
WO 2018/200316 	 PCT/US2018/028458 

OCTREE-BASED CONVOLUTIONAL NEURAL NETWORK 

BACKGROUND 

[0001] 	In recent years, with the development of 3D capturing devices and modelling 

	

5 	tools, the quantity and quality of 3D models and scenes increase quickly. Identifying and 

analyzing features of various three-dimensional shapes become more important in many 

shape analysis and recognition tasks, such as tasks of shape classification, shape retrieval, 

shape segmentation and so on. 

[0002] 	Currently, the research community and the industry have proposed solutions for 

	

10 	representing the three-dimensional shape and performing a convolutional neural network 

processing on the three-dimensional shape. However, these solutions generally require 

much storage space and many computing resources. 

SUMMARY 

[0003] 	In some implementations, there is provided a device which comprises a memory 

	

15 	configured to store an octree representing a three-dimensional shape. Nodes of the octree 

including empty nodes and non-empty nodes. The empty nodes exclude the three- 

dimensional shape and are leaf nodes of the octree, and the non-empty nodes include at least 

a part of the three-dimensional shape. The device further includes a processing unit coupled 

to the memory and configured to perform acts including: obtaining the octree for 

	

20 	representing the three-dimensional shape from the memory; and for nodes in the octree with 

a depth associated with a convolutional layer of a convolutional neural network, performing 

a convolutional operation of the convolutional layer to obtain an output of the convolutional 

layer. 

[0004] 	This Summary is provided to introduce a selection of concepts that are further 

	

25 	described below in the Detailed Description in a simplified form. This Summary is not 

intended to identify key features or essential features of the claimed subject matter, nor is 

intended to be used to limit the scope of the claimed subject matter. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0005] 	FIG. 1 schematically illustrates a block diagram of a computing environment in 

	

30 	which a plurality of implementations of the subject matter described herein can be 

implemented; 

[0006] 	FIG. 2 illustrates a schematic diagram of a convolutional neural network 

according to an implementation of the subject matter described herein; 

[0007] 	FIG. 3 schematically illustrates a quadtree for representing a convolutional neural 
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network according to an implementation of the subject matter described herein; 

[0008] 	FIG. 4 schematically illustrates a quadtree for representing a convolutional neural 

network according to an implementation of the subject matter described herein; 

[0009] 	FIG. 5 illustrates a schematic diagram of a convolutional operation of a 

	

5 	convolutional neural network according to an implementation of the subject matter 

described herein; 

[0010] 	FIG. 6 illustrates a schematic diagram of down-sampling of a convolutional 

neural network according to an implementation of the subject matter described herein; 

[0011] 	FIG. 7 illustrates a schematic diagram of a pooling operation of a convolutional 

	

10 	neural network according to an implementation of the subject matter described herein; 

[0012] 	FIG. 8 illustrates a schematic diagram of an unpooling operation of a 

convolutional neural network according to an implementation of the subject matter 

described herein; and 

[0013] 	FIG. 9 illustrates a flow diagram of a method for training or applying a 

	

15 	convolutional neural network according to an implementation of the subject matter 

described herein; and 

[0014] 	Throughout the drawings, the same or similar reference signs are used to indicate 

the same or similar elements. 

DETAILED DESCRIPTION OF EMBODIMENTS 

	

20 	[0015] 	The subject matter described herein will now be discussed with reference to 

several example implementations. It should be understood that these implementations are 

discussed only for the purpose of enabling those skilled in the art to better understand and 

implement the subject matter described herein, rather than suggesting any limitations on the 

scope of the subject matter. 

	

25 	[0016] 	As used herein, the term "includes" and its variants are to be read as open terms 

that mean "includes, but is not limited to." The term "based on" is to be read as "based at 

least in part on." The term "one implementation" and "an implementation" are to be read as 

"at least one implementation." The term "another implementation" is to be read as "at least 

one other implementation." The terms "first," "second," and the like may refer to different 

	

30 	or same objects. Other definitions, explicit and implicit, may be included below. 

[0017] 	In the computer vision field, the convolutional neural network has successfully 

demonstrated its advantage for extracting images and video data. However, it is very 

difficult to adapt the convolutional neural network structure and training method for a 

regular data structure (such as an image) to a three-dimensional shape. Different from the 
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image and video data that are sampled on regular grids, three-dimensional shapes are 

represented with triangle meshes or irregularly sampled three-dimensional point clouds. 

However, since such representation is a non-sparse representation, it requires a large amount 

of storage space. Furthermore, different from the RGB data stored in a two-dimensional 

	

5 	image, it is not clear what kind of data defined over the three-dimensional shape will be the 

best for the convolutional neural network. 

[0018] Currently, solutions for representing the three-dimensional shapes and 

performing the convolutional neural network processing on the three-dimensional shapes 

have been proposed. However, these solutions generally require much storage space and 

	

10 	many computing resources. To this end, it is necessary to propose a solution for a 

convolutional neural network used for the three-dimensional shape to at least in part solve 

these problems. The basic principles and several example implementations of the subject 

matter described herein are described with reference to the drawings in the following text. 

EXAMPLE OPERATING ENVIRONMENT  

	

15 	[0019] 	Basic principles and several example implementations of the subject matter 

described herein will be described with reference to the drawings in the following text. FIG. 

1 illustrates a block diagram of a computing system/server 100 in which one or more 

implementations of the subject matter described herein can be implemented. It is to be 

understood that the computing system/server 100 shown in FIG. 1 is only an example, rather 

	

20 	than constituting any limit to the function and scope of the implementations of the subject 

matter described herein. 

[0020] 	As shown in FIG. 1, the computing system/server 100 is in the form of a general- 

purpose computing device. Components of the computing system/server 100 may include, 

but are not limited to, one or more central processors or central processing units 100, a 

	

25 	memory 120, one or more input devices 130, one or more output devices 140, a storage 150, 

and one or more communication units 160 and one or more graphic processing units 170. 

The processing unit 100 may be a real or a virtual processor and is capable of performing 

various processes in accordance with programs stored in the memory 120. In a multi- 

processing system, multiple processing units execute computer-executable instructions to 

	

30 	increase processing capability. 

[0021] 	The computing system/server 100 typically includes a plurality of computer 

mediums. Such medium may be any available medium accessible to the computing system/ 

server 100, including but not limited to a volatile and non-volatile medium, and a removable 

and non-removable medium. The memory 120 may be a volatile memory (for example, a 
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register, a cache, a random-access memory (RAM)), a non-volatile memory (for example, a 

read only memory (ROM), an electrically erasable programmable read only memory 

(EEPROM), a flash memory), or some combination thereof. The storage 150 may be 

removable or non-removable, and may include machine readable medium such as a flash 

	

5 	driver, a magnetic disk or any other medium which can be used to store information and be 

accessed within the computing system/server 100. 

[0022] 	The computing system/server 100 may further include other removable/non- 

removable, volatile/non-volatile computing system storage medium. Although not shown in 

FIG. 1, a disk driver for reading from or writing to a removable, non-volatile disk (for 

	

10 	example, a "floppy disk"), and an optical disk driver for reading from or writing to a 

removable, non-volatile optical disk can be provided. The memory 120 may include at least 

one program product having a set of program modules (for example, at least one program 

module) that are configured to carry out the functions of various implementations of the 

subject matter described herein. 

	

15 	[0023] 	A program/utility program tool having a set of the program modules (at least one 

program module) may be stored in, for example, the memory 120. Such program modules 

include, but are not limited to, an operating system, one or more applications, other program 

modules, and operation data. Each or a certain combination of these examples may include 

an implementation of a networking environment. The program modules can carry out the 

	

20 	functions and/or methods according to a plurality of implementations of the subject matter 

described herein. In some implementations, such program modules can also be stored in the 

storage 150. 

[0024] 	The input unit(s) 130 may be one or more of various input devices. For example, 

the input unit(s) 130 may include a user device such as a mouse, keyboard, trackball, etc. 

	

25 	The communication unit(s) 160 implements communication over a communication medium 

to another computing entity. Additionally, functionality of the components of the computing 

system/server 100 may be implemented in a single computing machine or in multiple 

computing machines that are able to communicate over communication connections. Thus, 

the computing system/server 100 may operate in a networked environment using logical 

	

30 	connections to one or more other servers, network personal computers (PCs), or another 

common network node. By way of example, and not limitation, the communication medium 

includes wired or wireless networking techniques. 

[0025] 	The computing system/server 100 may also communicate, as required, with one 

or more external devices (not shown), such as a storage device, a display device, and the 
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like, one or more devices that enable a user to interact with the computing system/server 

100, and/or any device (for example, a network card, a modem, etc.) that enables the 

computing system/server 100 to communicate with one or more other computing devices. 

Such communication may be performed via an input/output (I/O) interface(s) (not shown). 

	

5 	[0026] 	The central processing unit 110 can communicate with the graphic processing 

unit 170 via an accelerating bus (not shown). The graphic processing unit 170 can transmit 

data to the central processing unit 110 via the bus and receive data from the central 

processing unit via the bus. The graphic processing unit 170 includes a graphic memory 180 

for storing data associated with the convolutional neural network. As the storage space for 

	

10 	the graphic memory 180 is limited, when the convolutional neural network is trained with 

the graphic processing unit 170, the storage space should be fully utilized and saved. The 

graphic processing unit 170 further includes a processing unit for reading data from the 

graphic memory 180 and/or writing data to the graphic memory 180 and processing the data. 

The graphic processing unit 170 and the central processing unit 110 can be integrated on a 

	

15 	board or formed on respective boards separately. 

[0027] 	Generally, the graphic processing unit 170 is configured to accelerate the real- 

time display of the three-dimensional graph. As demands on the graphic processing 

capability increasing, the performance of the graphic processing unit becomes more 

powerful and more and more programmable. At present, the graphic processing unit can 

	

20 	perform many other tasks irrelevant to graphic processing effectively. For example, the 

graphic processing unit possesses powerful parallel computing capability, and thus can be 

utilized in the neural network model, particularly in training the neural network model. The 

convolutional neural network model described herein can be at least in part (or entirely) 

implemented on the graphic processing unit 170, so as to mitigate the computing constraint 

	

25 	on the central processing unit 110 and make full use of the parallel processing capability of 

the graphic processing unit 170. 

EXAMPLE ARCHITECTURE OF THE CONVOLUTIONAL NEURAL  

NETWORK  

[0028] 	FIG. 2 illustrates an example architecture 200 of a convolutional neural network 

	

30 	according to an implementation of the subject matter described herein. It is to be understood 

that the architecture 200 shown in FIG. 2 is only an example. Implementations of the subject 

matter described herein can also be applied to other architectures of the convolutional neural 

network. The subject matter described herein is not limited in this respect. 

[0029] 	As shown in FIG. 2, an input 210 of the convolutional neural network is an octree 

5 

WS6
Rectangle

WS6
Rectangle



WO 2018/200316 	 PCT/US2018/028458 

representation in a three-dimensional shape. In some implementations, each leaf node can 

store the average normal of points inside the leaf node. The geometrical structure of the 

three-dimensional shape can be approximated by an octree with the discrete normal field. A 

convolutional neural network model can be constructed on the basis of an octree 

	

5 	representation. It should be noted that the normal signal and the average normal are only 

examples for representing data signals in a three-dimensional shape. The subject matter 

described herein can also be applied to data signals in any other suitable form. The subject 

matter described herein is not limited in this respect. 

[0030] 	As shown in FIG. 2, the structure of the octree is shown in the input 210. In some 

	

10 	implementations, representations of other types in the three-dimensional shape can be 

converted into the octree representation and then provided as the input 210 to the 

convolutional neural network. For example, in a cube 212, a three-dimensional geometrical 

shape, such as an airplane, may be contained. The cube 212 corresponds to the root node of 

the octree, namely, with 0-depth. Then, the cube 212 can be divided into eight nodes, as 

	

15 	shown by a cube 214, namely, with 1-depth. Thus, each node corresponds to a child node of 

the root node. 

[0031] 	As the three-dimensional geometrical shape is not spread throughout the entire 

three-dimensional space, with further division of the three-dimensional space, some nodes 

will not include the three-dimensional shape. In this case, such empty nodes will not be 

	

20 	divided while only non-empty nodes are further divided. Therefore, the empty nodes are 

also the leaf nodes of the octree. With further division of nodes containing three-dimensional 

shape, cubes 216 and 218, corresponding to 2-depth and 3-depth, are obtained, respectively. 

Further division of nodes generates the octree of d-depth. In the following text, a 

representation based on an octree according to some implementations of the subject matter 

	

25 	described herein will be described in detail with reference to FIG. s 3 and 4. 

[0032] 	After receiving the input 210 represented with the octree, convolutional neural 

network operations can be performed for the nodes of the octree from the bottom up. As 

shown in FIG. 2, the depth of the neural network is shown in a dashed box 260. In the 

example architecture 200, a feature map 220 is obtained by performing a convolutional 

	

30 	operation on nodes with d-depth in the input 210. The feature map 220 illustrates three 

channels. However, it should also be appreciated that any other suitable number of channels 

can also be applied. The subject matter described herein is not limited in this respect. A 

feature map 230 can be obtained by performing a pooling operation on the feature map 220. 

Then, one or more convolutional and pooling operations are repeated successively. For 
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example, a feature map 240 can be obtained by performing a convolutional operation on the 

nodes with 3-depth, and a feature map 250 can be obtained by performing a pooling 

operation on the feature map 240. The feature map 250 can be provided to other neural 

network layers (for example, a fully connected layer) for various purposes, such as 

	

5 	classification. 

[0033] 	Due to shape characteristics of the three-dimensional shape, the empty nodes exist 

in the octree as the leaf nodes, which enables many nodes to be omitted in such octree. For 

example, an empty node with 1-depth will cause all the nodes under this empty node to be 

omitted, which significantly reduces node data to be stored and operated, thereby saving the 

	

10 	storage space and improving computational efficiency. 

DATA STRUCTURE  

[0034] 	Conventional implementations of the octree structure lack an effective access to 

a specific node. Thus, it is improper to employ these implementations in a convolutional 

neural network that accesses data frequently. To further improve the access efficiency of the 

	

15 	octree, there is provided an effective octree storage solution which supports quick access to 

the convolutional neural network and conventional convolutional neural network operations 

integrated with the octree representation. 

[0035] 	In the architecture shown in FIG. 2, the maximum depth of the octree is 

represented as d. In some implementations, each node of the octree can be assigned with a 

	

20 	key or an index according to the shuffled key method. Each node of the octree has 8 child 

nodes which, therefore, can be encoded with a three-bit binary code ranging from 0 to 7. In 

other words, the binary code can encode the sub-area covered by each child node. For 

example, if x bit is 1, then the child node covers nodes along the x-axis direction. Otherwise, 

the child node covers nodes in a reverse direction against the x-axis direction. Furthermore, 

	

25 	y-bit and z-bit can be set similarly. 

[0036] 	At the 1 layer of the octree, the integer coordinate (x, y, z) of the node can be 

represented by 3 1-bit data, namely, x—(x/x2...x1), y—(yry2...y1), z—(z1z2... zi), 	ziE{O, 1}. 

A shuffled key of the node 0, key (0), is defined as: 

icf,y( 0) = :r y 1 ,r 2 y2 sy  . 	y 
	 (1) 

where 1 represents the depth of the node 0 in the octree. Therefore, the shuffled key of the 

	

30 	node at /-depth is 31-bit. 

[0037] Each node of the octree can be represented by the shuffled key. In some 

implementations, all the shuffled keys at /-depth can be sorted from the smallest to the 
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largest, and this sorted array is defined as Si. It should be noted that this sorting approach is 

only an example and any other suitable sorting approach is also possible. The subject matter 

described herein is not limited in this respect. For example, the sorting can be from the 

largest to the smallest. 

	

5 	[0038] 	After the nodes are sorted based on the size of the shuffled keys, eight child nodes 

that belong to a same parent node are continuously arranged and so are all the child nodes 

belonging to a same subtree. This property is very useful for pooling operations which will 

be detailed in the following text. 

[0039] 	As stated above, due to the property of the three-dimensional shape, some nodes 

	

10 	of the octree are empty, namely, not containing any part of the three-dimensional shape. To 

remember the positions of the non-empty nodes in Si, integer labels are assigned to these 

non-empty nodes. The label may start from 1 and increment when the next node is non- 

empty. For the empty nodes, their labels can be set to a preset value, such as 0. These labels 

can be organized into a vector or an array, which can be called the label vector Li. When data 

	

15 	flows from bottom up (namely, down-sampling), the label vector can be used. 

[0040] 	In some implementations, all the Si (1=0, 1, 	,d) can be combined into a 

continuous array, called the key vector S. Accordingly, all the Li (1=0, 1, 	, d) can be 

combined into another continuous array, called the label vector L. Furthermore, the index 

of the first node at each depth can be stored into an array J, so that the rth  non-empty node 

	

20 	0 at /-depth in S can be accessed immediately. Initially, the normal signals are coupled with 

the nodes of the octree at d-depth and stored in a continuous array Td. Data in Ti (1=0, 1, 	, 

d-1) are computed dynamically in the neural network and also combined into a continuous 

array, called the data vector T. For example, in the convolutional layer with a stride of 1, 

data after convolutional computation are stored in the nodes of a depth corresponding to the 

	

25 	layer for subsequent processing, such as the pooling operation. It should be noted that arrays 

Si, Li and Ti have the same length and share the same index. Given a shuttled key of a node, 

the array Si can be searched to obtain a corresponding index, where information stored in Li 

and Ti can be obtained directly. The four vectors (5, L, J, 7) can be used to represent the data 

structure of the octree. 

	

30 	[0041] 	In some implementations, different three-dimensional shapes have different 

octree structures. To support effective training or deduction of the convolutional neural 

network with a batch input, the octrees of all three-dimensional shapes in a batch can be 

combined into a super-octree. For example, all the Si, Li and Ti of the octrees in a batch can 
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be connected into vectors s*„ L*, and T*, of the super-octree which can organized as stated 

above, and thus details are omitted here. The super-octree can be used as the input of the 

convolutional neural network, such that data can be processed effectively without generating 

a temporary array. 

	

5 	[0042] 	Since the octree structure relates to a three-dimensional representation, it is very 

difficult to show the octree structure. Thus, for the sake of discussion, data structure 

introduced above will be described in detail with reference to quadtrees 300 and 400 in FIG. 

3 and FIG. 4. It is to be understood that though it is described in detail how to determine the 

representation of a quadtree (or two-dimensional segmentation) with 2-depth in the 

	

10 	following text, the following examples are only to enable those skilled in the art to 

understand the technical solution more clearly rather than limiting the scope of claimed 

subject matter. The following discussion can be easily applied to the octree structure 

according to the implementations of the subject matter described herein. As shown in FIG. 

3, the quadtree structure 300 is a quadtree with 2-depth, where the black points represent 

	

15 	graphical information or data, a block that does not contain a black point is an empty node 

and a block containing a black point is a non-empty node. The parent node is shown by the 

block 330 with an index of 0, represented by So. Accordingly, since this node contains 

graphical data, its corresponding label is assigned with a value of 1, represented by Lo. 

[0043] 	At the first layer of the quadtree (1-depth), the parent node 330 is segmented into 

	

20 	four quadrants, marked as 0, 1, 2 and 3, respectively, as shown by the block 320. In FIG. 3, 

the x-axis is set as the horizontal direction and y-axis is set as the vertical direction. Now, 

take node 2 as an example to explain how to determine indexes of nodes at the first layer. 

The indexes of the nodes at the first layer can be represented as xiyi. As stated above, if x- 

bit is 1, then the child node covers the quadrants along the positive direction of the x-axis 

	

25 	(right side) and if y-bit is 0, then the child node covers the quadrants along the negative 

direction of the y-axis (lower side). Therefore, xy=10(2)=2(10)  represents the quadrant in the 

lower right corner. Since this quadrant does not contain graphical data, its corresponding 

label is assigned with a value of 0. Similarly, index 0, 1 and 3 represent quadrants at the 

lower left corner, the upper left corner and the right upper corner, respectively, which is 

	

30 	shown in the block 320. Therefore, these indexes at the first layer of the quadtree can be 

represented by Si and their corresponding labels can be represented by Li. 

[0044] 	As can be seen from the block 320, at the first layer of the quadtree, quadrants 1 

and 2 do not contain graphics and do not need to be further segmented. Conversely, both 
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quadrants 0 and 3 contain graphics and thus can be further segmented. The block 310, 

namely, the layer corresponding to 2-depth of the quadtree, can be obtained after the 

segmentation of the block 320. The block 310 contains eight nodes, where nodes 1-3 

correspond to node 0 in the block 320 and nodes 12-15 correspond to node 3 in the block 

5 	320. 

[0045] Now, take node 13 as an example to explain how to determine indexes of nodes 

at the second layer. The indexes of the nodes at the second layer can be represented as 

x/y/x2y2, where the node 13 can be represented as xly1=11(2), as stated above. As the node 

13 covers the quadrant at the left side along the x-axis direction and at the upper side along 

	

10 	the y-axis direction, x2y2=01 (2). Therefore, the index of the node 13 is 1101(2)=13(1o). 

[0046] 	FIG. 4 further illustrates the hierarchical structure 400 and the relevant data 

representation of the quadtree of FIG. 3. As shown in FIG. 4, the corresponding index is 

shown in each node. For example, as shown in the root node, its index is 0. 

[0047] 	As illustrated above, So, Si and S2 are combined into a one-dimensional vector or 

	

15 	array S to represent the indexes of the quadtree. For example, S can be represented as "0, 1, 

2, 3, 12, 13, 14, 15, 0, 1, 2, 3, 0." As shown in FIG. 4, at each layer of the quadtree, the first 

quadrant or node is represented by index 0 at that layer. Accordingly, Lo, Li and L2 can also 

be combined into a one-dimensional vector or array L, which is represented by "1, 0, 2, 3, 

0, 4, 0, 5, 1, 0, 0, 2, 1." Therefore, in the vector S, the positions of the indexes of the first 

	

20 	nodes of the three layers of the quadtree in S are "12, 8, 0," respectively, namely, at the 13th 

position, the 9th position and the 1st position in S, respectively. This position information is 

represented by J Corresponding to the index S, shape data associated with the nodes can 

also be stored as the vector T with the same dimension as S. For example, the shape data 

can be the average normal of points inside a respective node as stated above. 

	

25 	[0048] 	The above only introduces an example way of combination. It is to be understood 

that other ways of combination are also possible. The subject matter described herein is not 

limited in this respect. For example, So, SI and Sz can be combined into "0, 0, 1, 2, 3, 0, 1, 

2, 3, 12, 13, 14, 15." Accordingly, L and I can be combined into "1, 1, 0, 0, 2, 

4, 0, 5" and "0, 1, 5," respectively. 

1, 0, 2, 3, 0, 

30 	OPERATIONS OF THE CONVOLUTIONAL NEURAL NETWORK 

[0049] 	The basic operations in the convolutional neural network are convolution and 

pooling. For image processing, these operations should be performed for all the areas, 

because each pixel contains color information and the information should be propagated to 

other areas through these operations. However, for a three-dimensional shape, geometrical 
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5 

10 

information only exists in limited areas. It is unnecessary to propagate information to empty 

areas, which would take up a lot of computing resources. According to some 

implementations of the subject matter described herein, information propagation is limited 

in an octree and convolutional and pooling operations are performed accordingly. In other 

words, convolutional neural network operations are performed where nodes of the octree 

exist. Furthermore, deconvolutional and unpooling operations are expanded on the octree 

structure. 

[0050] 	To apply the convolutional operation to a node of the octree, it is necessary to 

determine neighboring nodes with the same depth. To perform the computation effectively, 

the convolutional operation sign can be written in the following expanded form: 

(2) 

where 	represents neighboring nodes of 0, TE. 	represents the feature vector 

associated on 	z , 	represents the nth  channel of the feature vector, and ti 

is the weight of convolutional operation. If oi)k does not exist in the octree, 

is set to zero vector. In such form, the convolutional operations are converted into matrix 

	

15 	operations, and these linear algebra operations can be effectively implemented on the 

graphical computing unit. 

[0051] 	If the size of the convolution core (also called filter) of the convolutional 

operation is K, then the convolutional operation requires to access K3-1 neighboring nodes 

of each octree node. To obtain the neighboring nodes, traversing the octree from top down 

	

20 	is not a sufficiently effective option. If the stride of the convolutional operation is 1, then 

the convolutional operation is applied to all the nodes at the current layer of the octree. 

Conventionally, K3-1 queries are required for each node. However, the neighbors of eight 

child nodes under the same parent node are highly overlapped and have only (K+1)3  nodes 

in total (including the eight child nodes per se). Thus, the neighbor search can accelerate the 

	

25 	process by only searching (K+1)3-8 neighboring nodes of eight child nodes. For example, if 

K=3, this optimization can speed up the search operation by more than twice. 

[0052] 	FIG. 5 illustrates an example of a convolutional operation 500 according to some 

implementations of the subject matter described herein. In the implementations illustrated 

in FIG. 5, the size of the convolution core is 3. However, it is to be understood that this is 

	

30 	only an example. The subject matter described herein is not limited in this respect. 
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[0053] 	FIG. 5 illustrates eight child nodes 510 having a same parent node, where 27 

nodes (including the child node per se) adjacent to each child node are represented by a 

respective cube in eight cubes 520, respectively. For example, 27 nodes adjacent to node 

511 (including node 511 per se) are represented by the cube 521, and 27 nodes adjacent to 

	

5 	node 513 (including node 513 per se) are represented by the cube 523. These cubes have a 

lot of overlaps, while actually only contains (K+1)3=64 nodes (containing the node 510 per 

se), which are represented by the cube 530. According to the conventional approach of 

traversing the octree from top down, 8xK3=216 queries need to be implemented. In contrast, 

according to the method shown in FIG. 5, only 64 queries need to be performed, which 

	

10 	significantly reduces the number of queries. 

[0054] 	If the stride is 2, for eight child nodes under a same parent node, the convolution 

can be applied to the first child node while neglecting the seven other nodes, which is 

equivalent to down-sampling the resolution of the feature map with a factor of 2. For 

convolutional operations with a stride of 2" (r>1), the operations can be applied to the first 

	

15 	node of each sub-tree with a height of r. Then, the feature map performs down-sampling 

with a factor of 2r. Because of the special hierarchical structure of the octree, the stride of 

the convolution is constrained to an integer power of 2. 

[0055] 	When convolutional operations with a stride larger than 1 is performed, down- 

sampling occurs and the length of the shape data array T is shortened. The data flows from 

	

20 	bottom up in the octree and the label information stored in the Li can be used to obtain the 

correspondence. FIG. 6 illustrates an example 600 of such quadtree. The initial length of the 

array T2 is 8, and turns to 2 when down-sampling is performed. However, in the case that 

the quadtree is with 1-depth, there are four nodes and therefore the length of the array Ti 

should be 4. By combining information in the array Li with the down-sampled array T(l), the 

	

25 	updated array Ti can be obtained easily. As shown in FIG. 6, for nodes "1, 0, 2, 3" with 2- 

depth (shown by a dashed block 610), as the parent nodes associated with "1, 0, 2, 3" are 

labeled as 1 and 0 in Li, the down-sampled data 620 correspond to the label 1 in Li. 

Therefore, data 620 is used to update data 630 corresponding to the label 1 in Li. 

[0056] 	In some implementations, as shown in FIG. 2, the convolutional neural network 

	

30 	may include one or more pooling layers whose main functionality is to reduce the spatial 

size of the representation progressively. The pooling layer operates independently on each 

channel of the feature map and reduces its spatial size accordingly. The pooling layer can 

have many forms, such as the maximum pooling layer or the average pooling layer. 

[0057] 	FIG. 7 illustrates a schematic diagram of a pooling operation 700 according to 
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some implementations of the subject matter described herein. The most common maximum 

pooling layer is to apply a filter with a size of 2 at a stride of 2. In the octree representation, 

the maximum pooling operation is equivalent to find the maximum data of eight nodes 

having a same parent node. According to some implementations of the subject matter 

	

5 	described herein, eight nodes under a same parent node are stored continuously. Therefore, 

applying the maximum pooling operation on the octree reduces to selecting the maximum 

element from eight continuous elements of an array. As shown in FIG. 7, the maximum data 

of eight nodes having a same parent node is 9 and this maximum element is selected to 

transmit the data to the parent node. This operation can be implemented quickly on a graphic 

	

10 	processing unit. Therefore, the resolution of a feature map will be down-sampled with a 

factor of 2 and information of the parent node can be used to guide further operation. 

[0058] 	FIG. 6 also illustrates how to operate data in the case of maximum pooling. For 

example, for nodes "1, 0, 2, 3" with 2-depth, the corresponding data are "5, 0, 2, 1." Thus, 

the value obtained after performing a maximum pooling operation on these nodes is 5, as 

	

15 	show in 620. As the parent nodes associated with "1, 0, 2, 3" are labeled as 1 and 0 in Li, 

the down-sampled data 620 correspond to the label 1 in Li, namely, data 630 can be assigned 

with a value of 5. 

[0059] 	If the pooling operation relates to filters of other sizes and/or other strides, an 

operation similar to the above convolutional operation can be used to find the associated 

	

20 	nodes. For example, if the maximum pooling layer applies a filter with a size of 4 at a stride 

of 4, it corresponds to selecting the maximum element from the elements of 64 grandchild 

nodes of a node. 

[0060] 	In some implementations, the convolutional neural network can also contain an 

unpooling layer which is a reverse operation of the pooling layer and is an up-sampling 

	

25 	operation. The unpooling layer can be used for visualization and image segmentation for the 

convolutional neural network. The unpooling operation is usually as accompanied with the 

pooling operation. After the maximum pooling operation is applied, the position of the 

maximum value within each pooling area can be recorded in a set of switch variables. The 

corresponding maximum unpooling operation makes use of these switch variables to place 

	

30 	the signal in the current feature map in the appropriate position of the up-sampled feature 

map. 

[0061] 	FIG. 8 illustrates a schematic diagram of an unpooling operation 800 according 

to some implementations of the subject matter described herein, which corresponds to the 

pooling operation shown in FIG. 7. In FIG. 7, after the maximum pooling operation is 
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applied, the position of the maximum value is recorded. Therefore, in FIG. 8, when the 

maximum unpooling operation is applied, the signal in the current feature map (5 in this 

example) is placed into the appropriate position of the up-sampled feature map. 

[0062] 	In some implementations, the convolutional neural network may further include 

	

5 	a deconvolutional layer which is a reverse operation of the convolutional layer, namely, 

reversing the forward computation (forward convolutional computation) and backward 

computation (reversely transmitting the gradient of the convolutional computation) of the 

convolutional layer. The forward computation function of the deconvolutional operation 

directly employs the convolutional backward computation function, and the backward 

	

10 	computation function of the deconvolutional operation directly employs the convolutional 

forward computation function. 

[0063] 	It should be noted that operations of the convolutional neural network are 

depicted in detail in combination with the data structure described in the previous section. 

However, it is to be understood that these operations can also be applied to the octree 

	

15 	represented by the input 210 shown in FIG. 2 in combination with other data structures. 

EXAMPLE TRAINING PROCESS  

[0064] 	FIG. 9 illustrates a flow map of a method 900 for training a convolutional neural 

network according to an implementation of the subject matter described herein. The method 

can be implemented by a graphic processing unit 170 shown in FIG. 1. 

	

20 	[0065] 	At 920, an octree for representing a three-dimensional shape is obtained. As stated 

above, nodes of the octree include empty nodes and non-empty nodes. The empty nodes 

exclude the three-dimensional shape and are leaf nodes of the octree, and the non-empty 

nodes include at least a part of the three-dimensional shape. In some implementations, the 

octree representation in three-dimensional shape can be stored in the graphic memory of the 

	

25 	graphic processing unit 170. 

[0066] 	In some implementations, the octree can be represented by at least one of the 

following: index of the nodes of the octree; label of the nodes of the octree, the label at least 

indicating if the nodes are empty or non-empty; shape data of the nodes of the octree, the 

shape data at least indicating a shape of the three-dimensional shape in the node represented 

	

30 	by the nodes; and a hierarchical structure of the octree. In some implementations, at least 

one of the index, label, shape data and hierarchical structure is defined as a one-dimensional 

vector. For example, the index, label, shape data and hierarchical structure can be 

implemented by the vectors S, L, T and J discussed above. 

[0067] 	In some implementations, the received data signals can be converted into an 
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octree for representing a three-dimensional shape. For example, data signals representing 

the three-dimensional shape are received firstly, and in response to receiving the data signal, 

an octree for representing the three-dimensional shape is determined. 

[0068] 	At 940, for nodes in the octree with a depth associated with a convolutional layer 

	

5 	of a convolutional neural network, a convolutional operation of the convolutional layer is 

performed to obtain an output of the convolutional layer. Performing the convolutional 

operation can be implemented, for example, by operating the parameters of the 

convolutional layer and the associated data, for instance, as shown in equation (2). In some 

implementations, eight nodes having a same parent node can be determined from nodes with 

	

10 	the depth associated with the convolutional layer. Next, a node neighborhood of the eight 

nodes is determined based on the octree. The node neighborhood includes nodes adjacent to 

at least one of the eight nodes. Then, the operation of the convolutional layer for the eight 

nodes is performed on the node neighborhood. In this way, the search operation required for 

the convolutional operation can be significantly simplified, which facilitates reading data 

	

15 	from the graphic memory 180. 

[0069] 	In some implementations, the convolutional neural network further includes a 

pooling layer. The method 900 further includes determining eight nodes having a same 

parent node from nodes with a depth associated with the pooling layer. Then, a down- 

sampling operation is performed on shape data of the eight nodes. The pooling layer can be 

	

20 	the maximum pooling layer or average pooling layer. For example, as shown in FIG. 7, in 

an implementation of the maximum pooling layer, eight nodes having a same parent node 

can be determined and the node with the maximum value of the shape data is selected. 

[0070] 	In some implementations, the convolutional neural network further includes an 

unpooling layer. The method 900 further includes determining eight nodes having a same 

	

25 	parent node from nodes with a depth associated with the unpooling layer. Then, an up- 

sampling operation is performed on shape data of the eight nodes. For example, the 

unpooling operation may be accompanied with the pooling operation. After the maximum 

pooling operation is applied, the position of the maximum value inside each pooling area 

can be recorded. The corresponding maximum unpooling operation places the signal in the 

	

30 	current feature map in the appropriate position of the up-sampled feature map. 

[0071] 	In some implementations, the convolutional neural network includes a 

deconvolutional layer. The method 900 further includes determining eight nodes having a 

same parent node from nodes with a depth associated with the deconvolutional layer. Then, 

a node neighborhood of the eight nodes are determined based on the octree. The node 
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neighborhood include nodes adjacent to at least one of the eight nodes. Then, an operation 

of the deconvoluitonal layer for the eight nodes is performed on the node neighborhood. 

[0072] 	For example, in the classification application, the result obtained with the 

convolutional neural network can be compared with the ground truth. Then, the gradient of 

	

5 	the loss function is propagated reversely to update the parameters of the convolutional 

neural network. As the convolutional neural network needs to process a large amount of 

data during the training process, the method 900 is particularly useful for the training 

process of the convolutional neural network during which data can be trained in batch, and 

thus is particularly adapted for parallel processing and suitable to be implemented by the 

	

10 	graphic processing unit. However, it should be noted that the method 900 can also be applied 

to the process of determination with the convolutional neural network model. 

RELATED APPLICATIONS OF THE CONVOLUTIONAL NEURAL NETWORK  

[0073] 	In recent years, the network architecture of the convolutional neural network 

evolves rapidly. Deeper and wider networks have shown their superiority in accomplishing 

	

15 	many tasks. The three-dimensional convolutional neural network can enhance its capability 

with different network structures. To present the advantages of an octree-based 

representation according to some implementations of the subject matter described herein 

more clearly, a simple neural network is illustrated here. However, it is to be understood that 

the octree-based representation according to the implementations of the subject matter 

	

20 	described herein can be applied to various convolutional neural network architectures. The 

subject matter described herein is not limited in this respect. 

[0074] 	The design of the octree-based convolutional neural network includes repeatedly 

applying convolutional and pooling operations on an octree data structure from bottom up. 

Furthermore, an activation function can be utilized, for example, the output can be activated 

	

25 	with a non-linear activation function, such as a rectified linear unit (ReLU). Furthermore, 

batch normalization (BN) can be used to reduce internal covariate shift. The operation 

sequence "convolution+BN+ReLU+pooling" is a basic unit of the convolutional neural 

network. If the convolution is applied to the node of /-depth, then the basic unit can be 

represented by U. The number of channels of the feature map for U/ can be set as 2max(2,  9-1), 

	

30 	where max is the maximum value function and the convolution kernel size can be set as 3, 

for instance. Therefore, the convolutional neural network can be defined by the following 

form: 

Input—>Ud—>Ud-1—> —U2 
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and for the sake of convenience, it is called 0-CNN(d). 

[0075] 	Since the feature map is only associated with nodes, its storage space is in linear 

relation with the number of nodes at the corresponding depth. Compared with the full voxel 

representation which occupies space of about 0( 	the octree structure only takes 

	

5 	0 (n2  ) space, where n represents the resolution number. Therefore, the octree 

representation according to some implementations of the subject matter described herein 

can reduce the storage space significantly and is very suitable for the graphic processing 

unit with relatively small storage space. 

[0076] 	In some implementations, 0-CNN can be applied for shape analysis, for instance, 

	

10 	object classification, shape retrieval, shape segmentation and the like. For object 

segmentation, two fully connected (FC) layers, a softmax layer and two Dropout layers can 

be added after 0-CNN(d), namely, 

0-CNN(d)—dropout—>F C (128) —>drop out—> 

FC(Nc)—>softmax—output 

	

15 	where 128 represents the number of neurons in FC and Nc represents the number of 

classification categories. The Dropout layers are used to avoid overfitting. For shape 

retrieval, the output from the above object classification can be used as the key to search for 

the most similar shapes. 

[0077] For shape segmentation, the deconvolutional network can be cascaded with 0- 

	

20 	CNN(d) to obtain the segmentation label on each leaf node. The deconvolutional network 

is a mirror layout of 0-CNN(d), where the deconvolutional and unpooling operations 

replace the convolutional and pooling operations. "Unpooling+deconvolution+BN+ReLU" 

is defined as a basic unit and represented as DUz if unpooling is applied to nodes with /- 

depth. The deconvolutional network D-O-CNN(d) can take the form: 

	

25 	DU2—>DU3—> . . . —Dud. . 

[0078] 	Tests show that the storage efficiency and computing efficiency are significantly 

improved for the above three applications of the convolutional neural network. Accordingly, 

the depth of the octree representation can be increased substantially, thereby further 

improving the precision of the neural network model. 

	

30 	[0079] 	The functionally described herein can be performed, at least in part, by one or 

more hardware logic components. For example, and without limitation, illustrative types of 

hardware logic components that can be used include Field-Programmable Gate Arrays 

(FPGAs), Application-Specific Integrated Circuits (ASICs), Application-Specific Standard 
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Products (AS SPs), System-on-Chips (SOC s), Complex Programmable Logic Devices 

(CPLDs), and the like. 

[0080] 	Program codes for carrying out the methods of the subject matter described herein 

may be written in any combination of one or more programming languages. These program 

	

5 	codes may be provided to a processor or a controller of a general purpose computer, a special 

purpose computer, or other programmable data processing apparatus, such that the program 

codes, when executed by the processor or the controller, cause the functions/operations 

specified in the flowcharts and/or block diagrams to be implemented. The program codes 

may be executed entirely on a machine, partly on a machine, as a stand-alone software 

10 package, partly on a machine and partly on a remote computer or entirely on a remote 

machine or server. 

[0081] 	In the context of the disclosure, a machine readable medium may be any tangible 

medium that can contain, or store a program for use by or in connection with an instruction 

execution system, apparatus, or device. The machine readable medium may be a machine 

	

15 	readable signal medium or a machine readable storage medium. The machine readable 

medium may include but not limit to an electronic, magnetic, optical, electromagnetic, 

infrared, or semiconductor system, apparatus, or device, or any suitable combination thereof. 

More specific examples of the machine readable storage medium include an electrical 

connection via one or more wires, a portable computer diskette, a hard disk, a random access 

20 memory (RAM), a read-only memory (ROM), an erasable programmable read-only 

memory (EPROM or Flash memory), an optical fiber, a portable compact disc read-only 

memory (CD-ROM), an optical storage device, a magnetic storage device, or any suitable 

combination thereof. 

[0082] 	Further, although the operations are depicted in a particular order, this should not 

	

25 	be understood as requiring such operations to be performed in the particular order shown or 

in sequential order. In certain circumstances, multitasking and parallel processing may be 

advantageous. Likewise, while several specific implementation details are contained in the 

above discussions, these should not be construed as limitations on the scope of the subject 

matter described herein. Certain features that are described in the context of separate 

	

30 	implementations can also be implemented in combination in a single implementation. 

Conversely, various features that are described in the context of a single implementation can 

also be implemented in multiple implementations separately or in any suitable sub- 

combination. 

EXAMPLE IMPLEMENTATIONS  
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[0083] 	Some example implementations of the subject matter described herein are listed 

below. 

[0084] 	According to some implementations, there is provided a device comprising: a 

memory configured to store an octree for representing a three-dimensional shape, nodes of 

5 the octree including empty nodes and non-empty nodes, the empty nodes excluding the 

three-dimensional shape and being leaf nodes of the octree, and the non-empty nodes 

including at least a part of the three-dimensional shape; and a processing unit coupled to the 

memory and configured to perform the acts, including: obtaining the octree for representing 

the three-dimensional shape from the memory; and for nodes in the octree with a depth 

	

10 	associated with a convolutional layer of a convolutional neural network, performing a 

convolutional operation of the convolutional layer to obtain an output of the convolutional 

layer. 

[0085] 	In some implementations, obtaining the octree for representing the three- 

dimensional shape comprises obtaining, based on a spatial segmentation for the three- 

	

15 	dimensional shape, at least one of: an index of a node of the octree; a label of a node of the 

octree, the label at least indicating whether the node is an empty node or a non-empty node; 

shape data of a node of the octree, the shape data at least indicating a shape of the three- 

dimensional shape in the node; and a hierarchical structure of the octree. 

[0086] 	In some implementations, obtaining the octree representing the three-dimensional 

	

20 	shape comprises: receiving a data signal representing the three-dimensional shape; and in 

response to receiving the data signal, determining the octree for representing the three- 

dimensional shape. 

[0087] 	In some implementations, performing a convolutional operation of the 

convolutional layer comprises: determining eight nodes having a same parent node from the 

	

25 	nodes with the depth associated with the convolutional layer; determining a node 

neighborhood of the eight nodes based on the octree, the node neighborhood including nodes 

adjacent to at least one of the eight nodes; and performing the operation of the convolutional 

layer for the eight nodes on the node neighborhood. 

[0088] 	In some implementations, the convolutional neural network includes a pooling 

	

30 	layer and the acts further include: determining eight nodes having a same parent node from 

nodes with a depth associated with the pooling layer; and performing a down-sampling 

operation on shape data of the eight nodes. 

[0089] 	In some implementations, the convolutional neural network includes an 

unpooling layer and the acts further include: determining eight nodes having a same parent 

19 

WS6
Rectangle

WS6
Rectangle



WO 2018/200316 	 PCT/US2018/028458 

node from nodes with a depth associated with the unpooling layer; and performing an up- 

sampling operation on shape data of the eight nodes. 

[0090] 	In some implementations, the convolutional neural network includes a 

deconvolutional layer and the acts further include: determining eight nodes having a same 

	

5 	parent node from nodes with a depth associated with the deconvolutional layer; determining 

a node neighborhood of the eight nodes based on the octree, the node neighborhood 

including nodes adjacent to at least one of the eight nodes; and performing an operation of 

the deconvoluitonal layer for the eight nodes on the node neighborhood. 

[0091] 	In some implementations, at least one of the index, the label, the shape data and 

	

10 	the hierarchical structure is defined as a continuous vector. 

[0092] 	In some implementations, the device is a graphic processing unit (GPU). 

[0093] 	According to some implementations, there is provided a computer-implemented 

method comprising: obtaining an octree for representing a three-dimensional shape, nodes 

of the octree including empty nodes and non-empty nodes, the empty nodes excluding the 

	

15 	three-dimensional shape and being leaf nodes of the octree, and the non-empty nodes 

including at least a part of the three-dimensional shape; and for nodes in the octree with a 

depth associated with a convolutional layer of a convolutional neural network, performing 

a convolutional operation of the convolutional layer to obtain an output of the convolutional 

layer. 

	

20 	[0094] 	In some implementations, obtaining an octree for representing a three- 

dimensional shape comprises obtaining, based on a spatial segmentation for the three- 

dimensional shape, at least one of: an index of a node of the octree; a label of a node of the 

octree, the label at least indicating whether the node is an empty node or a non-empty node; 

shape data of a node of the octree, the shape data at least indicating a shape of the three- 

	

25 	dimensional shape in the node; and a hierarchical structure of the octree. 

[0095] 	In some implementations, obtaining an octree for representing a three- 

dimensional shape comprises: receiving a data signal representing the three-dimensional 

shape; and in response to receiving the data signal, determining the octree for representing 

the three-dimensional shape. 

	

30 	[0096] 	In some implementations, performing a convolutional operation of the 

convolutional layer comprises: determining eight nodes having a same parent node from the 

nodes with the depth associated with the convolutional layer; determining a node 

neighborhood of the eight nodes based on the octree, the node neighborhood including nodes 

adjacent to at least one of the eight nodes; and performing the operation of the convolutional 
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layer for the eight nodes on the node neighborhood. 

[0097] 	In some implementations, the convolutional neural network includes a pooling 

layer and the method further comprises: determining eight nodes having a same parent node 

from nodes with a depth associated with the pooling layer; and performing a down-sampling 

	

5 	operation on shape data of the eight nodes. 

[0098] 	In some implementations, the convolutional neural network includes an 

unpooling layer and the method further includes: determining eight nodes having a same 

parent node from nodes with a depth associated with the unpooling layer; and performing 

an up-sampling operation on shape data of the eight nodes. 

	

10 	[0099] 	In some implementations, the convolutional neural network includes a 

deconvolutional layer and the method further includes: determining eight nodes having a 

same parent node from nodes with a depth associated with the deconvolutional layer; 

determining a node neighborhood of the eight nodes based on the octree, the node 

neighborhood including nodes adjacent to at least one of the eight nodes; and performing an 

	

15 	operation of the deconvoluitonal layer for the eight nodes on the node neighborhood. 

[00100] In some implementations, at least one of the index, the label, the shape data and 

the hierarchical structure is defined as a continuous vector. 

[00101] In some implementations, performing a convolutional operation of the 

convolutional layer comprises performing the convolutional operation of the convolutional 

	

20 	layer at the graphic processing unit (GPU). 

[00102] According to some implementations, there is provided a computer program 

product including instructions tangibly stored on a computer readable medium, the 

instructions, when executed by a machine, causing the machine to implement a method 

comprising: obtaining an octree for representing a three-dimensional shape, nodes of the 

	

25 	octree including empty nodes and non-empty nodes, the empty nodes excluding the three- 

dimensional shape and being leaf nodes of the octree, and the non-empty nodes including at 

least a part of the three-dimensional shape; and for nodes in the octree with a depth 

associated with a convolutional layer of a convolutional neural network, performing a 

convolutional operation of the convolutional layer to obtain an output of the convolutional 

	

30 	layer. 

[00103] In some implementations, obtaining an octree for representing a three- 

dimensional shape comprises obtaining, based on a spatial segmentation for the three- 

dimensional shape, at least one of: an index of a node of the octree; a label of a node of the 

octree, the label at least indicating whether the node is an empty node or a non-empty node; 
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shape data of a node of the octree, the shape data at least indicating a shape of the three- 

dimensional shape in the node; and a hierarchical structure of the octree. 

[00104] In some implementations, obtaining an octree for representing a three- 

dimensional shape comprises: receiving a data signal representing the three-dimensional 

	

5 	shape; and in response to receiving the data signal, determining the octree for representing 

the three-dimensional shape. 

[00105] In some implementations, performing a convolutional operation of the 

convolutional layer comprises: determining eight nodes having a same parent node from the 

nodes with the depth associated with the convolutional layer; determining a node 

	

10 	neighborhood of the eight nodes based on the octree, the node neighborhood including nodes 

adjacent to at least one of the eight nodes; and performing the operation of the convolutional 

layer for the eight nodes on the node neighborhood. 

[00106] In some implementations, the convolutional neural network includes a pooling 

layer and the method further comprises: determining eight nodes having a same parent node 

	

15 	from nodes with a depth associated with the pooling layer; and performing a down-sampling 

operation on shape data of the eight nodes. 

[00107] In some implementations, the convolutional neural network includes an 

unpooling layer and the method further comprises: determining eight nodes having a same 

parent node from nodes with a depth associated with the unpooling layer; and performing 

	

20 	an up-sampling operation on shape data of the eight nodes. 

[00108] In some implementations, the convolutional neural network includes a 

deconvolutional layer and the method further includes: determining eight nodes having a 

same parent node from nodes with a depth associated with the deconvolutional layer; 

determining a node neighborhood of the eight nodes based on the octree, the node 

	

25 	neighborhood including nodes adjacent to at least one of the eight nodes; and performing an 

operation of the deconvoluitonal layer for the eight nodes on the node neighborhood. 

[00109] In some implementations, at least one of the index, the label, the shape data and 

the hierarchical structure is defined as a continuous vector. 

[00110] Although the subject matter has been described with languages specific to 

	

30 	structural characteristics and/or method logic actions, it should be appreciated that the 

subject matter defined by the appended claims is not limited to the above described 

particular characteristics and actions. Conversely, the above described particular 

characteristics and actions are only example forms for realizing the claims. 
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CLAIMS 

1. A device, comprising: 

a memory configured to store an octree for representing a three-dimensional shape, 

nodes of the octree including empty nodes and non-empty nodes, the empty nodes excluding 

the three-dimensional shape and being leaf nodes of the octree, and the non-empty nodes 

including at least a part of the three-dimensional shape; and  

a processing unit coupled to the memory and configured to perform acts including: 

obtaining the octree for representing the three-dimensional shape from the 

memory;   

for nodes in the octree with a depth associated with a convolutional layer of a 

convolutional neural network, performing a convolutional operation of the convolutional 

layer to obtain an output of the convolutional layer, performing the convolutional operation 

of the convolutional layer comprising: 

determining eight nodes having a same parent node from the nodes with the 

depth associated with the convolutional layer; 

determining a node neighborhood of the eight nodes based on the octree, the 

node neighborhood including nodes adjacent to at least one of the eight nodes; and 

performing the operation of the convolution layer for the eight nodes on the 

node neighborhood; and 

the convolutional neural network includes a deconvolutional layer and the acts 

further include: 

determining eight nodes having a same parent node from nodes with a depth 

associated with the deconvolutional layer; 

determining a node neighborhood of the eight nodes based on the octree, the 

node neighborhood including nodes adjacent to at least one of the eight nodes; and 

performing an operation of the deconvolutional layer for the eight nodes on the 

node neighborhood. 

2. The device according to Claim 1, wherein obtaining the octree for representing 

the three-dimensional shape comprises obtaining, based on a spatial segmentation for the 

three-dimensional shape, at least one of:  

an index of a node of the octree;  

a label of a node of the octree, the label at least indicating whether the node is an 

empty node or a non-empty node;  

shape data of a node of the octree, the shape data at least indicating a shape of the 



three-dimensional shape in the node; and  

a hierarchical structure of the octree. 

3. The device according to Claim 1, wherein obtaining the octree for representing 

the three-dimensional shape comprises: 

receiving a data signal representing the three-dimensional shape; and 

in response to receiving the data signal, determining the octree for representing the 

three-dimensional shape. 

4. The device according to Claim 1, wherein the convolutional neural network 

includes a pooling layer, and wherein the acts further include: 

determining eight nodes having a same parent node from nodes with a depth 

associated with the pooling layer; and  

performing a down-sampling operation on shape data of the eight nodes. 

5. The device according to Claim 1, wherein the convolutional neural network 

includes an unpooling layer and the acts further include: 

determining eight nodes having a same parent node from nodes with a depth 

associated with the unpooling layer; and  

performing an up-sampling operation on shape data of the eight nodes. 

6. The device according to Claim 2, wherein at least one of the index, the label, the 

shape data and the hierarchical structure is defined as a continuous vector.  

7. The device according to Claim 1, wherein the device is a graphic processing unit 

(GPU). 

8. A computer-implemented method, comprising: 

obtaining an octree for representing a three-dimensional shape, nodes of the octree 

including empty nodes and non-empty nodes, the empty nodes excluding the three-

dimensional shape and being leaf nodes of the octree, and the non-empty nodes including at 

least a part of the three-dimensional shape;  

for nodes in the octree with a depth associated with a convolutional layer of a 

convolutional neural network, performing a convolutional operation of the convolutional 

layer to obtain an output of the convolutional layer, the step of performing the convolutional 

operation including the steps of; 

determining eight nodes having a same parent node from the nodes with the 

depth associated with the convolutional layer; 

determining a node neighborhood of the eight nodes based on the octree, the 

node neighborhood including nodes adjacent to at least one of the eight nodes; and 



performing the operation of the convolutional layer for the eight nodes on the 

node neighborhood; 

determining eight nodes having a same parent node from nodes with a depth 

associated with a deconvolutional layer of the convolutional neural network; 

determining a node neighborhood of the eight nodes based on the octree, the node 

neighborhood including nodes adjacent to at least one of the eight nodes; and 

performing an operation of the deconvolutional layer for the eight nodes on the node 

neighborhood.  

9. The method according to Claim 8, wherein obtaining an octree for representing a 

three-dimensional shape comprises obtaining, based on a spatial segmentation for the three-

dimensional shape, at least one of:  

an index of a node of the octree;  

a label of a node of the octree, the label at least indicating whether the node is an 

empty node or a non-empty node;  

shape data of a node of the octree, the shape data at least indicating a shape of the 

three-dimensional shape in the node; and  

a hierarchical structure of the octree. 

10. The method according to Claim 8, wherein obtaining an octree for representing a 

three-dimensional shape comprises:  

receiving a data signal representing the three-dimensional shape; and  

in response to receiving the data signal, determining the octree for representing the 

three-dimensional shape. 

11. A computer program product including instructions tangibly stored on a computer 

readable medium, the instructions, when executed by a machine, causing the machine to 

implement a method comprising:  

obtaining an octree for representing a three-dimensional shape, nodes of the octree 

including empty nodes and non-empty nodes, the empty nodes excluding the three-

dimensional shape and being leaf nodes of the octree, and the non-empty nodes including at 

least a part of the three-dimensional shape;  

for nodes in the octree with a depth associated with a convolutional layer of a 

convolutional neural network, performing a convolutional operation of the convolutional 

layer to obtain an output of the convolutional layer, performing the convolutional operation 

of deconvolution layer comprising: 

determining eight nodes having a same parent node from the nodes with the 



depth associated with the convolutional layer; 

determining a node neighborhood of the eight nodes based on the octree, the 

node neighborhood including nodes adjacent to at least one of the eight nodes; and 

performing the operation of the convolutional layer for the eight nodes on the 

node neighborhood;  

determining eight nodes having a same parent node from nodes with a depth 

associated with a deconvolutional layer of the convolutional neural network; 

determining a node neighborhood of the eight nodes based on the octree, the node 

neighborhood including nodes adjacent to at least one of the eight nodes; and 

performing an operation of the deconvolutional layer for the eight nodes on the node 

neighborhood.  

12. The computer program product according to Claim 11, wherein obtaining an 

octree for representing a three-dimensional shape comprises obtaining, based on a spatial 

segmentation for the three-dimensional shape, at least one of:  

an index of a node of the octree;  

a label of a node of the octree, the label at least indicating whether the node is an 

empty node or a non-empty node;  

shape data of a node of the octree, the shape data at least indicating a shape of the 

three-dimensional shape in the node; and  

a hierarchical structure of the octree. 

 




