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Abstract 

At present, the number of parameters in Convolutional Neural Network (CNN) shows a 
trend of dramatic increase with the rapid development of CNN, and the corresponding 
operations are becoming more and more complex. Stochastic Computing (SC) has the 
advantages of low power consumption, high fault tolerance and simplified circuits, and 
can efficiently handle the reasoning tasks of neural networks, which makes stochastic 
computing a hot direction for solving the computational complexity of CNNs. In addition, 
the problems of low precision, slow processing speed and complex design requirements 
in stochastic computing also hinder the application of this method. This paper discusses 
the application of stochastic computing in Convolutional Neural Networks. Firstly, the 
representative computing unit and convolutional neural network structure and 
computational complexity in stochastic computing are introduced. Secondly, stochastic 
computation-based designs in CNNs are described and their advantages and 
disadvantages are evaluated. Finally, the future development direction of stochastic 
computation-based convolutional neural networks is discussed for the implementation 
methods of these designs. 
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1. Introduction 

Convolutional Neural Network (CNN), which is one of the commonly used networks in neural 
networks, has a large number of multiply-accumulate operations. As the number of network 
layers increases, the number of corresponding parameters also increases sharply. In resource-
constrained mobile devices, such as embedded devices, the binary computing method is still 
used to perform operations, which will face the problem of computational complexity caused 
by data bandwidth and storage problems. Stochastic Computing (SC) method has attracted the 
attention of researchers. Stochastic computing is a method proposed from the perspective of 
data encoding, which mainly uses the probability of "1" appearing in a random sequence 
composed of "0" and "1" to encode numerical values. Compared with traditional binary 
computing methods, stochastic computing has the advantages of simple circuit structure, low 
power consumption and high fault tolerance, and can be applied to many applications, 
especially the reasoning tasks of convolutional neural networks[36]. However, due to the 
inherent random characteristics of stochastic computing, the accuracy of the computing results 
is lost when compared with binary computing. On the one hand, in order to solve this problem, 
researchers have proposed many improvement schemes for the basic unit of stochastic 
computing in convolutional neural networks. On the other hand, in order to expand the 
application scope of stochastic computing in convolutional neural networks, the computational 
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complexity of convolutional neural networks has also attracted extensive attention of 
researchers, and they have turned their attention to low-energy, high-precision convolutional 
neural networks. Optimal design of the network. 

2. Convolutional neural network and Stochastic computing computing 
principles 

2.1. Convolutional neural network 

A convolutional neural network is a feed-forward multilayer network in which information 
flows from input to output. A typical CNN model consists of convolutional layers, pooling layers, 
activation functions and fully connected layers. Referring to the CNN model, a new network 
model is generated by combining convolutional layers and pooling layers, which can achieve 
the purpose of improving the accuracy of the network structure. The classic CNN models mainly 
include GoogLeNet, AlexNet, VGGNet, etc. In the CNN model, most of the operations are 
concentrated in the convolution operation in the convolution layer, especially the inner product 
operation between the input data and the corresponding weight value. 

2.1.1. Convolutional layer 

The function of the convolutional layer in CNN is to extract features from the input data through 

convolution operations. Convolve the input feature map ix   with the convolution kernel 

composed of weights ,i jw , add the bias ib  to the result of the operation, and output the result 

of the convolution layer operation y . The convolutional layer operation is shown in formula 

(1). 
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2.1.2. Pooling layer and activation function layer 

The purpose of the pooling layer is to downsample the image without losing the image features 
as much as possible. Currently, the commonly used pooling types in CNN networks are Max 
pooling and Average pooling. Both of them downsample the data, but the former focuses on 
feature selection to select features with better classification recognition, and the latter mainly 
downsamples the overall feature information to better reduce the amount of parameters. 
Taking the size of the pooling operation as an example, the operation process of the maximum 
pooling method is shown in Equation (2), and the operation process of the average pooling 
method is shown in Equation (3). 

 max 1 2 3 4max , , ,
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After the pooling layer, an activation function layer is generally followed, in order to introduce 
nonlinear factors in order to improve the feature expression ability of the model. The commonly 
used activation functions mainly include functions such as Sigmod, Tanh, ReLU, etc. The 
operation process is as follows 

mod : ( ) 1 (1 )xSig f x e  .                                                                        (4) 

: ( ) tanh( )Tanh f x x .                                                                        (5) 

Re : ( ) max(0, )LU f x x .                                                                        (6) 
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The ReLU function has a faster convergence speed than the Sigmod and Tanh functions, making 
it the most popular function at present. 

2.1.3. fully connected layer 

The fully connected layer (FC layer), as the layer at the end of the neural network model, mainly 
performs linear space transformation on the input to obtain the output, and the corresponding 
operation process is shown in formula (7). The fully connected layer essentially implements 
the weighted sum operation of the input feature maps, that is, the inner product operation of 
different input feature maps and the corresponding weights. The calculation method in the fully 
connected layer is similar to that of the convolution layer. In a sense, the operation in the fully 
connected layer can be regarded as the convolution operation of the size of the convolution 
kernel. 

 i iy f W x b  .                                                                        (7) 

2.2. Stochastic computing 

Stochastic computing is to convert the traditional binary numerical representation into a 
random sequence composed of "0" and "1", so that some complex operations that are 
represented by binary numerical values can be represented by simple gate circuits represented 
by the probability domain. Stochastic computing has the advantages of high fault tolerance, high 
flexibility and simple computing units involved in the operation. However, this method has the 
defects of low computing accuracy, long delay and low conversion efficiency. 

In order to apply stochastic computing to neural network, a computing system based on 
stochastic computing is given, as shown in Figure 1. The system consists of three parts, namely 
sequence generation unit, stochastic computation unit and backward transformation unit错误!

未找到引用源。 . Among them, the sequence generation unit is to convert the binary numerical 
representation into a random sequence composed of "0" and "1"; the stochastic computingunit 
is to perform the correlation operation of the random sequence in the probability domain, such 
as multiplication and addition, etc; and the backward conversion converts the output random 
sequence of the stochastic computing unit into a binary numerical representation, and outputs 
the final result. 

 
Figure 1: Components of a stochastic computing system 

2.2.1. Sequence generation unit 

The function of the sequence generation unit is to convert the binary numerical representation 
into a random sequence so that multiplication in the probability domain can be performed. At 
present, the encoding methods for this conversion process mainly include random distribution 
sequence stochastic computing (Random Stochastic Computing, RSC) and deterministic 
distribution sequence stochastic computing (Deterministic Stochastic Computing, DSC. The 
difference between the two lies in how to determine the distribution of "1" in the random 
sequence. The RSC method is implemented by a Stochastic Number Generator (SNG). The 
random sequence generator consists of a random number generator (RNG) and a comparator. 
The DSC method is implemented using a counter and a comparator. The advantage of using this 
method is that, this method ensures that the number of "1" occurrences in the sequence is equal 
to the size of the binary value, making the result of multiplication more accurate than the RSC 
method. 
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2.2.2. Stochastic computing unit 

The stochastic computing unit mainly performs operations like multiplication, addition, and so 
on. Multiplication operations are commonly implemented with multipliers. For unipolar 
stochastic computation, the multiplier can be implemented with an AND gate, while for a 
bipolar stochastic computation, the multiplier is implemented with an XNOR gate. There are 
three main factors that affect the accuracy of the multiplier. One is the encoding method of the 
input sequence. The calculation accuracy of the unipolar stochastic computingmultiplier is 
higher than that of the bipolar stochastic computingmultiplier. The second is the difference 
between the input sequences. When the correlation is lower, the precision of the multiplier is 
higher. The third is the representation range of the input sequence, especially the 
representation range of the input multiplier. When the representation range of the input 
multiplier is small, the multiplication have the lower the accuracy[12]. 

Similarly, addition operations are implemented with adders. Due to the limited representation 
range of stochastic computing, the addition of two numbers in the range of [0,1] may result in 
a result that exceeds 1, making the result unrepresentable by stochastic computing. Therefore, 
when implementing stochastic computing addition to consider the problem of numerical 
overflow. To this end, the existing adders can be divided into two types: adders with scaling 
and adders without scaling, as shown in figure 1. The multi-selector (MUX )-based adder is a 
typical adder with scaling, which can solve the problem that the calculation result exceeds the 
range of representation, but it is not suitable for the case of multiple input sequences. There are 
two implementations of the adder without scaling , which are the structure based on the 
parallel accumulator (APC) and the structure based on the OR gate. The former has no precision 
loss, but the circuit structure is more complicated, and the latter has s ome precision loss and 
the structure is relatively simple. 

 
Figure 2: Adder with scaling and adder without scaling 

In stochastic computing, in addition to simple multiplication and addition operations, more 
complex functions can also be implemented through Finite State Machine (FSM), such as the 
tanh function, the Stanh function[24], and the random sequence input method by Stanh The 
The Btanh algorithm proposed in [31] is generalized to an input of a sequence of integers. As 
shown in Figure 3, the structure of the most basic FSM-based stochastic computing unit is 
shown.  The design of the stochastic computing unit based on FSM is simple, but the overall 
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accuracy of the method is not high due to the use of more approximate calculations in the 
algorithm, and it needs to be used according to the calculation accuracy requirements of the 
application scenario. 

 
Figure 3: Stochastic computing unit based on FSM 

2.2.3. Backward conversion unit 

The backward conversion unit converts the random sequence into binary numerical 
representation, which can be realized by the accumulator. 

3. Optimization Technology of Convolutional Neural Network Based on 
Stochastic Computation 

In recent years, after researchers discovered the good value of stochastic computing in neural 
networks, the research on stochastic computing has gradually increased. According to the 
existing theoretical technology, the optimization technology of convolutional neural network 
based on stochastic computingis mostly carried out according to the design of stochastic 
computingunit. The stochastic computing unit can be roughly divided into three categories, 
namely, the coding method based on the generation of random sequences, the basic computing 
unit based and the neural network based processing layer type. 

3.1. Encoding method based on generating random sequences 

Introducing stochastic computing into a convolutional neural network means converting data 
from the binary domain to the probability domain for correlation operations. For this reason, 
the conversion process of converting binary data into a random sequence is based on the 
optimization of convolutional neural networks based on stochastic computing. An essential 
part of technology. 

In general, in stochastic computing, binary data is converted into a random sequence by using 
a random sequence generator (SNG). In most previous SC works, linear shift registers (LFSRs) 
were used to implement RNG structures to generate random numbers. However, using the SNG-
based method to generate random sequences will have two error sources: one is the initial 
conversion error caused by the introduction of SNG; the other is the calculation error caused 
by the correlation between different bitstream data[1]. 

Some researchers try to alleviate such problems by improving the design of SNG to achieve the 
purpose of improving computational accuracy and generating random sequences with high 
irrelevance[1]. Common improvement methods can be divided into improved implementation 
based on RNG generation [10][11][12][13], improved implementation based on SNG 
generation [14][15], and improved implementation between multiple SNGs [16][17]. 

These improved methods have the characteristics of scalability, small circuit area, and high 
precision. However, due to the inherent random characteristics of stochastic computing, there 
are significant limitations in terms of the conversion between Binary-encoded (BE)  and 
stochastic computing (SC) in terms of high area cost and delay of the circuit and computing 
precision[18]. On the other hand, according to the principle of determining the distribution of 
“1” in random sequences to generate random sequences, some researchers have proposed 
encoding generation methods for centrally distributed sequences and uniformly distributed 
sequences[19][20]. This way could achieve the purpose of small circuit area, however, like the 
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implementation based on SNG, there is still the problem of large calculation delay. In addition, 
literature [21] proposed a new sequence generation method by simulating the neural synapse 
structure, which simulated the neural synaptic plasticity structure from the perspective of 
circuit wire connection, and the multiplication between input data and weights in a product 
neural network is realized by the wire connection transformation method of neural synaptic 
plasticity calculation. 

3.2. Based on the basic computing unit 

multiplication and addition operations, which require a lot of silicon area and sufficient 
memory space. In order to solve the above problems, people have studied many ideas, which 
can be roughly divided into two categories, one is to speed up the calculation process[22], and 
the other is to optimize the convolutional neural network model[23]. In 2001, Brown et al.[24] 
first proposed to apply stochastic computing to the calculation of neural networks, and 
designed a variety of stochastic computing units to replace traditional binary operations such 
as addition and multiplication, which greatly simplifies the computing circuit, highlighting the 
advantage of low complexity of stochastic computing. Multiplication operations can be 
efficiently implemented using XNOR gates in bipolar representation and AND gates in unipolar 
representation in stochastic computing. The addition operation can be performed by multiple 
modules, such as OR gates, multiplexers (MUX), accumulating parallel counters (APC)[25] and 
approximate parallel counters (AxPC)[26]. In order to reduce hardware overhead and 
calculation delay, the combination of stochastic computingand adder can form an approximate 
parallel counter (AxPC), such as APC structure based on AND-OR[27], AxPC structure based on 
4-1MUX[28], APC structure of 2-1MUX structure, AxPC structure based on mirror full adder[29]. 

Based on the above research, people combine multiplication and addition operations in 
convolutional neural networks into inner product operations for research. In previous work, 
the work on stochastic computing of inner product operations can be divided into two 
categories, one is the inner product operation module based on APC structure [29][30][31], and 
the other is the inner product operation based on weighted summation modules (MUX trees) 
[32][33][34], both of which are discussed under the unipolar representation of stochastic 
computation. In order to improve the calculation accuracy, in these traditional stochastic 
computinginner product operations, the stochastic computingmultiplication part must use two 
uncorrelated random sequences to participate in the calculation. 

The inner product operation module based on APC structure is widely used in the realization 
of neural network based on stochastic calculation. However, this inner product operation 
method has the disadvantage of being sensitive to correlation, and needs to generate random 
sequences of appropriate length for improvement. As the sequence length increases, the 
computational accuracy of this method can be improved, but the computational delay time is 
also increased. This is because the addition part is calculated on a bit-by-bit basis. In order to 
obtain reasonable calculation accuracy, a long sequence length is required, resulting in a 
serious increase in calculation delay and high cost consumption. In addition, the inner product 
method needs to convert the random sequence obtained by completing the multiplication 
operation into the BE output, which is usually implemented by a counter. Chen et al.[35] 
proposed a method to reduce the length of random sequences using binary decomposition, 
which can greatly save space and reduce computational latency. From the perspective of 
shortening the sequence length, Xiong et al.[36] proposed two high-precision stochastic 
computing units to improve the accuracy of DNNs based on stochastic computing, namely the 
reassignment-based correlation irrelevant multiplier and the accumulator-based ReLU unit, 
respectively. And adopt a length-adaptive method that uses variable lengths for different 
images to reduce the average sequence length. Chang et al.[33] proposed a scaling method that 
randomly computes the inner product function, which incorporates sparseness into the 
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probability of a random sequence of MUX selectors. In addition, the inner product operation 
module based on the APC structure has other disadvantages, such as the need to add a 
conversion circuit to convert the random sequence into binary format, and the higher area cost 
than the traditional inner product operation module. 

The inner product operation module based on weighted summation is mainly used in the 
realization of digital filter based on random calculation. However, this method suffers from a 
decrease in computational accuracy when the number of inputs is large[37]. This approach has 
the advantage of being insensitive to input data. Ichihara et al.[32] based on this proposed a 
cyclic transfer sharing scheme that allows sharing a single RNG among multiple SNGs to achieve 
significant savings in hardware the goal of. 

In addition to the discussion under the unipolar representation, Yuan et al.[38] and Haselmayr 
et al.[38] designed a high-accuracy and unscaled inner product arithmetic module using the 
two-line SC bipolar representation. However, both methods are sensitive to dependencies, and 
the two-line representation generally has a higher hardware footprint than the single-line 
representation. 

Sim and Lee [39] also proposed another way of SC domain inner product operation. They 
proposed a method to implement SC domain inner product operation using up and down 
counters. Compared with the traditional SC method, this counter-based method has higher 
precision and lower computational latency, but this method is only relevant for SC with binary 
interface. 

Further, Abdellatef et al.[40] proposed a high-precision, low-area-cost, circuit-independent 
design scheme for SC-domain inner product operation. Compared with existing methods, this 
method has better accuracy performance and is suitable for designs with large numbers of 
inputs and low sequence lengths. 

In addition, Xia et al[41] proposed an inner product operation scheme based on stochastic 
computingto simulate the neural synapse structure based on the literature [21]. The scheme 
divides the inner product operation into forward transformation, probability and backward 
transformation, and the wire fan-out unit, wire selection unit and backward transformation 
unit are designed respectively to solve the problem of high complexity and high delay. In 
addition, Xia et al[42] also took advantage of the parallelism of stochastic computing, and 
proposed a method based on reconfigurable synaptic plasticity computing, which can perform 
inner product operations through bit multiplication and some complete adders, thus building a 
high-speed Parallelism, low hardware overhead architecture. 

3.3. Types of processing layers based on neural networks 

Since 2016, many researchers have studied the implementation of stochastic computation in 
convolutional neural networks. They achieve substantial reductions in area while maintaining 
an acceptable loss of precision. The focus of research on stochastic computing-based 
convolutional neural networks lies in the optimal design of a single function and the entire 
network, including convolutional layers, pooling layers, and activation functions. For the 
reasoning process of these layers, different tiny circuits are designed to perform the operations 
in the convolutional neural network in the SC domain. Furthermore, the currently proposed SC-
CNNs are all created using the above SC circuits with different configurations, and are optimally 
designed to obtain acceptable computational accuracy. According to the reviewed literature, 
two types of SC-CNN have been proposed in the existing work, one is SC-CNN that realizes most 
CNNs in SC as the goal, and the other is hybrid SC that realizes only specific layers in SC -CNN. 
However, both only focus on the inference process in CNN [18][43]. 

Ren et al.[44] and Li et al.[45] used traditional SC elements to encode BP and adopted SC to 
implement inner product operation, average pooling, and easy-to-implement Stanh function in 
CNNs[26]. These work suffer from high error rates or very long bitstreams up to 1024 bits. 
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Since the inner product operation module based on the APC structure has better performance 
than the traditional XNOR-MUX structure [27], most existing SC-CNNs use the inner product 
operation module based on the APC structure or the AxPC structure perform convolution 
operations in convolutional layers. Sim et al.[46] used an APC-based structure to create 
convolutional layers. Ren et al.[47] used an AxPC-based structure with Stanh and Btanh 
functions used as activation functions, and a pooling approach to find feature extraction blocks 
suitable for SC-CNN. The previously mentioned literatures [41][42] also apply the designed SC 
computing unit to the convolution operation to achieve high memory bandwidth efficiency. 

In addition, there is more work on SC-based pooling or activation units. Li et al. [48][34] 
designed a SC-based ReLU and applied ensemble and module-level optimization to their SC-
DNN. Yu et al.[49] proposed SReLU and Smax for max pooling. Li et al.[50] replaced the existing 
sigmiod function with an approximate format sigmiod function to reduce hardware overhead. 
Nguyen et al.[51] proposed a new nonlinear activation function approximation method 
including tanh and sigmiod functions using stochastic computational logic based on piecewise 
linear approximation (PWL) in the range [-1,1]. Reference [52] introduces normalization and 
dropout into existing SC-CNN and proposes a novel normalization design including square 
summation unit, activation unit and division unit. 

Many researchers have also conducted research on the hybrid SC-CNN model. Lee et al.[53] 
proposed a hybrid BE-SC CNN model that can be used for near-sensors, which implements only 
the first convolutional layer in the sensor with the SC-based approach, while the rest of the 
layers use the BE-based approach. Faraji et al.[54] proposed a low-discrepancy deterministic 
bitstream-based CNN implementation, in which the product operation in the first convolutional 
layer is implemented with SC and an APC -based structure for inner product operation. 
Zhakatayev et al.[55] tried to use both stochastic computing and binary computation in the 
network, so that the computational accuracy was improved compared to using only stochastic 
computing. Ardakani et al.[56] proposed a method for stochastic computingof integers, which 
can realize multiplication and addition of integer sequences and random sequences. Sim and 
Lee et al.[57][58] proposed a new SC multiplication operation for BISC (Binary Interface 
Stochas tic Computing), this inner product operation method is limited to BISC use, therefore, 
in SC only multiply-accumulate operation , all other operations are implemented in BE. The 
algorithm can achieve almost the same calculation accuracy as traditional binary calculation at 
lower delay, and this algorithm has a simpler circuit structure than traditional SC multiplication, 
because it eliminates SNG and AND gates in exchange for ratio SNG has a smaller down counter. 

In addition to improving the operation modules in CNN, some researchers have proposed 
several new optimization methods from other perspectives. Lammie et al.[59] first attempted 
to approximate the multiplication of fixed-point weights and bias values using stochastic 
computation techniques during CNN training, and demonstrated the method's state-of-the-art 
learning performance on multiple datasets. Kim et al.[60] proposed a conditional computation 
scheme that combines precision cascades and synergistically with zero jumps to improve the 
computational speed of DCNNs. Zhang et al.[61] addressed the high latency, random 
fluctuations, and high hardware cost of pseudorandom number generators (PRNGs) with a new 
technique for generating parallel bitstreams. Zhang et al[61] also proposed a novel storage 
system applied to the SC-MAC (Stochastic Computation-based Multiply Accumulate Operation) 
engine of CNN to reduce energy consumption. Similarly, Wang et al.[62] also designed a SC-CNN 
s ynthesis scheme based on MLC PCM (multi-level cell phase-change memory) from the 
perspective of alleviating storage pressure, and reduced the neural network size without 
sacrificing CNN accuracy. This is determined by the inherently random nature of stochastic 
computing itself. 

These implementation methods based on stochastic computing all have a problem, that is, they 
are not applied to the large-scale design optimization and extensive application of SC-based 
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CNNs, and most of them are for inner product operations such as multiplication and addition, 
activation functions or input sequences length and other parts have been improved, and a more 
general implementation method has not been explored. 

4. Future direction of development 

According to the previous description, stochastic computing has excellent application 
prospects in convolutional neural networks. Analyzing these optimization methods, the 
application and development directions of convolutional neural networks based on stochastic 
computing can be divided into three types. The first is the inner product operation method; the 
second is how to make full use of the parallelism of CNN; the third is the mixed operation 
method based on stochastic computing and binary computing. 

4.1. Inner product operation method 

In the convolution operation, the existing implementation method of multiply-accumulate 
operation (MAC) based on stochastic computingis still composed of the structure of multiplier 
and adder realized by AND gate. From the perspective of computational accuracy, an important 
improvement point to reduce the loss error lies in the method of generating random sequences. 
In addition to using LFSR, combining the coding method of uniformly distributed random 
sequences with LFSR is also helpful to improve the accuracy loss. Another improvement is in 
the way the adder is implemented. At present, there are mainly OR gate-based, MUX-based and 
APC-based structures. The structure based on OR gate has the advantages of low calculation 
accuracy but simple circuit implementation. Combining with the structure based on APC can 
achieve the goals of high precision and simple circuit structure at the same time. The MUX-
based structure has a small loss of accuracy, and the combination with the APC-based structure 
also has a certain improvement in accuracy and hardware overhead. Therefore, the inner 
product operation method is also one of the future development directions. 

4.2. Leveraging the Parallelism of Convolutional Neural Networks 

In stochastic computing, the high precision is proportional to the length of the input sequence, 
and the increase of the sequence length will generate more energy consumption, but in practical 
applications, so much energy consumption is not desired. Large circuit area, reducing the input 
sequence and other angles to improve. In addition, the increase of the sequence length will also 

increase the computational delay, because it takes at least 2k clock cycles to obtain a random 

sequence of length is 2k . The convolutional neural network has parallelism and can input 
multiple data in parallel, greatly reducing the delay time and improving the calculation speed. 
How to take advantage of the parallelism in convolutional neural networks and play a great role 
is the direction to be explored next. 

4.3. Mixed Operation Method Based on Stochastic Computing and Binary 
Calculation 

The implementation method of the convolutional neural network based on the binary 
computing method faces the defect of large hardware resources. In order to solve this problem, 
researchers have introduced stochastic computing. However, the implementation of 
convolutional neural networks using only stochastic computing suffers from low accuracy, 
despite its advantages of low complexity and high fault tolerance. Therefore, the researchers 
proposed a hybrid operation method based on stochastic computing and binary computing. The 
primary problem to be solved in this computing method is the mutual conversion process 
between binary representation and random sequence, because this conversion process 
accounts for a large part of the resources of the entire method. consume. In addition, it  is also 
necessary to explore how much the operation part based on stochastic computingin the entire 
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CNN occupies to make the overall performance better. However, at present, only the application 
of the operation module based on stochastic computingin CNN has been realized, and more in-
depth exploration is needed. 

5. Conclusion 

Starting from the application and development of convolutional neural network based on 
stochastic computing, this paper introduces the composition of computing system based on 
stochastic computing, the structure of convolutional neural network and the computational 
complexity. The design unit of stochastic computing in convolutional neural network is briefly 
explained, based on the recent application of SC-CNN, it can be seen that the research objects of 
convolutional neural networks based on stochastic computing tend to have the application 
effect of stochastic computing under large-scale convolutional neural networks. This trend will 
promote the further application and development of stochastic computing in convolutional 
neural networks. 
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