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NEURAL NETWORK CONSTRUCTION METHOD AND 

APPARATUS 

[0001] This application claims priority to Chinese Patent Application No. 202010448652.7, 

filed with the China National Intellectual Property Administration on May 25, 2020 and entitled 

"NEURAL NETWORK CONSTRUCTION METHOD AND APPARATUS", which is 5 

incorporated herein by reference in its entirety. 

TECHNICAL FIELD 

[0002] This application relates to the field of artificial intelligence, and in particular, to a neural 

network construction method and apparatus. 

BACKGROUND 10 

[0003] In the field of artificial intelligence, computer vision technologies are widely used in 

scenarios such as autonomous driving, mobile phone terminals, and security surveillance. A 

backbone network is an important network architecture in a neural network, is usually not 

associated with a specific task of the neural network, and may be a feature extraction network, a 

residual network, or the like that is required for most tasks. A common computer vision task is 15 

mainly used for object detection and semantic segmentation. Generally, feature extraction may be 

first performed on input information by using the backbone network, and then an extracted feature 

is input to a prediction module to obtain a prediction result. However, as complexity of a to-be-

processed scenario increases, a requirement for a feature extraction capability of the backbone 

network also increases. 20 

[0004] However, in a conventional solution, a feature extraction network of a classification 

network that is manually designed or obtained through searching is usually used as a backbone 

network, or a backbone network is obtained by stacking construction units obtained through 

searching. In the conventional technology, an obtained backbone network usually has low output 

accuracy, and efficiency of obtaining the backbone network is low. In addition, the backbone 25 



 

2 

network obtained through stacking can only be used in a fixed scenario. In different scenarios, 

construction units need to be searched again and stacked to obtain a backbone network. A 

generalization capability is weak. 

SUMMARY 

[0005] This application provides a neural network construction method and apparatus, to 5 

accurately and efficiently construct a target neural network. The constructed target neural network 

has high output accuracy, may be further applied to different application scenarios, and has a strong 

generalization capability. 

[0006] According to a first aspect, this application provides a neural network construction 

method, including: obtaining a start point network, where the start point network includes a 10 

plurality of serial subnets; performing at least one time of transformation on the start point network 

based on a preset first search space to obtain a serial network, where the first search space includes 

a range of parameters used for transforming the start point network; and if the serial network meets 

a preset condition, training the serial network by using a preset dataset to obtain a trained serial 

network; and if the trained serial network meets a termination condition, obtaining a target neural 15 

network based on the trained serial network. 

[0007] In this implementation of this application, the at least one time of transformation may 

be performed on the start point network to obtain the serial network. The serial network is trained 

by using the preset dataset only when the serial network meets the preset condition, and a 

transformed start point network does not need to be trained each time the start point network is 20 

transformed. This reduces a workload and improves efficiency of obtaining the target neural 

network. In addition, a transformed start point network may inherit a weight of the start point 

network before transformation and the inherited weight is updated by using a lightweight dataset, 

to quickly train the transformed start point network, quickly obtain a serial network that meets a 

requirement, and further improve efficiency of obtaining the target neural network. In addition, in 25 

this application, the start point network may be transformed, so that output accuracy of the target 

neural network is higher. In addition, the neural network construction method provided in this 

application may adapt to different scenarios, and the serial network may be searched for based on 

different requirements. The neural network construction method provided in this application can 
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be oriented to more complex visual tasks and has a strong generalization capability. Therefore, 

costs of constructing different neural networks can be reduced, output accuracy of the constructed 

neural networks can be improved, and user experience can be improved. 

[0008] In a possible implementation, one of the at least one time of transformation performed 

on the start point network based on the first search space includes: searching the first search space 5 

for a transformation policy, where the transformation policy includes a group of parameters used 

for transforming the start point network; transforming the start point network according to the 

transformation policy to obtain a transformed start point network, where a weight of the 

transformed start point network inherits the weight of the start point network before transformation; 

updating the weight of the transformed start point network by using the lightweight dataset, to 10 

obtain a start point network with an updated weight, where data included in the preset dataset is 

more than data included in the lightweight dataset; evaluating the start point network with the 

updated weight to obtain a first evaluation result; and if the first evaluation result meets a preset 

update condition, re-searching the first search space for a transformation policy, and re-

transforming the start point network before transformation according to the re-found 15 

transformation policy; or if the first evaluation result does not meet the preset update condition, 

using the start point network with the updated weight as the serial network. 

[0009] Therefore, in this implementation of this application, when the start point network is 

transformed, the transformed start point network may inherit the weight of the start point network 

before transformation, and the weight is updated based on the lightweight dataset. This can reduce 20 

a weight training process, improve efficiency of subsequently obtaining the serial network, and 

further improve efficiency of obtaining the target neural network. In addition, the start point 

network may be transformed by searching the first search space for the transformation policy. The 

first search space includes information related to each feature stage in the start point network, such 

as a depth and a width. In addition, generally, the transformation policy re-found in the first search 25 

space is different from a transformation policy used to transform the start point network last time, 

to avoid meaningless transformation and improve efficiency of obtaining a start point network that 

does not meet the update condition. 

[0010] In a possible implementation, the method further includes: if the serial network does 

not meet the preset condition, using the serial network as a new start point network; or if the trained 30 

serial network does not meet the termination condition, using the trained serial network as a new 
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start point network; and updating the first search space, searching for a transformation policy based 

on an updated first search space, and transforming the new start point network according to the 

found transformation policy. 

[0011] Therefore, in this implementation of this application, if the serial network does not meet 

the preset condition, the serial network may be used as the new start point network, and the new 5 

start point network is re-transformed until a serial network that meets the preset condition or the 

termination condition is selected. Therefore, this embodiment of this application is applicable to a 

plurality of different scenarios, and a proper serial network is selected for a target task. This 

embodiment of this application has a strong generalization capability. 

[0012] In a possible implementation, the update condition may include but is not limited to: a 10 

quantity of times of transformation performed on the start point network does not exceed a preset 

quantity of times, or the first evaluation result does not meet a preset convergence condition. The 

convergence condition includes but is not limited to one or more of the following: the first 

evaluation result is better than a threshold, or a difference between the first evaluation result and 

an evaluation result obtained in previous evaluation of the start point network is less than a preset 15 

value. 

[0013] Therefore, in this implementation of this application, if the quantity of times of 

transformation performed on the start point network does not exceed the preset quantity of times, 

or the first evaluation result does not meet the preset convergence condition, the start point network 

may continue to be transformed until the start point network that does not meet the update 20 

condition is obtained. 

[0014] In a possible implementation, the preset condition may include but is not limited to: a 

second evaluation result of the serial network meets a first preset evaluation condition, a quantity 

of times of transformation performed on the serial network exceeds a preset quantity of times of 

transformation, or duration from last time of transformation performed on the start point network 25 

exceeds a preset value, where the second evaluation result is obtained by evaluating the serial 

network. 

[0015] Therefore, in this implementation of this application, when the evaluation result of the 

serial network meets the first preset evaluation condition, the quantity of times of transformation 

performed on the serial network exceeds the preset quantity of times of transformation, or the 30 

duration from last time of transformation performed on the start point network exceeds the preset 
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value, the serial network may be trained to obtain the trained serial network. Generally, an output 

result of the trained serial network is more accurate. 

[0016] Optionally, the first preset evaluation condition may include but is not limited to: a loss 

value of the serial network is not greater than a first loss threshold, a precision value of the output 

result is greater than a first precision threshold, inference duration is less than a first inference 5 

threshold, or the like. 

[0017] In a possible implementation, each serial subnet in the start point network includes one 

or more blocks. Transforming the start point network may specifically include: swapping blocks 

included in two adjacent serial subnets in the plurality of serial subnets; or inserting a processed 

block into one or more of the plurality of serial subnets, where the processed block may be obtained 10 

by initializing a weight of a block as identity matrix and/or performing group normalization on the 

block. 

[0018] In this implementation of this application, the start point network may be transformed 

by swapping or transferring the blocks included in the adjacent serial subnets in the serial subnets, 

or adding a block to the serial subnet, to obtain a transformed start point network. 15 

[0019] In a possible implementation, the termination condition may include but is not limited 

to: the second evaluation result of the serial network meets a second preset evaluation condition, 

or a quantity of times of training of the serial network exceeds a preset quantity of times of training. 

[0020] In this implementation of this application, when the evaluation result of the serial 

network meets the second preset evaluation condition, or the quantity of times of training of the 20 

serial network exceeds the preset quantity of times of training, transformation of the serial network 

may be terminated, and the target neural network for executing the target task is constructed based 

on the serial network. 

[0021] Optionally, the second preset evaluation condition may include: the loss value of the 

serial network is not greater than a second loss threshold, the precision value of the output result 25 

is greater than a second precision threshold, or the inference duration is less than a second inference 

threshold. 

[0022] In a possible implementation, the obtaining a target neural network based on the trained 

serial network may include: if the trained serial network meets an output condition, using the 

trained serial network as the target neural network; or if the trained serial network does not meet 30 

the output condition, obtaining a parallel subnet corresponding to the trained serial network, and 
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constructing the target neural network based on the trained serial network and the parallel subnet 

corresponding to the trained serial network. 

[0023] In this implementation of this application, if the trained serial network meets the output 

condition, the trained serial network may be used as the target neural network, to efficiently and 

accurately obtain the target neural network. If the trained serial network meets the termination 5 

condition but does not meet the output condition, the parallel subnet corresponding to the trained 

serial network may be obtained, and the target neural network is constructed based on the trained 

serial network and the parallel subnet corresponding to the trained serial network. It may be 

understood that the parallel subnet corresponding to the trained serial network may be obtained, 

and the target neural network is constructed based on the trained serial network and the parallel 10 

subnet, to improve accuracy of the output result of the obtained target neural network. In this way, 

the neural network constructed based on the trained serial network and the parallel subnet can meet 

the output condition, and a target neural network with a more accurate output result can be obtained. 

[0024] In a possible implementation, the serial network may include a plurality of serial 

subnets, and each serial subnet includes one or more blocks. The obtaining a parallel subnet 15 

corresponding to the trained serial network may include: determining, within a preset quantity 

range, a quantity of parallel subnets corresponding to each serial subnet in the plurality of serial 

subnets; and constructing, based on the quantity of parallel subnets corresponding to each serial 

subnet, the parallel subnet corresponding to each serial subnet. 

[0025] Therefore, in this implementation of this application, the quantity of parallel subnets 20 

corresponding to each serial subnet may be searched for within the preset quantity range, and then 

the parallel subnet corresponding to each serial subnet is constructed based on the quantity, so that 

the target neural network with the more accurate output result can be constructed. 

[0026] In a possible implementation, the constructing the target neural network based on the 

serial network and the parallel subnet corresponding to each serial subnet may include: 25 

constructing a temporary neural network based on the serial network and the parallel subnet 

corresponding to each serial subnet; evaluating the temporary neural network to obtain a third 

evaluation result; and if the third evaluation result meets the output condition, using the temporary 

neural network as the target neural network; or if the third evaluation result does not meet the 

output condition, re-obtaining a parallel subnet corresponding to the serial network. 30 

[0027] Therefore, in this implementation of this application, the target neural network that 
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meets the output condition may be constructed based on the serial network and the corresponding 

parallel subnet, so that the target neural network can be accurately and efficiently obtained. The 

target neural network can be applied to different scenarios and has a strong generalization 

capability. 

[0028] In a possible implementation, the output condition includes one or more of the 5 

following: precision is greater than a first threshold; average precision is greater than a second 

threshold; the loss value is not greater than a third threshold; or the inference duration is not greater 

than a fourth threshold, and floating-point operations per second is not greater than a fifth threshold. 

The average precision is an average value of a plurality of precisions obtained by evaluating a 

neural network for a plurality of times, and the inference duration is duration for obtaining an 10 

output result from the neural network based on an input. Generally, the output condition may be 

determined based on the target task. For example, the output condition may be obtained from data 

input by a user, to obtain the target neural network that can be applied to different scenarios, 

thereby improving user experience. 

[0029] In a possible implementation, types of parameters included in the first search space 15 

include: the width, the depth, a quantity of times of downsampling, and a location of 

downsampling. The width includes a quantity of input channels and a quantity of output channels 

of a block included in each serial subnet in the start point network, the depth is a quantity of blocks 

included in each serial subnet in the start point network, and downsampling is used to divide two 

adjacent serial subnets in the start point network. Therefore, in this implementation of this 20 

application, a parameter such as the width, the depth, the quantity of times of downsampling, or 

the location of downsampling may be obtained through sampling in the first search space, so that 

the serial network is transformed based on the found parameter. A plurality of different 

transformation manners are provided, thereby enriching transformation networks for transforming 

the serial network, and accurately obtaining a serial network that meets a condition. 25 

[0030] In a possible implementation, the target neural network is used to perform at least one 

of image recognition, semantic segmentation, or object detection, and the preset dataset includes 

an ImageNet dataset. Therefore, in this implementation of this application, the serial network may 

be trained by using the ImageNet dataset, to obtain a serial network with a more accurate output 

result. 30 

[0031] In a possible implementation, a specific manner of obtaining the start point network 
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may include: obtaining the target task by using the data input by the user, and then obtaining the 

start point network based on the target task. The constructed target neural network may be used to 

execute the target task. 

[0032] According to a second aspect, this application provides a neural network construction 

apparatus, including: 5 

an obtaining module, configured to obtain a start point network, where the start point 

network includes a plurality of serial subnets; 

a transformation module, configured to perform at least one time of transformation on 

the start point network based on a preset first search space to obtain a serial network, where the 

first search space includes a range of parameters used for transforming the start point network; 10 

a training module, configured to: if the serial network meets a preset condition, train 

the serial network by using a preset dataset to obtain a trained serial network; and 

a construction module, configured to: if the trained serial network meets a termination 

condition, obtain a target neural network based on the trained serial network. 

[0033] For beneficial effects generated by any one of the second aspect and the possible 15 

implementations of the second aspect, refer to the descriptions of any one of the first aspect and 

the possible implementations of the first aspect. 

[0034] In a possible implementation, the transformation module may be specifically 

configured to: search the preset first search space for a transformation policy, where the 

transformation policy includes a group of parameters used for transforming the start point network; 20 

transform the start point network according to the transformation policy to obtain a transformed 

start point network, where a weight of the transformed start point network is obtained by inheriting 

a weight of the start point network before transformation; update the weight of the transformed 

start point network by using a lightweight dataset, to obtain a start point network with an updated 

weight, where data included in the preset dataset is more than data included in the lightweight 25 

dataset; evaluate the start point network with the updated weight to obtain a first evaluation result; 

and if the first evaluation result meets a preset update condition, re-search the first search space 

for a transformation policy, and re-transform the start point network according to the re-found 

transformation policy; or if the first evaluation result does not meet the preset update condition, 

use the start point network with the updated weight as the serial network. 30 

[0035] In a possible implementation, the neural network construction apparatus may further 
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include: 

an update module, configured to: if the serial network does not meet the preset 

condition, use the serial network as a new start point network; or if the trained serial network does 

not meet the termination condition, use the trained serial network as a new start point network; 

and update the first search space; and the transformation module is further configured to: re-search 5 

for a transformation policy based on an updated first search space, and re-transform the new start 

point network according to the re-found transformation policy. 

[0036] In a possible implementation, the update condition includes: a quantity of times of 

transformation performed on the start point network does not exceed a preset quantity of times, or 

the first evaluation result does not meet a preset convergence condition. The convergence condition 10 

includes one or more of the following: the first evaluation result is better than a threshold, or a 

difference between the first evaluation result and an evaluation result obtained in previous 

evaluation of the start point network is less than a preset value. 

[0037] In a possible implementation, the preset condition may include but is not limited to: a 

second evaluation result of the serial network meets a first preset evaluation condition, a quantity 15 

of times of transformation performed on the serial network exceeds a preset quantity of times of 

transformation, or duration from last time of transformation performed on the start point network 

exceeds a preset value, where the second evaluation result is obtained by evaluating the serial 

network. The first preset evaluation condition includes one or more of the following: a loss value 

of the serial network is not greater than a first loss threshold, a precision value of an output result 20 

of the serial network is greater than a first precision threshold, or inference duration of the serial 

network is less than a first inference threshold. 

[0038] In a possible implementation, the start point network includes a plurality of serial 

subnets, each serial subnet includes one or more blocks, and the transformation module may be 

specifically configured to: swap blocks included in two adjacent serial subnets in the plurality of 25 

serial subnets; or insert a processed block into one or more of the plurality of serial subnets, where 

the inserted processed block is obtained by initializing a weight of a block as an identity matrix 

and/or performing group normalization on the block. 

[0039] In a possible implementation, the termination condition may include but is not limited 

to: the second evaluation result of the serial network meets a second preset evaluation condition, 30 

or a quantity of times of training of the serial network exceeds a preset quantity of times of training. 
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[0040] In a possible implementation, the construction module may be specifically configured 

to: if the trained serial network meets an output condition, use the trained serial network as the 

target neural network; or if the trained serial network does not meet the output condition, obtain a 

parallel subnet corresponding to the trained serial network, and construct the target neural network 

based on the trained serial network and the parallel subnet corresponding to the trained serial 5 

network. 

[0041] In a possible implementation, the serial network includes a plurality of serial subnets, 

and each serial subnet includes one or more blocks. The construction module may be specifically 

configured to: determine, within a preset quantity range, a quantity of parallel subnets 

corresponding to each serial subnet in the plurality of serial subnets; and construct, based on the 10 

quantity of parallel subnets corresponding to each serial subnet, the parallel subnet corresponding 

to each serial subnet, where a structure of each serial subnet is the same as a structure of the parallel 

subnet corresponding to each serial subnet. 

[0042] In a possible implementation, the construction module may be specifically configured 

to: construct a temporary neural network based on the serial network and the parallel subnet 15 

corresponding to each serial subnet; evaluate the temporary neural network to obtain a third 

evaluation result; and if the third evaluation result meets the output condition, use the temporary 

neural network as the target neural network; or if the third evaluation result does not meet the 

output condition, re-obtain a parallel subnet corresponding to the serial network. 

[0043] In a possible implementation, the output condition includes but is not limited to one or 20 

more of the following: precision is greater than a first threshold; average precision is greater than 

a second threshold; the loss value is not greater than a third threshold; or the inference duration is 

not greater than a fourth threshold, and floating-point operations per second is not greater than a 

fifth threshold. The average precision is an average value of a plurality of precisions obtained by 

evaluating a neural network for a plurality of times, and the inference duration is duration for 25 

obtaining an output result from the neural network based on an input. 

[0044] In a possible implementation, types of parameters included in the first search space 

may include but are not limited to a width, a depth, a quantity of times of downsampling, and a 

location of downsampling. The width includes a quantity of input channels and a quantity of output 

channels of a block included in each serial subnet in the start point network, the depth is a quantity 30 

of blocks included in each serial subnet in the start point network, and downsampling is used to 
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divide two adjacent serial subnets in the start point network. 

[0045] In a possible implementation, the target neural network is used to perform at least one 

of image recognition, semantic segmentation, or object detection, and the preset dataset includes 

an ImageNet dataset. 

[0046] In a possible implementation, a specific manner of obtaining the start point network 5 

may include: obtaining a target task by using data input by a user, and then obtaining the start point 

network based on the target task. The constructed target neural network may be used to execute 

the target task. 

[0047] According to a third aspect, an embodiment of this application provides a neural 

network construction apparatus, including a processor and a memory. The processor and the 10 

memory are interconnected through a line, and the processor invokes program code in the memory 

to perform a processing-related function in the neural network construction method in any one of 

the first aspect. Optionally, the neural network construction apparatus may be a chip. 

[0048] According to a fourth aspect, an embodiment of this application provides a neural 

network construction apparatus. The neural network construction apparatus may also be referred 15 

to as a digital processing chip or a chip. The chip includes a processing unit and a communication 

interface. The processing unit obtains program instructions through the communication interface, 

and when the program instructions are executed by the processing unit, the processing unit is 

configured to perform a processing-related function in any one of the first aspect or the optional 

implementations of the first aspect. 20 

[0049] According to a fifth aspect, an embodiment of this application provides a computer-

readable storage medium including instructions. When the instructions are run on a computer, the 

computer is enabled to perform the method in any one of the first aspect or the optional 

implementations of the first aspect. 

[0050] According to a sixth aspect, an embodiment of this application provides a computer 25 

program product including instructions. When the computer program product runs on a computer, 

the computer is enabled to perform the method in any one of the first aspect or the optional 

implementations of the first aspect. 
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BRIEF DESCRIPTION OF DRAWINGS 

[0051] FIG. 1 is a schematic diagram of an artificial intelligence main framework applied to 

this application; 

[0052] FIG. 2 is a schematic diagram of a system architecture according to this application; 

[0053] FIG. 3 is a schematic diagram of a structure of a convolutional neural network 5 

according to an embodiment of this application; 

[0054] FIG. 4 is a schematic diagram of a structure of another convolutional neural network 

according to an embodiment of this application; 

[0055] FIG. 5 is a schematic diagram of another system architecture according to this 

application; 10 

[0056] FIG. 6 is a schematic flowchart of a neural network construction method according to 

an embodiment of this application; 

[0057] FIG. 7 is a schematic diagram of a network transformation manner according to an 

embodiment of this application; 

[0058] FIG. 8 is a schematic diagram of another network transformation manner according to 15 

an embodiment of this application; 

[0059] FIG. 9 is a schematic diagram of a neural network construction manner according to an 

embodiment of this application; 

[0060] FIG. 10A and FIG. 10B are a schematic flowchart of another neural network 

construction method according to an embodiment of this application; 20 

[0061] FIG. 11 is a schematic diagram of another network transformation manner according 

to an embodiment of this application; 

[0062] FIG. 12 is a schematic diagram of another neural network construction manner 

according to an embodiment of this application; 

[0063] FIG. 13 is a schematic diagram of a structure of a neural network according to an 25 

embodiment of this application; 

[0064] FIG. 14 is a schematic diagram of a structure of a neural network construction apparatus 

according to an embodiment of this application; 

[0065] FIG. 15 is a schematic diagram of a structure of another neural network construction 

apparatus according to an embodiment of this application; and 30 
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[0066] FIG. 16 is a schematic diagram of a structure of a chip according to an embodiment of 

this application. 

DESCRIPTION OF EMBODIMENTS 

[0067] The following describes technical solutions in embodiments of this application with 

reference to accompanying drawings in embodiments of this application. It is clear that the 5 

described embodiments are merely a part rather than all of embodiments of this application. All 

other embodiments obtained by a person of ordinary skill in the art based on embodiments of this 

application without creative efforts shall fall within the protection scope of this application. 

[0068] A neural network construction method provided in this application may be applied to 

an artificial intelligence (AI) scenario. AI is a theory, a method, a technology, or an application 10 

system that simulates, extends, and expands human intelligence by using a digital computer or a 

machine controlled by a digital computer, to perceive an environment, obtain knowledge, and 

achieve an optimal result by using the knowledge. In other words, the artificial intelligence is a 

branch of computer science, and is intended to understand the essence of intelligence and produce 

a new intelligent machine that can react in a manner similar to human intelligence. The artificial 15 

intelligence is to study design principles and implementation methods of various intelligent 

machines, so that the machines have perception, inference, and decision-making functions. 

Researches in the field of artificial intelligence include robotics, natural language processing, 

computer vision, decision-making and inference, human-computer interaction, recommendation 

and search, an AI basic theory, and the like. 20 

[0069] FIG. 1 is a schematic diagram of an artificial intelligence main framework. The main 

framework describes an overall working procedure of an artificial intelligence system, and is 

applicable to a requirement of a general artificial intelligence field. 

[0070] The following describes the artificial intelligence main framework from two 

dimensions: an "intelligent information chain" (a horizontal axis) and an "IT value chain" (a 25 

vertical axis). 

[0071] The "intelligent information chain" reflects a series of processes from obtaining data to 

processing the data. For example, the process may be a general process of intelligent information 

perception, intelligent information representation and formation, intelligent inference, intelligent 
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decision-making, and intelligent execution and output. In this process, data undergoes a 

condensation process of "data-information-knowledge-wisdom". 

[0072] The "IT value chain" reflects a value brought by artificial intelligence to the 

information technology industry in a process from an underlying infrastructure and information 

(providing and processing technology implementation) of human intelligence to a systemic 5 

industrial ecology. 

[0073] (1) Infrastructure 

[0074] The infrastructure provides computing capability support for the artificial intelligence 

system, implements communication with the external world, and implements support by using a 

base platform. The infrastructure communicates with the outside by using a sensor. A computing 10 

capability is provided by an intelligent chip, for example, a hardware acceleration chip such as a 

central processing unit (CPU), a neural-network processing unit (NPU), a graphics processing unit 

(GPU), an application-specific integrated circuit (ASIC), or a field programmable gate array 

(FPGA). The base platform includes related platform assurance and support such as a distributed 

computing framework and a network, and may include cloud storage and computing, an 15 

interconnection and interworking network, and the like. For example, the sensor communicates 

with the outside to obtain data, and the data is provided to an intelligent chip in a distributed 

computing system for computation, where the distributed computing system is provided by the 

base platform. 

[0075] (2) Data 20 

[0076] Data at an upper layer of the infrastructure indicates a data source in the field of 

artificial intelligence. The data relates to a graph, an image, a voice, a video, and text, further 

relates to internet of things data of a conventional device, and includes service data of an existing 

system and perception data such as force, displacement, a liquid level, a temperature, and humidity. 

[0077] (3) Data processing 25 

[0078] Data processing usually includes manners such as data training, machine learning, deep 

learning, searching, inference, and decision-making. 

[0079] Machine learning and deep learning may mean performing symbolized and formalized 

intelligent information modeling, extraction, preprocessing, training, and the like on data. 

[0080] Inference is a process in which a pattern of human intelligent inference is simulated in 30 

a computer or an intelligent system, and machine thinking and problem resolving are performed 
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by using formalized information according to an inferring control policy. A typical function is 

searching and matching. 

[0081] Decision-making is a process in which a decision is made after intelligent information 

is inferred, and usually provides functions such as classification, ranking, and prediction. 

[0082] (4) General capabilities 5 

[0083] After data processing mentioned above is performed on data, some general capabilities 

may be further formed based on a data processing result, for example, an algorithm or a general 

system, such as translation, text analysis, computer vision processing (such as image recognition 

and object detection), and speech recognition. 

[0084] (5) Intelligent product and industry application 10 

[0085] The intelligent product and the industry application are a product and an application of 

the artificial intelligence system in various fields, and are package of an overall solution of the 

artificial intelligence, so that decision-making for intelligent information is productized and an 

application is implemented. Application fields mainly include smart manufacturing, smart 

transportation, smart home, smart health care, smart security protection, autonomous driving, a 15 

safe city, a smart terminal, and the like. 

[0086] Refer to FIG. 2. An embodiment of this application provides a system architecture 200. 

The system architecture includes a database 230 and a client device 240. A data collection device 

260 is configured to collect data and store the data in the database 230. A construction module 202 

generates a target model/rule 201 based on the data maintained in the database 230. The following 20 

describes in more detail how the construction module 202 obtains the target model/rule 201 based 

on the data. The target model/rule 201 is a neural network constructed in the following 

implementations of this application. For details, refer to related descriptions in FIG. 6 to FIG. 13. 

[0087] A calculation module may include the construction module 202, and the target 

model/rule obtained by the construction module 202 may be applied to different systems or devices. 25 

In FIG. 2, a transceiver 212 is configured for an execution device 210. The transceiver 212 may 

be a wireless transceiver, an optical transceiver, a wired interface (such as an I/O interface), or the 

like, and swaps data with an external device. A "user" may input data to the transceiver 212 by 

using the client device 240. For example, in the following implementations of this application, the 

client device 240 may send a target task to the execution device 210, request the execution device 30 

to construct the neural network, and send a database used for training to the execution device 210. 
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[0088] The execution device 210 may invoke data, code, and the like in a data storage system 

250, or may store data, instructions, and the like in a data storage system 250. 

[0089] The calculation module 211 processes input data by using the target model/rule 201. 

Specifically, the calculation module 211 is configured to: obtain a start point network based on the 

target task; perform at least one time of transformation on the start point network based on a preset 5 

first search space, to obtain a serial network, where the first search space includes parameters used 

for transforming the start point network; if the serial network meets a preset condition, train the 

serial network by using a preset dataset to obtain a trained serial network; and if the trained serial 

network meets a termination condition, obtain a target neural network based on the trained serial 

network, where the target neural network is used to execute the target task. It may be understood 10 

that the calculation module 211 may be configured to construct a backbone network of the neural 

network. 

[0090] An association function module 213 and an association function module 214 may be 

configured to search for another network associated with the target task other than the backbone 

network, for example, a region proposal network (RPN) or a feature pyramid network (FPN). 15 

[0091] Finally, the transceiver 212 returns the constructed neural network to the client device 

240, to deploy the neural network in the client device 240 or another device. 

[0092] More deeply, the construction module 202 may obtain corresponding target 

models/rules 201 based on different data for different target tasks, to provide a better result for the 

user. 20 

[0093] In a case shown in FIG. 2, the data input to the execution device 210 may be determined 

based on input data of the user. For example, the user may perform an operation in an interface 

provided by the transceiver 212. In another case, the client device 240 may automatically input 

data to the transceiver 212 and obtain a result. If the client device 240 needs to obtain permission 

of the user for automatically inputting the data, the user may set corresponding permission on the 25 

client device 240. The user may view, on the client device 240, a result output by the execution 

device 210, and a specific presentation form may be a specific manner, for example, display, a 

sound, or an action. The client device 240 may also be used as a data collection end to store 

collected data associated with the target task in the database 230. 

[0094] It should be noted that FIG. 2 is merely an example of the schematic diagram of the 30 

system architecture according to this embodiment of this application. Location relationships 
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between devices, components, modules, and the like shown in the figure constitute no limitation. 

For example, in FIG. 2, the data storage system 250 is an external memory relative to the execution 

device 210. In another scenario, the data storage system 250 may alternatively be disposed in the 

execution device 210. 

[0095] A training or update process in this application may be performed by the construction 5 

module 202. It may be understood that a training process of the neural network is a manner of 

learning and controlling spatial transformation, and more specifically, learning a weight matrix. 

An objective of training the neural network is to make an output of the neural network close to an 

expected value as much as possible. Therefore, a weight vector of each layer of neural network in 

the neural network may be updated based on a difference between a predicted value and an 10 

expected value of a current network (certainly, before first update, the weight vector may be 

initialized first, in other words, a parameter is pre-configured for each layer in the deep neural 

network). For example, if the predicted value of the network is high, a value of a weight in the 

weight matrix is adjusted to reduce the predicted value. After continuous adjustment, a value 

output by the neural network is close to the expected value or equal to the expected value. 15 

Specifically, the difference between the predicted value and the expected value of the neural 

network may be measured by using a loss function  or an objective function. The loss function is 

used as an example. A higher output value (loss) of the loss function indicates a larger difference, 

and training of the neural network may be understood as a process of reducing a loss as much as 

possible. For a process of updating a weight of the start point network and training the serial 20 

network in the following implementations of this application, refer to this process. Details are not 

described below again. 

[0096] The neural network in this application may include a plurality of types, for example, a 

deep neural network (DNN), a convolutional neural network (CNN), a recurrent neural network 

(RNN), a highway network or a residual network, and other neural networks. 25 

[0097] For example, the following uses the convolutional neural network (CNN) as an 

example. 

[0098] The CNN is a deep neural network with a convolutional structure. The CNN is a deep 

learning architecture, and the deep learning architecture refers to performing multi-layer learning 

at different abstract levels by using machine learning algorithms. As the deep learning architecture, 30 

the CNN is a feed-forward artificial neural network. Neurons in the feed-forward artificial neural 
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network respond to an overlapping region in an image input to the CNN. The convolutional neural 

network includes a feature extractor including a convolution layer and a sub-sampling layer. The 

feature extractor may be considered as a filter. A convolution process may be considered as 

performing convolution by using a trainable filter and an input image or a convolution feature map. 

The convolutional layer is a neuron layer that is in the convolutional neural network and at which 5 

convolution processing is performed on an input signal. At the convolutional layer of the 

convolutional neural network, one neuron may be connected to only a part of neurons at a 

neighboring layer. A convolutional layer usually includes several feature maps, and each feature 

map may include some neurons arranged in a rectangle. Neurons of a same feature map share a 

weight, and the shared weight herein is a convolution kernel. Weight sharing may be understood 10 

as that an image information extraction manner is irrelevant to a location. A principle implied 

herein is that statistical information of a part of an image is the same as that of other parts. This 

means that image information learned in a part can also be used in another part. Therefore, image 

information obtained through same learning can be used for all locations in the image. At a same 

convolutional layer, a plurality of convolution kernels may be used to extract different image 15 

information. Usually, a larger quantity of convolution kernels indicates richer image information 

reflected by a convolution operation. 

[0099] The convolution kernel may be initialized in a form of a random-size matrix. In a 

process of training the convolutional neural network, the convolution kernel may obtain an 

appropriate weight through learning. In addition, a direct benefit brought by weight sharing is that 20 

connections between layers of the convolutional neural network are reduced and an overfitting risk 

is lowered. 

[00100] The convolutional neural network may correct a value of a parameter in an initial super-

resolution model in a training process according to an error back propagation (BP) algorithm, so 

that an error loss of reconstructing the super-resolution model becomes smaller. Specifically, an 25 

input signal is transferred forward until an error loss occurs at an output, and the parameter in the 

initial super-resolution model is updated based on back propagation error loss information, to make 

the error loss converge. The back propagation algorithm is an error-loss-centered back propagation 

motion intended to obtain a parameter, such as a weight matrix, of an optimal super-resolution 

model. 30 

[00101] As shown in FIG. 3, a convolutional neural network (CNN) 100 may include an input 
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layer 110, a convolutional layer/pooling layer 120, and a neural network layer 130. The pooling 

layer is optional. 

[00102] As shown in FIG. 3, for example, the convolutional layer/pooling layer 120 may 

include layers 121 to 126. In an implementation, the layer 121 is a convolutional layer, the layer 

122 is a pooling layer, the layer 123 is a convolutional layer, the layer 124 is a pooling layer, the 5 

layer 125 is a convolutional layer, and the layer 126 is a pooling layer. In another implementation, 

the layer 121 and the layer 122 are convolutional layers, the layer 123 is a pooling layer, the layer 

124 and the layer 125 are convolutional layers, and the layer 126 is a pooling layer. To be specific, 

an output of a convolutional layer may be used as an input of a subsequent pooling layer, or may 

be used as an input of another convolutional layer to continue to perform a convolution operation. 10 

[00103] The convolutional layer 121 is used as an example. The convolutional layer 121 may 

include a plurality of convolution operators. The convolution operator is also referred to as a kernel. 

In image processing, the convolution operator functions as a filter that extracts specific information 

from an input image matrix. The convolution operator may be a weight matrix essentially, and the 

weight matrix is usually predefined. In a process of performing a convolution operation on an 15 

image, the weight matrix usually processes pixels at a granularity level of one pixel (or two pixels, 

depending on a value of a stride) in a horizontal direction on an input image, to extract a specific 

feature from the image. A size of the weight matrix is related to a size of the image. It should be 

noted that a depth dimension of the weight matrix is the same as a depth dimension of the input 

image. In a convolution operation process, the weight matrix extends to an entire depth of the input 20 

image. Therefore, a convolution output of a single depth dimension is generated by performing 

convolution with a single weight matrix. However, in most cases, a plurality of weight matrices of 

a same dimension rather than the single weight matrix are used. Outputs of the weight matrices 

are stacked to form a depth dimension of a convolutional image. Different weight matrices may 

be used to extract different features from the image. For example, one weight matrix is used to 25 

extract edge information of the image, another weight matrix is used to extract a specific color of 

the image, and a further weight matrix is used to blur unneeded noise in the image. The plurality 

of weight matrices have the same dimension, and feature maps extracted from the plurality of 

weight matrices with the same dimension have a same dimension. Then, the plurality of extracted 

feature maps with the same dimension are combined to form an output of the convolution operation. 30 

[00104] Weight values in the weight matrices need to be obtained through massive training in 
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actual application. Each weight matrix formed by using the weight values obtained through 

training may be used to extract information from the input image, to enable the convolutional 

neural network 100 to perform correct prediction. 

[00105] When the convolutional neural network 100 includes a plurality of convolutional layers, 

a larger quantity of general features are usually extracted at an initial convolutional layer (for 5 

example, the convolutional layer 121). The general features may be also referred to as low-level 

features. As a depth of the convolutional neural network 100 increases, a feature extracted at a 

more subsequent convolutional layer (for example, the convolutional layer 126) is more complex, 

for example, a high-level semantic feature. A feature with higher semantics is more applicable to 

a to-be-resolved problem. 10 

[00106] Pooling layer: 

[00107] Because a quantity of training parameters usually needs to be reduced, the pooling layer 

usually needs to be periodically introduced after a convolutional layer. To be specific, for the layers 

121 to 126 in the convolutional layer/pooling layer 120 shown in FIG. 3, one convolutional layer 

may be followed by one pooling layer, or a plurality of convolutional layers may be followed by 15 

one or more pooling layers. During image processing, the pooling layer is only used to reduce a 

space size of the image. The pooling layer may include an average pooling operator and/or a 

maximum pooling operator, to perform sampling on the input image to obtain an image with a 

small size. The average pooling operator may compute a pixel value in the image within a specific 

range, to generate an average value. The maximum pooling operator may be used to select a pixel 20 

with a maximum value within the specific range as a maximum pooling result. In addition, similar 

to a case in which a size of a weight matrix in the convolutional layer should be related to a size 

of the image, an operator in the pooling layer should be also related to the size of the image. A size 

of a processed image output from the pooling layer may be less than a size of an image input to 

the pooling layer. Each pixel in the image output from the pooling layer represents an average 25 

value or a maximum value of a corresponding sub-region of the image input to the pooling layer. 

[00108] Neural network layer 130: 

[00109] After processing is performed at the convolutional layer/pooling layer 120, the 

convolutional neural network 100 still cannot output required output information. As described 

above, at the convolutional layer/pooling layer 120, only a feature is extracted, and parameters 30 

resulting from an input image are reduced. However, to generate final output information (required 
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class information or other related information), the convolutional neural network 100 needs to use 

the neural network layer 130 to generate an output of one required class or outputs of a group of 

required classes. Therefore, the neural network layer 130 may include a plurality of hidden layers 

(131 and 132 to 13n shown in FIG. 3) and an output layer 140. In this application, the convolutional 

neural network is a serial network obtained by performing at least one time of transformation on a 5 

selected start point network, and then is obtained based on a trained serial network. The 

convolutional neural network may be used for image recognition, image classification, super-

resolution image reconstruction, and the like. 

[00110] The plurality of hidden layers in the neural network layer 130 are followed by the 

output layer 140, namely, the last layer of the entire convolutional neural network 100. The output 10 

layer 140 has a loss function similar to a categorical cross entropy, and the loss function is 

specifically used to compute a prediction error. Once forward propagation (for example, 

propagation from the layers 110 to 140 in FIG. 3 is forward propagation) of the entire 

convolutional neural network 100 is completed, reverse propagation (for example, propagation 

from the layers 140 to 110 in FIG. 3 is reverse propagation) is started to update weights and 15 

deviations of the layers mentioned above, to reduce a loss of the convolutional neural network 100 

and an error between a result output by the convolutional neural network 100 by using the output 

layer and an ideal result. 

[00111] It should be noted that the convolutional neural network 100 shown in FIG. 3 is merely 

used as an example of a convolutional neural network. In specific application, the convolutional 20 

neural network may alternatively exist in a form of another network model, for example, a plurality 

of parallel convolutional layers/pooling layers shown in FIG. 4, and extracted features are all input 

to the entire neural network layer 130 for processing. 

[00112] Refer to FIG. 5. An embodiment of this application further provides a system 

architecture 300. An execution device 210 is implemented by one or more servers. Optionally, the 25 

execution device 210 cooperates with another computing device, for example, a device such as a 

data storage device, a router, or a load balancer. The execution device 210 may be disposed on one 

physical site, or distributed on a plurality of physical sites. The execution device 210 may 

implement the following steps of the neural network construction method corresponding to FIG. 

6 to FIG. 13 in this application by using data in a data storage system 250 or by invoking program 30 

code in a data storage system 250. 



 

22 

[00113] A user may operate respective user equipments (for example, a local device 301 and a 

local device 302) to interact with the execution device 210. Each local device may be any 

computing device, such as a personal computer, a computer workstation, a smartphone, a tablet 

computer, an intelligent camera, an intelligent vehicle, another type of cellular phone, a media 

consumption device, a wearable device, a set-top box, or a game console. 5 

[00114] A local device of each user may interact with the execution device 210 through a 

communication network of any communication mechanism/communication standard. The 

communication network may be a wide area network, a local area network, a point-to-point 

connection, or any combination thereof. Specifically, the communication network may include a 

wireless network, a wired network, a combination of a wireless network and a wired network, or 10 

the like. The wireless network includes but is not limited to any one or any combination of a 5th 

generation (5G) mobile communication technology system, a long term evolution (LTE) system, 

a global system for mobile communication (global system for mobile communication, GSM), a 

code division multiple access (CDMA) network, a wideband code division multiple access 

(WCDMA) network, wireless fidelity (Wi-Fi), Bluetooth, ZigBee, a radio frequency identification 15 

(RFID) technology, long range Lora) wireless communication, and near field communication 

(NFC). The wired network may include an optical fiber communication network, a network formed 

by coaxial cables, or the like. 

[00115] In another implementation, one or more aspects of the execution device 210 may be 

implemented by each local device. For example, the local device 301 may provide local data for 20 

the execution device 210 or feed back a computation result. 

[00116] It should be noted that all functions of the execution device 210 may also be 

implemented by the local device. For example, the local device 301 implements a function of the 

execution device 210 and provides a service for a user of the local device 301, or provides a service 

for a user of the local device 302. 25 

[00117] Based on the system architecture or the neural network provided in FIG. 1 to FIG. 5, 

the following describes in detail the neural network construction method provided in this 

application. 

[00118] First, for ease of understanding, some terms in this application are explained. 

[00119] Automatic machine learning (AutoML): A series of advanced control systems are 30 

designed to operate machine learning models, so that the models can automatically learn proper 
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parameters and configurations without manual intervention. In a learning model based on a deep 

neural network, automatic computational learning mainly includes network architecture search and 

global parameter setting. The network architecture search is used to enable, based on data, a 

computer to generate a neural network architecture that is most suitable for a problem, and has 

characteristics of high training complexity and great performance improvement. 5 

[00120] A residual network is a convolutional neural network. In image recognition, recognition 

accuracy is higher than that of a conventional convolutional neural network. In a residual network 

design, there are many sub-modules with a same structure. Generally, ResNet is used to connect a 

number to indicate a quantity of times that a sub-module is repeated. For example, ResNet50 

indicates that there are 50 sub-modules. 10 

[00121] A backbone network is a network structure used to perform feature extraction on input 

information in a detector, splitter, classifier, or the like. Generally, in addition to the backbone 

network, the neural network may further include another functional network, for example, a region 

proposal network (RPN) or a feature pyramid network (FPN), to further process a feature extracted 

by the backbone network, for example, classify a recognized feature or perform semantic 15 

segmentation on the feature. 

[00122] Block: Generally, the block includes a convolutional layer, or one block may be 

understood as a convolution module. 

[00123] FIG. 6 is a schematic flowchart of a neural network construction method according to 

this application. The method includes the following steps. 20 

[00124] 601: Obtain a start point network. 

[00125] The start point network may include a plurality of serial subnets, the plurality of serial 

subnets are connected in a serial manner, and each serial subnet includes one or more blocks. 

[00126] Specifically, the start point network may be a backbone network commonly used in a 

classification, segmentation, or detection task, for example, a classification network, segmentation 25 

network, or detection network that does not carry a prediction header, which may be specifically 

adjusted based on an actual application scenario. 

[00127] Optionally, the start point network may be selected based on a target task, and the target 

task is a task executed by a neural network that needs to be constructed. Certainly, the start point 

network may alternatively be a randomly selected network, which may be specifically adjusted 30 

based on actual application. In this application, the start point network is selected by using the 
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target task, so that the selected start point network is close to a requirement of the target task. This 

can reduce a training process, and improve efficiency of obtaining a target neural network. 

[00128] In a possible implementation, before step 601, the target task may be further obtained. 

The target task may be a task executed by the target neural network that needs to be constructed. 

If this application may be executed by the execution device 210, the target task may be a received 5 

task sent by another device (for example, the client device 240, the local device 301, or the local 

device 302), or may be a target task generated based on a requirement of the execution device 210. 

[00129] In addition, information associated with the target task may be further obtained, for 

example, a dataset associated with the target task, and information such as precision, 

computational complexity, an inference speed, and inference duration that the target neural 10 

network executing the target task meets. Specifically, the start point network may be selected based 

on the information associated with the target task. For example, the start point network may be 

selected based on the information such as the precision, the computational complexity, the 

inference speed, and the inference duration that the target neural network meets, so that the start 

point network meets or approaches the precision, the computational complexity, the inference 15 

speed, the inference duration, and the like that the target neural network needs to meet. Specifically, 

for example, if the target task is to construct an image recognition neural network with average 

precision of 80%, when the start point network is selected, a classification network with average 

precision greater than 80% or close to 80% may be selected as the start point network. Therefore, 

in this implementation of this application, the start point network may be selected based on the 20 

requirement corresponding to the target task, and a start point network that can obtain a maximum 

benefit is selected under a limitation of a given computing resource. For example, the start point 

network is selected based on the precision, the computational complexity, video memory 

occupation, floating-point operations per second (FLOPS), CPU usage, the inference speed, the 

inference duration, and the like, to obtain an optimal start point network under a condition 25 

limitation, and further quickly obtain a serial network. This can reduce a training process of 

obtaining the target neural network, and improve efficiency of subsequently obtaining the target 

neural network. 

[00130] In some possible scenarios, the target neural network may be used to perform one or 

more of image recognition, semantic segmentation, object detection, or the like. For example, the 30 

client device 240 may send the target task to the execution device 210. The target task may be an 
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image recognition task with accuracy of 80%, a semantic segmentation task with accuracy of 95%, 

a target detection task with inference duration of 100 ms, or the like. 

[00131] 602: Perform at least one time of transformation on the start point network based on a 

first search space, to obtain the serial network. 

[00132] After the start point network is selected, or the serial network does not meet a preset 5 

condition, or a trained serial network does not meet a termination condition, the at least one time 

of transformation may be performed on the start point network based on the first search space, and 

a transformed start point network is used as the serial network. The first search space includes a 

range of parameters used for transforming the start point network, for example, a value range of a 

depth or a value range of a width. 10 

[00133] The transformation in this step may be performing the at least one time of 

transformation on the start point network based on the first search space after the start point 

network is selected; or may be using the serial network that does not meet the preset condition or 

the trained serial network that does not meet the termination condition as a new start point network 

after it is determined that the serial network does not meet the preset condition (refer to the 15 

following step 603) or the trained serial network does not meet the termination condition (refer to 

the following step 605), and transforming the new start point network after the first search space 

is updated. It may be understood that, after it is determined that the serial network does not meet 

the preset condition or the trained serial network does not meet the termination condition, the serial 

network or the trained serial network may be used as the new start point network for transformation, 20 

so as to re-obtain a serial network. 

[00134] Specifically, a specific procedure of one of the at least one time of transformation 

performed on the start point network may include: searching the first search space for a 

transformation policy, namely, a group of parameters used for transforming the start point network, 

and transforming the start point network according to the transformation policy to obtain the 25 

transformed start point network, where a weight of the transformed start point network inherits a 

weight of the start point network before transformation; updating the weight of the transformed 

start point network by using a lightweight dataset, to obtain a start point network with an updated 

weight; evaluating the start point network with the updated weight to obtain a first evaluation result; 

determining whether the first evaluation result meets a preset update condition; and if the first 30 

evaluation result meets the update condition, re-searching the first search space for a 
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transformation policy and re-transforming the start point network according to the re-found 

transformation policy. When the start point network is re-transformed, the first search space may 

be re-searched for the transformation policy, and the re-found transformation policy is usually 

different from a transformation policy used in a previous time of transformation. 

[00135] It may be understood that, in this step, the start point network may be transformed for 5 

a plurality of times, and the weight is updated until a start point network that does not meet the 

update condition is obtained. In this process, a plurality of start point networks with updated 

weights are obtained. If a quantity of times of updating the start point networks reaches a limit 

value, an optimal start point network may be determined from the plurality of start point networks 

with updated weights as a final serial network. For example, if the start point network is 10 

transformed for the plurality of times to obtain the plurality of start point networks with updated 

weights, and precision of output results of the plurality of start point networks with updated 

weights is 50%, 60%, and 80% respectively, the start point network with precision is 80% is used 

as the final serial network. 

[00136] The following separately explains in more detail a transformation procedure of the start 15 

point network. 

[00137] Data included in the lightweight dataset is used to update the weight of the transformed 

start point network. It may be understood that the transformed start point network may be quickly 

trained based on the data included in the lightweight dataset, to efficiently update the weight of 

the transformed start point network. Specifically, the lightweight dataset may be data collected by 20 

the data collection device 260, or may be data sent by the client device to the execution device 210. 

For example, the data included in the lightweight dataset may be some data in a local ImageNet 

dataset, or the data included in the lightweight dataset may be some data included in the database 

230. 

[00138] Specifically, the first evaluation result may include but is not limited to a loss value of 25 

the start point network, a precision value of an output result, inference duration, or the like. 

Correspondingly, a specific process of evaluating the start point network may include: calculating 

a value of a loss function of the start point network, calculating accuracy of the output result of the 

start point network, calculating inference duration from input to output of the start point network, 

or the like, to obtain the first evaluation result. 30 

[00139] Optionally, the update condition may include but is not limited to one or more of the 
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following: a quantity of times of transformation performed on the start point network does not 

exceed a preset quantity of times, or the first evaluation result does not meet a preset convergence 

condition. The preset convergence condition may be determined based on data included in the first 

evaluation result. Specifically, the data included in the first evaluation result may be better than a 

threshold, or a difference between the data included in the first evaluation result and an evaluation 5 

result obtained in previous evaluation of the start point network is less than a preset value. For 

example, if the first evaluation result includes the loss value of the start point network, the 

convergence condition may be that the loss value is less than 20, or a difference between the first 

evaluation result and a loss value obtained in previous evaluation of the start point network is less 

than 10. For another example, if the first evaluation result includes a precision value of 10 

classification for the start point network, the convergence condition may be that the precision value 

is greater than 80%, or the convergence condition may be that a difference between a precision 

value obtained in current evaluation and a precision value obtained in previous evaluation of the 

start point network is less than 5%. 

[00140] The first search space includes the range of parameters used for transforming the start 15 

point network. The first search space may specifically include information related to each feature 

stage in the start point network, for example, a value range such as a width, a depth, or a location 

of downsampling of one stage. A feature stage in the start point network may be understood as a 

serial subnet. 

[00141] Generally, the start point network or the serial network may include a plurality of serial 20 

subnets, and each serial subnet may include one or more blocks. Specifically, the block included 

in the start point network may be classified into a basic block (BB), a bottle neck unit (BNB), a 

ResNeXt  block, and the like. 

[00142] In a possible implementation, types of parameters included in the first search space 

may include a width, a depth, a quantity of times of downsampling, a location of downsampling, 25 

and the like. The width includes a quantity of input channels and a quantity of output channels of 

a block included in each serial subnet in the start point network, the depth is a quantity of blocks 

included in each serial subnet in the start point network, downsampling is used to divide two 

adjacent serial subnets in the start point network, the quantity of times of downsampling is used to 

determine a quantity of serial subnets in the start point network, and the location of downsampling 30 

is used to divide two adjacent serial subnets. Downsampling may be understood as follows: in a 
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process in which each serial subnet of the start point network processes an image, the image may 

be processed after downsampling is performed on the image, to reduce an amount of data of the 

image that needs to be processed, thereby reducing a workload. Content included in the first search 

space includes, for example, a network depth: 8 to 60 blocks; a quantity of feature stages: 5 to 7 

feature stages, namely, a quantity of serial subnets; and a network width that represents a quantity 5 

of input channels and a quantity of output channels of a basic block in a serial subnet, and further, 

may be represented as a location at which a channel size in the serial network is doubled. 

[00143] For example, as shown in FIG. 7, the start point network may include four serial subnets, 

namely, a serial subnet 1, a serial subnet 2, a serial subnet 3, and a serial subnet 4 that are shown 

in FIG. 7. "1" indicates that an output channel of a corresponding block is one time of an input 10 

channel. Certainly, "1" herein may alternatively be replaced with "2", "3", or the like, which may 

be specifically adjusted based on an actual application scenario. "," indicates downsampling. For 

example, "," exists between a block 2 and a block 3, indicating that the block 2 and the block 3 are 

in different serial subnets. Specifically, in the process of processing the image, downsampling may 

be performed on the image, to reduce the amount of data of the image that needs to be processed, 15 

thereby reducing the workload. Currently, each serial subnet in the serial network may not perform 

downsampling on an image, in other words, amounts of data of images processed by all serial 

subnets are the same, thereby improving accuracy of a detection result. Specifically, whether to 

perform downsampling may be determined based on an actual application scenario. This is not 

limited in this application. 20 

[00144] Still further, a specific process of transforming the start point network may include: 

swapping blocks included in two adjacent serial subnets in the plurality of serial subnets, or may 

be understood as swapping locations of downsampling and blocks; or inserting a block into one or 

more of the plurality of serial subnets, where the inserted block is obtained by initializing a weight 

as an identity matrix and performing group normalization. For ease of understanding, a process of 25 

inserting the block into one or more of the plurality of serial subnets may be referred to as extension. 

That is, a transformation operation on the start point network may include swap or extension. For 

example, as shown in FIG. 8, a block 2 in a serial subnet 1 may be adjusted to a serial subnet 2, 

and a block 5 in a serial subnet 3 may be further adjusted to the serial subnet 2, that is, a location 

of downsampling "," is adjusted, so that the block 2 in the serial subnet 1 is adjusted to the serial 30 

subnet 2 and the block 5 in the serial subnet 3 is adjusted to the serial subnet 2. In addition, a block 
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8 may be further extended in a serial subnet 4. 

[00145] Correspondingly, a specific manner of transforming the start point network may include: 

searching the first search space for a transformation policy for transforming the start point network, 

where the transformation policy includes parameters used for transforming the start point network, 

for example, a width, a depth, a location of downsampling in the start point network, or a quantity 5 

of times of downsampling of each serial subnet in the start point network. Then, the width, the 

depth, the location of downsampling, the quantity of times of downsampling, or the like of each 

serial subnet in the start point network is adjusted according to the transformation policy, to obtain 

a transformed start point network. For example, when a depth of a serial subnet is less than a depth 

found in the transformation policy, a new block may be inserted into the serial subnet, to increase 10 

the depth of the serial subnet. For another example, when a width of a serial subnet is less than a 

width in the transformation policy, an input channel and an output channel of a block in the serial 

subnet may be adjusted, so that a transformed serial subnet complies with the width included in 

the transformation policy. 

[00146] In addition, during swap and extension, to enable the transformed start point network 15 

to inherit the weight of the start point network before transformation, the block for swap or 

extension further needs to be processed. Specifically, in a swap process, convolution steps of 

adjacent blocks may be changed, so that a swapped start point network may reload a network 

parameter, such as the weight, of the start point network before transformation, thereby reducing 

a workload of adjusting the network parameter of the start point network. In an extension process, 20 

a newly inserted unit is obtained by initializing a weight as an identity matrix and performing 

group normalization, so that a transformed start point network can inherit a parameter of the start 

point network before transformation. It may be understood that, after the block included in the 

start point network is swapped or extended, a structure of the swapped or extended block may be 

changed, so that the structure of the swapped or extended block is similar to a structure of a block 25 

in a corresponding serial subnet in the start point network. For example, a width of the newly 

inserted unit is the same as a width of an inserted serial subnet, or a width of a transformed block 

is the same as a width of a block before transformation, so that the weight of the start point network 

before transformation can be inherited, thereby reducing a weight training process. Therefore, in 

this implementation of this application, the transformed start point network can be quickly 30 

obtained in a short time, and an evaluation result of the transformed start point network can be 
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obtained, thereby improving efficiency of obtaining the serial network. 

[00147] 603: Determine whether the serial network meets the preset condition; and if yes, 

perform step 604; or if no, perform step 602. 

[00148] After the at least one time of transformation is performed on the start point network to 

obtain the serial network, it is determined whether the serial network meets the preset condition. 5 

If the serial network meets the preset condition, the serial network may be trained by using a preset 

dataset. If the serial network does not meet the preset condition, the serial network may be used as 

a new start point network, and the first search space continues to search for a transformation policy, 

to continue to transform the new start point network. 

[00149] In a possible implementation, the preset condition may include but is not limited to: a 10 

second evaluation result of the serial network meets a first preset evaluation condition, a quantity 

of times of transformation performed on the serial network exceeds a preset quantity of times of 

transformation, or a quantity of times of training of the serial network does not exceed a preset 

quantity of times of training, where the second evaluation result is obtained by evaluating the serial 

network. The second evaluation result may be the first evaluation result of the start point network 15 

obtained after the at least one time of transformation in step 602, or may be an evaluation result 

obtained by re-evaluating the serial network after the serial network is obtained. The second 

evaluation result may include but is not limited to a loss value of the start point network, a precision 

value of an output result, inference duration, or the like. Correspondingly, the first preset 

evaluation condition may include: the loss value of the start point network or the serial network is 20 

not greater than a first loss threshold, the precision value of the output result is greater than a first 

precision threshold, or the inference duration is less than a first inference threshold. The quantity 

of times of transformation performed on the serial network is a quantity of times of transformation 

performed on the start point network in step 602. The quantity of times of training of the serial 

network does not exceed the preset quantity of times of training, that is, the quantity of times of 25 

training of the serial network by using the preset dataset in the following step 604. 

[00150] 604: Train the serial network by using the preset dataset, to obtain the trained serial 

network. 

[00151] After it is determined that the start point network meets the preset condition, the serial 

network is trained by using the preset dataset, to obtain the trained serial network. 30 

[00152] The preset dataset may be understood as a full dataset, and includes a large amount of 
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training data. For example, if the target neural network is used to perform at least one of image 

recognition, semantic segmentation, or object detection, the full dataset may be an ImageNet 

dataset, and includes a large amount of image data. Therefore, in this implementation of this 

application, the start point network is not trained each time the start point network is transformed 

by using the ImageNet dataset. Instead, the serial network is trained only after the at least one time 5 

of transformation is performed on the start point network and the preset condition is met. This can 

reduce a workload of training the serial network, and improve efficiency of obtaining the target 

neural network. 

[00153] It may be understood that, generally, to improve accuracy of an output result of a finally 

obtained serial network, training needs to be performed by using a large quantity of datasets, for 10 

example, the ImageNet dataset or another dataset including a large amount of data. However, more 

resources need to be consumed for training by using the large quantity of datasets. In this 

application, the serial network is trained by using the large amount of data only after the serial 

network meets the preset condition, and training does not need to be performed after each 

transformation, thereby reducing the workload of training the serial network and improving 15 

efficiency of obtaining the final serial network. 

[00154] 605: Determine whether the trained serial network meets a termination condition; and 

if yes, perform step 606; or if no, perform step 602. 

[00155] After the serial network is trained by using the preset dataset, it is determined whether 

the trained serial network meets the termination condition. If the trained serial network meets the 20 

termination condition, the target neural network may be obtained based on the trained serial 

network, that is, step 606 is performed. If the trained serial network does not meet the termination 

condition, after the first search space is updated, the trained serial network may be used as a new 

start point network, the at least one time of transformation is performed on the new start point 

network, and then the transformed start point network is used as the serial network again. 25 

[00156] In a possible implementation, the termination condition may include but is not limited 

to: the second evaluation result of the serial network meets a second preset evaluation condition, 

or the quantity of times of training of the serial network exceeds the preset quantity of times of 

training. 

[00157] The second evaluation result may be the first evaluation result of the start point network 30 

obtained after the at least one time of transformation in step 602, or may be an evaluation result 
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obtained by re-evaluating the serial network after the serial network is obtained. The second 

evaluation result may include but is not limited to a loss value of the serial network, a precision 

value of an output result, inference duration, or the like. Correspondingly, the second preset 

evaluation condition may include: the loss value of the serial network is not greater than a second 

loss threshold, the precision value of the output result is greater than a second precision threshold, 5 

or the inference duration is less than a second inference threshold. The quantity of times of training 

of the serial network does not exceed the preset quantity of times of training, that is, the quantity 

of times of training of the serial network by using the preset dataset in the following step 604. 

[00158] It should be understood that the second preset evaluation condition herein may be the 

same as or different from the foregoing first preset evaluation condition. When the second preset 10 

evaluation condition is different from the foregoing first preset evaluation condition, generally, 

that a network corresponding to the second preset evaluation condition is better than a network 

corresponding to the first preset evaluation condition may be that the second loss threshold is lower 

than the first loss threshold, the second precision threshold is higher than the first precision 

threshold, or the second inference threshold is lower than the first inference threshold. 15 

[00159] 606: Obtain the target neural network based on the trained serial network. 

[00160] After it is determined that the trained serial network meets the termination condition, 

the target neural network may be obtained based on the trained serial network. 

[00161] In a possible implementation, the target task may be further obtained, and the target 

neural network is used to execute the target task. For example, before step 601, the target task may 20 

be obtained. In step 601, the start point network may be selected based on the target task, and the 

subsequently obtained target neural network may be used to execute the target task. 

[00162] Specifically, obtaining the target neural network based on the trained serial network 

may include: if the trained serial network meets an output condition, using the trained serial 

network as the target neural network; or if the trained serial network does not meet the output 25 

condition, obtaining a parallel subnet corresponding to the trained serial network, and constructing 

the target neural network based on the trained serial network and the parallel subnet corresponding 

to the trained serial network. 

[00163] Generally, the serial network includes a plurality of serial subnets, and each serial 

subnet includes one or more blocks. The obtaining a parallel subnet corresponding to the trained 30 

serial network may specifically include: determining, within a preset quantity range, a quantity of 
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parallel subnets corresponding to each serial subnet in the serial network; and constructing, based 

on the quantity of parallel subnets corresponding to each serial subnet, the parallel subnet 

corresponding to each serial subnet. In addition, a structure of the parallel subnet corresponding to 

each serial subnet is generally the same as a structure of the serial subnet. For example, if the 

quantity of parallel subnets corresponding to the serial subnet 1 is 1, one parallel subnet 5 

corresponding to the serial subnet 1 may be constructed. A structure of the parallel subnet is the 

same as that of the serial subnet 1, or is obtained after the serial subnet 1 is transformed. 

[00164] In a possible implementation, the constructing the target neural network based on the 

serial network and the parallel subnet corresponding to each serial subnet may include: 

constructing a temporary neural network based on the serial network and the parallel subnet 10 

corresponding to each serial subnet; evaluating the temporary neural network to obtain a third 

evaluation result; and if the third evaluation result meets the output condition, using the temporary 

neural network as the target neural network; or if the third evaluation result does not meet the 

output condition, re-obtaining a parallel subnet corresponding to the serial network. The third 

evaluation result is similar to the foregoing first evaluation result or the second evaluation result, 15 

and details are not described herein again. Still further, for a specific procedure of obtaining the 

target neural network by constructing the parallel subnet corresponding to each serial subnet in the 

serial network, refer to related descriptions of the following steps 1012 to 1017. Details are not 

described herein again. 

[00165] It may be understood that when the serial network meets the output condition, the serial 20 

network may be directly used as the target neural network, to efficiently and accurately obtain the 

target neural network. When the serial network meets the termination condition but does not meet 

the output condition, the parallel subnet corresponding to the trained serial network may be 

obtained, and the target neural network is constructed based on the trained serial network and the 

parallel subnet corresponding to the trained serial network. 25 

[00166] For example, as shown in FIG. 9, the serial network includes a serial subnet 1, a serial 

subnet 2, a serial subnet 3, and a serial subnet 4. A quantity of parallel subnets corresponding to 

the serial subnet 1 is 2, a quantity of parallel subnets corresponding to the serial subnet 2 is 3, a 

quantity of parallel subnets corresponding to the serial subnet 3 is 0, and a quantity of parallel 

subnets corresponding to the serial subnet 4 is 2. In a neural network shown in FIG. 9, a 30 

transmission direction from the serial subnet 1 to the serial subnet 4 is referred to as a row, and the 
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serial subnet 1 and the parallel subnets parallel to the serial subnet 1 are referred to as a column. 

Generally, after the structure of the parallel subnet corresponding to each serial subnet is 

constructed, two adjacent rows in a same column are usually connected. For example, as shown in 

FIG. 9, an input of a block 30 is an output of a block 20. When no adjacent parallel subnet exists 

in a same column of a parallel subnet, the parallel subnet may be connected to a serial subnet in 5 

an adjacent serial network. For example, an output of a block 6 in the serial subnet 3 may be used 

as inputs of a block 70 and a block 71, and the block 70 and the block 71 are blocks in parallel 

subnets corresponding to the serial subnet 4. 

[00167] In an optional implementation, the output condition may include but is not limited to: 

precision is greater than a first threshold; average precision is greater than a second threshold; the 10 

loss value is not greater than a third threshold; or the inference duration is not greater than a fourth 

threshold, and floating-point operations per second is not greater than a fifth threshold. The 

average precision is an average value of a plurality of precisions obtained by evaluating a neural 

network for a plurality of times, and the inference duration is duration for obtaining an output 

result from the neural network based on an input. 15 

[00168] Therefore, in this implementation of this application, the at least one time of 

transformation may be performed on the start point network to obtain the serial network. The serial 

network is trained by using the preset dataset only when the serial network meets the preset 

condition, and a transformed start point network does not need to be trained each time the start 

point network is transformed. This reduces a workload and improves efficiency of obtaining the 20 

target neural network. In addition, a transformed start point network may inherit a weight of the 

start point network before transformation and the inherited weight is updated by using the 

lightweight dataset, to quickly train the transformed start point network, quickly obtain a serial 

network that meets a requirement, and further improve efficiency of obtaining the target neural 

network. In addition, the neural network construction method provided in this application may 25 

adapt to different scenarios, and the serial network may be searched for based on different 

requirements. The neural network construction method provided in this application can be oriented 

to more complex visual tasks and has a strong generalization capability. Therefore, costs of 

constructing different neural networks can be reduced, output accuracy of the constructed neural 

networks can be improved, and user experience can be improved. 30 

[00169] The foregoing describes in detail the procedure of the neural network construction 
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method provided in this application. For ease of understanding, the following describes in more 

detail a complete procedure of the neural network construction method provided in this application 

by using an example. FIG. 10A and FIG. 10B are a schematic flowchart of another neural network 

construction method according to this application. The method includes the following steps. 

[00170] It should be noted that, for ease of understanding, in this application, construction of 5 

the target neural network is divided into a plurality of phases, including a first phase and a second 

phase. The first phase is a serial-searching phase, and is a process of obtaining the serial network. 

The second phase is a parallel-searching phase, and is a process of obtaining the parallel subnet 

and constructing the target neural network. The second phase is an optional phase. When the serial 

network obtained in the first phase meets the output condition, the serial network may be used as 10 

the target neural network, which may be specifically adjusted based on an actual application 

scenario. Details are separately described below. 

[00171] First phase: serial-searching phase 

[00172] 1001: Obtain a start point network. 

[00173] 1002: Search a first search space for a transformation policy. 15 

[00174] 1003: Transform the start point network to obtain a transformed start point network. 

[00175] 1004: Update a weight of the transformed start point network by using a lightweight 

dataset, to obtain a start point network with an updated weight. 

[00176] 1005: Evaluate the start point network with the updated weight to obtain a first 

evaluation result; and if the first evaluation result meets an update condition, perform step 1003; 20 

or if the first evaluation result does not meet the update condition, perform step 1006. 

[00177] 1006: Use the start point network with the updated weight as a serial network. 

[00178] 1007: Determine whether the serial network meets a preset condition; and if no, 

perform step 1002; or if yes, perform step 1008. 

[00179] 1008: Train the serial network by using a preset dataset to obtain a trained serial 25 

network. 

[00180] 1009: Determine whether the trained serial network meets a termination condition; and 

if yes, perform step 1010; or if no, perform step 1002. 

[00181] 1010: Determine whether the trained serial network meets an output condition; and if 

yes, perform step 1011; or if no, perform step 1012. 30 

[00182] 1011: Use the trained serial network as a backbone network of the target neural network. 
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[00183] For steps 1001 to 1011, refer to related descriptions in the foregoing steps 601 to 606. 

Details are not described herein again. 

[00184] For example, a scenario is used as an example. As shown in FIG. 11, the start point 

network includes a serial subnet 1, a serial subnet 2, a serial subnet 3, and a serial subnet 4. After 

the transformation policy is found in the first search space, the serial subnets included in the start 5 

point network are transformed, which may specifically include swap or extension. A convolution 

step of a swapped block may be changed, so that the block with the changed convolution step may 

inherit a weight of a serial subnet in the start point network before transformation. In addition, an 

extended block is obtained after group normalization is performed based on an identity matrix. 

Therefore, the extended block may also inherit a weight of a corresponding serial subnet. When 10 

the serial network, namely, the transformed start point network, meets the preset condition, the 

serial network may be further trained, that is, a reignite process is started, to obtain the target neural 

network. The preset condition may be understood as a trigger condition for performing a reignite 

on the serial network. If the transformed start point network does not meet the preset condition, 

the trained serial network is used as a new start point network, and the new start point network is 15 

re-transformed, so that a serial network that meets a stop condition can be subsequently obtained. 

[00185] Second phase: parallel-searching phase 

[00186] 1012: Determine, within a preset quantity range, a quantity of parallel subnets 

corresponding to each serial subnet in a plurality of serial subnets. 

[00187] After the serial network that meets the termination condition but does not meet the 20 

output condition is obtained, the quantity of parallel subnets corresponding to each serial subnet is 

determined within the preset quantity range, and the parallel subnet is constructed based on the 

quantity. 

[00188] For example, the serial network may include L feature stages, and a structure of a 

parallel subnet is the same as that of a serial subnet at a same feature stage. If a maximum quantity 25 

of parallel subnets allowed to exist at each feature stage is K, structures of the parallel subnets may 

be encoded as "𝑘1, 𝑘2, ..., 𝑘𝐿", and a second search space may be constructed. The second search 

space includes a range of a quantity of parallel subnets corresponding to each serial subnet, and is 

used to search and determine the quantity of parallel subnets corresponding to each serial subnet. 

A size of the second search space is 𝐾𝐿. For example, if a quantity of parallel subnets allowed to 30 

be added to each feature stage is 3, that is, K = 3, and a quantity of feature stages is 10, the size of 
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the second search space may be 310. In addition, "," may alternatively be used to segment feature 

stages of different resolution, that is, indicate a location of downsampling. Generally, between two 

adjacent feature stages, resolution corresponding to a latter feature stage is halved compared with 

resolution corresponding to a former feature stage. Certainly, the resolution corresponding to the 

latter feature stage may alternatively be the same as the resolution corresponding to the former 5 

feature stage. 

[00189] In addition, when the quantity of parallel subnets corresponding to each feature stage 

is searched within the preset quantity range, a random search manner may be used, or a preset 

resource constraint condition may be used as a constraint for sampling. For example, sampling 

may be performed by using FLOPS, inference duration, video memory usage, CPU usage, or the 10 

like as a resource constraint condition. For example, generally, a probability of adding a parallel 

subnet to each feature stage is inversely proportional to FLOPS of a to-be-added serial subnet, or 

a quantity of parallel subnets added to each feature stage is inversely proportional to the inference 

duration, the video memory usage, the CPU usage, or the like. Therefore, in this implementation 

of this application, sampling may be performed in a plurality of manners such as random sampling, 15 

an evolution algorithm, or a resource constraint condition, so that a quantity of parallel subnets 

corresponding to a requirement of a target task can be obtained, thereby accelerating a process of 

searching for the quantity of parallel subnets, and improving efficiency of obtaining the target 

neural network. 

[00190] 1013: Construct, based on the quantity of parallel subnets corresponding to each serial 20 

subnet, the parallel subnet corresponding to each serial subnet. 

[00191] After the quantity of parallel subnets corresponding to each serial subnet in the serial 

network is obtained, the parallel subnet corresponding to each serial subnet is constructed. 

Generally, a structure of a parallel subnet corresponding to each serial subnet is the same as a 

structure of a serial subnet in the corresponding serial network. For example, if a serial subnet in 25 

the serial network includes a block 2 and a block 3, and a quantity of corresponding parallel subnets 

is 3, the block 2 and the block 3 may be copied for three times, to obtain three parallel subnets. 

[00192] 1014: Construct a temporary neural network based on the serial network and the 

parallel subnet corresponding to each serial subnet. 

[00193] After the parallel subnet corresponding to each serial subnet in the serial network is 30 

constructed, the parallel subnet is added to the serial network to obtain the temporary neural 
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network. 

[00194] For example, as shown in FIG. 12, the serial network may include L feature stages, that 

is, L Stages. The serial network may be represented as 𝑆𝑒𝑟𝑖𝑎𝑙𝑁𝑒𝑡 = 𝑠𝐿(𝑠𝑙−1(. . 𝑠1(x))), 𝑙 =

1,2… . 𝐿, where x is input data of the serial network; 𝐿 is feature stages of the serial network, 

that is, a quantity of serial subnets included in the serial network; and 𝑠𝑙 represents a structure of 5 

a serial subnet at a 𝑙th feature stage. That the structure of the parallel subnet is the same as that of 

the serial subnet in the serial network at the same feature stage may be understood that a structure 

of a Stage1 in the serial network is the same as that of a parallel subnet Stage 1 at a same stage. 

For example, the structure of the parallel subnet corresponding to the serial subnet Stage 1 may be 

the same as that of the Stage 1. After the parallel subnet corresponding to each serial subnet is 10 

constructed, a connection manner of each parallel subnet is constructed. Generally, an input of a 

parallel subnet may be an output of a parallel subnet that is located in a same column in a previous 

feature stage. For example, 𝑝𝑙
𝑘 may be used to represent a kth parallel subnet at a first feature 

stage. Generally, an input of 𝑝𝑙
𝑘 is an output of 𝑝𝑙−1

𝑘 , and the rest may be deduced by analogy. If 

𝑝𝑙−1
𝑘   does not exist, an output of 𝑠𝑙−1  may be used as the input of 𝑝𝑙

𝑘 . Therefore, in this 15 

implementation of this application, after the serial network and the parallel subnet corresponding 

to each serial subnet are obtained, the temporary neural network may be constructed. 

[00195] 1015: Evaluate the temporary neural network to obtain a third evaluation result. 

[00196] After the temporary neural network is obtained, the temporary neural network may be 

evaluated to obtain the third evaluation result. 20 

[00197] Specifically, a process of evaluating the temporary neural network is similar to a 

process of evaluating the start point network or the serial network, and details are not described 

herein again. The third evaluation result may also include a loss value, precision, inference 

duration, FLOPS, average precision, and the like that correspond to an output result of the 

temporary neural network. 25 

[00198] 1016: Determine whether the third evaluation result meets the output condition; and if 

yes, perform step 1017; or if no, perform step 1012. 

[00199] After the third evaluation result of the temporary neural network is obtained, it is 

determined whether the third evaluation result meets the output condition. If the third evaluation 

result meets the output condition, the temporary neural network may be used as the target neural 30 

network or the backbone network of the target neural network. If the third evaluation result does 
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not meet the output condition, within the preset quantity range, the quantity of parallel subnets 

corresponding to each serial subnet may continue to be searched for, that is, steps 1012 to 1016 

are repeated, until an obtained evaluation result of the temporary neural network meets the output 

condition. 

[00200] Specifically, for the output condition, refer to related descriptions in step 606. Details 5 

are not described herein again. 

[00201] 1017: Use the temporary neural network as the backbone network of the target neural 

network. 

[00202] After it is determined that the output result of the temporary neural network meets the 

output condition, the temporary neural network may be used as the backbone network of the target 10 

neural network. 

[00203] Generally, the backbone network may complete object detection on an image, and the 

target neural network may be used to perform one or more of image recognition, semantic 

segmentation, or object detection. Therefore, based on the backbone network, another network 

may be further added, so that the target neural network separately implements different functions. 15 

For example, headers with different functions may be added, so that the target neural network has 

different functions, which may be specifically adjusted based on an actual application scenario. 

[00204] For example, as shown in FIG. 13, after the backbone network is found in the serial-

searching phase and the parallel-searching phase, an FPN, an RPN, and a Head are further added 

to the backbone network. The added FPN, RPN, and Head may be determined based on a specific 20 

requirement of the target task. For example, if image recognition, semantic segmentation, object 

detection, or the like needs to be performed, one or more Heads separately corresponding to image 

recognition, semantic segmentation, object detection, or the like may be added. Therefore, 

compared with using an existing classification network as the backbone network, in this 

implementation of this application, different functional networks may be added to the backbone 25 

network to adapt to different scenarios, so that the backbone network constructed in this 

application has a strong generalization capability, and may also have high precision in different 

scenarios, thereby improving efficiency of constructing the target neural network. 

[00205] Therefore, in this implementation of this application, a process of constructing the 

target neural network may be divided into two phases. In the serial-searching phase, the at least 30 

one time of transformation may be performed on the start point network to obtain the serial 
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network. The serial network is trained by using the preset dataset only when the serial network 

meets the preset condition, and a transformed start point network does not need to be trained each 

time the start point network is transformed. This reduces a workload and improves efficiency of 

obtaining the target neural network. In addition, a transformed start point network may inherit a 

weight of the start point network before transformation and the inherited weight is updated by 5 

using a lightweight dataset, to quickly train the transformed start point network, quickly obtain a 

serial network that meets a requirement, and further improve efficiency of obtaining the target 

neural network. In the parallel-searching phase, the quantity of parallel subnets corresponding to 

each serial subnet in the serial network may be searched for by using the resource constraint 

condition corresponding to the target task as a constraint, so that the target neural network 10 

constructed by the found parallel subnet meets both the resource constraint and the output 

condition, to obtain a neural network with a more accurate output result. 

[00206] For ease of understanding, the following describes, by using some specific application 

scenarios, effects implemented by the neural network construction method provided in this 

application. 15 

[00207] In a scenario in which the backbone network is trained by using different datasets, 

proportions of calculation amounts at different feature stages in the backbone network may be 

different. As shown in Table 1, for example, in different scenarios such as scenarios in which 

training is performed by using datasets such as ECP, BDD (Berkeley deep drive), COCO, and 

VOC (PASCAL VOC), different blocks such as a bottle neck unit (BNB), a basic block (BB), or a 20 

ResNeXt block (XB) are used as examples for description. 
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Table 1 

Dataset 

(dataset) 

Block type Target neural network structure 

Serial network Parallel subnet 

ECP BNB 111d1111,d1111,11d,1111,1111 0,2,1,1,0 

BDD 1111111111d,1111111111111111,d1111111111111

1111,d111111,111,1 

0,1,2,3,0,0 

COCO 1111d1,11111111d,11,111111111111111d,111111

111111,1 

0,0,0,0,0,2 

VOC BB 11d,1111,d111111111,d111,1,1111 0,0,0,0,0,0, 

COCO XB 1111,d1111,d111111111111111111111111,d11,1 1,0,2,1,2 

 

[00208] The first column indicates scenarios of different datasets, the second column indicates 

selection of network blocks, and the third column indicates a serial network structure in the serial-

searching phase. "," indicates that different resolution separate each feature stage phase, and 5 

resolution of a next phase is halved compared with that of a previous phase. "1" indicates a regular 

block whose input and output channels are not changed, that is, the output channel is twice the 

input channel. "d" indicates that a quantity of basic channels in the block is doubled, that is, "2". 

The last column indicates a found parallel network structure. "," indicates different feature stage 

phases, and a number indicates a quantity of parallel subnets added to the feature stage. 10 

[00209] The following briefly describes the different datasets. 

[00210] COCO: A COCO 2017 dataset includes 80 object classes with 118K images for training 

and 5K images for testing. 

[00211] The BDD is an autonomous driving dataset with 10 object classes, including 70K 

images for training and 10K images for testing. 15 

[00212] The VOC includes 20 object classes, and includes 10K images for training and 4.9K 

images for testing. 

[00213] The ECP is a largest pedestrian detection dataset and is classified into pedestrian and 

rider datasets, and includes 24K images for training and 4.3K images for testing. 

[00214] An evaluation criterion may include: average precision (AP), a running speed (Inf time), 20 

and a log-average miss rate (LAMR). The AP considers precision under different thresholds, and 
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average precision and average recall rates of objects of different sizes. The running speed: All 

methods are compared on a same graphics card to obtain a network architecture with higher 

precision at a same inference time. The LAMR indicates a log exponent of a quantity of positive 

cases in a testing set that are determined as negative cases/a quantity of desired positive cases 

found in the testing set plus a quantity of unwanted positive cases that are not detected. A lower 5 

criterion is better. 

[00215] It can be learned from structures of the serial network and the parallel subnet of the 

target neural network that are obtained from Table 1 that, in a case of a target-complex COCO 

dataset, more complex semantic information and a larger field of view region are required to detect 

a target in an image. In a EuroCity Persons (ECP) dataset, there are a large quantity of small objects 10 

of a single type. Therefore, more calculation amounts need to be invested in a feature stage in 

which more spatial information is retained. 

[00216] In addition, in different datasets, a backbone network (referred to as SPNet below) 

found by using the neural network construction method provided in this application is greatly 

better than a model obtained by using an existing manual design (such as ResNext, HRNet, and 15 

DetNet) and an automatic search algorithm (such as DetNAS or NAS-FPN) in terms of FLOPS 

and detection precision. 

[00217] In addition, on the COCO dataset, compared with a classic manually designed 

classification backbone network ResNext101, architectures SPNet (XB) and SPNet (BNB) found 

in this application reduce FLOPS by nearly half (8.1G vs 15.2G) when mAP is improved by 7%. 20 

Compared with another backbone network HRNet-w48 manually designed for a detection task, an 

architecture E5 found in this application improves mAP by nearly 6% at a similar running speed 

without using additional target segmentation labeling. Compared with object detection methods 

(such as AlignDet and NAS-FPN), the neural network construction method has significant 

advantages in running speed and detection performance. In the public datasets VOC and BDD by 25 

using an FPN detector, the backbone network found in this application has significant performance 

improvement in precision and speed compared with the manually designed ResNet network or 

other automatic search algorithms. Specifically, for example, in a VOC scenario, the SPNet is 

improved by 3.2% and 2.8% respectively compared with DetNAS and Auto-FPN AP50 solutions. 

In a BDD scenario, the SPNet is faster than Auto-FPN and mAP of the SPNet is improved by 14%. 30 

In addition, in a public dataset VOC scenario, compared with DetNAS and NAS-FPN, in this 
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application, an architecture with better performance can be obtained through searching in less time. 

In addition, the network architecture found in this application also has good generalization 

performance (all better than the manually designed backbone network ResNet101) on another 

dataset, and a more similar migration scenario (self-driving scenarios BDD and ECP) indicates 

better migration effect. 5 

[00218] The foregoing describes in detail the methods provided in this application, and the 

following describes apparatuses provided in this application. 

[00219] FIG. 14 is a schematic diagram of a structure of a neural network construction apparatus 

according to this application. The neural network construction apparatus may be configured to 

perform the procedures of the neural network construction methods shown in FIG. 6 to FIG. 13. 10 

The neural network construction apparatus includes: 

an obtaining module 1401, configured to obtain a start point network, where the start 

point network includes a plurality of serial subnets; 

a transformation module 1402, configured to perform at least one time of 

transformation on the start point network based on a preset first search space to obtain a serial 15 

network, where the first search space includes a range of parameters used for transforming the start 

point network; 

a training module 1403, configured to: if the serial network meets a preset condition, 

train the serial network by using a preset dataset to obtain a trained serial network; and 

a construction module 1404, configured to: if the trained serial network meets a 20 

termination condition, obtain a target neural network based on the trained serial network. 

[00220] In a possible implementation, the transformation module 1402 may be specifically 

configured to: search the preset first search space for a transformation policy, where the 

transformation policy includes a group of parameters used for transforming the start point network; 

transform the start point network according to the transformation policy to obtain a transformed 25 

start point network, where a weight of the transformed start point network is obtained by inheriting 

a weight of the start point network before transformation; update the weight of the transformed 

start point network by using a lightweight dataset, to obtain a start point network with an updated 

weight, where data included in the preset dataset is more than data included in the lightweight 

dataset; evaluate the start point network with the updated weight to obtain a first evaluation result; 30 

and if the first evaluation result meets a preset update condition, re-search the first search space 
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for a transformation policy, and re-transform the start point network according to the re-found 

transformation policy; or if the first evaluation result does not meet the preset update condition, 

use the start point network with the updated weight as the serial network. 

[00221] In a possible implementation, the neural network construction apparatus may further 

include: 5 

an update module 1405, configured to: if the serial network does not meet the preset 

condition, use the serial network as a new start point network; or if the trained serial network does 

not meet the termination condition, use the trained serial network as a new start point network; 

and update the first search space; and the transformation module is further configured to: re-search 

for a transformation policy based on an updated first search space, and re-transform the new start 10 

point network according to the re-found transformation . 

[00222] In a possible implementation, the update condition includes: a quantity of times of 

transformation performed on the start point network does not exceed a preset quantity of times, or 

the first evaluation result does not meet a preset convergence condition. The convergence condition 

includes one or more of the following: the first evaluation result is better than a threshold, or a 15 

difference between the first evaluation result and an evaluation result obtained in previous 

evaluation of the start point network is less than a preset value. 

[00223] In a possible implementation, the preset condition may include but is not limited to: a 

second evaluation result of the serial network meets a first preset evaluation condition, a quantity 

of times of transformation performed on the serial network exceeds a preset quantity of times of 20 

transformation, or duration from last time of transformation performed on the start point network 

exceeds a preset value, where the second evaluation result is obtained by evaluating the serial 

network. 

[00224] The first preset evaluation condition includes one or more of the following: a loss value 

of the serial network is not greater than a first loss threshold, a precision value of an output result 25 

of the serial network is greater than a first precision threshold, or inference duration of the serial 

network is less than a first inference threshold. 

[00225] In a possible implementation, each serial subnet in the start point network includes one 

or more blocks, and the transformation module 1402 may be specifically configured to: swap 

blocks included in two adjacent serial subnets in the plurality of serial subnets; or insert a block 30 

into one or more of the plurality of serial subnets, where the inserted block is obtained by 
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initializing a weight as an identity matrix and performing group normalization. 

[00226] In a possible implementation, the termination condition may include but is not limited 

to: the second evaluation result of the serial network meets a second preset evaluation condition, 

or a quantity of times of training of the serial network exceeds a preset quantity of times of training. 

[00227] In a possible implementation, the construction module 1404 may be specifically 5 

configured to: if the trained serial network meets an output condition, use the trained serial network 

as the target neural network; or if the trained serial network does not meet the output condition, 

obtain a parallel subnet corresponding to the trained serial network, and construct the target neural 

network based on the trained serial network and the parallel subnet corresponding to the trained 

serial network. 10 

[00228] In a possible implementation, the serial network includes a plurality of serial subnets, 

and each serial subnet includes one or more blocks. The construction module 1404 may be 

specifically configured to: determine, within a preset quantity range, a quantity of parallel subnets 

corresponding to each serial subnet in the plurality of serial subnets; and construct, based on the 

quantity of parallel subnets corresponding to each serial subnet, the parallel subnet corresponding 15 

to each serial subnet, where a structure of each serial subnet is the same as a structure of the parallel 

subnet corresponding to each serial subnet. 

[00229] In a possible implementation, the construction module 1404 may be specifically 

configured to: construct a temporary neural network based on the serial network and the parallel 

subnet corresponding to each serial subnet; evaluate the temporary neural network to obtain a third 20 

evaluation result; and if the third evaluation result meets the output condition, use the temporary 

neural network as the target neural network; or if the third evaluation result does not meet the 

output condition, re-obtain a parallel subnet corresponding to the serial network. 

[00230] In a possible implementation, the output condition includes but is not limited to one or 

more of the following: precision is greater than a first threshold; average precision is greater than 25 

a second threshold; the loss value is not greater than a third threshold; or the inference duration is 

not greater than a fourth threshold, and floating-point operations per second is not greater than a 

fifth threshold. The average precision is an average value of a plurality of precisions obtained by 

evaluating a neural network for a plurality of times, and the inference duration is duration for 

obtaining an output result from the neural network based on an input. 30 

[00231] In a possible implementation, types of parameters included in the first search space 
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may include but are not limited to a width, a depth, a quantity of times of downsampling, and a 

location of downsampling. The width includes a quantity of input channels and a quantity of output 

channels of a block included in each serial subnet in the start point network, the depth is a quantity 

of blocks included in each serial subnet in the start point network, and downsampling is used to 

divide two adjacent serial subnets in the start point network. 5 

[00232] In a possible implementation, the target neural network is used to perform at least one 

of image recognition, semantic segmentation, or object detection, and the preset dataset may 

include an ImageNet dataset. 

[00233] In a possible implementation, a specific manner of obtaining the start point network 

may include: obtaining a target task by using data input by a user, and then obtaining the start point 10 

network based on the target task. The constructed target neural network may be used to execute 

the target task. FIG. 15 is a schematic diagram of a structure of another neural network construction 

apparatus according to this application. 

[00234] The neural network construction apparatus may include a processor 1501 and a 

memory 1502. The processor 1501 and the memory 1502 are interconnected through a line. The 15 

memory 1502 stores program instructions and data. 

[00235] The memory 1502 stores program instructions and data corresponding to the steps in 

FIG. 4 or FIG. 8. 

[00236] The processor 1501 is configured to perform the method steps performed by the neural 

network construction apparatus shown in any one of the foregoing embodiments in FIG. 4 or FIG. 20 

8. 

[00237] Optionally, the neural network construction apparatus may further include a transceiver 

1503, configured to receive or send data. 

[00238] An embodiment of this application further provides a computer-readable storage 

medium. The computer-readable storage medium stores a program used to generate a vehicle travel 25 

speed. When the program is run on a computer, the computer is enabled to perform the steps in the 

methods described in the embodiments shown in FIG. 4 to FIG. 8. 

[00239] Optionally, the neural network construction apparatus shown in FIG. 15 is a chip. 

[00240] An embodiment of this application further provides a neural network construction 

apparatus. The neural network construction apparatus may also be referred to as a digital 30 

processing chip or a chip. The chip includes a processing unit and a communication interface. The 
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processing unit obtains program instructions through the communication interface, and when the 

program instructions are executed by the processing unit, the processing unit is configured to 

perform the method steps performed by the neural network construction apparatus shown in any 

one of the foregoing embodiments in FIG. 6 or FIG. 10A and FIG. 10B. 

[00241] An embodiment of this application further provides a digital processing chip. A circuit 5 

and one or more interfaces that are configured to implement functions of the processor 1501 or the 

processor 1501 are integrated into the digital processing chip. When a memory is integrated into 

the digital processing chip, the digital processing chip may complete the method steps in any one 

or more of the foregoing embodiments. When a memory is not integrated into the digital 

processing chip, the digital processing chip may be connected to an external memory through a 10 

communication interface. The digital processing chip implements, based on program code stored 

in the external memory, the actions performed by the neural network construction apparatus in the 

foregoing embodiments. 

[00242] An embodiment of this application further provides a computer program product. When 

the computer program product runs on a computer, the computer is enabled to perform the steps 15 

performed by the neural network construction apparatus in the methods described in the 

embodiments shown in FIG. 6 to FIG. 13. 

[00243] The neural network construction apparatus provided in embodiments of this application 

may be a chip. The chip includes a processing unit and a communication unit. The processing unit 

may be, for example, a processor, and the communication unit may be, for example, an 20 

input/output interface, a pin, or a circuit. The processing unit may execute computer-executable 

instructions stored in a storage unit, so that a chip in the server performs the neural network 

construction method described in the embodiments shown in FIG. 4 to FIG. 8. Optionally, the 

storage unit is a storage unit in the chip, for example, a register or a cache; or the storage unit may 

be a storage unit that is in a radio access device end and that is located outside the chip, for example, 25 

a read-only memory (ROM), another type of static storage device that can store static information 

and instructions, or a random access memory (RAM). 

[00244] Specifically, the processing unit or the processor may be a central processing unit 

(CPU), a neural network processing unit (NPU), a graphics processing unit (GPU), a digital signal 

processor (DSP), an application-specific integrated circuit (ASIC), a field programmable gate 30 

array (FPGA), another programmable logic device, a discrete gate, a transistor logic device, a 
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discrete hardware component, or the like. A general-purpose processor may be a microprocessor 

or any regular processor or the like. 

[00245] For example, refer to FIG. 16. FIG. 16 is a schematic diagram of a structure of a chip 

according to an embodiment of this application. The chip may be represented as a neural-network 

processing unit NPU 160. The NPU 160 is mounted to a host CPU as a coprocessor, and the host 5 

CPU allocates a task. A core part of the NPU is an operation circuit 1603, and a controller 1604 

controls the operation circuit 1603 to extract matrix data in a memory and perform a multiplication 

operation. 

[00246] In some implementations, the operation circuit 1603 includes a plurality of processing 

engines (PE) inside. In some implementations, the operation circuit 1603 is a two-dimensional 10 

systolic array. The operation circuit 1603 may alternatively be a one-dimensional systolic array or 

another electronic circuit capable of performing mathematical operations such as multiplication 

and addition. In some implementations, the operation circuit 1603 is a general-purpose matrix 

processor. 

[00247] For example, it is assumed that there is an input matrix A, a weight matrix B, and an 15 

output matrix C. The operation circuit fetches data corresponding to the matrix B from a weight 

memory 1602, and buffers the data on each PE in the operation circuit. The operation circuit 

fetches data of the matrix A from an input memory 1601 to perform a matrix operation on the 

matrix B, to obtain a partial result or a final result of the matrix, which is stored in an accumulator  

1608. 20 

[00248] A unified memory 1606 is configured to store input data and output data. Weight data 

is directly transferred to the weight memory 1602 by using a direct memory access controller 

(DMAC) 1605. The input data is also transferred to the unified memory 1606 by using the DMAC. 

[00249] A bus interface unit (BIU) 1610 is configured to interact with the DMAC and an 

instruction fetch buffer (IFB) 1609 through an AXI bus. 25 

[00250] The bus interface unit (BIU) 1610 is used by the instruction fetch buffer 1609 to obtain 

instructions from an external memory, and is further used by the direct memory access controller 

1605 to obtain original data of the input matrix A or the weight matrix B from the external memory. 

[00251] The DMAC is mainly configured to transfer input data in the external memory DDR to 

the unified memory 1606, transfer weight data to the weight memory 1602, or transfer input data 30 

to the input memory 1601. 
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[00252] A vector calculation unit 1607 includes a plurality of operation processing units. If 

required, further processing is performed on an output of the operation circuit, for example, vector 

multiplication, vector addition, an exponential operation, a logarithmic operation, or size 

comparison. The vector calculation unit 1107 is mainly configured to perform network calculation 

at a non-convolutional/fully connected layer in a neural network, for example, batch normalization, 5 

pixel-level summation, and upsampling on a feature map. 

[00253] In some implementations, the vector calculation unit 1607 can store a processed output 

vector in the unified memory 1606. For example, the vector calculation unit 1607 may apply a 

linear function or a non-linear function to the output of the operation circuit 1603, for example, 

perform linear interpolation on a feature map extracted at a convolutional layer. For another 10 

example, the linear function or the non-linear function is applied to a vector of an accumulated 

value to generate an activation value. In some implementations, the vector calculation unit 1607 

generates a normalized value, a pixel-level summation value, or both. In some implementations, 

the processed output vector can be used as an activation input into the operation circuit 1603, for 

example, to be used in a subsequent layer in the neural network. 15 

[00254] The instruction fetch buffer 1609 connected to the controller 1604 is configured to store 

instructions used by the controller 1604. 

[00255] The unified memory 1606, the input memory 1601, the weight memory 1602, and the 

instruction fetch buffer 1609 are all on-chip memories. The external memory is private for the 

NPU hardware architecture. 20 

[00256] An operation at each layer in a recurrent neural network may be performed by the 

operation circuit 1603 or the vector calculation unit 1607. 

[00257] The processor mentioned above may be a general-purpose central processing unit, a 

microprocessor, an ASIC, or one or more integrated circuits for controlling program execution of 

the methods in FIG. 6 to FIG. 13. 25 

[00258] In addition, it should be noted that the described apparatus embodiment is merely an 

example. The units described as separate parts may or may not be physically separate, and parts 

displayed as units may or may not be physical units, may be located in one position, or may be 

distributed on a plurality of network units. Some or all of the modules may be selected based on 

actual needs to achieve the objectives of the solutions of embodiments. In addition, in the 30 

accompanying drawings of the apparatus embodiments provided in this application, connection 



 

50 

relationships between modules indicate that the modules have communication connections with 

each other, which may be specifically implemented as one or more communication buses or signal 

cables. 

[00259] Based on the description of the foregoing implementations, a person skilled in the art 

may clearly understand that this application may be implemented by software in addition to 5 

necessary universal hardware, or certainly may be implemented by dedicated hardware, including 

a dedicated integrated circuit, a dedicated CPU, a dedicated memory, a dedicated component, and 

the like. Generally, any functions that can be performed by a computer program can be easily 

implemented by using corresponding hardware. Moreover, a specific hardware structure used to 

achieve a same function may be in various forms, for example, in a form of an analog circuit, a 10 

digital circuit, or a dedicated circuit. However, as for this application, software program 

implementation is a better implementation in most cases. Based on such an understanding, the 

technical solutions of this application essentially or the part contributing to the conventional 

technology may be implemented in a form of a computer software product t. The computer 

software product is stored in a readable storage medium, such as a floppy disk, a USB flash drive, 15 

a removable hard disk, a read-only memory (ROM), a random access memory (RAM), a magnetic 

disk, or an optical disc of a computer, and includes several instructions for instructing a computer 

device (which may be a personal computer, a server, a network device, or the like) to perform the 

methods described in the embodiments of this application. 

[00260] All or some of the foregoing embodiments may be implemented by using software, 20 

hardware, firmware, or any combination thereof. When software is used to implement the 

embodiments, all or a part of the embodiments may be implemented in a form of a computer 

program product. 

[00261] The computer program product includes one or more computer instructions. When the 

computer instructions are loaded and executed on the computer, the procedures or functions 25 

according to embodiments of this application are all or partially generated. The computer may be 

a general-purpose computer, a special-purpose computer, a computer network, or other 

programmable apparatuses. The computer instructions may be stored in a computer-readable 

storage medium or may be transmitted from a computer-readable storage medium to another 

computer-readable storage medium. For example, the computer instructions may be transmitted 30 

from a website, computer, server, or data center to another website, computer, server, or data center 



 

51 

in a wired (for example, a coaxial cable, an optical fiber, or a digital subscriber line (DSL)) or 

wireless (for example, infrared, radio, or microwave) manner. The computer-readable storage 

medium may be any usable medium accessible by a computer, or a data storage device, such as a 

server or a data center, integrating one or more usable media. The usable medium may be a 

magnetic medium (for example, a floppy disk, a hard disk, or a magnetic tape), an optical medium 5 

(for example, a DVD), a semiconductor medium (for example, a solid-state disk (SSD)), or the 

like. 

[00262] In the specification, claims, and accompanying drawings of this application, the terms 

"first", "second", "third", "fourth", and so on (if existent) are intended to distinguish between 

similar objects but do not necessarily indicate a specific order or sequence. It should be understood 10 

that data termed in such a way is interchangeable in proper circumstances, so that embodiments 

described herein can be implemented in other orders than the order illustrated or described herein. 

In addition, the terms "include" and "have" and any other variants are intended to cover the non-

exclusive inclusion. For example, a process, method, system, product, or device that includes a list 

of steps or units is not necessarily limited to those expressly listed steps or units, but may include 15 

other steps or units not expressly listed or inherent to such a process, method, product, or device. 

[00263] Finally, it should be noted that the foregoing descriptions are merely specific 

implementations of this application, but the protection scope of this application is not limited 

thereto. Any variation or replacement readily figured out by a person skilled in the art within the 

technical scope disclosed in this application shall fall within the protection scope of this application. 20 

Therefore, the protection scope of this application shall be subject to the protection scope of the 

claims. 
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CLAIMS 

What is claimed is: 

1. A neural network construction method, comprising: 

obtaining a start point network, wherein the start point network comprises a plurality of serial 

subnets; 5 

performing at least one time of transformation on the start point network based on a first 

search space to obtain a serial network, wherein the first search space comprises a range of 

parameters used for transforming the start point network; 

if the serial network meets a preset condition, training the serial network by using a preset 

dataset to obtain a trained serial network; and 10 

if the trained serial network meets a termination condition, obtaining a target neural network 

based on the trained serial network. 

2. The method according to claim 1, wherein one of the at least one time of transformation 

performed on the start point network based on the first search space comprises: 

searching the first search space for a transformation policy, wherein the transformation policy 15 

comprises a group of parameters used for transforming the start point network; 

transforming the start point network according to the transformation policy to obtain a 

transformed start point network, wherein a weight of the transformed start point network inherits 

a weight of the start point network before transformation; 

updating the weight of the transformed start point network by using a lightweight dataset, to 20 

obtain a start point network with an updated weight, wherein data comprised in the preset dataset 

is more than data comprised in the lightweight dataset; 

evaluating the start point network with the updated weight to obtain a first evaluation result; 

and 

if the first evaluation result meets a preset update condition, re-searching the first search space 25 

for a transformation policy, and re-transforming the start point network according to the re-found 

transformation policy; or 

if the first evaluation result does not meet the preset update condition, using the start point 

network with the updated weight as the serial network. 

3. The method according to claim 2, wherein the method further comprises: 30 
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if the serial network does not meet the preset condition, using the serial network as a new 

start point network; or if the trained serial network does not meet the termination condition, using 

the trained serial network as a new start point network; and 

updating the first search space, searching for a transformation policy based on an updated 

first search space, and transforming the new start point network according to the found 5 

transformation policy. 

4. The method according to claim 2 or 3, wherein the preset update condition comprises: a 

quantity of times of transformation performed on the start point network does not exceed a preset 

quantity of times, or the first evaluation result does not meet a preset convergence condition, 

wherein the preset convergence condition comprises one or more of the following: the first 10 

evaluation result is better than a threshold, or a difference between the first evaluation result and 

an evaluation result obtained in previous evaluation of the start point network is less than a preset 

value. 

5. The method according to any one of claims 2 to 4, wherein the preset condition comprises: 

a second evaluation result of the serial network meets a first preset evaluation condition, a quantity 15 

of times of transformation performed on the serial network exceeds a preset quantity of times of 

transformation, or duration from last time of transformation performed on the start point network 

exceeds a preset value, wherein the second evaluation result is obtained by evaluating the serial 

network; and 

the first preset evaluation condition comprises one or more of the following: a loss value of 20 

the serial network is not greater than a first loss threshold, a precision value of an output result of 

the serial network is greater than a first precision threshold, or inference duration of the serial 

network is less than a first inference threshold. 

6. The method according to any one of claims 1 to 5, wherein each serial subnet in the start 

point network comprises one or more blocks, and the transforming the start point network 25 

comprises: 

swapping blocks comprised in two adjacent serial subnets in the plurality of serial subnets; 

or 

inserting a processed block into at least one serial subnet in the plurality of serial subnets, 

wherein the processed block is obtained by initializing a weight of a block as an identity matrix 30 

and/or performing group normalization on the block. 
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7. The method according to any one of claims 1 to 6, wherein the termination condition 

comprises: 

the second evaluation result of the serial network meets a second preset evaluation condition, 

or a quantity of times of training of the serial network exceeds a preset quantity of times of training. 

8. The method according to any one of claims 1 to 7, wherein the obtaining a target neural 5 

network based on the trained serial network comprises: 

if the trained serial network meets an output condition, using the trained serial network as the 

target neural network; or 

if the trained serial network does not meet the output condition, obtaining a parallel subnet 

corresponding to the trained serial network, and constructing the target neural network based on 10 

the trained serial network and the parallel subnet corresponding to the trained serial network. 

9. The method according to claim 8, wherein the serial network comprises a plurality of serial 

subnets, and each serial subnet comprises one or more blocks; and 

the obtaining a parallel subnet corresponding to the trained serial network comprises: 

determining, within a preset quantity range, a quantity of parallel subnets corresponding to 15 

each serial subnet in the plurality of serial subnets; and 

constructing, based on the quantity of parallel subnets corresponding to each serial subnet, 

the parallel subnet corresponding to each serial subnet, wherein a structure of each serial subnet is 

the same as a structure of the parallel subnet corresponding to each serial subnet. 

10. The method according to claim 9, wherein the constructing the target neural network 20 

based on the trained serial network and the parallel subnet corresponding to the trained serial 

network comprises: 

constructing a temporary neural network based on the trained serial network and the parallel 

subnet corresponding to each serial subnet; 

evaluating the temporary neural network to obtain a third evaluation result; and 25 

if the third evaluation result meets the output condition, using the temporary neural network 

as the target neural network; or 

if the third evaluation result does not meet the output condition, re-obtaining a parallel subnet 

corresponding to each serial subnet. 

11. The method according to any one of claims 8 to 10, wherein the output condition 30 

comprises one or more of the following: precision is greater than a first threshold; average 
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precision is greater than a second threshold; the loss value is not greater than a third threshold; or 

the inference duration is not greater than a fourth threshold, and floating-point operations per 

second is not greater than a fifth threshold, wherein the average precision is an average value of a 

plurality of precisions obtained by evaluating a neural network for a plurality of times, and the 

inference duration is duration for obtaining an output result from the neural network based on an 5 

input. 

12. The method according to any one of claims 1 to 11, wherein types of parameters 

comprised in the first search space comprise: a width, a depth, a quantity of times of downsampling, 

and a location of downsampling, wherein the width comprises a quantity of input channels and a 

quantity of output channels of a block comprised in each serial subnet in the start point network, 10 

the depth is a quantity of blocks comprised in each serial subnet in the start point network, and 

downsampling is used to divide two adjacent serial subnets in the start point network. 

13. The method according to any one of claims 1 to 12, wherein the target neural network is 

used to perform at least one of image recognition, semantic segmentation, or object detection, and 

the preset dataset comprises an ImageNet dataset. 15 

14. A neural network construction apparatus, comprising: 

an obtaining module, configured to obtain a start point network, wherein the start point 

network comprises a plurality of serial subnets; 

a transformation module, configured to perform at least one time of transformation on the 

start point network based on a first search space to obtain a serial network, wherein the first search 20 

space comprises a range of parameters used for transforming the start point network; 

a training module, configured to: if the serial network meets a preset condition, train the serial 

network by using a preset dataset to obtain a trained serial network; and 

a construction module, configured to: if the trained serial network meets a termination 

condition, obtain a target neural network based on the trained serial network. 25 

15. The neural network construction apparatus according to claim 14, wherein the 

transformation module is specifically configured to: 

search the first search space for a transformation policy, wherein the transformation policy 

comprises a group of parameters used for transforming the start point network; 

transform the start point network according to the transformation policy to obtain a 30 

transformed start point network, wherein a weight of the transformed start point network inherits 
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a weight of the start point network before transformation; 

update the weight of the transformed start point network by using a lightweight dataset, to 

obtain a start point network with an updated weight, wherein data comprised in the preset dataset 

is more than data comprised in the lightweight dataset; 

evaluate the start point network with the updated weight to obtain a first evaluation result; 5 

and 

if the first evaluation result meets a preset update condition, re-search the first search space 

for a transformation policy, and re-transform the start point network according to the re-found 

transformation policy; or 

if the first evaluation result does not meet the preset update condition, use the start point 10 

network with the updated weight as the serial network. 

16. The neural network construction apparatus according to claim 15, wherein the neural 

network construction apparatus further comprises: 

an update module, configured to: if the serial network does not meet the preset condition, use 

the serial network as a new start point network; or if the trained serial network does not meet the 15 

termination condition, use the trained serial network as a new start point network; and update the 

first search space; and 

the transformation module is further configured to: search for a transformation policy based 

on an updated first search space, and transform the new start point network according to the found 

transformation policy. 20 

17. The neural network construction apparatus according to claim 15 or 16, wherein the 

update condition comprises: a quantity of times of transformation performed on the start point 

network does not exceed a preset quantity of times, or the first evaluation result does not meet a 

preset convergence condition, wherein the convergence condition comprises one or more of the 

following: the first evaluation result is better than a threshold, or a difference between the first 25 

evaluation result and an evaluation result obtained in previous evaluation of the start point network 

is less than a preset value. 

18. The neural network construction apparatus according to any one of claims 15 to 17, 

wherein the preset condition comprises: a second evaluation result of the serial network meets a 

first preset evaluation condition, a quantity of times of transformation performed on the serial 30 

network exceeds a preset quantity of times of transformation, or duration from last time of 
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transformation performed on the start point network exceeds a preset value, wherein the second 

evaluation result is obtained by evaluating the serial network; and 

the first preset evaluation condition comprises one or more of the following: a loss value of 

the serial network is not greater than a first loss threshold, a precision value of an output result of 

the serial network is greater than a first precision threshold, or inference duration of the serial 5 

network is less than a first inference threshold. 

19. The neural network construction apparatus according to any one of claims 14 to 18, 

wherein each serial subnet in the start point network comprises one or more blocks, and the 

transformation module is specifically configured to: 

swap blocks comprised in two adjacent serial subnets in the plurality of serial subnets; or 10 

insert a processed block into one or more of the plurality of serial subnets, wherein the 

processed block is obtained by initializing a weight of a block as identity matrix and/or performing 

group normalization on the block. 

20. The neural network construction apparatus according to any one of claims 14 to 19, 

wherein the termination condition comprises: 15 

the second evaluation result of the serial network meets a second preset evaluation condition, 

or a quantity of times of training of the serial network exceeds a preset quantity of times of training. 

21. The neural network construction apparatus according to any one of claims 14 to 20, 

wherein the construction module is specifically configured to: 

if the trained serial network meets an output condition, use the trained serial network as the 20 

target neural network; or 

if the trained serial network does not meet the output condition, obtain a parallel subnet 

corresponding to the trained serial network, and construct the target neural network based on the 

trained serial network and the parallel subnet corresponding to the trained serial network. 

22. The neural network construction apparatus according to claim 21, wherein the serial 25 

network comprises a plurality of serial subnets, and each serial subnet comprises one or more 

blocks; and 

the construction module is specifically configured to: 

determine, within a preset quantity range, a quantity of parallel subnets corresponding to each 

serial subnet in the plurality of serial subnets; and 30 

construct, based on the quantity of parallel subnets corresponding to each serial subnet, the 
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parallel subnet corresponding to each serial subnet, wherein a structure of each serial subnet is the 

same as a structure of the parallel subnet corresponding to each serial subnet. 

23. The neural network construction apparatus according to claim 22, wherein the 

construction module is specifically configured to: 

construct a temporary neural network based on the trained serial network and the parallel 5 

subnet corresponding to each serial subnet; 

evaluate the temporary neural network to obtain a third evaluation result; and 

if the third evaluation result meets the output condition, use the temporary neural network as 

the target neural network; or 

if the third evaluation result does not meet the output condition, re-obtain a parallel subnet 10 

corresponding to the serial network. 

24. The neural network construction apparatus according to any one of claims 21 to 23, 

wherein the output condition comprises one or more of the following: precision is greater than a 

first threshold; average precision is greater than a second threshold; the loss value is not greater 

than a third threshold; or the inference duration is not greater than a fourth threshold, and floating-15 

point operations per second is not greater than a fifth threshold, wherein the average precision is 

an average value of a plurality of precisions obtained by evaluating a neural network for a plurality 

of times, and the inference duration is duration for obtaining an output result from the neural 

network based on an input. 

25. The neural network construction apparatus according to any one of claims 14 to 24, 20 

wherein types of parameters comprised in the first search space comprise: a width, a depth, a 

quantity of times of downsampling, and a location of downsampling, wherein the width comprises 

a quantity of input channels and a quantity of output channels of a block comprised in each serial 

subnet in the start point network, the depth is a quantity of blocks comprised in each serial subnet 

in the start point network, and downsampling is used to divide two adjacent serial subnets in the 25 

start point network. 

26. The neural network construction apparatus according to any one of claims 14 to 25, 

wherein the target neural network is used to perform at least one of image recognition, semantic 

segmentation, or object detection, and the preset dataset comprises an ImageNet dataset. 

27. A neural network construction apparatus, comprising a processor, wherein the processor 30 

is coupled to a memory, the memory stores a program instructions, and when the program 
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instructions stored in the memory are executed by the processor, the method according to any one 

of claims 1 to 13 is implemented. 

28. A computer-readable storage medium, comprising a program, wherein when the program 

is executed by a processing unit, the method according to any one of claims 1 to 13 is performed. 

29. A neural network construction apparatus, comprising a processing unit and a 5 

communication interface, wherein the processing unit obtains program instructions through the 

communication interface, and when the program instructions are executed by the processing unit, 

the method according to any one of claims 1 to 13 is implemented. 

  


