability distribution obtained from the encoding on the first point cloud.  

[00107] In some possible implementations, the probability distribution of the first 

point cloud may be determined using a point cloud completion network. The point cloud 

completion network may include two parts: a probability generation network for generating a 

primary completed point cloud and a relationship enhancement network for generating a 

high-quality output point cloud based on the primary completed point cloud. The resulting 

completed point cloud largely retains the details of the input point cloud. By encoding the 

first point cloud by using the variational automatic encoder of the probability generation 

network and processing the encoded point cloud with a linear residual module, the 

conditional probability distribution of the first point cloud can be quickly determined, that is, 

the above-mentioned operation S101 may be realized as follows. 

[00108] In operation S111, variational encoding is performed on the first point cloud 

to obtain an encoded point cloud.  
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[00109] In some embodiments, variational encoding may be performed on the first 

point cloud by using a variational automatic encoder 521 as shown in FIG. 5, and the 

implementation process is as follows. 

[00110] First, a feature dimension of an input first point cloud is converted to 128 by 

using a first shared Multi-Layer Perceptron (MLP) network; next, the point cloud feature with 

a feature dimension being 128 is converted into a point cloud feature with a dimension being 

256 by using a second shared multi-layer perceptron network; then, the point cloud feature 

with a dimension being 256 is input to a pooling layer for maximum pooling processing; then, 

element-by-element multiplication is performed between the pooling processing result and 

the point cloud feature with a dimension being 256; then, the multiplication result is input to 

a third shared multi-layer perceptron network to convert the point cloud feature with a feature 

dimension being 256 into a point cloud feature with a dimension being 512; then, the point 

cloud feature with a feature dimension being 512 is converted into a point cloud feature with 

a dimension being 1024 by using a fourth shared multi-layer perceptron network; finally, the 

point cloud feature with a dimension being 1024 is input to the pooling layer for maximum 

pooling processing to obtain the encoded point cloud.  

[00111] In operation S112, residual processing is performed on the encoded point 

cloud to obtain a residual point cloud.  

[00112] In some embodiments, the residual point cloud may be obtained by 

performing linear residual processing on the encoded point cloud using a plurality of linear 

residual modules in the probability generation network. As shown in FIG. 5, a plurality of 

linear residual modules 522 are used to perform residual processing on the pooling result, 

thereby obtaining the residual point cloud. For example, the first point cloud input to the 

variational automatic encoder has a dimension of 3*1024 and the output has 1024 values 

which are values of the residual point cloud.  

[00113] In operation S113, the probability distribution is determined based on the 

residual point cloud.  
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[00114] In some embodiments, the conditional probability distribution of the first 

point cloud may be obtained by sampling and plotting points in the incomplete point cloud. 

That is, the conditional probability distribution of the first point cloud may be obtained from 

the 1024 values output by the variational automatic encoder. The conditional probability 

distribution 523 in FIG. 5 is close to the Gaussian distribution. Thus, a conditional probability 

distribution of the first point cloud can be accurately determined by performing variational 

encoding on the first point cloud in a manner of the variational automatic encoding in the 

point cloud completion network, and by performing residual processing on the encoded point 

cloud through the plurality of linear residual modules in the point cloud completion network.  

[00115] In operation S102, the first point cloud is completed based on the 

probability distribution to obtain a primary completed point cloud.  

[00116] In some embodiments, in a point cloud completion network, a complete 

shape of an object to which the first point cloud belongs may be predicted by reference to a 

difference between the probability distribution of the first point cloud and a standard normal 

distribution; and the first point cloud may be completed by a difference value between the 

point cloud data of the complete shape and the first point cloud, so that a roughly estimated 

primary completed point cloud can be obtained. The primary completed point cloud is used to 

roughly describe the general contour of the object to which the first point cloud belongs.  

[00117] In some possible implementations, in the probability generation network of 

the point cloud completion network, the rough complete shape of the first point cloud may be 

predicted by the difference between the standard normal distribution and the probability 

distribution of the first point cloud, that is, the operation S102 may be implemented as 

follows. 

[00118] In operation S121, an appearance shape of an object to which the first point 

cloud belongs is predicted based on the probability distribution.  

[00119] In some embodiments, the appearance shape of the object to which the first 

point cloud belongs to may be the appearance shape of the object at a viewing angle 
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corresponding to the first point cloud. For example, the viewing angle of the object to which 

the first point cloud belongs may be first determined, and the appearance shape of the object 

at the viewing angle may be predicted by combining the viewing angle and the difference 

value. The complete appearance of the object to which the first point cloud belongs may be 

predicted based on the difference value between the probability distribution of the first point 

cloud and the standard normal distribution. When the first point cloud is point cloud data, i.e., 

a global feature of an incomplete point cloud, of a desk lamp acquired at a certain angle, a 

complete appearance shape of the object to which the first point cloud belongs may be 

predicted based on a difference value between a probability distribution of the first point 

cloud and a standard normal distribution. The global feature may be completed by the 

appearance shape, thereby obtaining a primary completed point cloud describing the overall 

framework of the desk lamp.  

[00120] In operation S122, a second appearance shape of the object represented by 

the first point cloud is determined.  

[00121] In some embodiments, the integrity of the first appearance shape may be 

greater than the integrity of the second appearance shape. An appearance shape, i.e., a second 

appearance shape, of the object represented by the first point cloud may be determined based 

on the distribution of the first point cloud. When the first point cloud is an incomplete point 

cloud, the second appearance shape is a partial appearance shape of the object.  

[00122] In operation S123, the second appearance shape is completed based on the 

first appearance shape to obtain the primary completed point cloud.  

[00123] In some embodiments, after the appearance contour, i.e., the first 

appearance shape, of the object to which the first point cloud belongs at the viewing angle of 

the first point cloud is predicted, the difference between the first appearance shape and the 

second appearance shape may be determined. Based on this, the second appearance shape 

may be completed to obtain a completed appearance shape. Based on the completed 

appearance shape, the primary completed point cloud can be obtained. Thus, by predicting 
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the appearance shape of the object to which the first point cloud belongs and completing the 

appearance shape of the first point cloud, the details of the input first point cloud can be 

better retained and completed on the basis of the details of the input first point cloud.  

[00124] In operation S103, the primary completed point cloud and the first point 

cloud are concatenated to obtain a concatenated point cloud.  

[00125] In some embodiments, the estimated rough contour of the first point cloud, 

i.e., the primary completed point cloud, and the first point cloud may be concatenated to 

obtain the concatenated point cloud.  

[00126] The above-mentioned operations S101 to S103 may be implemented using a 

probability generation network of a point cloud completion network. In the process of 

training the probability generation network, the distribution and feature of the incomplete 

point cloud and the distribution and feature of the complete point cloud corresponding to the 

incomplete point cloud can be learned, so that the probability generation network can be 

applied to generate a rough point cloud which conforms to the shape of the incomplete point 

cloud and has a reasonable contour. That is, the probability generation network may be 

adopted to generate a primary completed point cloud with a reasonable contour 

corresponding to a to-be-completed network. After the operation S103, the primary 

completed point cloud output from the probability generation network may be combined with 

the first point cloud, which are then input into a relationship enhancement network of the 

point cloud completion network, that is, operation S104 is performed.  

[00127] In the operation S104, association relationships between the concatenated 

point cloud and multiple groups of neighbouring points of the concatenated point cloud are 

determined.  

[00128] In some embodiments, in the relationship enhancement network, for each 

data point in the concatenated point cloud, multiple groups of neighbouring points 

corresponding to the data point may be determined first. Different groups of neighbouring 

points have a different scale. The scale of each group of neighbouring points represents the 
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number of neighbouring points in this group. In other words, different groups of 

neighbouring points have a different number of neighbouring points. For example, when the 

number of neighbouring points in a group of neighbouring points of a data point is K1 and 

the number of neighbouring points in another group of neighbouring points is K2, the scales 

of the two multiple groups of neighbouring points are determined to be K1 and K2, 

respectively. Then, an association relationship between each group of neighbouring points 

and a data point is determined. The association relationship represents interaction between 

each neighbouring point in the group of neighbouring points and the data point. The 

association relationship may be represented by interaction parameters and weight coefficients 

between the neighbouring points and the data point. The association relationship may include 

a position relationship; and/or the association relationship may represent a potential 

association between a physical object represented by each of neighbouring points in a group 

of neighbouring points and a physical object represented by a corresponding data point of 

data of the concatenated point cloud, respectively, for example, the assocation relationship 

indicates whether the two points are points representing the same physical object, or includes 

at least one of followings: a positional relationship, a category similarity, a dependency 

relationship or the like in a case where the two points represent different physical objects. 

The above-mentioned association relationship may be represented by weight coefficients and 

association parameters between neighbouring points and a corresponding data point in the 

concatenated point cloud to which the neighbouring points belong. For each of the multiple 

groups of neighbouring points, an association parameter between each of the group of 

neighbouring points and the corresponding data point may be analyzed. Based on the 

association parameters, the association relationship between the group of neighbouring points 

and the corresponding data point can be overally determined, thereby obtaining the 

association relationship between each group of neighbouring points and the corresponding 

data point. In this way, by determining the association relationships between each data point 

and corresponding groups of neighbouring points, the association relationships between the 

entire concatenated point cloud and the multiple groups of neighbouring points of the 

concatenated point cloud can be obtained. In this way, the point cloud selective module may 

be used to learn the structural relationship of the multiple groups of neighbouring points of 
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different scales of the point cloud, so as to improve the accuracy of the point cloud 

completion.  

[00129] In operation S105, the concatenated point cloud is adjusted based on the 

association relationship to obtain a second point cloud obtained from completion to the first 

point cloud.  

[00130] In some embodiments, for each data point in the concatenated point cloud, 

the point cloud feature of the primary completed point cloud may be enhanced according to 

an association relationship between a group of neighbouring points and corresponding data 

points, to obtain a finer point cloud feature; and the primary point cloud may be completed by 

the finer point cloud feature to obtain a second point cloud of the first point cloud.  

[00131] In the embodiments of the present disclosure, by considering the probability 

distribution of the first point cloud, a reasonable contour of the first point cloud can be 

predicted, thereby obtaining a primary completed point cloud that conforms to the shape of 

the first point cloud and is reasonable. Moreover, by combining the structural relationship of 

multiple groups of neighbouring points of different scales of the concatenated point cloud, the 

accuracy of the primary completed point cloud can be improved, so that the second point 

cloud with high-precision point cloud details can be obtained.  

[00132] In some embodiments, in the relationship enhancement network of the point 

cloud completion network, the target feature of each data point in the concatenated point 

cloud maybe determined by fusing the association feature of the each data point of multiple 

groups of neighbouring points of different scales, thereby obtaining a second point cloud that 

can contain fine point cloud details. That is, the above-mentioned operation S105 may be 

realized by the operations shown in FIG. 2A, and the following description is made in 

connection with FIGs. 1 and 2A. 

[00133] In operation S201, an association feature of each data point in the 

concatenated point cloud is determined based on association relationships between the each 

data point in the concatenated point cloud and corresponding groups of neighbouring points.  
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[00134] In some embodiments, in the relationship enhancement network, for any 

one of the concatenated points in the concatenated point cloud, one, two or more groups of 

neighbouring points may be determined with the concatenated point as a center point; the 

number of neighbouring points in each group may be the same or different. The association 

relationship between each group of neighbouring points and the corresponding data point is 

used to represent an association degree between each neighbouring point in the group of 

neighbouring points and the corresponding data point. For each of the groups of neighbouring 

points, the association parameter between each of the group of neighbouring points and the 

corresponding data point is analyzed, and the association relationship between each group of 

neighbouring points and the corresponding data point may be overally determined, thereby 

obtaining the association relationships between each data point and the corresponding groups 

of neighbouring points. Based on this, the number of association features of each data point 

corresponds to the number of groups of neighbouring points, that is, a group of association 

features of the data point is obtained by interacting a group of neighbouring points with the 

corresponding data point, and the group of association features takes fully into account the 

feature information of the group of neighbouring points. Since one concatenated point has 

multiple groups of neighbouring points, there are multiple groups of association features.  

[00135] In some possible implementations, for each neighbouring point in a group 

of neighbouring points, interaction processing may be first performed on the feature of the 

neighbouring point and the feature of the corresponding data point based on an interaction 

parameter to obtain a set of interacted initial features; then, the interacted initial features may 

be fused for the multiple groups to obtain an association feature of the corresponding data 

point of each group. The association feature of the concatenated point take into account the 

association relationships between the initial feature of the neighbouring points of the group 

and the initial features of the neighbouring points of the surrounding groups, thereby making 

the association features of the obtained concatenated point more critical and richer.  

[00136] In operation S202, a target feature of each data point is determined based on 

the association feature of the each data point.  
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[00137] In some embodiments, the association feature of the concatenated point 

corresponding to each group of neighbouring points may be fused to obtain the target feature 

of each data point. Among the multiple groups of neighbouring points of each data point, an 

association feature corresponding to each group of neighbouring points amy be obtained by 

adopting a Point cloud self-attention kernel module; thus, weighted summation may be made 

between the weights of association features of respective groups of neighbouring points and 

the respective groups of neighbouring points to obtain the target feature that takes into 

account features of multiple groups of neighbouring points. Thus, by adaptively selecting 

association relationships between neighbouring points of different scales and a corresponding 

data point, and determining the target feature of the concatenated point based on multiple 

groups of association features, the scale invariance in the point cloud learning can be solved, 

and the point cloud feature can be enhanced.  

[00138] In operation S203, a second point cloud obtained from completion to the 

first point cloud is obtained based on a target feature of each data point in the concatenated 

point cloud.  

[00139] In some embodiments, the target feature of each data point in the 

concatenated point cloud may be fused into the primary completed point cloud, and the 

structural relationship between each data point and multiple groups of neighbouring points 

can be supplemented into the primary completed point cloud, so as to obtain a second point 

cloud representing a fine structure of the first point cloud.  

[00140] In the embodiments of the present disclosure, by fusing features of multiple 

groups of neighbouring points of different scales, features of point clouds of different scales 

can be considered, so that scale invariance of the features of the point cloud is realized, and 

the extracted features of the point cloud are further enriched.  

[00141] In some embodiments, global average pooling processing may be performed 

on multiple groups of association features, and a group association degree of each group of 

neighbouring points among the association features may be determined, so that the target 
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feature may be extracted by combining the group association degree with the association 

feature of the group, that is, the above-described operation S202 may be implemented as 

follows. 

[00142] In operation S221, average pooling processing is performed on association 

features of each data point corresponding to the groups of neighbouring points to obtain a 

pooling feature.  

[00143] In some embodiments, in order to determine which group of neighbouring 

points is more important than each data point, the association features corresponding to the 

groups of neighbouring points may be first fused, and then a pooling layer is used to perform 

globle average pooling on the importance degree of the fused features to obtain the pooling 

feature.  

[00144] In some possible implementations, the association features corresponding to 

the groups of neighbouring points may be first fused based on the pooling feature to obtain a 

fused feature set. For example, the association features corresponding to the groups of 

neighbouring points may be added element-by-element to obtain a fused feature. Then, 

average pooling processing may be performed on the fused features in the fusion feature set 

to obtain the pooling feature. For example, the fused features obtained by adding elements 

may be input to a global average pooling layer of the network and may be subjected to the 

global average pooling. Thus, the pooling feature that reduces the dimension of the fused 

feature can be obtained to improve the robustness of the network.  

[00145] In operation S222, a group association degree between each group of 

neighbouring points and a corresponding data point is determined based on the pooling 

feature.  

[00146] In some embodiments, the pooling feature may be first input to a fully 

connected layer in a network architecture to classify a group of neighbouring points based on 

the importance degree of each of the group of neighbouring points to a corresponding data 

point, resulting in a set of neighbouring points marked with an importance degree. Then, two 
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fully connected layers may be used to classify the neighbouring points belonging to the same 

group from the set of neighbouring points marked with an importance degree. Finally, based 

on the importance degree of the neighbouring points of the same group, the importance 

degree of the group to the corresponding data point, i.e., the group association degree of the 

group, may be determined.  

[00147] In operation S223, a target feature of each data point is determined based on 

the group association degree and the association feature of the each data point.  

[00148] In some embodiments, two vectors, i.e., a group association degree of a 

group and a corresponding association feature of the group, may be multiplied 

element-by-element, so that multiplication results of groups are obtained; then, the 

multiplication results of the plurality of groups may be added element-by-element to obtain a 

final target feature.  

[00149] In some possible implementations, the association feature of each data point 

may be subjected to weighted adjustment based on the group association degree, and the 

adjusted association features may be fused to obtain the target feature of the data point, which 

is implemented as follows. 

[00150] First, the association feature of each data point may be adjusted based on 

the group association degree of each group to obtain an adjusted association feature 

corresponding to each group of neighbouring points.  

[00151] For example, an association feature of the data point corresponding to each 

group may be weighted by the association degree of the group to obtain an adjusted 

association feature.  

[00152] Then, the adjusted association features corresponding to the groups of 

neighbouring points of each data point may be fused to obtain the target feature of the each 

data point.  

[00153] For example, after the adjusted association feature corresponding to each 
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group of neighbouring points is obtained, the adjusted association features corresponding to 

the groups of neighbouring points may be added element-by-element to obtain the target 

feature of the data point. In this way, the association features of respective groups are 

weighted by the association degrees of the groups and then added up to obtain the target 

feature of the data point, so that the detailed information of the obtained target feature can be 

enriched.  

[00154] In the embodiments of the present disclosure, multiple groups of association 

features are fused and subjected to global average pooling processing, a pooling feature is 

input to a fully connected layer to determine, among the association features, an importance 

degree of each group of neighbouring points and combine the importance degree with the 

association feature corresponding to the group to obtain a final target feature. In this way, by 

combining the association degrees of multiple groups of neighbouring points of different 

scales with the association features of the multiple groups, a target feature of a point cloud 

with more detail can be extracted, so that a plurality of features of different scales can be 

selected and fused in the same layer, thereby enabling the trained network to adapt to the 

features of multiple scales in the process of training a point cloud completion network based 

on the features of the point cloud.  

[00155] In some embodiments, the group association degree of a group may be 

determined by determining the association degree of each neighbouring point of the group of 

neighbouring points with the corresponding data point, that is, the above-described operation 

S222 may be implemented as follows. 

[00156] In a first step, an association degree between each data point and each 

neighbouring point in the corresponding group of neighbouring points is determined based on 

the pooling feature, so as to obtain a set of point assocation degrees.  

[00157] In some embodiments, in each group of neighbouring points, an importance 

degree of each neighbouring point to a data point corresponding to the neighbouring point 

may be determined, so that an association degree between the neighbouring point and the 
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corresponding data point can be determined. For example, the confidence level of the feature 

of the neighbouring point being a key feature of the concatenated point may be used as the 

association degree between the neighbouring point and the corresponding data point.  

[00158] In some possible implementations, in a group of neighbouring points, the 

importance degree, i.e., the group association degree, of each neighbouring point in a group 

of neighbouring points to the corresponding data point may be analyzed by determining the 

confidence level of each neighbouring point being the key point of the concatenated point, 

and may be implemented as follows. 

[00159] First, a first confidence level of the pooling feature being a key feature of a 

corresponding data point is determined.  

[00160] In some embodiments, a key feature of a concatenated point is that a key 

point among proximate points of the concatenated point is in a linear relationship and an 

association relationship with the concatenated point. For example, the key point and the 

concatenated point have a closer semantic relationship and more interactions. In a specific 

example, the association features corresponding to the plurality of groups of neighbouring 

points may be fused. The pooling feature of the multiple groups of association features may 

be input into a fully connected layer, association features which are important features among 

the multiple groups of association features may be classified by using the fully connected 

layer, and the neighbouring points in the multiple groups of neighbouring points have 

association relationships with the association features, so as to make a classification based on 

whether each neighbouring point in the multiple groups of neighbouring points is a key point 

or not, and obtain a first confidence level of each neighbouring point being a key point of the 

concatenated point.  

[00161] Next, based on the first confidence level, a second confidence level of the 

association feature corresponding to the same group of neighbouring points being the key 

feature is determined to obtain a set of second confidence levels.  

[00162] In some embodiments, in order to determine which group of neighbouring 
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points is more important to the concatenated point, multiple groups of association features, 

which have been fused together, may be distinguished by using a plurality of independent 

fully connected layers in a relationship enhancement network to obtain an importance degree, 

i.e., the second confidence level, of an association feature corresponding to each group of 

neighbouring points. Here, the number of independent fully connected layers is the same as 

the number of groups of neighbouring points, so that multiple groups of association features 

fused together can be distinguished from each other.  

[00163] Finally, A group association degree of a group to which the neighbouring 

points of the same group belong is determined based on the set of second confidence levels.  

[00164] In some embodiments, a confidence level of an association feature 

corresponding to a group of neighbouring points being a key feature may be determined, and 

the confidence level is labeled for each association feature, to obtain the importance degree of 

the group. Thus, the importance degrees of multiple groups of association features fused 

together may be first classified by the fully connected layer, and then the plurality of groups 

of association features may be divided into independent groups by a plurality of independent 

fully connected layers, so that the importance degree of each group of neighbouring points 

can be determined.  

[00165] In second step, a group association degree of each group is determined 

based on the set of point assocation degrees.  

[00166] In some embodiments, a set of point assocation degrees of a group may be 

understood as a set of confidence levels for each neighbouring point in a group of 

neighbouring points being a key point of a concatenated point. the importance degree of the 

group to the corresponding data point, e.g., the group association degree of the group, may be 

obtained by adding up the confidence levels of a group of neighbouring points.  

[00167] In some possible implementations, after point assocation degrees of a group 

of neighbouring points are obtained, the point assocation degrees of the group may be 

normalized to obtain a group association degree for each group. For example, this may be 
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implemented as follows. 

[00168] First, the second confidence levels in the set of second confidence levels are 

normalized to obtain a group normalization result.  

[00169] For example, in the relationship enhancement network, a group of second 

confidence levels corresponding to each group of neighbouring points may be input to the 

softmax layer of the network, and the point assocation degrees in the set of point assocation 

degrees may be processed by using a softmax function, so that a normalization result of each 

group can be obtained. Furthermore, the sum of the group normalization results of the 

multiple groups is equal to 1.  

[00170] Then, the group association degree is determined based on the group 

normalization result.  

[00171] For example, a larger group normalization result indicates that a 

neighbouring point of a group is more important to a corresponding data point, that is, the 

probability that the neighbouring point of the group is a key point of the corresponding data 

point is greater. Thus, the importance degree of the entire group of neighbouring points may 

be determined by processing the point assocation degree of a group of neighbouring points 

using the softmax layer, so that the extracted point cloud feature can be enhanced according 

to the importance degree of the entire group of neighbouring points.  

[00172] In some embodiments, for each neighbouring point in each group of 

neighbouring points, the interaction between each neighbouring point and the corresponding 

data point may be realized in an adaptive manner, that is, the above-mentioned operation 

S104 may be implemented as follows. 

[00173] In operation S141, a first initial feature of each group of neighbouring 

points and a second initial feature of each data point in the concatenated point cloud are 

determined respectively.  

[00174] In some embodiments, feature extraction may be performed respectively for 
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each neighbouring point in each group of neighbouring points to obtain a first initial feature, 

i.e., the first initial feature includes the initial feature of each neighbouring point; feature 

extraction may be performed on each data point to obtain a second initial feature. The feature 

extraction herein may be implemented by a trained multi-layer perceptron network or 

convolutional network or the like.  

[00175] In operation S142, linear transformation is performed on the first initial 

feature based on a first preset value to obtain a first transformed feature.  

[00176] In some embodiments, the first preset value may be set to any value, e.g., 

the first preset value is set to 64, 32 or the like. First, a multi-layer perceptron network is used 

to perform linear processing on a first initial feature, for example, to perform dimension rise 

on the first initial feature; then linear transformation may be performed on the first initial 

feature after the dimension rise based on the first preset value to obtain the first transformed 

feature. For example, the dimension reduction may be performed on the first initial feature 

after the dimension rise based on the first preset value to obtain the first transformed feature.  

[00177] In operation S143, linear transformation is performed on the second initial 

feature based on the first preset value to obtain a second transformed feature.  

[00178] In some embodiments, the processing on the second initial feature for each 

data point is similar to the processing on the first initial feature in operation S122 above. For 

example, a multi-layer perceptron network is first used to perform linear processing on the 

second initial feature, for example, to perform dimension rise on the second initial feature; 

then, linear transformation may be performed on the second initial feature after dimension 

rise based on the first preset value to obtain the second transformed feature. For example, the 

first preset value is used to reduce the dimension of the second initial feature after dimension 

rise to obtain the second transformed feature.  

[00179] In operation S144, an interaction parameter between the first transformed 

feature of each group of neighbouring points and the second transformed feature is 

determined as the association relationship between each group of neighbouring points and a 
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corresponding data point.  

[00180] In some embodiments, interaction processing may be performed on the first 

transformed feature of each group of neighbouring points and the second transformed feature, 

e.g., the first transformed feature of each group of neighbouring points is connected with or 

multiplied by the second transformed feature, to obtain a relationship weight between the two 

features, and the relationship weight is used as the interaction parameter between the two 

features.  

[00181] The above operations S141 to S144 provide a manner of “determining the 

association relationships between the concatenated point cloud and the plurality of groups of 

neighbouring points of the concatenated point cloud”, in which the relationships between the 

neighbouring points in the point cloud is adaptively learned so as to extract key features in 

the point cloud data.  

[00182] After the above-mentioned operation S144, linear transformation may be 

performed on an initial feature of the neighbouring points using another preset value, and the 

transformed initial feature may be adjusted using the association relationship, to obtain an 

association feature corresponding to the group of neighbouring points, that is, the 

above-mentioned operation S201 may be implemented as follows. 

[00183] In operation S211, linear transformation is performed on a first initial 

feature of each group of neighbouring points based on a second preset value to obtain a third 

transformed feature.  

[00184] In some embodiments, there is a multiple relationship between the second 

preset value and the first preset value. The second preset value and the first preset value have 

a multiple relationship. For example, the first preset value is n times the second preset value. 

In a specific example, the first preset value may be set to 64 and the second preset value may 

be set to 32. In some possible implementations, linear processing may be first performed on 

the first initial feature by using a multi-layer perceptron network, for example, the dimension 

of the first initial feature is rised; then linear transformation may be performed on the first 
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initial feature after the dimension rise based on the second preset value to obtain the third 

transformed feature.  

[00185] In operation S212, an association feature of each data point is determined 

based on the association relationships and the third transformed feature of each group of 

neighbouring points.  

[00186] In some embodiments, the third transformed feature of each group of 

neighbouring points may be enhanced according to the association relationship, and the 

enhanced feature of each group of neighbouring points may be fused to obtain the association 

feature corresponding to the group of neighbouring points. Thus, linear transformation may 

be performed on initial features of a group of neighbouring point by using a second preset 

value having a multiple relationship with the first preset value. The initial features of the 

neighbouring points after linear transformation may be enhanced based on the association 

relationships between the initial feature of each data point and the initial features of the group 

of neighbouring points, so that the association feature with more details can be obtained.  

[00187] In some embodiments, after the point cloud data is acquired, multiple 

groups of neighbouring points may be determined by performing first linear transformation 

on the initial feature of each data point and taking each data point after linear transformation 

as a center point, which may be implemented as follows. 

[00188] In a first step, each data point is linearly transformed to obtain each 

converted data point.  

[00189] In some embodiments, the initial feature of each data point may be linearly 

transformed using a multi-layer perceptron network, and the transformed initial feature is 

taken as the initial feature of each data point.  

[00190] In a second step, the multiple groups of neighbouring points for said each 

converted data point is determined.  

[00191] In some embodiments, multiple groups of neighbouring points may be 
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determined with each converted data point as a center point. That is, before the operation of 

“performing linear transformation on the first initial feature based on the first preset value to 

obtain the first transformation feature”, the linear transformation may be performed for each 

data point. Thus, linear transformation may be performed on the initial feature of each data 

point, and then the structure relationship inside the point cloud may be adaptively learned in a 

point cloud self-attention kernel module, so that more effective feature information can be 

obtained.  

[00192] In some embodiments, the target feature may be updated by adding a 

residual path to complement the gradient in the target feature extraction process, that is, after 

operation S202, the method may further include following operations. 

[00193] In operation S204, linear transformation is performed on the target feature 

to obtain a core target feature.  

[00194] In some embodiments, in a relationship enhancement network, after a target 

feature of each data point is determined by using multiple groups of neighbouring points of 

different scales, the target feature may be linearly transformed using a multi-layer perceptron 

network to change the dimension of a feature vector in the target feature to obtain a core 

target feature.  

[00195] In operation S205, linear transformation is performed on the second initial 

feature of each data point to obtain a residual feature of the each data point.  

[00196] In some embodiments, in a relationship enhancement network, feature 

extraction may be first performed on each data point input to obtain a second initial feature; 

then, a multi-layer perceptron network is used to perform linear transformation on the second 

initial feature to obtain the residual feature. In this way, the residual point feature may be 

used as a new residual path, so as to prevent the gradient from disappearing during the 

complicated processing on the main path.  

[00197] In operation S206, the target feature is updated based on the residual feature 
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and the core target feature to obtain an updated target feature.  

[00198] In some embodiments, in the relationship enhancement network, the 

residual feature and the core target feature may be added up element-by-element to further 

enhance the target feature, i.e., to obtain the updated target feature. Thus, by adding a residual 

path, the gradient that disappears in the process of performing complicated processing on the 

initial feature may be supplemented, and the finally obtained updated target feature takes into 

account not only the original feature information but also the feature information subjected to 

complicated processing, so that the updated target feature has more details.  

[00199] An embodiment of the present disclosure provides a method for training a 

point cloud completion network. The point cloud completion network includes a probability 

generation network and a relationship enhancement network. By adjusting network 

parameters of a preset probability generation network and a preset relationship enhancement 

network, an adjusted probability generation network and an adjusted relationship 

enhancement network can be obtained, thereby obtaining a trained point cloud completion 

network. The point cloud completion network may be applied to the above-described 

embodiment for completing the first point cloud to obtain the second point cloud. The 

process of training the point cloud completion network is as shown in FIG. 2B. FIG. 2B is a 

schematic diagram of an implementation flow of a method for training a point cloud 

completion network according to an embodiment of the present disclosure. The following 

description is made in connection with the operations shown in FIG. 2B. 

[00200] In operation S271, a first sample point cloud is acquired.  

[00201] In some embodiments, the first sample point cloud may be 3D point cloud 

data collected for any object or transmitted by other devices. The first sample point cloud 

includes a sample incomplete point cloud with an incomplete shape and a sample complete 

point cloud corresponding to the sample incomplete point cloud. For example, the sample 

incomplete point cloud may be partial point cloud data collected for a desk lamp picture at an 

angle, and the sample complete point cloud may be all point cloud data of the desk lamp 
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picture that can be collected at the angle.  

[00202] In operation S272, a sample probability distribution of the first sample point 

cloud is determined by using a preset probability generation network .  

[00203] In some embodiments, the network architecture of the preset probability 

generation network includes two paths, i.e., an upper reconstruction path with the complete 

first sample point cloud as an input, and a lower completion path with the sample incomplete 

point cloud as an input. The upper reconstruction path is used only to train the preset 

probability generation network. After the preset probability generation network is completely 

trained, the first point cloud may be completed through the lower completion path. The first 

sample point cloud may be input into the preset probability generation network, variational 

automatic encoding may be performed on the input first sample point cloud in the upper 

reconstruction path and the lower completion path, respectively, to determine a conditional 

probability distribution of the first sample point cloud. The upper reconstruction path and the 

lower completion path of the preset probability generation network may share weights. That 

is, in the preset probability generation network, the network parameters in the preset 

probability generation network may be adjusted by both the upper reconstruction path and the 

lower completion path.  

[00204] In some possible implementations, the sample complete point cloud and the 

sample incomplete point cloud in the first sample point cloud may be encoded by using the 

variational automatic encoder of the probability generation network, and the encoded point 

cloud may be performed using a linear residual module, so as to quickly determine the 

conditional probability distribution of the sample complete point cloud and the sample 

incomplete point cloud, that is, the above-mentioned operation S272 may be implemented as 

follows. 

[00205] In operation S2721, variational encoding is performed on the sample 

incomplete point cloud through the preset probability generation network, to determine a first 

probability distribution of the sample incomplete point cloud.  
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[00206] In some embodiments, the sample incomplete point cloud may be input to 

the lower completion path 502 of the preset probability generation network. First, the feature 

dimension of the input sample incomplete point cloud is converted to 128 using the first 

shared multi-layer perceptron network; next, a point cloud feature with a feature dimension 

being 128 is converted into a point cloud feature with a dimension being 256 by using a 

second shared multi-layer perceptron network; then, a point cloud feature with a dimension 

being 256 is input to the pooling layer to perform maximum pooling processing; then, 

element-by-element multiplication is performed between the pooling processing result and 

the point cloud feature with the dimension being 256; then, the multiplication result is input 

to a third shared multi-layer perceptron network to convert a point cloud feature with a 

feature dimension being 256 into a point cloud feature with a dimension being 512; then, the 

point cloud feature with a feature dimension being 512 is converted into a point cloud feature 

with a dimension being 1024 using a fourth shared multi-layer perceptron network; finally, a 

point cloud feature with a dimension being 1024 is input to the pooling layer, and a maximum 

pooling process is performed to obtain a sample encoded point cloud. The first probability 

distribution of the sample residual point cloud is obtained by performing residual processing 

on the sample encoded point cloud.  

[00207] In operation S2722, variational encoding is performed on the sample 

complete point cloud through the preset probability generation network, to determine a 

second probability distribution of the sample complete point cloud.  

[00208] In some embodiments, the sample complete point cloud may be input to the 

upper reconstruction path of the preset probability generation network, and a plurality of 

shared multi-layer sensing networks may be used to convert the point cloud feature with a 

feature dimension being 1024 of the sample complete point cloud; finally, the point cloud 

feature with the dimension being 1024 may be input to the pooling layer for the maximum 

pooling processing to obtain the sample encoded point cloud; and the second probability 

distribution of the sample complete point cloud may be obtained by performing residual 

processing on the sample encoded point cloud. Thus, in the upper reconstruction path of the 

preset probability generation network, the variational automatic encoder takes the sample 
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complete point cloud as the input and learns from the sample complete point cloud the 

conditional probability distribution of generated representation when the input point cloud 

has a fixed value. Next, the variational automatic encoder may reconstruct the point cloud 

from the representation of the point cloud and at the same time learn the conditional 

probability distribution of a generated point cloud when the input representation has a fixed 

value. The point cloud completion path is also composed of a variational automatic encoder. 

However, the parameters of the encoder and decoder of this variational automatic encoder are 

consistent with the parameters in the point cloud reconstruction path. The point cloud 

completion path takes the incomplete point cloud as input and learns from the incomplete 

point cloud a conditional probability distribution of generated charactrization when the input 

point cloud has a fixed value. Thus, variational encoding is performed on the sample 

complete point cloud and the sample incomplete point cloud through the upper reconstruction 

path and the lower completion path, respectively, to determine the second probability 

distribution and the first probability distribution, such that the preset probability generation 

network can learn the conditional probability distribution of the generated representation 

when the input point cloud has a fixed value, and at the same time can learn the conditional 

probability distribution of the generated point cloud generated when the input 

characcterization has a fixed value.  

[00209] In operation S2723, the sample probability distribution is obtained based on 

the first probability distribution and the second probability distribution.  

[00210] In some embodiments, the first probability distribution and the second 

probability distribution may be combined to constitute a sample probability distribution of the 

first sample point cloud.  

[00211] In operation S273, a complete shape of the first sample point cloud is 

predicted based on the sample probability distribution to obtain a first predicted point cloud.  

[00212] In some embodiments, the first sample point cloud may be sampled based 

on the sample probability distribution, and the complete shape of the first sample point cloud 
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may be predicted from the sampled points, thereby obtaining a roughly estimated first 

predicted point cloud.  

[00213] In some possible implementations, the sample incomplete point cloud and 

the sample complete point cloud may be predicted, respectively, so as to obtain a rough 

contour of the sample incomplete point cloud and a reconstructed point cloud of the sample 

complete point cloud, that is, the above-mentioned operation S273 may be implemented as 

follows. 

[00214] In operation S2731, the sample incomplete point cloud is completed based 

on the first probability distribution of the sample probability distribution to obtain the sample 

primary completed point cloud.  

[00215] In some embodiments, in the lower completion path of the preset 

probability generation network, sampling may be performed based on the first probability 

distribution of the sample incomplete point cloud, and the contour of the point cloud may be 

roughly estimated based on the sample points, so as to generate a rough complete point cloud, 

i.e., the sample primary complete point cloud. A plurality of linear residual modules may be 

used to perform residual processing on the point cloud features output by the variational 

automatic encoder to obtain a conditional probability distribution of the sample residual point 

cloud; a point cloud feature may be sampled based on the conditional probability distribution, 

and the sampling result and the point cloud feature output by the variational automatic 

encoder may be added up element-by-element; the summation result may be input into the 

fully connected layer to obtain a rough complete point cloud, that is, a sample primary 

complete point cloud. In this way, the details contained in the input sample incomplete point 

cloud can be greatly preserved.  

[00216] In operation S2732, the sample complete point cloud is reconstructed based 

on the second probability distribution of the sample probability distribution and the first 

probability distribution to obtain a reconstructed complete point cloud.  

[00217] In some embodiments, the sample complete point cloud may be sampled in 
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comprehensive consideration of the first probability distribution of the sample incomplete 

point cloud and the second probability distribution of the sample complete point cloud, 

thereby reconstructing the reconstructed point cloud of the sample complete point cloud, i.e., 

obtaining the reconstructed complete point cloud. In the upper reconstruction path, the 

conditional probability distribution obtained from residual processing on the residual point 

cloud X by a plurality of linear residual modules and the conditional probability distribution 

obtained from residual processing on the complete point cloud Y by a single linear residual 

module are added up element-by-element, and the summation result is input to the fully 

connected layer to obtain the reconstructed point cloud, that is, the reconstructed complete 

point cloud.  

[00218] In operation S2733, the sample primary completed point cloud and the 

reconstructed complete point cloud are determined as the first predicted point cloud.  

[00219] In some embodiments, the sample primary completed point cloud and the 

reconstructed complete point cloud may be combined together as the first predicted point 

cloud, and network parameters of the preset probability generation network may be jointly 

adjusted to obtain a probability generation network capable of accurately predicting the 

complete contour of the incomplete point cloud.  

[00220] In the process of training the probability generation network, rough 

completion is predicted based on embedded global features and learned hidden distributions. 

The training of the probabilistic generation network is accomplished using a dual-path 

architecture that includes two parallel paths: an upper reconstruction path for the complete 

point cloud Y corresponding to the incomplete point cloud and a lower completion path for 

the incomplete point cloud X. In the process of training the probability generation network, in 

the upper reconstruction path, the complete point cloud Y corresponding to the incomplete 

point cloud is first used as an input, so as to learn the probability distribution of features of 

the point cloud when the input point cloud has a fixed value. Next, the complete point cloud 

Y is input to the variational automatic encoder, which reconstructs the point cloud according 

to the features of the complete point cloud Y and simultaneously learns the probability 
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distribution of the generated point cloud when the input representation has a fixed value; the 

output result of the automatic encoder is input into a single linear residual module to obtain a 

conditional probability distribution (i.e., a second probability distribution); then, the 

conditional probability distribution is sampled, the sampling points are added up 

element-by-element, and the summation result is input to the fully connected layer to obtain 

the reconstructed point cloud. Meanwhile, in order to train the capability of the network to 

reconstruct the point cloud, the generated complete point cloud is compared with the input 

real complete point cloud to obtain a similarity, and this similarity is also taken as part of the 

loss function.  

[00221] In the lower completion path, the incomplete point cloud X is used as an 

input to learn therefrom a probability distribution of generated point cloud features when the 

input point cloud has a fixed value. In order to make the feature probability distribution 

learned by the point cloud completion path similar to the feature probability distribution 

learned by the corresponding point cloud reconstruction path, the KL divergence of the two 

distributions is added to the trained loss function. The incomplete point cloud X is input into 

a variational automatic encoder (here, the variational automatic encoder has consistent 

parameters with the encoder and decoder of the variational automatic encoder); an output 

result is input to a plurality of linear residual modules to obtain a conditional probability 

distribution (i.e., a first probability distribution); then, the residual point cloud is sampled 

according to the conditional probability distribution, and the sample points and the results 

output by the plurality of linear residual modules are added up element-by-element; and the 

summation result is input into the fully connected layer to obtain a rough complete point 

cloud (i.e., a first predicted point cloud).  

[00222] In operation S274, the first predicted point cloud is adjusted by using a 

preset relationship enhancement network based on the first sample point cloud to obtain a 

second predicted point cloud of the first sample point cloud.  

[00223] In some embodiments, the first sample point cloud and the processed first 

predicted point cloud may be used as inputs into the preset relationship enhancement network. 
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In the preset relationship enhancement network, a structural relationship within the point 

cloud may be learned by integrating features of local neighbouring points and relationships 

between neighbouring points, so that key and rich point cloud features of the first sample 

point cloud can be extracted by adaptively learning relationships between neighbouring 

points in the point cloud. The preset relationship enhancement network includes three 

modules: a point cloud self-attention kernel module, a point cloud selective kernel module, 

and a residual point selective kernel module. Through the three modules, a feature of a global 

shape of a first sample point cloud may be learned and inferred based on relationships 

between neighbouring points at a plurality of scales of point clouds, so that a reasonable and 

real global shape, namely, a second sample point cloud, can be further generated and 

completed. 

[00224] In operation S275, a network parameter of the probability generation 

network is adjusted based on loss of the first predicted point cloud, and a network parameter 

of the relationship enhancement network is adjusted based on loss of the second predicted 

point cloud.  

[00225] In some embodiments, after the first predicted point cloud is obtained 

during training of the preset probability generation network, the loss of the first predicted 

point cloud may be determined, and the network parameter of the preset probability 

generation network may be adjusted based on the loss to obtain a probability generation 

network with the adjusted parameter. In the process of training the network to be trained and 

enhanced, the loss of the second predicted point cloud may be obtained after the second 

predicted point cloud is obtained, and the network parameter of the network to be trained and 

enhanced may be adjusted based on the loss to obtain a relationship enhancement network 

with the adjusted parameter.  

[00226] In some possible implementations, in the process of training the preset 

probability generation network, loss functions of two paths of the preset probability 

generation network may be generated based on the similarity between the conditional 

probability distribution generated by the variational automatic encoder and the Gaussian 
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distribution as well as the similarity between the generated rough complete point cloud and 

the input real complete point cloud, and a loss function of the preset probability generation 

network may be obtained based on the loss functions of the two paths. The implementation 

process is as follows. 

[00227] In a first step, completion loss is determined based on the similarity 

between the first probability distribution and the second probability distribution as well as the 

similarity between the sample primary completed point cloud and the sample completed point 

cloud.  

[00228] In some possible implementations, the similarity between the first 

probability distribution of the sample incomplete point cloud and the second probability 

distribution of the sample complete point cloud may be determined based on 

KullbacKLeibler (KL) divergence. The similarity between the sample complete point cloud 

and the sample primary completed point cloud representing the rough contour of the sample 

incomplete point cloud and obtained through the lower completion path may be determined 

based on estimated expectation to obtain the completion loss.  

[00229] In a second step, first reconstruction loss is determined based on the 

similarity between the second probability distribution and a preset standard distribution as 

well as the similarity between the reconstructed complete point cloud and the sample 

complete point cloud.  

[00230] In some possible implementations, the similarity between the second 

probability distribution of the sample complete point cloud and the Gaussian distribution may 

be determined based on KL divergence; and the similarity between the reconstructed 

complete point cloud obtained through the upper reconstruction path and the sample complete 

point cloud may be determined based on estimated expectation to obtain the first 

reconstruction loss. In this way, in order to make the representational conditional probability 

distribution learned by the lower completion path and the representational conditional 

probability distribution learned by the corresponding point cloud reconstruction path similar, 
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the KL divergence of the two conditional probability distributions is added to the training loss 

function. Meanwhile, the similarity between the generated sample primary complete point 

cloud and the real sample complete point cloud is added to the training loss function, so that 

the rough complete point cloud generated by the lower complete path (that is, the sample 

primary complete point cloud) can be similar to the sample complete point cloud 

corresponding to the input sample incomplete point cloud.  

[00231] In a third step, the network parameter of the preset probability generation 

network is adjusted based on the completion loss and the first reconstruction loss to obtain 

the adjusted probability generation network.  

[00232] In some possible implementations, the completion loss and the first 

reconstruction loss may be combined to jointly adjust the network parameter of the preset 

probability generation network, so that the loss function output from the preset probability 

generation network can meet a convergence condition, thereby obtaining the adjusted 

probability generation network. Thus, the KL divergence is introduced as a part of the loss 

function when the preset probability generation network is trained, so that the 

representational conditional probability distribution generated when the input point cloud has 

a fixed value is close to the Gaussian distribution. Meanwhile, the capability of the network 

to reconstruct a point cloud may be trained by comparing the similarity between the 

generated reconstructed complete point cloud and the input sample complete point cloud and 

taking the similarity as part of the loss function.  

[00233] In the first step to the third step, the process of training the preset 

probability generation network is implemented, so that a rough point cloud with a complete 

shape, that is, a primary point cloud, can be generated for the input incomplete network based 

on the adjusted probability generation network.  

[00234] In some embodiments, the process of training the preset relationship 

enhancement network may includes the operations described below. 

[00235] In a first step, second reconstruction loss is determined based on the 
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similarity between the second sample point cloud and the sample complete point cloud.  

[00236] In some possible implementations, the primary completed point cloud 

output from the preset probability generation network and the input sample incomplete point 

cloud may be input to the preset relationship enhancement network, and the input point cloud 

features may be enhanced by combining the structural relationship between each data point in 

the point cloud and multiple groups of neighbouring points, thereby obtaining the second 

sample point cloud with finer features. The similarity between the generated second sample 

point cloud and the sample complete point cloud may be determined based on the estimated 

expectation to obtain reconstruction loss of the preset relationship enhancement, i.e., the 

second reconstruction loss.  

[00237] In a second step, a network parameter of the preset relationship 

enhancement network is adjusted based on the second reconstruction loss to obtain the 

adjusted relationship enhancement network.  

[00238] In some possible implementations, the network parameter of the preset 

relationship enhancement network may be adjusted based on the second reconstruction loss, 

so that the loss function of the preset relationship enhancement network output can meet the 

convergence condition, thereby obtaining the adjusted relationship enhancement network. 

Thus, the primary completed point cloud generated by the probability generation network and 

the input sample incomplete point cloud may be combined and then input into the input 

relationship enhancement network; the point cloud selective module in the relationship 

enhancement network can learn the structural relationship between different scales of point 

clouds, so that the accuracy of the point cloud completed network is improved.  

[00239] The first predicted point cloud and the sample incomplete point cloud X 

may be concatenated and input into the relationship enhancement network to obtain a fine 

complete point cloud (i.e., a second predicted point cloud). Here, the similarity between the 

generated point cloud and the real point cloud may be added to the training loss function, so 

that the rough complete point cloud generated by the point cloud completion path can be 
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similar to the real complete point cloud corresponding to the input incomplete point cloud.  

[00240] In operation S276, a point cloud completion network is generated based on 

the probability generation network with the adjusted parameter and the relationship 

enhancement network with the adjusted parameter.  

[00241] In some embodiments, the output of the adjusted probability generation 

network may be combined with the first point cloud of the initial input as input to the 

adjusted relationship enhancement network, to form a point cloud completion network.  

[00242] In the embodiments of the present disclosure, the process of training the 

point cloud completion network is implemented through two networks, and a reasonable 

high-precision point cloud can be generated based on the input incomplete point cloud while 

the input incomplete point cloud is kept.  

[00243] Hereinafter, an exemplary implementation in an actual application scenario 

according to an embodiment of the present disclosure will be described, and an example in 

which an input point cloud is completed by a variational association point completion 

network will be described.  

[00244] Embodiments of the present disclosure provide Variational Relational Point 

Completion Network (VRCNet), which consists of two consecutive decoder subnetworks for 

probability generation and relationship enhancement, respectively. A smooth complete shape 

is used as priori data by the probability generation network to improve the rough completion 

degree generated by a two-path architecture consisting of two parallel paths: 1) a 

reconstruction path for a complete point cloud; and 2) a completion path for an incomplete 

point cloud. According to the embodiments of the present disclosure, in the training process, 

the consistency between the posterior inference of the encoding of the incomplete point cloud 

and the prior inference of the complete point cloud is normalized. Based on the overall 

framework of rough completion generated by the probability generation network, the 

relationship enhancement network enhances the structural relationship by learning local point 

cloud features of multiple scales. Embodiments of the present disclosure propose to use a 
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point cloud self-attention kernel module, instead of a fixed weight, as a basic constructing 

block of the relationship enhancement network. The point cloud self-attention kernel module 

interleaves local point cloud features by adaptively predicting weights based on association 

relationships between adjacent point clouds. The embodiments of the present disclosure 

propose a point selective kernel (PSK) module that utilizes a plurality of branches having 

different kernel sizes to utilize and fuse point features of multiple scales to further improve 

the performance of the relationship enhancement network.  

[00245] In a specific example, first point cloud data is taken as point cloud data 

acquired in a game place. For a game played in the game place, a point cloud acquisition 

device is adopted to acquire pictures of a game table where the game is played, a player, a 

game coin and the like to acquire a first point cloud. Since a player may look down at a game 

coin or chat or the like in the game place, it may be difficult to acquire a complete face 

picture of the player, or the acquired game coin picture may be incomplete due to occlusion 

by a hand of the player or the like. In such a case, the first point cloud acquired by the single 

point cloud acquisition device may be incomplete due to occlusion or the like, and it may be 

difficult to accurately detect a positional relationship between players by the incomplete point 

cloud data. In the embodiments of the present disclosure, first, a reasonable contour of the 

first point cloud may be predicted by determining a probability distribution of the first point 

cloud representing the player picture, thereby obtaining a primary completed point cloud that 

conforms to the shape of the first point cloud and is reasonable. Then, the obtained primary 

completed point cloud may be combined with the first point cloud to obtain a concatenated 

point cloud. A plurality of groups of neighbouring points of different scales may be 

determined based on the point data in the concatenated point cloud, and the concatenated 

point cloud may be adjusted based on association relationships between the plurality of 

groups of neighbouring points and the concatenated point cloud to obtain a second point 

cloud from completion to the first point cloud of the player picture. In this way, the accuracy 

of the primary completed point cloud can be improved by combining the structural 

relationships of multiple groups of neighbouring points of different scales of the concatenated 

point cloud, so that the second point cloud with high-precision point cloud details can be 



 49 

obtained. Thus, by completing the incomplete first point cloud and enhancing features, the 

accuracy in detecting the positional relationship between game objects can be improved 

based on the second point cloud having high-precision details.  

[00246] An embodiment of the present disclosure provides an apparatus for point 

cloud completion. FIG. 3A is a schematic diagram of structure and component of the 

apparatus for point cloud completion according to an embodiment of the present disclosure. 

As shown in FIG. 3A, the apparatus 300 for point cloud completion includes: 

[00247] a first determination module 301 configured to determine a probability 

distribution of an acquired first point cloud; 

[00248] a first completion module 302 configured to complete the first point cloud 

based on the probability distribution to obtain a primary completed point cloud; 

[00249] a first concatenation module 303 configured to concatenate the primary 

completed point cloud and the first point cloud to obtain a concatenated point cloud; 

[00250] a second determination module 304 configured to determine association 

relationships between the concatenated point cloud and multiple groups of neighbouring 

points of the concatenated point cloud; and 

[00251] a first adjustment module 305 configured to complete the concatenated 

point cloud based on the association relationships to obtain a second point cloud from 

complation to the first point cloud.  

[00252] In some embodiments, the first determination module 301 may include: 

[00253] a first encoding submodule configured to perform variational encoding on 

the first point cloud to obtain an encoded point cloud; 

[00254] a first processing submodule configured to perform residual processing on 

the encoded point cloud to obtain a residual point cloud; and 
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[00255] a first determination submodule configured to determine the probability 

distribution based on the residual point cloud.  

[00256] In some embodiments, the first completion module 302 may include: 

[00257] a first prediction submodule configured to predict a first appearance shape 

of an object to which the first point cloud belongs based on the probability distribution; 

[00258] a second determination submodule configured to determine a second 

appearance shape of the object represented by the first point cloud, where an integrity of the 

first appearance shape is greater than an integrity of the second appearance shape; and 

[00259] a first completion submodule configured to complete the second appearance 

shape based on the first appearance shape to obtain the primary completed point cloud.  

[00260] In some embodiments, the first adjustment module 305 may include: 

[00261] a third determination submodule configured to determine an association 

feature of each data point in the concatenated point cloud based on association relationships 

between each data point in the concatenated point cloud and corresponding groups of 

neighbouring points; 

[00262] a fourth determination submodule configured to determine a target feature 

of each data point based on the assocation feature of each data point; and 

[00263] a fifth determination submodule configured to obtain the second point cloud 

from the completion to the first point cloud based on the target feature of the each data point 

in the concatenated point cloud.  

[00264] In some embodiments, the third determination submodule may include: 

[00265] a first pooling unit configured to perform average pooling processing on the 

association features of the each data point corresponding to the groups of neighbouring points 

to obtain a pooling feature; 
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[00266] a second determination unit configured to determine a group association 

degree between the each data point and each corresponding group of neighbouring points 

based on the pooling feature; and 

[00267] a third determination unit configured to determine the target feature of the 

each data point based on the group association degree and the association feature of the each 

data point.  

[00268] In some embodiments, the second determination unit may include: 

[00269] a first determination subunit configured to determine an assocation degree 

between each data point and each neighbouring point in each corresponding group of 

neighbouring points based on the pooling feature to obtain a set of point assocation degrees; 

and 

[00270] a second determination subunit configured to determine a group association 

degree of the each group of neighbouring points based on the set of point assocation degrees.  

[00271] In some embodiments, the third determination unit may include: 

[00272] a first adjustment subunit configured to adjust the association feature of the 

each data point based on the group association degree of each group of neighbouring points 

to obtain an adjusted association feature corresponding to each group of neighbouring points; 

and 

[00273] a first fusion subunit configured to fuse the adjusted association features 

corresponding to the groups of neighbouring points of the each data point to obtain the target 

feature of the each data point.  

[00274] In some embodiments, the second determination module 304 may include: 

[00275] a sixth determination submodule configured to determine a first initial 

feature of each group of neighbouring points and a second initial feature of each data point in 

the concatenated point cloud, respectively; 
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[00276] a first transformation submodule configured to perform linear 

transformation on the first initial feature based on a first preset value to obtain a first 

transformation feature; 

[00277] a second transformation submodule configured to perform linear 

transformation on the second initial feature based on the first preset value to obtain a second 

transformation feature; and 

[00278] a first association submodule configured to determine a relationship 

parameter between the first transformed feature of each group of neighbouring points and the 

second transformed feature as an association relationship between the each group of 

neighbouring points and a corresponding data point.  

[00279] In some embodiments, the third determination submodule may include: 

[00280] a first transformaton unit configured to perform linear transformation on a 

first initial feature of each group of neighbouring points based on a second preset value to 

obtain a third transformed feature; where there is a multiple relationship between the second 

preset value and a first preset value; and 

[00281] a third determination unit configured to determine the association feature of 

the each data point based on the association relationship and the third transformation feature 

of each group of neighbouring points.  

[00282] In some embodiments, the apparatus may further include: 

[00283] a first transformation module configured to perform linear transformation 

on the target feature to obtain a core target feature; 

[00284] a second transformation module configured to perform linear transformation 

on a second initial feature of each data point to obtain a residual feature of each data point; 

and 

[00285] a first updating module configured to update the target feature based on the 
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residual feature and the core target feature to obtain an updated target feature.  

[00286] An embodiment of the present disclosure provides an apparatus for training 

a point cloud completion network. FIG. 3B is a schematic diagram of structure and 

component of an apparatus for training a point cloud completion network according to an 

embodiment of the present disclosure. As shown in FIG. 3B, the apparatus 320 for training 

the point cloud completion network includes: 

[00287] a first acquisition module 321 configured to acquire a first sample point 

cloud; 

[00288] a third determination module 322 configured to determine a sample 

probability distribution of the first sample point cloud using a preset probability generation 

network; 

[00289] a first prediction module 323 configured to predict a complete shape of the 

first sample point cloud based on the sample probability distribution to obtain a first predicted 

point cloud; 

[00290] a first adjustment module 324 configured to adjust the first predicted point 

cloud based on the first sample point cloud by using a preset relationship enhancement 

network to obtain a second predicted point cloud; 

[00291] a first training module 325 configured to adjust a network parameter of the 

probability generation network based on loss of the first predicted point cloud, and adjust a 

network parameter of the relationship enhancement network based on loss of the second 

predicted point cloud; and 

[00292] a fourth determination module 326 configured to generate a point cloud 

completion network based on the probability generation network with the adjusted parameter 

and the relationship enhancement network with the adjusted parameter.  

[00293] In some embodiments, the first sample point cloud may include a sample 
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incomplete point cloud of an incomplete shape and a sample complete point cloud 

corresponding to the sample incomplete point cloud.  

[00294] The third determination module 322 may include: 

[00295] a second encoding submodule configured to perform variational encoding 

on the sample incomplete point cloud through the preset probability generation network to 

determine a first probability distribution of the sample incomplete point cloud; 

[00296] a third encoding submodule configured to perform variational encoding on 

the sample complete point cloud through the preset probability generation network to 

determine a second probability distribution of the sample complete point cloud; and 

[00297] a seventh determination submodule configured to obtain the sample 

probability distribution based on the first probability distribution and the second probability 

distribution.  

[00298] In some embodiments, the first prediction module 323 may include: 

[00299] a second completion submodule configured to complete the sample 

incomplete point cloud based on a first probability distribution of the sample probability 

distribution to obtain a sample primary completed point cloud; 

[00300] a first reconstruction submodule configured to reconstruct the sample 

complete point cloud based on a second probability distribution of the sample probability 

distribution and the first probability distribution to obtain a reconstructed complete point 

cloud; and 

[00301] an eighth determination submodule configured to determine the sample 

primary completed point cloud and the reconstructed complete point cloud as the first 

predicted point cloud.  

[00302] In some embodiments, the first training module 325 may include: 
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[00303] a ninth determination submodule configured to determine completion loss 

based on a similarity between the first probability distribution and the second probability 

distribution and a similarity between the sample primary completed point cloud and the 

sample complete point cloud; 

[00304] a tenth determination submodule configured to determine first 

reconstruction loss based on a similarity between the second probability distribution and a 

preset standard distribution as well as a similarity between the reconstructed complete point 

cloud and the sample complete point cloud; and 

[00305] a first adjustment submodule configured to adjust the network parameter of 

the probability generation network based on the completion loss and the first reconstruction 

loss to obtain the probability generation network with the adjusted parameter.  

[00306] In some embodiments, the first training module 325 may include: 

[00307] an eleventh determination submodule configured to determine second 

reconstruction loss based on the similarity between the second predicted point cloud and the 

sample complete point cloud; and 

[00308] a first training submodule configured to adjust the network parameter of the 

relationship enhancement network based on the second reconstruction loss to obtain the 

relationship enhancement network with the adjusted parameter.  

[00309] It should be noted that the above description of the appparatus embodiments 

is similar to the above description of the method embodiments, and has advantages similar to 

those of the method embodiments. For technical details not disclosed in the apparatus 

embodiments of the present disclosure, reference is made to the description of the method 

embodiments of the present disclosure.  

[00310] It should be noted that in the embodiments of the present disclosure, when 

the method for point cloud completion described above is implemented in the form of a 

software function module and sold or used as a stand-alone product, the method for point 
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cloud completion may also be stored in a computer readable storage medium. Based on such 

an understanding, the technical solution of the embodiments of the present disclosure, in 

essence or in part contributing to the prior art, may be embodied in the form of a software 

product stored in a storage medium including instructions causing a computer device (which 

may be a terminal, a server, or the like) to implement all or part of the methods described in 

the embodiments of the present disclosure. The storage medium includes a USB flash drive, a 

moving hard disk, a Read Only Memory (ROM), a magnetic disk, or an optical disk. Thus, 

the embodiments of the present disclosure are not limited to any particular combination of 

hardware and software.  

[00311] Accordingly, the embodiments of the present disclosure further provide a 

computer program product including computer-executable instructions which, when executed, 

implement the operations of the method for point cloud completion provided in the 

embodiments of the present disclosure.  

[00312] Accordingly, an embodiment of the present disclosure further provides a 

computer storage medium having stored thereon computer-executable instructions which, 

when executed by a processor, implement the operations of the method for point cloud 

completion provided in the above embodiments.  

[00313] Accordingly, an embodiment of the present disclosure provides a computer 

device. FIG. 4 is a schematic structural diagram of the computer device according to an 

embodiment of the present disclosure. As shown in FIG. 4, the device 400 includes a 

processor 401, at least one communication bus, a communication interface 402, at least one 

external communication interface, and a memory 403. The communication interface 402 is 

configured to implement connection communication between these components. The 

communication interface 402 may include a display screen, and the external communication 

interface may include standard wired and wireless interfaces. The processor 401 is configured 

to execute the picture processing program in the memory to implement the operations of the 

method for point cloud completion provided in the above embodiment.  
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[00314] The above description of the apparatus for point cloud completion, the 

computer device, and the storage medium embodiments is similar to that of the above method 

embodiments, and has a technical description and advantageous effects similar to those of the 

corresponding method embodiments, which will not be described here due to limited length, 

and reference can be made to the description of the above method embodiments . For 

technical details not disclosed in the apparatus for point cloud completion, computer 

apparatus and storage medium embodiments of the present disclosure, reference should be 

made to the description of the method embodiments of the present disclosure.  

[00315] It is to be understood that reference throughout the specification to "one 

embodiment" or "an embodiment" means that a particular feature, structure, or feature 

associated with the embodiment is included in at least one embodiment of the present 

disclosure. Thus, "in one embodiment" or "in an embodiment" throughout the specification 

are not necessarily directed to a same embodiment. Furthermore, these specific features, 

structures, or features may be combined in any suitable manner in one or more embodiments. 

It is to be understood that, in the various embodiments of the present disclosure, the 

magnitude of the sequence numbers of the processes described above is not meant to mean 

the order of execution, and the order of execution of the processes should be determined by 

their function and intrinsic logic, and should not be construed as any limitation on the 

implementation of the embodiments of the present disclosure. The above-described 

embodiment numbers of the present disclosure are for description only and do not represent 

the advantages or disadvantages of the embodiments. It is to be noted that, in this context, the 

terms "comprises" "comprising" or any other variation thereof, are intended to cover a 

non-exclusive inclusion, such that a process, method, article or apparatus that comprises a list 

of elements includes not only those elements but also other elements not expressly listed, or 

also includes elements inherent to such process, method, article or apparatus. Without more 

limitations, it is not excluded that the process, method, article or apparatus including an 

element defined by the statement "comprise a…" further includes another same element.  

[00316] In the several embodiments provided herein, it is to be understood that the 

disclosed apparatus and method may be implemented in other ways. The apparatus 
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embodiments described above are merely illustrative, for example, the unit partitioning is 

only one logical function partitioning, and may be implemented in another partitioning 

manner, e.g., a plurality of units or components may be combined, or may be integrated into 

another system, or some features may be ignored, or not performed. In addition, coupling, or 

direct coupling, or communication connection of the components shown or discussed may be 

indirect coupling, or communication connection through some interfaces, devices, or units, 

and may be electrical, mechanical, or in other forms.  

[00317] The units described above as separate parts may or may not be physically 

separate, and the units shown as units may or may not be physical units; the untis may be 

located at one location or distributed across a plurality of network elements; some or all of 

the elements may be selected according to actual needs to achieve the objectives of the 

embodiments.  

[00318] In addition, various functional units in embodiments of the present 

disclosure may be integrated into a single processing unit, or each unit may be a separate 

single unit, or two or more units may be integrated into a single unit; the integrated unit may 

be implemented in the form of hardware or in the form of hardware plus software functional 

units. It will be appreciated by those of ordinary skill in the art that all or a portion of the 

operations of the above-described method embodiments may be carried out by means of 

hardware associated with program instructions. The above-described program may be stored 

in a computer readable storage medium. The program, when executed, performs the 

operations of the above-described method embodiments. The storage medium includes a 

removable storage device, a Read Only Memory (ROM), a magnetic disk, or an optical disk.  

[00319] Alternatively, the integrated unit described above may be stored in a 

computer readable storage medium if implemented as a software functional module and sold 

or used as a separate product. Based on such an understanding, the technical solution of the 

embodiments of the present disclosure, in essence or in part contributing to the prior art, may 

be embodied in the form of a software product stored in a storage medium including 

instructions for causing a computer device (which may be a personal computer, a server, a 
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network device, or the like) to perform all or part of the methods described in the 

embodiments of the present disclosure. The above-mentioned storage medium includes 

various media in which program codes can be stored, such as a removable storage device, a 

ROM, a magnetic disk, or an optical disk. The foregoing description is merely illustrative of 

the specific embodiments of the present disclosure, but the scope of protection of the present 

disclosure is not limited thereto. Variations or substitutions may readily occur to those skilled 

in the art within the technical scope disclosed in the present disclosure, and are intended to be 

included within the scope of protection of the present disclosure. Accordingly, the scope of 

protection of the present disclosure should be subject to the scope of protection of the claims.  
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CLAIMS 

 

1. A method for point cloud completion, comprising: 

determining a probability distribution of an acquired first point cloud; 

completing the first point cloud based on the probability distribution to obtain a 

primary completed point cloud; 

concatenating the primary completed point cloud and the first point cloud to obtain a 

concatenated point cloud; 

determining association relationships between the concatenated point cloud and 

multiple groups of neighbouring points of the concatenated point cloud; and 

completing the concatenated point cloud based on the association relationships to 

obtain a second point cloud from completion to the first point cloud.  

 

2. The method of claim 1, wherein the determining a probability distribution of the acquired 

first point cloud comprises: 

performing variational encoding on the first point cloud to obtain an encoded point 

cloud; 

performing residual processing on the encoded point cloud to obtain a residual point 

cloud; and 

determining the probability distribution based on the residual point cloud.  

 

3. The method of claim 1, wherein the completing the first point cloud based on the 
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probability distribution to obtain a primary completed point cloud comprises: 

predicting a first appearance shape of an object to which the first point cloud belongs 

based on the probability distribution; 

determining a second appearance shape of the object represented by the first point 

cloud, wherein an integrity of the first appearance shape is greater than an integrity of the 

second appearance shape; and 

completing the second appearance shape based on the first appearance shape to obtain 

the primary completed point cloud.  

 

4. The method of claim 1, wherein the completing the concatenated point cloud based on the 

association relationships to obtain a second point cloud from completion to the first point 

cloud comprises: 

determining an association feature of each data point in the concatenated point cloud 

based on association relationships between the each data point in the concatenated point 

cloud and corresponding groups of neighbouring points; 

determining a target feature of the each data point based on the association feature of 

the each data point; and 

obtaining the second point cloud from the completion to the first point cloud based on 

the target feature of the each data point in the concatenated point cloud.  

 

5. The method of claim 4, wherein the determining a target feature of the each data point 

based on the association feature of the each data point comprises: 

performing average pooling processing on the association feature of the each data 

point corresponding to the groups of neighbouring points to obtain a pooling feature; 
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determining a group association degree between the each data point and each 

corresponding group of neighbouring points based on the pooling feature; and 

determining the target feature of the each data point based on the group association 

degree and the association feature of the each data point.  

 

6. The method of claim 5, wherein the determining a group association degree between the 

each data point and each corresponding group of neighbouring points based on the pooling 

feature comprises: 

determining an association degree between each data point and each neighbouring 

point in the each corresponding group of neighbouring points based on the pooling feature to 

obtain a set of point assocation degrees; and 

determining a group association degree of the each group of neighbouring points 

based on the set of point assocation degrees.  

 

7. The method of claim 5, wherein the determining the target feature of the each data point 

based on the group association degree and the association feature of the each data point 

comprises: 

adjusting the association feature of the each data point based on the group association 

degree of the each group of neighbouring points to obtain an adjusted association feature 

corresponding to the each group of neighbouring points; and 

fusing the adjusted association features corresponding to the groups of neighbouring 

points of the each data point to obtain the target feature of the each data point.  

 

8. The method of claim 1, wherein the determining association relationships between the 
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concatenated point cloud and multiple groups of neighbouring points of the concatenated 

point cloud comprises: 

determining a first initial feature of each group of neighbouring points and a second 

initial feature of each data point in the concatenated point cloud, respectively; 

performing linear transformation on the first initial feature based on a first preset 

value to obtain a first transformed feature; 

performing linear transformation on the second initial feature based on the first preset 

value to obtain a second transformed feature; and 

determining a relationship parameter between the first transformed feature of the each 

group of neighbouring points and the second transformed feature as an association 

relationship between the each group of neighbouring points and a corresponding data point.  

 

9. The method of any one of claims 4 to 7, wherein the determining an association feature of 

each data point in the concatenated point cloud based on association relationships between 

the each data point in the concatenated point cloud and corresponding groups of neighbouring 

points comprises: 

performing linear transformation on a first initial feature of each group of 

neighbouring points based on a second preset value to obtain a third transformed feature, 

wherein there is a multiple relationship between the second preset value and a first preset 

value; and 

determining the association feature of the each data point based on the association 

relationships and the third transformed feature of the each group of neighbouring points.  

 

10. The method according to any one of claims 5 to 9, wherein after the determining the 
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target feature of the each data point based on the association feature of the each data point, 

the method further comprises: 

performing linear transformation on the target feature to obtain a core target feature; 

performing linear transformation on a second initial feature of the each data point to 

obtain a residual feature of the each data point; and 

updating the target feature based on the residual feature and the core target feature to 

obtain an updated target feature.  

 

11. A method for training a point cloud completion network, comprising: 

acquiring a first sample point cloud; 

determining a sample probability distribution of the first sample point cloud using a 

preset probability generation network; 

predicting a complete shape of the first sample point cloud based on the sample 

probability distribution to obtain a first predicted point cloud; 

adjusting the first predicted point cloud based on the first sample point cloud by using 

a preset relationship enhancement network to obtain a second predicted point cloud; 

adjusting a network parameter of the probability generation network based on loss of 

the first predicted point cloud, and adjusting a network parameter of the relationship 

enhancement network based on loss of the second predicted point cloud; and 

generating a point cloud completion network based on the probability generation 

network with the adjusted parameter and the relationship enhancement network with the 

adjusted parameter.  
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12. The method of claim 11, wherein the first sample point cloud comprises a sample 

incomplete point cloud of an incomplete shape and a sample complete point cloud 

corresponding to the sample incomplete point cloud, and wherein the determining a sample 

probability distribution of the first sample point cloud using a preset probability generation 

network comprises: 

performing variational encoding on the sample incomplete point cloud through the 

preset probability generation network to determine a first probability distribution of the 

sample incomplete point cloud; 

performing variational encoding on the sample complete point cloud through the 

preset probability generation network to determine a second probability distribution of the 

sample complete point cloud; and 

obtaining the sample probability distribution based on the first probability distribution 

and the second probability distribution.  

 

13. The method of claim 12, wherein the predicting a complete shape of the first sample point 

cloud based on the sample probability distribution to obtain a first predicted point cloud 

comprises: 

completing the sample imcomplete point cloud based on the first probability 

distribution of the sample probability distribution to obtain a sample primary completed point 

cloud; 

reconstructing the sample complete point cloud based on the second probability 

distribution of the sample probability distribution and the first probability distribution to 

obtain a reconstructed complete point cloud; and 

determining the sample primary completed point cloud and the reconstructed 

complete point cloud as the first predicted point cloud.  
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14. The method of claim 13, wherein the adjusting a network parameter of the probability 

generation network based on loss of the first predicted point cloud comprises: 

determining completion loss based on a similarity between the first probability 

distribution and the second probability distribution as well as a similarity between the sample 

primary completed point cloud and the sample complete point cloud; 

determining first reconstruction loss based on a similarity between the second 

probability distribution and a preset standard distribution as well as a similarity between the 

reconstructed complete point cloud and the sample complete point cloud; and 

adjusting the network parameter of the probability generation network based on the 

completion loss and the first reconstruction loss to obtain the probability generation network 

with the adjusted parameter.  

 

15. The method of claim 11, wherein the adjusting a network parameter of the relationship 

enhancement network based on loss of the second predicted point cloud comprises: 

determining second reconstruction loss based on a similarity between the second 

predicted point cloud and the sample complete point cloud; and 

adjusting the network parameter of the relationship enhancement network based on 

the second reconstruction loss to obtain the relationship enhancement network with the 

adjusted parameter.  

 

16. An apparatus for point cloud completion, comprising: 

a first determination module, configured to determine a probability distribution of an 

acquired first point cloud; 
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a first completion module, configured to complete the first point cloud based on the 

probability distribution to obtain a primary completed point cloud; 

a first concatenation module, configured to concatenate the primary completed point 

cloud and the first point cloud to obtain a concatenated point cloud; 

a second determination module, configured to determine association relationships 

between the concatenated point cloud and multiple groups of neighbouring points of the 

concatenated point cloud; and 

a first adjustment module, configured to complete the concatenated point cloud based 

on the association relationships to obtain a second point cloud from completion to the first 

point cloud.  

 

17. An apparatus for training a point cloud completion network, comprising: 

a first acquisition module, configured to acquire a first sample point cloud; 

a third determination module, configured to determine a sample probability 

distribution of the first sample point cloud using a preset probability generation network; 

a first prediction module, configured to predict a complete shape of the first sample 

point cloud based on the sample probability distribution to obtain a first predicted point 

cloud; 

a first adjustment module, configured to adjust the first prediction point cloud based 

on the first sample point cloud by using a preset relationship enhancement network to obtain 

a second prediction point cloud; 

a first training module, configured to adjust a network parameter of the probability 

generation network based on loss of the first predicted point cloud, and adjust a network 

parameter of the relationship enhancement network based on loss of the second predicted 
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point cloud; and 

a fourth determination module, configured to generate a point cloud completion 

network based on the probability generation network with the adjusted parameter and the 

relationship enhancement network with the adjusted parameter.  

 

18. A computer storage medium having stored thereon computer-executable instructions, 

wherein the computer-executable instructions, when executed, are capable of implementing 

operations of the method of any one of claims 1 to 10; or wherein the computer-executable 

instructions, when executed, are capable of implementing operations of the method of any 

one of claims 11 to 15.  

 

19. A computer device, comprising a memory and a processor, wherein the memory has 

stored thereon computer-executable instructions, the processor is capable of implementing 

operations of the method of any one of claims 1 to 10 when executing the 

computer-executable instructions on the memory; or, the processor is capable of 

implementing operations of the method of any one of claims 11 to 15 when executing 

computer-executable instructions on the memory.  

 


