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TECHNICAL FIELD 

 
The present application relates to computer vision technologies, and in 

particular, to a convolution acceleration and computing processing method and 

apparatus, an electronic device, and a storage medium. 20 

 
 

BACKGROUND 

 
As an information processing technology that simulates biological neural 25 

structures, neural networks have developed rapidly in recent years. Neural networks 

have very powerful nonlinear mapping capabilities. Deep Convolutional Neural 

Network (CNN) has shown significant performance in various computer vision tasks 

such as image classification, object detection, and semantic segmentation. 

Due to the need to process a feature map of a region in an image, the 30 

computing accuracy of the CNN is increased, and the computing complexity is also 

multiplied. For the huge computing pressure, a Graphics Processing Unit (GPU), a 

Field Programmable Gate Array (FPGA), an Application Specific Integrated Circuit 

(ASIC), and other hardware accelerators are used to accelerate the computing process 

of the CNN. In existing accelerators, an FPGA is an efficient accelerator in an 35 
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embedded platform, and has the characteristics of reconfigurability, parallel 

computing, short development cycle, low power consumption, and high flexibility. In 

recent years, the technology of accelerating a CNN by using an FPGA has been 

rapidly developed. 
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SUMMARY 

 
Embodiments of the present application provide technical solutions for 

accelerating a CNN by using an FPGA, including: convolution acceleration methods 10 

and accelerators, convolution processing methods and apparatuses, electronic devices, 

and computer storage media. 

A convolution acceleration method provided according to one aspect of the 

embodiments of the present application includes: 

reading data to be processed of a preset size in a task to be processed from an 15 

off-chip memory of an accelerator sequentially through a First Input First Output 

(FIFO) port, and storing the data to be processed into at least one input buffer of a 

first buffer in an on-chip memory of the accelerator, where the on-chip memory 

includes a first buffer, a second buffer, and a third buffer, the first buffer includes at 

least one input buffer, and at least one set of convolution kernel data is buffered in the 20 

second buffer; in response to data to be processed being stored into an input buffer, 

reading input window data to be processed from the at least one input buffer 

sequentially and performing convolution on the input window data to be processed by 

using the convolution kernel data to obtain output window data and storing the output 

window data in the third buffer; and  25 

storing the output window data in the third buffer into the off-chip memory 

sequentially through the FIFO port. 

A convolution processing method provided according to another aspect of the 

embodiments of the present application includes: 

converting input window data to be processed through a second constant 30 

matrix to obtain converted input window data; 

performing a matrix dot product operation on the converted input window data 

and convolution kernel data to obtain a matrix subjected to dot product, where the 

convolution kernel data is obtained by converting a convolution kernel through a first 
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constant matrix; and 

converting the matrix subjected to dot product through a third constant matrix 

to obtain a convolution result. 

A convolution accelerator provided according to yet another aspect of the 

embodiments of the present application includes: 5 

a data reading module, configured to read data to be processed of a preset size 

in a task to be processed from an off-chip memory of the accelerator sequentially 

through a FIFO port, and store the data to be processed into at least one input buffer 

of a first buffer; 

the first buffer, including at least one input buffer and configured to buffer the 10 

data to be processed;  

a second buffer, configured to buffer at least one set of convolution kernel 

data; 

a computing module, configured to read input window data to be processed 

from the at least one input buffer sequentially when data to be processed is stored into 15 

an input buffer, perform convolution on the input window data to be processed by 

using the convolution kernel data, and obtain output window data and store the output 

window data in the third buffer; 

a third buffer, including at least one output buffer and configured to buffer the 

output window data; and 20 

a data output module, configured to store the output window data in the third 

buffer into the off-chip memory sequentially through the FIFO port. 

A convolution processing apparatus provided according to yet another aspect 

of the embodiments of the present application includes: 

a first conversion module, configured to convert input window data to be 25 

processed through a second constant matrix to obtain converted input window data; 

a dot product module, configured to perform a matrix dot product operation on 

the converted input window data and convolution kernel data to obtain a matrix 

subjected to dot product, where the convolution kernel data is obtained by converting 

a convolution kernel through a first constant matrix; and 30 

a second conversion module, configured to convert the matrix subjected to dot 

product through a third constant matrix to obtain a convolution result. 

An electronic device provided according to yet another aspect of the 
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embodiments of the present application includes the convolution accelerator 

according to any one of the embodiments of the present application. 

Another electronic device provided according to yet another aspect of the 

embodiments of the present application includes: 

a memory, configured to store executable instructions; and 5 

a processor, configured to communicate with the memory to execute the 

executable instructions to implement the operations of the convolution acceleration 

method according to any of the embodiments of the present application. 

A computer storage medium provided according to yet another aspect of the 

embodiments of the present application is used for storing computer-readable 10 

instructions, where the instructions, when being executed, implements the operations 

of the convolution acceleration method according to any of the embodiments of the 

present application. 

Yet another electronic device provided according to yet another aspect of the 

embodiments of the present application includes the convolution processing apparatus 15 

according to any one of the embodiments of the present application. 

Another electronic device provided according to yet another aspect of the 

embodiments of the present application includes: 

a memory, configured to store executable instructions; and 

a processor, configured to communicate with the memory to execute the 20 

executable instructions to implement the operations of the convolution processing 

method according to any of the embodiments of the present application. 

A computer storage medium provided according to yet another aspect of the 

embodiments of the present application is used for storing computer-readable 

instructions, where the instructions, when being executed, implements the operations 25 

of the convolution processing method according to any of the embodiments of the 

present application. 

According to the convolution acceleration methods and accelerators and the 

corresponding electronic devices and computer storage media provided in the above 

embodiments of the present application, the on-chip memory of the accelerator 30 

includes a first buffer, a second buffer, and a third buffer, the first buffer includes at 

least one input buffer, and at least one set of convolution kernel data is buffered in the 

second buffer. Data to be processed of a preset size in a task to be processed is read 
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from an off-chip memory of an accelerator sequentially through a FIFO port, and is 

stored into at least one input buffer of a first buffer in an on-chip memory of the 

accelerator; in response to data to be processed being stored into an input buffer, input 

window data to be processed is read from the at least one input buffer sequentially, 

convolution is performed on the input window data to be processed by using 5 

convolution kernel data, and output window data is obtained and stored in a third 

buffer; and then the output window data in the third buffer is stored into the off-chip 

memory sequentially through the FIFO port. According to the embodiments of the 

present application, data to be processed of a preset size in a task to be processed is 

read from an off-chip memory of an accelerator and stored into the on-chip memory 10 

for processing each time, and pipeline processing for procedures such as reading data 

to be processed from the off-chip memory and storing it on the on-chip memory, and 

performing convolution processing on the data to be processed is implemented. The 

embodiments of the present application can make full use of the on-chip memory of 

the accelerator and bandwidth, Digital Signal Processor (DSP) and other resources, 15 

significantly improve the efficiency of convolution processing, and may be applied to 

a hardware platform such as an FPGA and an ASIC, thereby implementing 

convolution acceleration processing on the hardware platform such as an FPGA and 

an ASIC. When the embodiments of the present application are applied to an FPGA 

platform, the advantages of reconfigurability, parallel computing, short development 20 

cycle, low power consumption, and high flexibility of the FPGA platform may be 

fully utilized. 

According to the convolution processing methods and apparatuses and the 

corresponding electronic devices and computer storage media provided in the above 

embodiments of the present application, for any input channel and any output channel, 25 

input window data to be processed may be converted through a second constant 

matrix to obtain converted input window data; a matrix dot product operation is 

performed on the converted input window data and convolution kernel data to obtain 

a matrix subjected to dot product; and the matrix subjected to dot product is converted 

through a third constant matrix to obtain a convolution result. The embodiments of the 30 

present application provide a method for performing surface-to-surface convolution 

on input window data based on a Winograd algorithm. Compared with a conventional 

point-to-point convolution algorithm, the number of multiplications is reduced, and 
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thus, the occupation of processor resources is reduced and the computing efficiency is 

improved. The embodiments of the present application may be applied to a hardware 

platform such as an FPGA and an ASIC, thereby implementing convolution 

acceleration processing on the hardware platform such as an FPGA and an ASIC. 

When the embodiments of the present application are applied to an FPGA platform, 5 

the advantages of reconfigurability, parallel computing, short development cycle, low 

power consumption, and high flexibility of the FPGA platform may be fully utilized. 

The following further describes in detail the technical solutions of the present 

application with reference to the accompanying drawings and embodiments. 
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BRIEF DESCRIPTION OF DRAWINGS 

 
The accompanying drawings constituting a part of the specification describe 

the embodiments of the present application and are intended to explain the principles 15 

of the present application together with the descriptions. 

According to the following detailed descriptions, the present application may 

be understood more clearly with reference to the accompanying drawings. 

FIG. 1 is a flowchart of an embodiment of a convolution acceleration method 

according to the present application. 20 

FIG. 2 is a diagram showing an example of an on-chip memory in 

embodiments of the present application. 

FIG. 3 is a flowchart of an embodiment of performing convolution on input 

window data to be processed in embodiments of the present application. 

FIG. 4 is a schematic diagram of performing computing processing operations 25 

on Pn input channels in parallel in embodiments of the present application. 

FIG. 5 is a schematic diagram of performing computing processing operations 

on Pm output channels in parallel in embodiments of the present application. 

FIG. 6 is a flowchart of an embodiment of a convolution processing method 

according to the present application. 30 

FIG. 7 is a flowchart of another embodiment of a convolution processing 

method according to the present application. 

FIG. 8 is a schematic diagram of a computing process according to 

embodiments shown in FIGS. 3, 7, and 8. 
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FIG. 9 is a schematic structural diagram of an embodiment of a convolution 

accelerator according to the present application. 

FIG. 10 is a schematic structural diagram of an embodiment of a computing 

module according to embodiments of the present application. 

FIG. 11 is a schematic structural diagram of an embodiment of a convolution 5 

processing apparatus according to the present application. 

FIG. 12 is a schematic structural diagram of another embodiment of a 

convolution processing apparatus according to the present application. 

FIG. 13 is a schematic structural diagram of an application embodiment of an 

electronic device according to the present application. 10 

 
 

DETAILED DESCRIPTION 

 
Various exemplary embodiments of the present application are now described 15 

in detail with reference to the accompanying drawings. It should be noted that, unless 

otherwise stated specifically, relative arrangement of the components and steps, the 

numerical expressions, and the values set forth in the embodiments are not intended to 

limit the scope of the present application. 

In addition, it should be understood that, for ease of description, the size of 20 

each part shown in the accompanying drawings is not drawn in actual proportion. 

The following descriptions of at least one exemplary embodiment are merely 

illustrative actually, and are not intended to limit the present application and the 

applications or uses thereof. 

Technologies, methods and devices known to a person of ordinary skill in the 25 

related art may not be discussed in detail, but such technologies, methods and devices 

should be considered as a part of the specification in appropriate situations. 

It should be noted that similar reference numerals and letters in the following 

accompanying drawings represent similar items. Therefore, once an item is defined in 

an accompanying drawing, the item does not need to be further discussed in the 30 

subsequent accompanying drawings. 

The embodiments of the present application may be applied to electronic 

devices such as terminal devices, computer systems, and servers, which may operate 

with numerous other general-purpose or special-purpose computing system 
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environments or configurations. Examples of well-known terminal devices, 

computing systems, environments, and/or configurations suitable for use together 

with the electronic devices such as terminal devices, computer systems, and servers 

include, but are not limited to, personal computer systems, server computer systems, 

thin clients, thick clients, handheld or laptop devices, microprocessor-based systems, 5 

set top boxes, programmable consumer electronics, network personal computers, 

small computer systems, large computer systems, distributed cloud computing 

environments that include any one of the foregoing systems, and the like. 

The electronic devices such as terminal devices, computer systems, and 

servers may be described in the general context of computer system executable 10 

instructions (for example, program modules) executed by the computer system. 

Generally, the program modules may include routines, programs, target programs, 

components, logics, data structures, and the like for performing specific tasks or 

implementing specific abstract data types. The computer system/server may be 

practiced in the distributed cloud computing environments in which tasks are 15 

performed by remote processing devices that are linked through a communications 

network. In the distributed computing environments, the program modules may be 

located in local or remote computing system storage media including storage devices. 

FIG. 1 is a flowchart of an embodiment of a convolution acceleration method 

according to the present application. As shown in FIG. 1, the convolution acceleration 20 

method according to the embodiments of the present application includes the 

following operations. 

At block 102, data to be processed of a preset size in a task to be processed is 

read from an off-chip memory of an accelerator sequentially through a FIFO port, and 

is stored into at least one input buffer of a first buffer in an on-chip memory of the 25 

accelerator; and in response to data to be processed being stored into an input buffer, 

input window data to be processed is read from the at least one input buffer 

sequentially, convolution is performed on the input window data to be processed by 

using convolution kernel data, and output window data is obtained and stored in a 

third buffer. 30 

The on-chip memory includes a first buffer, a second buffer, and the third 

buffer, the first buffer includes at least one input buffer, and at least one set of 

convolution kernel data is buffered in the second buffer.  
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The convolution acceleration method according to the embodiments of the 

present application may be applied to any accelerator, particularly an embedded 

platform such as an FPGA or an ASIC with relatively small on-chip memory and 

bandwidth resources. 

In the embodiments of the present application, the task to be processed may 5 

include, for example, an input image of at least one channel or an input feature map of 

at least one channel, and after processing the task to be processed is completed, an 

output feature map of the at least one channel may be obtained. In order to facilitate 

distinguishing of channels for an input image, an input feature map, and an output 

feature map, in the embodiments of the present application, channels for an input 10 

image and an input feature map are referred to as input channels, and a channel for an 

output feature map is referred to as an output channel. Each grayscale of an input 

image and an input feature map corresponds to one channel. For example, an input 

image or an input feature map of each of three colors, i.e., Red, Green, and Blue 

(RGB), corresponds to one channel, and an input image or an input feature map 15 

including the three colors of RGB has three input channels. In addition, each set of 

convolution kernel data corresponds to one output channel respectively, each set of 

convolution kernel data includes at least one piece of convolution kernel data, and 

each piece of convolution kernel data corresponds to one input channel respectively. 

In an optional example, the operations in block 102 may be executed by a 20 

processor by invoking a corresponding instruction stored in a memory, or may be 

executed by a data reading module and a computing module run by the processor. 

At block 104, the output window data in the third buffer is stored into the off-

chip memory sequentially through the FIFO port. 

According to the convolution acceleration method provided in the foregoing 25 

embodiment of the present application, the on-chip memory of the accelerator 

includes a first buffer, a second buffer, and a third buffer, the first buffer includes at 

least one input buffer, and at least one set of convolution kernel data is buffered in the 

second buffer. Data to be processed of a preset size in a task to be processed is read 

from an off-chip memory of an accelerator sequentially through a FIFO port, and is 30 

stored into at least one input buffer of a first buffer in an on-chip memory of the 

accelerator; in response to data to be processed being stored into an input buffer, input 

window data to be processed is read from the at least one input buffer sequentially, 
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convolution is performed on the input window data to be processed by using 

convolution kernel data, and output window data is obtained and stored in a third 

buffer; and then the output window data in the third buffer is stored into the off-chip 

memory sequentially through the FIFO port. According to the embodiments of the 

present application, data to be processed of a preset size in a task to be processed is 5 

read from an off-chip memory of an accelerator and stored into the on-chip memory 

for processing each time, and pipeline processing for procedures such as reading data 

to be processed from the off-chip memory and storing it on the on-chip memory, and 

performing convolution processing on the data to be processed is implemented. The 

embodiments of the present application can make full use of the on-chip memory of 10 

the accelerator and bandwidth, DSP and other resources, significantly improve the 

efficiency of convolution processing, and may be applied to a hardware platform such 

as an FPGA and an ASIC, thereby implementing convolution acceleration processing 

on the hardware platform such as an FPGA and an ASIC. When the embodiments of 

the present application are applied to an FPGA platform, the advantages of 15 

reconfigurability, parallel computing, short development cycle, low power 

consumption, and high flexibility of the FPGA platform may be fully utilized. 

In an optional example, the operation in block 104 may be executed by a 

processor by invoking a corresponding instruction stored in a memory, or may be 

executed by a data output module run by the processor. 20 

In an optional example of the embodiment shown in FIG. 1, the first buffer 

includes two input buffers. During processing the task to be processed, storage of data 

to be processed and reading of input window data to be processed are performed on 

one of the two input buffers alternately, and reading of input window data to be 

processed and storage of data to be processed are performed on the other of the two 25 

input buffers alternately. When data to be processed is stored in one of the two input 

buffers, input window data to be processed is read from the other of the two input 

buffers, and when input window data to be processed is read from the former, data to 

be processed is stored in the other. Thus, pipeline processing for storage of data to be 

processed and reading of input window data to be processed is implemented, the time 30 

required to store data to be processed and the time required to read input window data 

to be processed overlap each other, the time required for the entire acceleration 

process is reduced, and the acceleration efficiency of the CNN is improved. 
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In the embodiments of the present application, the size of a convolution kernel 

corresponding to the convolution kernel data is represented as r×r, the size of an input 

window corresponding to the input window data is represented as n×n, the sliding 

step of the input window corresponding to the input window data is represented as m, 

and the size of an output window corresponding to the input window data is 5 

represented as m×m. The values of r, m, and n are respectively integers greater than 0 

and satisfy the condition that n=m+r-1. Thus, the value of m is less than or equal to 

the value of n. When the value of r is greater than 1, the value of m is less than the 

value of n. When the value of r is 1, the value of m is equal to the value of n. 

In another optional example of the embodiment shown in FIG. 1, the input 10 

buffer is a line buffer; the first buffer is a cyclic buffer formed by n+m line buffers, 

and each of the line buffers is used for storing sequentially data in the same row in all 

channels of the task to be processed. FIG. 2 is a diagram showing an example of an 

on-chip memory in embodiments of the present application. M represents the number 

of channels of an input feature map, i.e., the number of input channels, H represents 15 

the height of the input feature map, W represents the width of the input feature map, 

M×W represents the size of the input feature map, the computing module represents a 

unit for performing convolution on input window data in the first buffer, C represents 

the number of channels of an output feature map, i.e., the number of output channels, 

R represents the height of the output feature map, N represents the width of the output 20 

feature map, and N×C represents the size of the input feature map. 

Accordingly, in another optional example, the reading data to be processed of 

a preset size in a task to be processed from an off-chip memory of an accelerator and 

storing sequentially the data to be processed into at least one input buffer of a first 

buffer in an on-chip memory of the accelerator includes the following steps: 25 

the first n rows of data in all channels of the task to be processed is read from 

the off-chip memory for the first time, and the first n rows of data are stored 

correspondingly into the first n line buffers determined according to a predetermined 

cyclic direction in the first buffer; and 

then m adjacent subsequent rows of data in all channels of the task to be 30 

processed is read from the off-chip memory each time, and the m rows of data read 

this time are stored correspondingly into m adjacent subsequent line buffers 

determined according to the predetermined cyclic direction in the first buffer. 
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Thus, when the value of r is 1, the value of m is equal to the value of n. In this 

case, m (=n) rows of data of all channels of the task to be processed are read from the 

off-chip memory each time, and are adjacently stored into m line buffers in the first 

buffer without overlapping data read last time. 

When the value of r is greater than 1, the value of m is less than the value of n. 5 

In this case, the number m of rows for reading, not for the first time, data of the task 

to be processed from the off-chip memory is less than the number n of rows of data 

read for the first time, and the data read not for the first time may be adjacently stored 

into m line buffers in the first buffer without overlapping data read last time; it is also 

possible to read n adjacent subsequent rows of data in all channels of the task to be 10 

processed from the off-chip memory each time and store the data into n line buffers 

determined according to a predetermined cyclic direction in the first buffer, the n line 

buffers where data is stored not for the first time include the last r-1 line buffers 

buffering data last time and m adjacent subsequent line buffers, and in this case, 

overlapping and overwriting of data may occur to the above r-1 line buffers. With 15 

respect to the solution that each time n rows of data are read from the off-chip 

memory and stored in the first buffer, the solution of reading, not for the first time, m 

rows of data from the off-chip memory each time and storing the data into the first 

buffer may reduce the amount of data transmission, thereby reducing transmission 

bandwidths and improving data reading, transmission, and storage efficiency. 20 

For example, when n=6, m=4, and r=3, the first 6 rows of data in all channels 

of the task to be processed may be read from the off-chip memory for the first time 

and stored into the first n line buffers determined according to a predetermined cyclic 

direction in the first buffer. Subsequently, 4 adjacent subsequent rows of data in all 

channels of the task to be processed are read from the off-chip memory each time, and 25 

the 4 rows of data read this time are correspondingly stored into 4 adjacent subsequent 

line buffers determined according to a predetermined cyclic direction in the first 

buffer; or it is also possible to read 6 adjacent subsequent rows of data in all channels 

of the task to be processed from the off-chip memory each time subsequently, and 

store the 6 rows of data read this time into 6 line buffers determined according to a 30 

predetermined cyclic direction in the first buffer from 4 adjacent subsequent line 

buffers and the last 2 line buffers storing data last time. 

Or, in yet another optional example, the reading data to be processed of a 
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preset size in a task to be processed from an off-chip memory of an accelerator and 

storing sequentially the data to be processed into at least one input buffer of a first 

buffer in an on-chip memory of the accelerator includes the following steps: 

n rows of data in all channels of the task to be processed are read from the off-

chip memory each time; 5 

for the first n rows of data read from the task to be processed for the first time, 

the first n rows of data are stored correspondingly into the first n line buffers 

determined according to a predetermined cyclic direction in the first buffer; and for n 

rows of data that are read not for the first time, n corresponding line buffers are taken 

as target line buffers for the n rows of data read this time, where the n corresponding 10 

line buffers are obtained by sliding the first n line buffers, which store n rows of data 

read last time, by m rows according to the predetermined cyclic direction in the first 

buffer, and the n rows of data read this time are stored into the target line buffers 

correspondingly. 

In the yet another optional example, when n rows of data read not for the first 15 

time are stored into the first buffer, data in the last n-m line buffers of n line buffers, 

storing data last time, in the first buffer is overwritten. Corresponding to the another 

optional example and yet another optional example described above, the reading input 

window data to be processed from the at least one input buffer sequentially and 

performing convolution on the input window data to be processed by using the 20 

convolution kernel data includes the following steps: 

for the task to be processed, when input window data to be processed is read 

for the first time, the first n line buffers are selected as a current computing buffer, 

input window data with a size of n×n is read from the current computing buffer 

sequentially according to the sliding step m, and convolution is performed on the 25 

input window data to be processed by using the convolution kernel data, until all data 

to be processed in the current computing buffer is read; and 

then n line buffers are selected as a new computing buffer via sliding from the 

previous computing buffer according to the sliding step m and the predetermined 

cyclic direction each time, input window data with a size of n×n is read from the new 30 

computing buffer sequentially according to the sliding step m, and convolution is 

performed on the input window data to be processed by using the convolution kernel 

data, until all data to be processed in the new computing buffer is read. 
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In addition, in the above embodiments of the convolution acceleration 

methods according to the present application, the third buffer includes at least one 

output buffer; then when obtaining output window data and storing the output window 

data in the third buffer, the output window data is obtained and stored into the at least 

one output buffer sequentially; accordingly, the operation in block 104 includes: in 5 

response to output window data being stored in the first output buffer, reading output 

window data in the at least one output buffer sequentially, and storing the read output 

window data into the off-chip memory through the FIFO port. 

Optionally, the third buffer may include two output buffers. During processing 

the task to be processed, storage of output window data and reading of output window 10 

data are performed on one of the two output buffers alternately, and reading of output 

window data and storage of output window data are performed on the other of the two 

output buffers alternately. When output window data is stored into one of the two 

output buffers, output window data is read from the other of the two output buffers, 

and when output window data is read from the former, output window data is stored 15 

into the other. Thus, pipeline processing for storage of output window data and 

reading of output window data is implemented, the time required to store output 

window data and the time required to read output window data overlap each other, the 

time required for the entire acceleration process is further reduced, and the working 

efficiency of the accelerator is improved. 20 

Optionally, each output buffer may include m line buffers. Accordingly, in the 

above embodiments, the obtaining the output window data and storing the output 

window data in the at least one output buffer sequentially includes the following 

steps: 

one of the output buffers is selected as a current output buffer, and output 25 

window data obtained by performing convolution on each piece of input window data 

is stored in the m line buffers of the current output buffer sequentially; and in 

response to storage of output window data obtained by performing convolution on all 

input window data in one computing buffer being completed, another output buffer is 

selected as a current output buffer, and the operation of storing sequentially output 30 

window data, obtained by performing convolution on each piece of input window 

data, in the m line buffers of the current output buffer is performed. 

The storing the output window data in the third buffer into the off-chip 
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memory sequentially includes the following step: 

in response to storage of output window data obtained by performing 

convolution on all input window data in the current computing buffer being 

completed, the output window data in the current output buffer is stored into the off-

chip memory. 5 

In addition, in still another optional example of the embodiment shown in FIG. 

1, the input buffer is a column buffer; the first buffer is a cyclic buffer formed by n+m 

column buffers, and each of the column buffers is used for storing sequentially data in 

the same column in all channels of the task to be processed. 

Accordingly, in the still another optional example, the reading data to be 10 

processed of a preset size in a task to be processed from an off-chip memory of an 

accelerator and storing sequentially the data to be processed into at least one input 

buffer of a first buffer in an on-chip memory of the accelerator includes the following 

steps: 

The first n columns of data in all channels of the task to be processed is read 15 

from the off-chip memory for the first time, and the first n columns of data are stored 

correspondingly into the first n column buffers determined according to a 

predetermined cyclic direction in the first buffer; and 

then m adjacent subsequent columns of data in all channels of the task to be 

processed is read from the off-chip memory each time, and the m columns of data 20 

read this time are stored correspondingly into m adjacent subsequent column buffers 

determined according to the predetermined cyclic direction in the first buffer. 

Or, in next optional example, the reading data to be processed of a preset size 

in a task to be processed from an off-chip memory of an accelerator and storing 

sequentially the data to be processed into at least one input buffer of a first buffer in 25 

an on-chip memory of the accelerator includes the following steps: 

n columns of data in all channels of the task to be processed are read from the 

off-chip memory each time; 

for the first n columns of data read from the task to be processed for the first 

time, the first n columns of data are stored correspondingly into the first n column 30 

buffers determined according to a predetermined cyclic direction in the first buffer; 

and for n columns of data that are read not for the first time, n corresponding column 

buffers are used as target column buffers for the n columns of data read this time, 
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where the n corresponding column buffers are obtained by sliding the first n column 

buffers, which store n columns of data read last time, by m columns according to the 

predetermined cyclic direction in the first buffer, and the n columns of data read this 

time are stored into the target column buffers correspondingly. 

In the next optional example, when n columns of data read not for the first 5 

time are stored into the first buffer, data in the last n-m column buffers of n column 

buffers, storing data last time, in the first buffer is overwritten. 

Corresponding to the still another optional example described above, the 

reading input window data to be processed from the at least one input buffer 

sequentially and performing convolution on the input window data to be processed by 10 

using the convolution kernel data includes the following steps: 

for the task to be processed, when input window data to be processed is read 

for the first time, the first n column buffers are selected as a current computing buffer, 

input window data with a size of n×n is read from the current computing buffer 

sequentially according to the sliding step m, and convolution is performed on the 15 

input window data to be processed by using the convolution kernel data, until all data 

to be processed in the current computing buffer is read; and 

then n column buffers are selected as a new computing buffer via sliding from 

the previous computing buffer according to the sliding step m and the predetermined 

cyclic direction each time, input window data with a size of n×n is read from the new 20 

computing buffer sequentially according to the sliding step m, and convolution is 

performed on the input window data to be processed by using the convolution kernel 

data, until all data to be processed in the new computing buffer is read. 

Corresponding to the yet another optional example described above, the output 

buffer may also include m column buffers. Accordingly, the obtaining the output 25 

window data and storing the output window data in the at least one output buffer 

sequentially includes the following steps: 

one of the output buffers is selected as a current output buffer, and output 

window data obtained by performing convolution on each piece of input window data 

is stored in the m column buffers of the current output buffer sequentially; and in 30 

response to storage of output window data obtained by performing convolution on all 

input window data in one computing buffer being completed, another output buffer is 

selected as a current output buffer, and the operation of storing sequentially output 



 
17

window data, obtained by performing convolution on each piece of input window 

data, in the m column buffers of the current output buffer is performed. 

The storing the output window data in the third buffer into the off-chip 

memory sequentially includes the following step: 

in response to storage of output window data obtained by performing 5 

convolution on all input window data in the current column buffer being completed, 

the output window data in the current output buffer is stored into the off-chip memory. 

Optionally, the technical solution that the input buffer is a column buffer is 

similar to the technical solution that the input buffer is a line buffer, and the associated 

parts therebetween may be used as reference. 10 

FIG. 3 is a flowchart of an embodiment of performing convolution on input 

window data to be processed in embodiments of the present application. As shown in 

FIG. 3, the performing convolution on the input window data to be processed by using 

the convolution kernel data and obtaining output window data includes the following 

steps. 15 

At block 302, the following computing processing operations are performed 

for any input channel respectively: converting the input window data to be processed 

through a corresponding second constant matrix to obtain converted input window 

data; performing a matrix dot product operation on the converted input window data 

of the any input channel and the converted convolution kernels to obtain a matrix 20 

subjected to dot product; and converting the matrix subjected to dot product through a 

corresponding third constant matrix to obtain a convolution result. 

In the above embodiment, the at least one set of convolution kernel data 

includes at least one set of converted convolution kernels, where any set of converted 

convolution kernels is obtained by converting convolution kernels corresponding to 25 

one output channel with a corresponding first constant matrix. 

In an optional example, the operations in block 302 may be executed by a 

processor by invoking a corresponding instruction stored in a memory, or may be 

executed by a Processing Element (PE) run by the processor. 

At block 304, in response to obtaining convolution results of all input 30 

channels, corresponding points in the convolution results of all input channels 

corresponding to one output channel are accumulated to obtain output window data of 

the output channel. 
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Optionally, in another embodiment, when converting the input window data to 

be processed through a corresponding second constant matrix, the following operation 

may also be executed: converting respectively convolution kernels corresponding to 

the at least one output channel through the corresponding first constant matrix to 

obtain at least one set of converted convolution kernels. 5 

Or, optionally, convolution kernels corresponding to the at least one output 

channel may also be converted respectively through the corresponding first constant 

matrix in advance to obtain the at least one set of converted convolution kernels, and 

the converted convolution kernels are stored in the second buffer. In this way, 

consumption of computing resources caused by temporary execution of this operation 10 

is avoided, thereby further improving the computing efficiency. 

In an optional example, the operation in block 304 may be executed by a 

processor by invoking a corresponding instruction stored in a memory, or may be 

executed by an accumulating unit run by the processor. 

Exemplarily, in at least one embodiment shown in FIG. 3, the converting the 15 

input window data to be processed through a corresponding second constant matrix 

may be implemented by: performing a bitwise operation on input window data to be 

processed in any input channel by means of a logical resource in the accelerator 

respectively according to the corresponding second constant matrix. 

Similarly, the converting the matrix subjected to dot product through a 20 

corresponding third constant matrix may be implemented by: performing a bitwise 

operation on the matrix subjected to dot product in any input channel by means of a 

logical resource in the accelerator respectively according to the corresponding third 

constant matrix. 

Similarly, the converting respectively convolution kernels corresponding to 25 

the at least one output channel through the corresponding first constant matrix may be 

implemented by: performing a bitwise operation on the convolution kernel 

corresponding to the at least one output channel by means of a logical resource in the 

accelerator respectively according to the corresponding first constant matrix. The 

conversion operations of the input window data, the convolution kernel data, and the 30 

matrix subjected to dot product are implemented by means of logical resources in the 

accelerator and binary bitwise operations, so that it is not necessary to provide a 

multiplier in the accelerator to implement the corresponding conversion operations, 
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thereby reducing the number of multiplications in convolution, saving DSP resources 

in the accelerator, and improving the computing efficiency of the accelerator and the 

utilization rate of DSP resources in the accelerator. 

Optionally, before the process of the embodiment shown in FIG. 3, the method 

may further include the following step: 5 

The first constant matrix (represented as G in the embodiments of the present 

application), the second constant matrix (represented as B in the embodiments of the 

present application), and the third constant matrix (represented as A in the 

embodiments of the present application) corresponding to the size r×r of the 

convolution kernel and the size n×n of the input window are queried respectively 10 

from a constant matrix table. 

The constant matrix table is provided in advance through a first constant 

matrix, a second constant matrix, and a third constant matrix which are corresponding 

to the size of at least one convolution kernel and the size of the input window 

respectively, that is, after the size of the convolution kernel and the size of the input 15 

window are determined, the first constant matrix, the second constant matrix, and the 

third constant matrix may be determined. 

In addition, in the embodiments shown in FIG. 3 above, the performing the 

following computing operations for any input channel respectively includes: 

simultaneously performing the computing processing operations for Pm output 20 

channels and Pn input channels, where Pm and Pn are respectively integers greater 

than 0. Accordingly, the operation in block 304 is: for the Pm output channels, in 

response to obtaining convolution results of all input channels, accumulating 

respectively corresponding points in the convolution results of all input channels for 

one output channel to obtain output window data of the Pm output channels. By 25 

means of the embodiments, parallel processing for Pm output channels and Pn input 

channels is implemented, and the computing processing efficiency is improved. 

In one optional example, the value of Pm is 1, and the value of Pn is an integer 

greater than 1; and the simultaneously performing the computing processing 

operations for Pm output channels and Pn input channels may include: sequentially 30 

performing the computing processing operations in parallel for one output channel 

and all input channels, or one output channel and some input channels in all input 

channels. By the embodiments, parallel processing for one output channel and Pn 
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input channels each time is implemented. 

In another optional example, the value of Pm is the number of all output 

channels, and the value of Pn is 1; and the simultaneously performing the computing 

processing operations for Pm output channels and Pn input channels may include: for 

all output channels simultaneously, performing sequentially the computing processing 5 

operations for one input channel. 

Accordingly, the operation in block 304 may include: for all output channels, 

in response to obtaining convolution results of all input channels, accumulating 

respectively corresponding points in the convolution results of all input channels for 

one output channel to obtain output window data of all output channels. 10 

By the embodiments, parallel processing for one input channel and all output 

channels each time is implemented. 

In yet another optional example, the value of Pm is greater than 1 and less than 

the number of all output channels, and the value of Pn is 1; and the simultaneously 

performing the computing processing operations for Pm output channels and Pn input 15 

channels includes: for some output channels in all output channels simultaneously, 

performing sequentially the computing processing operations for one input channel. 

By the embodiments, parallel processing for one input channel and Pm output 

channels each time is implemented. 

FIG. 4 is a schematic diagram of performing computing processing operations 20 

on Pn input channels in parallel in embodiments of the present application. In FIG. 4, 

Pn input channels are only a part of all input channels, corresponding convolution 

results thereof are accumulated to form a set of accumulated results corresponding to 

the Pn input channels, and the accumulated results of all the sets corresponding to the 

input channels are added to obtain output window data of one output channel. FIG. 5 25 

is a schematic diagram of performing computing processing operations on Pm output 

channels in parallel in embodiments of the present application. Since only a part of 

output window data may be obtained by operation of input window data of each input 

channel, for one output channel, convolution results corresponding to input window 

data of all input channels are accumulated to obtain output window data of the output 30 

channel. 

In addition, before the foregoing embodiments of the convolution acceleration 

methods according to the present application, the method may further include the 
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following step: 

optimal values of parameters in convolution are obtained based on the 

transmission bandwidth of the FIFO port and the resource condition of the accelerator 

according to a parameter optimization model, where the parameters in convolution 

includes: the size of the input window, the degree of parallelism of the output channel, 5 

and the degree of parallelism of the input channel, and the optimal values of the 

parameters includes: the optimal value n of the size of the input window, the optimal 

value Pm of the degree of parallelism of the output channel, and the optimal value Pn 

of the degree of parallelism of the input channel. 

In the above embodiments of the convolution acceleration methods according 10 

to the present application, the reading data to be processed of a preset size in a task to 

be processed from an off-chip memory of the accelerator sequentially through a FIFO 

port may include: 

an operation that the accelerator receives, through the FIFO port, a task 

processing instruction sent by a processor, and reads sequentially data to be processed 15 

of the preset size in the task to be processed from the off-chip memory of the 

accelerator through the FIFO port. 

In addition, the convolution acceleration method according to the 

embodiments of the present application may further include the following step: 

in response to completion of the convolution acceleration of the task to be 20 

processed, the accelerator feeds back a task completion response message to the 

processor through the FIFO port. The above operation of obtaining optimal values of 

parameters in convolution may be performed by a processor such as a Central 

Processing Unit (CPU) or an Advanced RISC Machine (ARM). When the accelerator 

needs to be scheduled for acceleration computing, a processor such as a CPU or an 25 

ARM obtains optimal values of parameters in convolution, and uses the optimal 

values of the parameters in convolution to configure the accelerator, and after the 

configuration is completed, the accelerator may execute a corresponding acceleration 

method flow based on the above optimal values of the parameters to process the task 

to be processed. Therefore, the optimal resource utilization rate is achieved for the 30 

accelerator, and the acceleration effect is maximized. When simultaneously 

performing the computing processing operations for Pm output channels and Pn input 

channels, Pm output channels and Pn input channels are selected sequentially based 
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on the values of Pm and Pn in the optimal values of the parameters, and the 

computing processing operations are simultaneously performed for Pm output 

channels and Pn input channels. 

In yet another embodiment of the present application, before the foregoing 

embodiments of the convolution acceleration method, the method may further include 5 

the following steps: 

whether the size k×k of a convolution kernel of the current task to be 

processed is consistent with the size r×r of the convolution kernel corresponding to 

the accelerator is determined; and 

if not, the convolution kernel of the current task to be processed is padded 10 

with a columns of 0s on the right and b rows of 0s at the bottom, so that the 

convolution kernel of the current task to be processed is converted into a new 

convolution kernel with a size of tr×tr. 

The values of k, t, a, and b are respectively integers greater than 0. 

Since the sizes of different convolution kernels and the sizes of input windows 15 

correspond to different first constant matrices, second constant matrices, and third 

constant matrices, when the size of a convolution kernel required for the present task 

to be processed is different from the size of a convolution kernel corresponding to an 

existing accelerator, the size of the convolution kernel required for the present task to 

be processed may be converted into a convolution kernel corresponding to t2 20 

accelerators based on the above embodiments, thereby implementing reuse of the 

convolution kernel corresponding to the existing accelerator, avoiding recomputing to 

obtain a first constant matrix, a second constant matrix and a third constant matrix and 

re-conversion operation based on the convolution kernel, and improving the 

processing efficiency. 25 

In addition, the accelerator in the embodiments of the present application may 

be used in acceleration of convolution of any network layer in a CNN, for example, 

may be used for convolution acceleration operations of network layers, such as a 

convolutional layer, a Fully Connected (FC) layer, a pooling layer, an activation 

function ReLU (rectified linear unit) layer, a padding layer, and upsample layer, in a 30 

CNN. Moreover, in addition to convolution acceleration in a CNN, the accelerator 

may also be applied in other convolution operations in any other non-CNN. The 

exemplary description of the embodiments of the present application does not 
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constitute a limitation of the application environment of the embodiments of the 

present application. 

For example, in the above embodiments of the present application, when being 

compatible with a full connection operation in a CNN, the method may further 

include the following steps: 5 

in response to the need to perform a full connection operation on the task to be 

processed, all data to be processed of the task to be processed is read from the off-chip 

memory of the accelerator through the FIFO port, and stored in the first buffer; 

a matrix dot product operation is performed on all the data to be processed and 

the converted convolution kernels stored in the second buffer to obtain a matrix 10 

subjected to dot product; 

the matrix subjected to dot product is converted with the corresponding third 

constant matrix, and computing result data is obtained and stored in the third buffer; 

and 

the computing result data in the third buffer is stored into the off-chip memory 15 

sequentially through the FIFO port. 

In the above embodiments of the present application, when being compatible 

with a full connection operation in a CNN, the method may further include the 

following steps: 

in response to the need to perform a pooling operation on the task to be 20 

processed, data to be processed of the preset size in the task to be processed is read 

sequentially from the off-chip memory of the accelerator through the FIFO port, and 

stored in the first buffer; 

one piece of data with the largest value is selected from the data to be 

processed of the preset size as computing result data, and the computing result data is 25 

stored in the third buffer; and 

the computing result data in the third buffer is stored into the off-chip memory 

sequentially through the FIFO port. 

In the above embodiments of the present application, when being compatible 

with an activation function operation in a CNN, the method may further include the 30 

following steps: 

in response to the need to perform an activation function operation on the task 

to be processed, data to be processed of the preset size in the task to be processed is 
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read sequentially from the off-chip memory of the accelerator through the FIFO port, 

and stored in the first buffer; 

whether the value of any piece of the data to be processed is less than 0 is 

determined sequentially; 

if the value of a piece of data is less than 0, 0 is stored in the third buffer as a 5 

computing result of the piece of data; if a value of the piece of data is not less than 0, 

the value of the piece of data is stored directly in the third buffer as a computing 

result; and 

the computing results in the third buffer are stored into the off-chip memory 

sequentially through the FIFO port. 10 

In the above embodiments of the present application, when being compatible 

with an upsampling operation in a CNN, the method may further include the 

following step: 

in response to the need to perform an upsampling operation on the task to be 

processed, one piece of element data in the task to be processed is read sequentially 15 

from the off-chip memory of the accelerator through the FIFO port, the element data 

is copied into an element matrix of 2s×2s, and the operation of storing sequentially 

the data to be processed into at least one input buffer of a first buffer in an on-chip 

memory of the accelerator is started by using the element matrix as data to be 

processed, where the value of s is an integer greater than 0. 20 

In the above embodiments of the present application, when being compatible 

with a padding operation in a CNN, the method may further include the following 

steps: 

in response to the need to perform a padding operation on the task to be 

processed, all data of the task to be processed is read from the off-chip memory of the 25 

accelerator through the FIFO port, and stored in the first buffer; 

whether the data size of the task to be processed is smaller than the preset size 

is determined; 

if the data size of the task to be processed is smaller than the preset size, edge 

data padding is performed on the task to be processed in a preset manner so that the 30 

data size of the task to be processed after padding is equal to the preset size, and the 

task to be processed after padding is stored in the third buffer; if the data size of the 

task to be processed is not smaller than the preset size, the task to be processed is 
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stored directly in the third buffer; and 

the data of the task to be processed in the third buffer is stored into the off-

chip memory sequentially through the FIFO port. 

FIG. 6 is a flowchart of an embodiment of a convolution processing method 

according to the present application. As shown in FIG. 6, the convolution processing 5 

method according to the embodiments of the present application includes the 

following steps, for any input channel and any output channel. 

At block 602, input window data Z to be processed is converted through a 

second constant matrix B to obtain converted input window data V. 

For example, input window data Z to be processed may be converted by a 10 

second constant matrix B corresponding to an output window size and a convolution 

kernel size according to an equation V=BTZB to obtain converted input window data 

V. 

In an optional example, the operation in block 602 may be executed by a 

processor by invoking a corresponding instruction stored in a memory, or may be 15 

executed by a first conversion module run by the processor. 

At block 604, a matrix dot product (EWMM) operation is performed on the 

converted input window data V and convolution kernel data U to obtain a matrix 

UʘV after dot product. 

In an optional example, a matrix dot product operation may be performed on 20 

the converted input window data and convolution kernel data with a DSP to obtain a 

matrix UʘV after dot product. 

For example, a matrix dot product operation may be performed on the 

converted input window data V and convolution kernel data U by an equation UʘV to 

obtain a matrix subjected to dot product. 25 

The convolution kernel data U is obtained by converting a preset convolution 

kernel (represented as X in the embodiments of the present application) by a 

corresponding first constant matrix G. 

In an optional example, the operation in block 604 may be executed by a 

processor by invoking a corresponding instruction stored in a memory, or may be 30 

executed by a dot product module run by the processor. 

At block 606, the matrix UʘV after dot product is converted through a third 

constant matrix A to obtain a convolution result Y, which may be represented as 
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Y=AT[UʘV]A. 

The third constant matrix A is a third constant matrix corresponding to the 

output window size and the convolution kernel size. 

In an optional example, the operation in block 606 may be executed by a 

processor by invoking a corresponding instruction stored in a memory, or may be 5 

executed by a second conversion module run by the processor. 

According to the convolution processing method provided in the above 

embodiment of the present application, for any input channel and any output channel, 

input window data to be processed may be converted through a second constant 

matrix to obtain converted input window data; a matrix dot product operation is 10 

performed on the converted input window data and convolution kernel data to obtain 

a matrix subjected to dot product; and the matrix subjected to dot product is converted 

through a third constant matrix to obtain a convolution result. The embodiments of the 

present application provide a method for performing surface-to-surface convolution 

on input window data based on a Winograd algorithm. Compared with a conventional 15 

point-to-point convolution algorithm, the number of multiplications is reduced, and 

thus, the occupation of processor resources is reduced and the computing efficiency is 

improved. The embodiments of the present application may be applied to a hardware 

platform such as an FPGA and an ASIC, thereby implementing convolution 

acceleration processing on the hardware platform such as an FPGA and an ASIC. 20 

When the embodiments of the present disclosure are applied to an FPGA platform, the 

advantages of reconfigurability, parallel computing, short development cycle, low 

power consumption, and high flexibility of the FPGA platform may be fully utilized. 

Optionally, in another embodiment of the convolution processing method 

according to the present application, the method may further include the following 25 

operations. 

The convolution kernel X of any output channel is converted with the first 

constant matrix G corresponding to the output window size and the convolution 

kernel size in advance to obtain the convolution kernel data U and the convolution 

kernel data U is stored. For example, the convolution kernel X may be converted 30 

through the corresponding first constant matrix G in advance by an equation 

U=GXGT to obtain the convolution kernel data U. Each piece of convolution kernel 

data corresponds to one input channel. 
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FIG. 7 is a flowchart of another embodiment of a convolution processing 

method according to the present application. Optionally, in another embodiment of the 

convolution processing method according to the present application, before the 

operation in block 604, the method may further include the following step. 

At block 600, a convolution kernel is converted with the first constant matrix 5 

G to obtain flash convolution kernel data. 

Optionally, the first constant matrix G is a first constant matrix corresponding 

to the output window size and the convolution kernel size. 

In an optional example, the operation in block 600 may be executed by a 

processor by invoking a corresponding instruction stored in a memory, or may be 10 

executed by a third conversion module run by the processor. 

Exemplarily, the converting input window data to be processed through a 

second constant matrix may be: performing a bitwise operation on input window data 

to be processed by means of a logical resource in the accelerator according to the 

second constant matrix; the converting the matrix subjected to dot product through a 15 

third constant matrix may be: performing a bitwise operation on the matrix subjected 

to dot product by means of a logical resource in the accelerator according to the third 

constant matrix; and the converting a convolution kernel through a first constant 

matrix may be: performing a bitwise operation on the convolution kernel by means of 

a logical resource in the accelerator according to the first constant matrix. By using 20 

logical resources in the accelerator to perform bitwise operations, the convolution 

kernel, the input window data, and the matrix subjected to dot product are converted 

without using DSP resources, thereby reducing the number of multiplications, saving 

DSP resources, and improving the computing efficiency of the accelerator and the 

utilization rate of DSP resources. 25 

In the above embodiment based on the embodiment shown in FIG. 7, the 

method may further include the following operation. 

The first constant matrix, the second constant matrix, and the third constant 

matrix corresponding to the size r×r of the convolution kernel corresponding to the 

convolution kernel data and the size n×n of an input window corresponding to the 30 

input window data are queried respectively from a constant matrix table, 

The values of n and r are respectively integers greater than 0, and the constant 

matrix table is provided in advance through a first constant matrix, a second constant 
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matrix, and a third constant matrix which are corresponding to the size of at least one 

convolution kernel and the size of the input window respectively. 

Optionally, referring to FIG. 7 again, in yet another embodiment of the 

convolution processing method according to the present application, the method may 

further include the following step. 5 

At block 608, for any output channel, in response to obtaining convolution 

results of all input channels, corresponding points in the convolution results of all 

input channels corresponding to the output channel are accumulated to obtain output 

window data of the output channel. That is, based on a set of convolution kernel data 

corresponding to one output channel, convolution is performed on input window data 10 

of all input channels by the flow of the embodiment shown in FIG. 7 to obtain output 

window data of the output channel. If output window data of one output channel is 

represented as "Out", and input window data of all input channels is represented as 

"in", then the convolution process in the embodiment shown in FIG. 7 may be 

expressed as a process of processing the input window data of all input channels and 15 

the convolution kernel data based on the following equation: 

. 

In an optional example, the operation in block 608 may be executed by a 

processor by invoking a corresponding instruction stored in a memory, or may be 

executed by an accumulating unit run by the processor. 20 

The convolution processing method according to the embodiment shown in 

FIG. 8 corresponds to the operations in block 302 in the embodiment shown in FIG. 3, 

that is, the operations in block 302 in the at least one convolution processing method 

embodiment may be implemented by a corresponding operation in at least one 

convolution acceleration method embodiment of the present application. The 25 

embodiment shown in FIG. 8 corresponds to at least one embodiment shown in FIGS. 

6 and 7, and reference may be made to each other in the embodiments of the present 

application. FIG. 8 is a schematic diagram of a computing process of the 

embodiments shown in FIGS. 3, 7, and 8. As shown in FIG. 8, the convolution 

processing method according to the embodiments of the present application may be 30 

divided into four stages: stage 1 representing the stage of operations in blocks 600 and 

602 in FIGS. 6 and 7; stage 2 representing the stage of operation in block 604 in 

FIGS. 6 and 7; stage 3 representing the stage of operation in block 606 in FIGS 6 and 
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7; and stage 4 representing the stage of operation in block 608 in FIG. 7. Stages 1 to 3 

also represent the stage of operations in block 302 in the embodiment shown in FIG. 

3, and stage 4 also represents the stage of operation in block 304 in the embodiment 

shown in FIG. 3. 

FIG. 8 only exemplarily shows input window data Z of three input channels 5 

and a set of convolution kernel data corresponding to one output channel, where the 

set of convolution kernel data includes convolution kernels X corresponding to the 

three input channels, respectively. 

Any method provided by the embodiments of the present application may be 

executed by any appropriate device having data processing capability, including, but 10 

not limited to, a terminal device and a server. Alternatively, any method provided in 

the embodiments of the present application may be executed by a processor, for 

example, any method mentioned in the embodiments of the present application is 

executed by the processor by invoking a corresponding instruction stored in a 

memory. Details are not described below again. 15 

A person of ordinary skill in the art may understand that all or some steps of 

implementing the forgoing embodiments of the method may be achieved by a 

program by instructing related hardware; the program can be stored in a computer 

readable storage medium; when the program is executed, steps including the 

foregoing embodiments of the method are executed. Moreover, the storage medium 20 

includes at least one medium capable of storing program code, such as ROM, RAM, a 

magnetic disk, or an optical disk. 

FIG. 9 is a schematic structural diagram of an embodiment of a convolution 

accelerator according to the present application. The convolution accelerator in this 

embodiment may be used as the accelerator in at least one of the above embodiments 25 

of the present application to implement the functions of the accelerator in the at least 

one convolution acceleration method embodiment of the present application. The 

accelerator in at least one embodiment of the present application may be, for example, 

an embedded platform such as an FPGA or an ASIC. As shown in FIG. 9, the 

accelerator in this embodiment includes: a data reading module, a first buffer, a 30 

second buffer, a computing module, a third buffer, and a data output module. 

The data reading module is configured to read data to be processed of a preset 

size in a task to be processed from an off-chip memory of the accelerator sequentially 
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through a FIFO port, and store the data to be processed into at least one input buffer 

of a first buffer. 

In at least one embodiment of the present application, the task to be processed 

may include, for example, an input image of at least one input channel, or an input 

feature map of at least one input channel. In addition, each set of convolution kernel 5 

data corresponds to one output channel respectively, each set of convolution kernel 

data includes at least one piece of convolution kernel data, and each piece of 

convolution kernel data corresponds to one input channel respectively. 

The first buffer includes at least one input buffer and is configured to buffer 

the data to be processed.  10 

The second buffer is configured to buffer at least one set of convolution kernel 

data. 

The computing module is configured to read input window data to be 

processed from the at least one input buffer sequentially when data to be processed is 

stored into an input buffer, perform convolution on the input window data to be 15 

processed by using the convolution kernel data, and obtain output window data and 

store the output window data in the third buffer. 

The third buffer includes at least one output buffer and is configured to buffer 

the output window data. 

The data output module is configured to store the output window data in the 20 

third buffer into the off-chip memory sequentially through the FIFO port. 

According to the convolution accelerator provided in the foregoing 

embodiment of the present application, the on-chip memory includes a first buffer, a 

second buffer, and a third buffer, the first buffer includes at least one input buffer, and 

at least one set of convolution kernel data. Data to be processed of a preset size in a 25 

task to be processed is read from an off-chip memory of an accelerator sequentially 

through a FIFO port, and is stored into at least one input buffer of a first buffer in an 

on-chip memory of the accelerator; in response to data to be processed being stored 

into an input buffer, input window data to be processed is read from the at least one 

input buffer sequentially, convolution is performed on the input window data to be 30 

processed by using convolution kernel data, and output window data is obtained and 

stored in a third buffer; and then the output window data in the third buffer is stored 

into the off-chip memory sequentially through the FIFO port. According to the 
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embodiments of the present application, data to be processed of a preset size in a task 

to be processed is read from an off-chip memory of an accelerator and stored into the 

on-chip memory for processing each time, and pipeline processing for two 

procedures, i.e., reading data to be processed from the off-chip memory and storing it 

on the on-chip memory, and performing convolution processing on the data to be 5 

processed, is implemented. The embodiments of the present application can avoid the 

problems of insufficient on-chip memory of an accelerator and bandwidths and 

limited processor resources, improve the efficiency of convolution processing, and 

may be applied to a hardware platform such as an FPGA and an ASIC, thereby 

implementing acceleration processing of a CNN on the hardware platform such as an 10 

FPGA and an ASIC. When the embodiments of the present application are applied to 

an FPGA platform, the advantages of reconfigurability, parallel computing, short 

development cycle, low power consumption, and high flexibility of the FPGA 

platform may be fully utilized. 

In an optional example of the embodiment shown in FIG. 9, the data output 15 

module is configured to: in response to output window data being stored in the first 

output buffer, sequentially read output window data in the at least one output buffer, 

and store the read output window data into the off-chip memory through the FIFO 

port. 

Exemplarily, the third buffer includes two output buffers. During processing 20 

the task to be processed, storage of output window data and reading of output window 

data are performed on one of the two output buffers alternately, and reading of output 

window data and storage of output window data are performed on the other of the two 

output buffers alternately. When output window data is stored into one of the two 

output buffers, output window data is read from the other of the two output buffers, 25 

and when output window data is read from the former, output window data is stored 

into the other. Thus, pipeline processing for storage of output window data and 

reading of output window data is implemented, and the working efficiency of the 

accelerator is improved. 

In another optional example of the embodiment shown in FIG. 9, the first 30 

buffer includes two input buffers. During processing the task to be processed, storage 

of data to be processed and reading of input window data to be processed are 

performed on one of the two input buffers alternately, and reading of input window 
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data to be processed and storage of data to be processed are performed on the other of 

the two input buffers alternately. When data to be processed is stored in one of the two 

input buffers, input window data to be processed is read from the other of the two 

input buffers, and when input window data to be processed is read from the former, 

data to be processed is stored in the other. Thus, pipeline processing for storage of 5 

data to be processed and reading of input window data to be processed is 

implemented. 

In the embodiments of the present application, the size of a convolution kernel 

corresponding to the convolution kernel data is represented as r×r, the size of an input 

window corresponding to the input window data is represented as n×n, the sliding 10 

step of the input window corresponding to the input window data and the size of an 

output window corresponding to the input window data are represented as m. The 

values of r, m, and n are respectively integers greater than 0 and satisfy the condition 

that n=m+r-1. 

In yet another optional example of the embodiment shown in FIG. 9, the input 15 

buffer is a line buffer; the first buffer is a cyclic buffer formed by n+m line buffers, 

and each of the line buffers is used for storing sequentially data in the same row in all 

channels of the task to be processed. In this embodiment, the data reading module is 

configured to: 

read the first n rows of data in all channels of the task to be processed from the 20 

off-chip memory for the first time, and store correspondingly the first n rows of data 

into the first n line buffers determined according to a predetermined cyclic direction in 

the first buffer; and 

then read m adjacent subsequent rows of data in all channels of the task to be 

processed from the off-chip memory each time, and store correspondingly the m rows 25 

of data read this time into m adjacent subsequent line buffers determined according to 

the predetermined cyclic direction in the first buffer; or 

the data reading module is configured to: 

read n rows of data in all channels of the task to be processed from the off-

chip memory each time; 30 

for the first n rows of data read from the task to be processed for the first time, 

store correspondingly the first n rows of data into the first n line buffers determined 

according to a predetermined cyclic direction in the first buffer; and for n rows of data 
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that are read not for the first time, take n corresponding line buffers as target line 

buffers for the n rows of data read this time, where the n corresponding line buffers 

are obtained by sliding the first n line buffers, which store n rows of data read last 

time, by m rows according to the predetermined cyclic direction , in the first buffer, 

and store the n rows of data read this time into the target line buffers correspondingly. 5 

Corresponding to the yet another optional example described above, when 

reading input window data to be processed from the at least one input buffer 

sequentially and performing convolution on the input window data to be processed by 

using the convolution kernel data, the computing module is configured to: 

for the task to be processed, when input window data to be processed is read 10 

for the first time, select the first n line buffers as a current computing buffer, read 

input window data with a size of n×n from the current computing buffer sequentially 

according to the sliding step m, and perform convolution on the input window data to 

be processed by using the convolution kernel data, until all data to be processed in the 

current computing buffer is read; and 15 

then select n line buffers as a new computing buffer via sliding from the 

previous computing buffer according to the sliding step m and the predetermined 

cyclic direction each time, read input window data with a size of n×n from the new 

computing buffer sequentially according to the sliding step m, and perform 

convolution on the input window data to be processed by using the convolution kernel 20 

data, until all data to be processed in the new computing buffer is read. 

Corresponding to the yet another optional example described above, each 

output buffer includes m line buffers. Accordingly, when obtaining the output window 

data and storing the output window data in the at least one output buffer sequentially, 

the computing module is configured to: 25 

select one of the output buffers as a current output buffer, and store 

sequentially output window data, obtained by performing convolution on each piece 

of input window data, in the m line buffers of the current output buffer; and in 

response to storage of output window data obtained by performing convolution on all 

input window data in one computing buffer being completed, select another output 30 

buffer as a current output buffer, and perform the operation of storing sequentially 

output window data, obtained by performing convolution on each piece of input 

window data, in the m line buffers of the current output buffer. 
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The data output module is configured to: in response to storage of output 

window data obtained by performing convolution on all input window data in the 

current computing buffer being completed, store the output window data in the current 

output buffer into the off-chip memory. 

In still another optional example of the embodiment shown in FIG. 9, the input 5 

buffer is a column buffer; the first buffer is a cyclic buffer formed by n+m column 

buffers, and each of the column buffers is used for sequentially storing data in the 

same column in all channels of the task to be processed. Accordingly, the data reading 

module is configured to: 

read the first n columns of data in all channels of the task to be processed from 10 

the off-chip memory for the first time, and store correspondingly the first n columns 

of data into the first n column buffers determined according to a predetermined cyclic 

direction in the first buffer; and 

then read m adjacent subsequent columns of data in all channels of the task to 

be processed from the off-chip memory each time, and store correspondingly the m 15 

columns of data read this time into m adjacent subsequent column buffers determined 

according to the predetermined cyclic direction in the first buffer. 

Corresponding to the still another optional example described above, when 

reading input window data to be processed from the at least one input buffer 

sequentially and performing convolution on the input window data to be processed by 20 

using the convolution kernel data, the computing module is configured to: 

for the task to be processed, when input window data to be processed is read 

for the first time, select the first n column buffers as a current computing buffer, read 

input window data with a size of n×n from the current computing buffer sequentially 

according to the sliding step m, and perform convolution on the input window data to 25 

be processed by using the convolution kernel data, until all data to be processed in the 

current computing buffer is read; and 

then select n column buffers as a new computing buffer via sliding from the 

previous computing buffer according to the sliding step m and the predetermined 

cyclic direction each time, read input window data with a size of n×n from the new 30 

computing buffer sequentially according to the sliding step m, and perform 

convolution on the input window data to be processed by using the convolution kernel 

data, until all data to be processed in the new computing buffer is read; or 
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the data reading module is configured to: 

read n columns of data in all channels of the task to be processed from the off-

chip memory each time; 

for the first n columns of data read from the task to be processed for the first 

time, store correspondingly the first n columns of data into the first n column buffers 5 

determined according to a predetermined cyclic direction in the first buffer; and for n 

columns of data that are read not for the first time, use n corresponding column 

buffers as target column buffers for the n columns of data read this time, where the n 

corresponding column buffers are obtained by sliding the first n column buffers, 

which store n columns of data read last time, by m columns according to the 10 

predetermined cyclic direction in the first buffer, and store the n columns of data read 

this time into the target column buffers correspondingly. 

Corresponding to the still another optional example described above, the 

output buffer includes m column buffers. In the optional example, when obtaining the 

output window data and storing the output window data in the at least one output 15 

buffer sequentially, the computing module is configured to: 

select one of the output buffers as a current output buffer, and store 

sequentially output window data, obtained by performing convolution on each piece 

of input window data, in the m column buffers of the current output buffer; and in 

response to storage of output window data obtained by performing convolution on all 20 

input window data in one computing buffer being completed, select another output 

buffer as a current output buffer, and perform the operation of storing sequentially 

output window data, obtained by performing convolution on each piece of input 

window data, in the m column buffers of the current output buffer. 

Accordingly, the data output module is configured to: in response to storage of 25 

output window data obtained by performing convolution on all input window data in 

the current computing buffer being completed, store the output window data in the 

current output buffer into the off-chip memory. 

FIG. 10 is a schematic structural diagram of an embodiment of a computing 

module according to embodiments of the present application. As shown in FIG. 10, in 30 

the accelerator of the at least one embodiment of the present application, the 

computing module includes: a PE and an accumulating unit. 

In an optional example of the embodiment shown in FIG. 10, the convolution 
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kernel data is converted convolution kernels. In this embodiment, 

the PE is configured to perform the following computing processing 

operations for any input channel respectively: converting the input window data to be 

processed through a corresponding second constant matrix to obtain converted input 

window data; performing a matrix dot product operation on the converted input 5 

window data of the any input channel and the converted convolution kernels to obtain 

a matrix subjected to dot product; and converting the matrix subjected to dot product 

through a corresponding third constant matrix to obtain a convolution result; and 

the accumulating unit is configured to accumulate, after obtaining convolution 

results of all input channels corresponding to one output channel, corresponding 10 

points in the convolution results of all input channels to obtain output window data of 

the output channel. 

In an optional example of the embodiment shown in FIG. 10, the convolution 

kernel data is convolution kernels that are not converted. In this embodiment, 

the PE is configured to perform the following computing processing 15 

operations for any input channel respectively: converting respectively convolution 

kernels corresponding to the at least one output channel through the corresponding 

first constant matrix to obtain at least one set of converted convolution kernels, and 

converting the input window data to be processed through a corresponding second 

constant matrix to obtain converted input window data; performing a matrix dot 20 

product operation on the converted input window data of the any input channel and 

the converted convolution kernels to obtain a matrix subjected to dot product; and 

converting the matrix subjected to dot product through a corresponding third constant 

matrix to obtain a convolution result; and 

the accumulating unit is configured to accumulate, after obtaining convolution 25 

results of all input channels corresponding to one output channel, corresponding 

points in the convolution results of all input channels to obtain output window data of 

the output channel. 

Corresponding to the embodiment shown in FIG. 10, when converting the 

input window data to be processed through a corresponding second constant matrix, a 30 

bitwise operation may be performed on the input window data to be processed in the 

any input channel respectively according to the corresponding second constant matrix; 

when converting the matrix subjected to dot product through a corresponding third 
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constant matrix, a bitwise operation may be respectively performed on the matrix 

subjected to dot product in any input channel according to the corresponding third 

constant matrix; and when converting respectively convolution kernels corresponding 

to the at least one output channel through the corresponding first constant matrix, a 

bitwise operation may be performed on the convolution kernel corresponding to the at 5 

least one output channel respectively according to the corresponding first constant 

matrix. 

Optionally, the computing module includes Pm×Pn PEs, configured to 

simultaneously perform the computing processing operations for Pm output channels 

and Pn input channels, where Pm and Pn are respectively integers greater than 0. 10 

Accordingly, the accumulating unit is configured to: for the Pm output channels, in 

response to obtaining convolution results of all input channels, accumulate 

respectively corresponding points in the convolution results of all input channels for 

one output channel to obtain output window data of the Pm output channels. 

In application, it can be configured according to actual needs and accelerator 15 

resources that: the value of Pm is 1, and the value of Pn is an integer greater than 1; or 

the value of Pm is the number of all output channels, and the value of Pn is 1; or the 

value of Pm is greater than 1 and less than the number of all output channels, and the 

value of Pn is 1. 

FIG. 11 is a schematic structural diagram of an embodiment of a convolution 20 

processing apparatus according to the present application. The convolution processing 

apparatus according to this embodiment may be configured to implement the at least 

one convolution processing method embodiment of the present application above. As 

shown in FIG. 11, the convolution processing apparatus according to this embodiment 

includes: a first conversion module, a dot product module, and a second conversion 25 

module. 

The first conversion module is configured to convert input window data to be 

processed through a second constant matrix to obtain converted input window data. 

The dot product module is configured to perform a matrix dot product 

operation on the converted input window data and convolution kernel data to obtain a 30 

matrix subjected to dot product. The convolution kernel data is obtained by converting 

a preset convolution kernel with a corresponding first constant matrix. 

The second conversion module is configured to convert the matrix subjected 
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to dot product through a third constant matrix to obtain a convolution result. 

According to the convolution processing apparatus provided in the above 

embodiment of the present application, for any input channel and any output channel, 

input window data to be processed may be converted through a second constant 

matrix to obtain converted input window data; a matrix dot product operation is 5 

performed on the converted input window data and convolution kernel data to obtain 

a matrix subjected to dot product; and the matrix subjected to dot product is converted 

through a third constant matrix to obtain a convolution result. The embodiments of the 

present application provide a method for performing surface-to-surface convolution 

on input window data based on a Winograd algorithm. Compared with a conventional 10 

point-to-point convolution algorithm, the number of multiplications is reduced, and 

thus, the occupation of processor resources is reduced and the computing efficiency is 

improved. The embodiments of the present application may be applied to a hardware 

platform such as an FPGA and an ASIC, thereby implementing convolution 

acceleration processing on the hardware platform such as an FPGA and an ASIC. 15 

When the embodiments of the present application are applied to an FPGA platform, 

the advantages of reconfigurability, parallel computing, short development cycle, low 

power consumption, and high flexibility of the FPGA platform may be fully utilized. 

FIG. 12 is a schematic structural diagram of another embodiment of a 

convolution processing apparatus according to the present application. As shown in 20 

FIG. 12, the convolution processing apparatus according to this embodiment further 

includes a third conversion module as compared with the embodiment shown in FIG. 

11. 

In one optional example, the third conversion module is configured to obtain 

pre-stored convolution kernel data. 25 

In another optional example, the third conversion module is configured to 

convert respectively a convolution kernel corresponding to any input channel and any 

output channel with a corresponding first constant matrix to obtain convolution kernel 

data corresponding to the input channel and the output channel. 

Exemplarily, the first conversion module may be configured to perform a 30 

bitwise operation on input window data to be processed respectively according to the 

corresponding second constant matrix; 

the second conversion module may be configured to perform a bitwise 
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operation on the matrix subjected to dot product respectively according to the third 

constant matrix; and  

the third conversion module may be configured to perform a bitwise operation 

on the convolution kernel according to the first constant matrix. 

Optionally, referring to FIG. 12, in yet another embodiment, the convolution 5 

processing apparatus may further include: 

a query module, configured to query respectively, from a constant matrix 

table, the first constant matrix, the second constant matrix, and the third constant 

matrix corresponding to the size r×r of the convolution kernel corresponding to the 

convolution kernel data and the size n×n of an input window corresponding to the 10 

input window data, 

where the values of n and r are respectively integers greater than 0, and the 

constant matrix table is provided in advance through a first constant matrix, a second 

constant matrix, and a third constant matrix which are corresponding to the size of at 

least one convolution kernel and the size of the input window respectively. 15 

The embodiments of the present application further provides an electronic 

device, including the convolution accelerator according to any of the above 

embodiments of the present application, or the convolution processing apparatus 

according to any of the above embodiments of the present application. 

The embodiments of the present application further provide another electronic 20 

device, including: 

a memory, configured to store executable instructions; and 

a processor, configured to communicate with the memory to execute the 

executable instructions so as to complete the operations of any of the above 

convolution acceleration method embodiments of the present application, or the 25 

operations of any of the above convolution processing method embodiments of the 

present application. 

The embodiments of the present application further provide a computer 

storage medium for storing computer-readable instructions, where when the 

instructions are executed, the operations of any of the above convolution acceleration 30 

method embodiments of the present application, or the operations of any of the above 

convolution processing method embodiments of the present application are 

performed. 
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FIG. 13 is a schematic structural diagram of an embodiment of an electronic 

device of the present application. FIG. 13 is a schematic structural diagram of an 

electronic device suitable for implementing the embodiments of the present 

application. As shown in FIG. 13, the electronic device includes a Double Data Rate 

Synchronous Dynamic Random-Access Memory (DDR SDRAM), a Processing 5 

System (PS), and a programmable logic circuit (PL). The PL is provided with the 

convolution accelerator according to the embodiments of the present application. 

It should be noted that the architecture illustrated in FIG. 13 is merely an 

optional implementation. During specific practice, the number and types of the 

components in FIG. 13 may be selected, decreased, increased, or replaced according 10 

to actual requirements. Different functional components may be separated or 

integrated or the like. These alternative implementations all fall within the scope of 

protection of the present application. 

The embodiments of the present application may be applied to electronic 

devices such as computer systems/servers, which may operate with numerous other 15 

general-purpose or special-purpose computing system environments or 

configurations. Examples of well-known computing systems, environments, and/or 

configurations suitable for use together with the electronic devices such as the 

computer systems/servers include, but are not limited to, embedded platforms, 

personal computer systems, server computer systems, thin clients, thick clients, 20 

handheld or laptop devices, microprocessor-based systems, set top boxes, 

programmable consumer electronics, network personal computers, small computer 

systems, large computer systems, distributed cloud computing environments that 

include any one of the foregoing systems, and the like. 

The electronic devices such as the computer systems/servers may be described 25 

in the general context of computer system executable instructions (for example, 

program modules) executed by the computer systems. Generally, the program 

modules may include routines, programs, target programs, components, logics, data 

structures, and the like for performing specific tasks or implementing specific abstract 

data types. The computer system/server may be practiced in the distributed cloud 30 

computing environments in which tasks are performed by remote processing devices 

that are linked through a communications network. In the distributed computing 

environments, the program modules may be located in local or remote computing 
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system storage media including storage devices. 

A person of ordinary skill in the art may understand that: all or some steps of 

implementing the forgoing embodiments of the method may be achieved by a 

program by instructing related hardware; the foregoing program may be stored in a 

computer-readable storage medium; when the program is executed, steps including 5 

the foregoing embodiments of the method are performed; moreover, the foregoing 

storage medium includes various media capable of storing program codes such as an 

ROM, an RAM, a magnetic disk, or an optical disk. 

The embodiments in the specification are all described in a progressive 

manner, for same or similar parts in the embodiments, refer to these embodiments, 10 

and each embodiment focuses on a difference from other embodiments. The system 

embodiments correspond to the method embodiments substantially and therefore are 

only described briefly, and for the associated part, refer to the descriptions of the 

method embodiments. 

The methods and apparatuses in the present application may be implemented 15 

in many manners. For example, the methods and apparatuses in the present 

application may be implemented with software, hardware, firmware, or any 

combination of software, hardware, and firmware. The foregoing specific sequence of 

steps of the method is merely for description, and unless otherwise stated particularly, 

is not intended to limit the steps of the method in the present application. In addition, 20 

in some embodiments, the present application is also implemented as programs 

recorded in a recording medium. The programs include machine-readable instructions 

for implementing the methods according to the present application. Therefore, the 

present application further covers the recording medium storing the programs for 

performing the methods according to the present application. 25 

The descriptions of the present application are provided for the purpose of 

examples and description, and are not intended to be exhaustive or limit the present 

application to the disclosed form. Many modifications and changes are obvious to a 

person of ordinary skill in the art. The embodiments are selected and described to 

better describe a principle and an actual application of the present application, and to 30 

make persons of ordinary skill in the art understand the present application, so as to 

design various embodiments with various modifications applicable to particular use. 
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CLAIMS 

 

1. A convolution acceleration method, comprising: 

reading sequentially, through a First Input First Output (FIFO) port, data to be 

processed of a preset size in a task to be processed from an off-chip memory of an 

accelerator, and storing the data to be processed into at least one input buffer of a first 

buffer in an on-chip memory of the accelerator, wherein the on-chip memory 

comprises the first buffer, a second buffer and a third buffer, the first buffer comprises 

at least one input buffer, and at least one set of convolution kernel data is buffered in 

the second buffer;  

in response to the data to be processed being stored into an input buffer, 

reading input window data to be processed from the at least one input buffer 

sequentially, performing convolution on the input window data to be processed by 

using the convolution kernel data to obtain output window data and storing the output 

window data in the third buffer; and  

storing, through the FIFO port, the output window data in the third buffer into 

the off-chip memory sequentially; 

wherein the at least one set of convolution kernel data comprises at least one 

set of converted convolution kernels, wherein any set of converted convolution 

kernels is obtained by converting convolution kernels corresponding to one output 

channel through a corresponding first constant matrix; and 

wherein the performing convolution on the input window data to be processed 

by using the convolution kernel data to obtain output window data comprises: 

performing the following computing processing operations for any input 

channel respectively: converting the input window data to be processed through a 

corresponding second constant matrix to obtain converted input window data; 

performing a matrix dot product operation on the converted input window data of the 

any input channel and the converted convolution kernels to obtain a matrix subjected 

to dot product; and converting the matrix subjected to dot product through a 

corresponding third constant matrix to obtain a convolution result; and 

in response to obtaining convolution results of all input channels, 

accumulating corresponding points in the convolution results of all input channels to 

obtain output window data of one output channel. 
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2. The method according to claim 1, wherein the task to be processed comprises an 

input image of at least one input channel, or an input feature map of the at least one 

input channel; and 

each set of convolution kernel data corresponds to one output channel, each 

set of convolution kernel data comprises at least one convolution kernel data, and 

each convolution kernel data corresponds to one input channel. 

 

3. The method according to claim 1 or 2, wherein the third buffer comprises at least 

one output buffer; 

the obtaining output window data and storing the output window data in the 

third buffer comprises: obtaining the output window data and storing the output 

window data in the at least one output buffer sequentially; and  

the storing, through the FIFO port, the output window data in the third buffer 

into the off-chip memory sequentially comprises: in response to output window data 

being stored in a first output buffer, reading output window data in the at least one 

output buffer sequentially, and storing the read output window data into the off-chip 

memory through the FIFO port. 

 

4. The method according to claim 3, wherein the third buffer comprises two output 

buffers; and 

during processing the task to be processed, storage of output window data and 

reading of output window data are performed on one of the two output buffers 

alternately, and reading of output window data and storage of output window data are 

performed on the other of the two output buffers alternately. 

 

5. The method according to any one of claims 1 to 4, wherein the first buffer 

comprises two input buffers; and 

during processing the task to be processed, storage of the data to be processed 

and reading of the input window data to be processed are performed on one of the two 

input buffers alternately, and reading of the input window data to be processed and 

storage of the data to be processed are performed on the other of the two input buffers 

alternately. 

 

6. The method according to any one of claims 1 to 4, wherein a size of a convolution 
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kernel corresponding to the convolution kernel data is r×r, a size of an input window 

corresponding to the input window data is n×n, and a sliding step of the input window 

corresponding to the input window data and a size of an output window 

corresponding to the input window data are m, wherein values of m, n, and r are 

respectively integers greater than 0 and n=m+r-1;  

the input buffer is a line buffer; the first buffer is a cyclic buffer formed by 

n+m line buffers, and each of the line buffers is used for storing sequentially data in 

the same row in all channels of the task to be processed; and 

the reading data to be processed of a preset size in a task to be processed from 

an off-chip memory of an accelerator and storing sequentially the data to be processed 

into at least one input buffer of a first buffer in an on-chip memory of the accelerator 

comprises: 

reading the first n rows of data in all channels of the task to be processed from 

the off-chip memory for the first time, and storing correspondingly each row of data 

in the first n rows of data into the first n line buffers determined according to a 

predetermined cyclic direction in the first buffer; and 

then reading m adjacent subsequent rows of data in all channels of the task to 

be processed from the off-chip memory each time, and storing correspondingly the m 

rows of data read this time into subsequent m adjacent line buffers determined 

according to the predetermined cyclic direction in the first buffer; 

or, 

the reading data to be processed of a preset size in a task to be processed from 

an off-chip memory of an accelerator and storing sequentially the data to be processed 

into at least one input buffer of a first buffer in an on-chip memory of the accelerator 

comprises: 

reading n rows of data in all channels of the task to be processed from the 

off-chip memory each time; 

for the first n rows of data read from the task to be processed for the first time, 

storing correspondingly the first n rows of data into the first n line buffers determined 

according to a predetermined cyclic direction in the first buffer; and for n rows of data 

that are read not for the first time, taking n corresponding line buffers as target line 

buffers for the n rows of data read this time, wherein the n corresponding line buffers 

are obtained by sliding the first n line buffers, which store n rows of data read last 

time, by m rows according to the predetermined cyclic direction in the first buffer, and 
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storing the n rows of data read this time into the target line buffers correspondingly. 

 

7. The method according to claim 6, wherein the reading input window data to be 

processed from the at least one input buffer sequentially and performing convolution 

on the input window data to be processed by using the convolution kernel data 

comprises: 

for the task to be processed, when the input window data to be processed is 

read for the first time, selecting the first n line buffers as a current computing buffer, 

reading input window data with a size of n×n from the current computing buffer 

sequentially according to the sliding step m, and performing convolution on the input 

window data to be processed by using the convolution kernel data until all data to be 

processed in the current computing buffer is read; and 

then selecting n line buffers as a new computing buffer via sliding from the 

previous computing buffer according to the sliding step m and the predetermined 

cyclic direction each time, and reading input window data with a size of n×n from the 

new computing buffer sequentially according to the sliding step m, and performing 

convolution on the input window data to be processed by using the convolution kernel 

data until all data to be processed in the new computing buffer is read. 

 

8. The method according to claim 6 or 7, wherein the output buffer comprises m line 

buffers; 

the obtaining the output window data and storing the output window data in the 

at least one output buffer sequentially comprises: 

selecting one of the output buffers as a current output buffer, and storing 

sequentially output window data, obtained by performing convolution on each input 

window data, into the m line buffers of the current output buffer; and in response to 

storage of output window data, obtained by performing convolution on all input 

window data in one computing buffer, being completed, selecting another output 

buffer as the current output buffer, and performing the operation of storing 

sequentially output window data, obtained by performing convolution on each input 

window data, in the m line buffers of the current output buffer; and 

the storing the output window data in the third buffer into the off-chip memory 

sequentially comprises: 

in response to storage of output window data, obtained by performing 
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convolution on all input window data in the current computing buffer, being 

completed, storing the output window data in the current output buffer into the 

off-chip memory. 

 

9. The method according to any one of claims 1 to 4, wherein a size of a convolution 

kernel corresponding to the convolution kernel data is r×r, a size of an input window 

corresponding to the input window data is n×n, and a sliding step of the input window 

corresponding to the input window data is m, wherein the values of m, n, and r are 

respectively integers greater than 0 and n=m+r-1; 

the input buffer is a column buffer; the first buffer is a cyclic buffer formed by 

n+m column buffers, and each column buffer is used for sequentially storing data in 

the same column in all channels of the task to be processed; and 

the reading data to be processed of a preset size in a task to be processed from 

an off-chip memory of an accelerator and storing sequentially the data to be processed 

into at least one input buffer of a first buffer in an on-chip memory of the accelerator 

comprises: 

reading the first n columns of data in all channels of the task to be processed 

from the off-chip memory for the first time, and storing correspondingly each column 

of data in the first n columns of data into the first n column buffers determined 

according to a predetermined cyclic direction in the first buffer; and 

then reading m adjacent subsequent columns of data in all channels of the task 

to be processed from the off-chip memory each time, and storing correspondingly the 

m columns of data read this time into subsequent m adjacent column buffers 

determined according to the predetermined cyclic direction in the first buffer; 

or,  

the reading data to be processed of a preset size in a task to be processed from 

an off-chip memory of an accelerator and storing sequentially the data to be processed 

into at least one input buffer of a first buffer in an on-chip memory of the accelerator 

comprises: 

reading n columns of data in all channels of the task to be processed from the 

off-chip memory each time; 

for the first n columns of data read from the task to be processed for the first 

time, storing correspondingly the first n columns of data into the first n column 

buffers determined according to a predetermined cyclic direction in the first buffer; 
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and for n columns of data that are read not for the first time, taking n corresponding 

column buffers as target column buffers for the n columns of data read this time, 

wherein the n corresponding column buffers are obtained by sliding the first n column 

buffers, which store n columns of data read last time, by m columns according to the 

predetermined cyclic direction in the first buffer and storing the n columns of data 

read this time into the target column buffers correspondingly. 

 

10. The method according to claim 9, wherein the reading input window data to be 

processed from the at least one input buffer sequentially and performing convolution 

on the input window data to be processed by using the convolution kernel data 

comprises: 

for the task to be processed, when the input window data to be processed is 

read for the first time, selecting the first n column buffers as a current computing 

buffer, reading input window data with a size of n×n from the current computing 

buffer sequentially according to the sliding step m, and performing convolution on the 

input window data to be processed by using the convolution kernel data until all data 

to be processed in the current computing buffer is read; and 

then selecting n column buffers as a new computing buffer via sliding from the 

previous computing buffer according to the sliding step m and the predetermined 

cyclic direction each time, and reading input window data with a size of n×n from the 

new computing buffer sequentially according to the sliding step m, and performing 

convolution on the input window data to be processed by using the convolution kernel 

data until all data to be processed in the new computing buffer is read. 

 

11. The method according to claim 9 or 10, wherein the output buffer comprises m 

column buffers; 

obtaining the output window data and storing the output window data in the at 

least one output buffer sequentially comprises: 

selecting one of the output buffers as a current output buffer, and storing 

sequentially output window data, obtained by performing convolution on each piece 

of input window data, in the m column buffers of the current output buffer; and in 

response to storage of output window data, obtained by performing convolution on all 

input window data in one computing buffer, being completed, selecting another output 

buffer as a current output buffer, and performing the operation of storing sequentially 
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output window data, obtained by performing convolution on each piece of input 

window data, in the m column buffers of the current output buffer; and 

the storing the output window data in the third buffer into the off-chip memory 

sequentially comprises: 

in response to storage of output window data, obtained by performing 

convolution on all input window data in the current computing buffer, being 

completed, storing the output window data in the current output buffer into the 

off-chip memory. 

 

12. The method according to claim 1, further comprising: 

converting respectively convolution kernels corresponding to the at least one 

output channel through the corresponding first constant matrix in advance to obtain 

the at least one set of converted convolution kernels, and storing the converted 

convolution kernels in the second buffer; or 

converting respectively convolution kernels corresponding to the at least one 

output channel through the corresponding first constant matrix to obtain the at least 

one set of converted convolution kernels. 

 

13. The method according to claim 1 or 12, wherein the performing the following 

computing processing operations for any input channel respectively comprises: 

simultaneously performing the computing processing operations for Pm output 

channels and Pn input channels, wherein Pm and Pn are respectively integers greater 

than 0; and 

the in response to obtaining convolution results of all input channels, 

accumulating corresponding points in the convolution results of all input channels to 

obtain output window data of one output channel comprises: for the Pm output 

channels, in response to obtaining convolution results of all input channels, 

accumulating respectively corresponding points in the convolution results of all input 

channels for one output channel to obtain output window data of the Pm output 

channels. 

 

14. The method according to claim 13, wherein the value of Pm is 1, and the value of 

Pn is an integer greater than 1; and 

the simultaneously performing the computing processing operations for Pm 
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output channels and Pn input channels comprises: sequentially performing the 

computing processing operations in parallel for one output channel and all input 

channels, or one output channel and some input channels in all input channels. 

 

15. The method according to claim 14, wherein the value of Pm is the number of all 

output channels, and the value of Pn is 1; 

the simultaneously performing the computing processing operations for Pm 

output channels and Pn input channels comprises: for all output channels 

simultaneously, performing sequentially the computing processing operations for one 

input channel; and 

the in response to obtaining convolution results of all input channels, 

accumulating corresponding points in the convolution results of all input channels to 

obtain output window data of one output channel comprises: for all output channels, 

in response to obtaining the convolution results of all input channels, separately 

accumulating corresponding points in the convolution results of all input channels for 

one output channel to obtain output window data of all output channels. 

 

16. The method according to any one of claims 13 to 15, further comprising: 

obtaining, according to a parameter optimization model, optimal values of 

parameters in convolution based on a transmission bandwidth of the FIFO port and a 

resource condition of the accelerator, wherein the parameters in convolution comprise: 

a size of the input window, a degree of parallelism of the output channel, and a degree 

of parallelism of the input channel, and the optimal values of the parameters comprise: 

an optimal value n of the size of the input window, an optimal value Pm of the degree 

of parallelism of the output channel, and an optimal value Pn of the degree of 

parallelism of the input channel; and 

the simultaneously performing the computing processing operations for Pm output 

channels and Pn input channels comprises: 

selecting Pm output channels and Pn input channels based on the values of Pm 

and Pn in the optimal values of the parameters, and performing the operation of 

simultaneously performing the computing processing operations for Pm output 

channels and Pn input channels. 

 

17. The method according to any one of claims 1 to 16, further comprising: 

determining whether the size k×k of a convolution kernel of the current task to 
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be processed is consistent with the size r×r of the convolution kernel corresponding to 

the accelerator; and 

responsive to determining that the size k×k of the convolution kernel of the 

current task to be processed is not consistent with the size r×r of the convolution 

kernel corresponding to the accelerator, padding the convolution kernel of the current 

task to be processed with a columns of 0 on the right and b rows of 0 at the bottom, so 

that the convolution kernel of the current task to be processed is converted into a new 

convolution kernel with a size of tr×tr, wherein values of k, t, a, and b are respectively 

integers greater than 0.  

 

18. A convolution accelerator, comprising: 

a data reading module, configured to read sequentially, through a First Input 

First Output (FIFO) port, data to be processed of a preset size in a task to be processed 

from an off-chip memory of the accelerator, and store the data to be processed into at 

least one input buffer of a first buffer; 

the first buffer, comprising at least one input buffer and configured to buffer 

the data to be processed;  

a second buffer, configured to buffer at least one set of convolution kernel 

data; 

a computing module, configured to read input window data to be processed 

from the at least one input buffer sequentially when data to be processed is stored into 

an input buffer, perform convolution on the input window data to be processed by 

using the convolution kernel data to obtain output window data and store the output 

window data in a third buffer; 

a third buffer, comprising at least one output buffer and configured to buffer 

the output window data; and 

a data output module, configured to store the output window data in the third 

buffer into the off-chip memory sequentially through the FIFO port 

wherein the at least one set of convolution kernel data comprises at least one 

set of converted convolution kernels, wherein any set of converted convolution 

kernels is obtained by converting convolution kernels corresponding to one output 

channel through a corresponding first constant matrix; and 

wherein the computing module comprises: 

a processing element, configured to perform the following computing 
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processing operations for any input channel respectively: converting the input window 

data to be processed through a corresponding second constant matrix to obtain 

converted input window data; performing a matrix dot product operation on the 

converted input window data of the any input channel and the converted convolution 

kernels to obtain a matrix subjected to dot product; and converting the matrix 

subjected to dot product through a corresponding third constant matrix to obtain a 

convolution result; and 

an accumulating unit, configured to accumulate, in response to that 

convolution results of all input channels are obtained, corresponding points in the 

convolution results of all input channels to obtain output window data of one output 

channel. 

 

19. A computer storage medium, for storing computer-readable instructions, wherein 

the instructions, when being executed, implements the operations according to any 

one of claims 1 to 17. 


