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ABSTRACT 

 
With the further development of deep neural network, more and more large-scale 

network structures are proposed, the large-scale network led to the increase in the 

number of parameters, and the amount of calculation. This will challenge devices’ 

hardware and greatly increase the power consumption [1]. So, it is unfavorable for using 

large-scale network on terminal devices. We will solve these problems through design 

special network structure and quantize the weight and activation function in our design. 

Make the large-scale network can be better used on the terminal equipment. 

 
The design is based on the ResNet structure [2] and used groups of convolutions [3] 

with both binarized weights and activations [4] to build lightweight deep neural 

networks. During the forward pass, our design drastically reduces memory size and 

accesses, and replace most arithmetic operations with bit-wise operations to simplify 

the computation and reduce memory size, which is expected to substantially improve 

power-efficiency and Computing speed. We designed a baseline and continued to adjust 

the network architecture and parameters for better tradeoff between latency and 

accuracy. Finally, we got satisfied results on CIFAR-10 dataset [5]. 

 
At last, we will compare the network we designed with state-of-the-art network in 

the Cifar-10 100k benchmark [6] to show the performance of our design. 
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CHAPTER 1 INTRODUCTION 
 

 
1.1 Background 

 

1.1.1 AI, Machine Learning and Deep Learning 

 

Nowadays, artificial intelligence, machine learning, and deep learning have been well 

developed and applied to our lives [7]. There will be more and more applications and 

devices related to these in the future. This report will first explain the concepts of 

artificial intelligence, machine learning, and deep learning [8]. Artificial intelligence 

has the widest range, its theory includes planning, understanding language, recognizing 

objects and sounds, learning, and solving problems. As long as the ability of a machine 

to imitate human behaviors can be regarded as artificial intelligence, many of its 

functions are created by direct manual design. Machine learning is a subset of artificial 

intelligence (Fig.1). Machine learning is trained through a lot of data and able to modify 

itself; it often does not require human intervention to make certain changes. Deep 

learning is a subset of machine learning. (Fig.1) Deep learning mainly refers to the use 

of deep neural networks to solve problems, which is almost the best technology at 

present. Our design is based on a deep neural network and uses some optimization 

methods to design a more effective network. 

 

Fig 1. Relationship among AI, ML and DL 
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1.1.2 History of Deep Learning 

 

In 1943, a neural network and a mathematical model [9] were established by 

neuroscientist W.S. McCilloch and mathematician W.Pitts, called the MCP model 

(Fig.2), which is an abstract and simplified model constructed according to the structure 

and working principle of biological neurons. Deep learning was born. 

 

 
 

 
Fig 2. MCP model 

 
 

In 1958, computer scientist Rosenblatt proposed a neural network composed of two 

layers of neurons [10]. This method uses the MCP model to classify the input multi- 

dimensional data and can use the gradient descent method to automatically learn and 

update the weights from the training samples. Deep learning has been further developed. 

In 1969, American mathematician and artificial intelligence pioneer Marvin Minsky 

proved in his work that the perceptron is essentially a linear model [11], which can only 

deal with linear classification problems. Deep learning had almost no development in 

the next 20 years. 

In 1986, Geoffrey Hinton, the father of neural networks, invented the 

Backpropagation algorithm [12] for multi-layer perceptron 1986 and used Sigmoid [13] 

for nonlinear mapping, which effectively solved the problem of nonlinear classification 

and learning. 

In 1991, the Backpropagation algorithm was pointed out that there was a gradient 

disappearance [14] problem, so it was unable to effectively learn the previous layer, and 

it was unable to train a deeper network. This problem directly hindered the further 

development of deep learning. 

In 2006, Geoffrey Hinton and his student Ruslan Salakhutdinov, a leader in the 
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field of machine learning, and the father of neural networks, published an article in the 

top academic journal "Science", which proposed the gradient in deep network training 

the solution to the disappearance problem: Unsupervised pre-training initializes the 

weights and fine-tunes the supervised training [15]. Deep learning has been further 

developed. 

In 2011, the ReLU [16] activation function was proposed, which can effectively 

suppress the vanishing gradient problem. Later, deep learning was also applied to all 

aspects of life to solve various problems. 

In 2012, AlexNet [17] won the championship through the constructed convolutional 

neural network and crushed the classification performance of the second place (SVM 

method). Because of this competition that convolutional neural network has attracted 

the attention of many researchers. After that, the convolutional neural network [18] 

has been well developed and is widely used. Nowadays, most of the research is based 

on this structure. 

 
1.1.3 Current Developing Limitation 

 

Many machine learning algorithms require large amounts of data for training before 

they start to provide useful results. And these data must be accurate and valid, otherwise, 

it will affect the function of the algorithm. To improve the effectiveness of the algorithm, 

we have to increase the network architecture, and as the network increases, more data 

is required, which further limits the development of deep learning. On the other hand, 

it is also the main concern of our design. With the further increase of the network, the 

required calculation amount and parameters will increase greatly, the hardware 

configuration and energy consumption will be challenged. These restrictions are not 

conducive to the application based on machine learning to terminal equipment. It is 

necessary to solve the problem of the large calculation amount and parameter number 

to minimize delay and reduce energy consumption. 

 
 

1.1.4 Simplify Network Methods 

 

These limitations have affected the further development and application of deep 

learning, and it is necessary to solve the problems of computational complexity, 

parameter usage, and energy consumption. The main methods now include network 

pruning [18,19,20], low-bit quantization [21,22] and efficient architecture design 
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[23,24]. These methods can be divided into the following ideas. The first is to reduce 

parameters and intermediate calculation processes by low-bit quantization. Another 

method is to optimize the structure or deleted part of the network by directly changing 

the structure to reduce the total amount of calculations and parameters. These methods 

will lead to a decrease in the network performance, so the further design is needed to 

compensate, to achieve a significant improvement in the effect under similar 

consumption conditions. 

 
1.2 Fully Connected Neural Network 

 

A fully connected neural network [25] is a very classic network construction. It 

simulates human neurons for information transmission. It does not require human 

intervention and can solve a series of problems through data training. The network can 

achieve better results by increasing the depth and width and solve a series of problems 

that are not too complicated. For example, it has achieved good results on the MNIST 

[26] dataset. However, as the network becomes more complex, the parameters will 

increase significantly, which is not conducive to the use of the model in solving complex 

problems. This network can be used as the last few layers of a convolutional neural 

network to complete the classification. 

 
The network mainly consists of the input layer, hidden layers, and output layer (Fig.3). 

It uses forward transmission to predict and reverse transmission to update parameters 

to achieve the effect of learning. On this basis, we can use a series of methods such as 

activation functions to improve the expression of the network. 

 

Fig 3. Fully connected neural network 
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The following equation (Eq.1) shows the mathematical expression of DNN, “w” is 

the weight we want to train, “a” represents the input of the previous layer and the output 

of the next layer, “b” is the bias, and “σ ()” is the activation function we use. 

 
𝑎𝑙 = 𝜎(𝑧 𝑙 ) = 𝜎(𝑊 𝑙 𝑎𝑙−1 + 𝑏 𝑙 ) 

 
Equation 1. Forward propagation of fully connected neural network 

 
 

1.3 Convolutional Neural Network 

 

Networks formed by convolutional neural network [27,28] have now been widely 

used in various aspects, it includes image classification [2,29], object detection [30,31], 

and object segmentation [32,33]. and many applications use this framework as well. 

Most of its parameters and calculations are in the convolutional neural network part, 

and then a fully connected layer [25] will be used for those classification tasks. This 

kind of framework can use many common parameters to achieve the function of saving 

parameters. Many complicated problems can be solved by this method. 

 
 

Fig 4. Convolutional neural network 

 
 

The convolutional neural network uses the shared kernel to perform multiplication 

and accumulation (Fig.4,5) operations on the corresponding position on the previous 

layer to obtain the data of the next layer [34]. It uses forward propagation to do the 

prediction and backpropagation to update the parameters to achieve the learning 

effectiveness. It will also further through down-sampling to simplify the network and 
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use the activation function to improve the expression of the network. We can improve 

the effect of the network by adjusting the depth, resolution, and number of channels [35] 

in each layer. 

 
 

 
Fig 5. How does convolutional neural network work 

 
 

1.4 Binary Neural Network 

 

The use of binary neural networks [4] can greatly reduce the amounts of parameters 

and calculations. We can use the existed network architecture to directly adjust the 

weight and activation function to 1 bit [36]. 

Following, we approximate the floating-point weight “w” by a binary weight filter, 

where “ℓ” is the loss. The forward and backward processes can be given as follows 

(Eq.2): 

 

 

Equation 2. Forward and backward propagation of binary neural network 

 
 

From a mathematical point of view, the backward propagation of binary neural 

networks is not defined. To make it been possible to propagate backwardly, we utilize 

the piecewise polynomial function to approximate the sign function [37]. The new 

definition of backward propagation can be written as (Eq.3): 
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Equation 3. New definition of backward propagation 

 

 

1.5 Introduction of Cifar-10 dataset 

 

We used the CIFAR-10 dataset [5] in our network design. All our training and testing 

are implementing on CIFAR-10. The CIFAR-10 is a standard dataset used in computer 

vision and deep learning. The dataset was mainly intended for computer vision research. 

The dataset is comprised of 60,000 32*32pixel color photographs of objects from 10 

classes (Fig.6), such as airplane, automobile, bird, etc. The class labels and their 

standard associated integer values are listed below: 

 
0: airplane 1: automobile 2: bird 3: cat 4: deer 5: dog 6: frog 7: horse 8: ship 9: truck 

 
 

Fig 6. Cifar-10 dataset 
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CHAPTER 2 MODEL CONSTRUCTION 

 

 
2.1 Res-Net Structure 

 

The ResNet [2] framework is used for this kind of shortcut connection (Fig.7), which 

can enhance the correlation between layers and prevent the problem of the gradient 

vanishing due to the deep network depth. The use of shortcut [38,39,40] connection is 

to add the output of the previous layer (or several layers) to the output calculated by this 

layer and use the activation function to get the output. 

 
 

Fig 7. Resnet block 

 
 

The equations.4 introduces the mathematical principle of ResNet [2]. “W” is the 

weight we want to train, “x” here represents the input, “y” represents the output, “F” is 

the function that defines ResNet, and “σ ()” is the activation function we use. 

 
𝑦 = 𝐹(𝑥 , {𝑊𝑖 }) + 𝑥 

𝐹 = 𝑊2𝜎(𝑊1𝑥) 

Equation 4. Forward propagation of ResNet block 
 

2.2 Layer-Wise Construction for a Single Block 

 

We illustrate the layer-wise feature reconstruction [3] for a single block (Fig.8). 

Specifically, for each layer, we aim to fit the full-precision structure using a set of 

binarized homogeneous branches F (·) given a floating -point input tensor x (Eq.5): 

𝐹(𝑋) =  ∑ λiBi(x) = ∑ λi

𝐾

𝑖=1

(𝑏𝑖
𝑤

⨁sign(x)) 
𝐾

𝑖=1

 

Equation 5. Layer-wise construction for a signal block 
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𝑖 

 

 
 

Fig 8. Binary groups decomposition 

 

where ⊕  is bitwise operations xnor (·) and popcount (·), “K” is the number of 

branches and “λi” is the combination coefficient to be determined. During the training, 

the structure is fixed and each binary convolutional kernel “𝑏𝑤” as well as “λi” are 

directly updated with end-to-end optimization. The scale scalar can be absorbed into 

batch normalization when doing inference. Each binary branch gives a rough 

approximation, 

and all the approximations are aggregated to achieve more accurate reconstruction to 

the original full precision convolutional layer. Note that when “K” = 1, it corresponds 

to directly binarize the floating-point convolutional layer. However, with more branches 

(a larger “K”), we are expected to achieve more accurate approximation with more 

complex transformations. During the inference, the homogeneous “K” bases can be 

parallelizable and, thus the structure is hardware friendly. This will bring significant 

gain in the speed-up of the inference. Specifically, the bitwise XNOR [41] operation 

and bit-counting can be performed in a parallel of 64 by the current generation of CPUs. 

And we just need to calculate “K” binary convolutions and “K” full-precision additions. 

As a result, the speed-up ratio “σ” for a convolutional layer can be calculated as (Eq.6): 

 

 

Equation 6. Speed-up ratio for a convolutional layer 

 

 

In the layer-wise approach, we approximate each layer with multiple branches of 

binary layers (Fig.9). Note each branch will introduce a certain amount of error and the 

error may accumulate due to the aggregation of multi-branches. As a result, this strategy 

may incur severe quantization errors and bring large deviations for gradients during 
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backpropagation. To alleviate the above issue, we used a more flexible decomposition 

strategy called group-wise binary decomposition, to preserve more structural 

information during approximation. The layer-wise [3] approximation strategy can be 

easily extended to the group-wise case. We can efficiently construct a network by 

stacking these groups and each group may consist of one or multiple blocks. We further 

expose a new dimension on each base, which is the number of blocks. This greatly 

increases the structure space and the flexibility of decomposition. 

 

 

Fig 9. Basic groups block 

 

 

2.3 Comparison of Models Parameters 

 

We used the ResNet framework and the layer-wise structure to build the model. Here 

we compare the total memory and calculations of the same base structure network. The 

comparison result is in Table 1. 

 
Table1. Memory and computational cost comparison 

Model Weights Activation 

s 

Operations Memory 

saving 

Computation 

Saving 

Full-precision 

DNN 

F F +,-,x 1 1 

Group-Net g(B,B) +,-, 

XNOR- 
popcount 

~
32 

X
 

g 
<

64 
X

 
g 

Group-Net 

g=3 

3(B,B) +,-, 

XNOR- 
popcount 

~
32 

X
 

3 
<

64 
X

 
K 

Group-Net 

g=4 

4(B,B) +,-, 

XNOR- 
popcount 

~8 X <16 X 

Group-Net 

g=5 

5(B,B) +,-, 

XNOR- 
popcount 

~
32 

X
 

5 
<

64 
X

 
5 
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2.4 Baseline Model 

 

Through the reference to several types of good performance network structures 

[2,3,35,42,43,44], we designed the below structure (Fig.10) as our baseline model. In 

our design, the first convolutional layer was using the full precision weight and 

activation function, we found this part for the low-bit network is essential. So, we will 

analyze and special design this part later, this is one of our contributions. Then, we 

applied ResNet [2] blocks, and their weight and activation functions are all using 1 bit 

with several groups in parallel. Because most of the parameters and calculations are in 

this part, which can save a lot. We would adjust the numbers of the ResNet blocks in 

the experiments. (The baseline model uses three blocks) Furthermore, we designed a 

new structure to replace the ResNet in our later design. Finally, we used the average 

pool and fully connected layers to do the classification. We also used full precision 

weight and activation function in the fully connected layers. We did not show the 

ResNet structure or our designed structure in the below figure. We would explain the 

inner construction in detail in the innovation part. 

 

 

Fig 10. Baseline of our design 
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Moreover, we would present our structure by the table as below (Table 2), for 

example, in the (10,20,40,80) part, the number “10” represent the output channels 

number of the first layer, “20” represent the channels number of the second and third 

layer, “40” represent the channels of the fourth and fifth layer and “80” represent the 

channels number of the sixth and seventh layer. Then we get “80” data points by using 

the average pool. And we get “80/2” data points through the fully connected layer. We 

finished the classification by getting another “10” data points through the fully 

connected layer based on the previous “80/2” data points. 

The “bnn” and “full” represent 1 bit and 32 bits respectively in the ResNet blocks. 

“g” represents the groups we use in this structure. Parameters are how many bits are 

used in this network, and accuracy is the top-1 accuracy. 

 
Table2. Network expression 

 
Network Construction 

 
Parameters (bit) 

 
Accuracy 

 
(10,20,40,80) bnn g=3 

 
xxxxxxx 

 
xx.xx% 

 
(10,20,40,80) full g=4 

 
xxxxxxx 

 
xx.xx% 
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CHAPTER 3 INNOVATION AND CONTRIBUTION 

 

 
3.1 Specific Design of Input Layer for Quantize Network 

 

In this design, we especially designed the input layer of the binary network to 

improve the ability of the network to read information. It just adds a small number of 

parameters with better performance, and we will further verify it in the subsequent 

experiments. 

 

 
 

 
Fig 11. Frist layer design methods 

 
 

We purposed five methods (Fig.11) to quantize the first layer and adjust the kernel 

size, which include the width, height, and depth. The specific methods are shown in the 

figure above. 

 
The most part that we proud of is the (Fig.11e) structure, we have introduced a 

coefficient “a” to expand the channel of the first convolutional layer by changing the 

kernel size of the first layer while ensuring that the following network structure is not 

affected. This allows us to have almost the same network parameters with much better 

performance. The network had been enhanced and we obtained a good result. We use 

the following formula (Eq.7) to express the increase in the total parameter amount in 

bits caused using this structure. “C” is the original number of channels of this layer, “g” 
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is the groups we used in the following layer. 

 
 

Extra Parameters(bit) = (𝑎 − 1)  (864𝐶 + 18𝑔𝐶2) 

Equation 7. Extra parameters caused by channel expansion 

 

 

3.2 Optimize Residual Calculation Layer 

 

The ResNet [2] structure have a great performance in deep neural network (Fig.12a), 

but we found that there would be a great loss between layer when we do the quantization. 

Hence, we purpose a method to augment the connection between layers (Fig.12b). After 

adjusting the traditional ResNet structure, we have obtained a more suitable method for 

binary network short-cutting. 

 

 

Fig 12. ResNet Adjustment 

 
 

When we performed down-sampling, the residual size also changed, so we needed to 

adjust the size of the residual through a certain method to have the same size with the 

corresponding hidden layer. Here we proposed several new adjustment methods 

(Fig.13-15) and compared them according to the number of additional parameters and 

accuracy. And we would additionally use the formulas below to compare their 

parameters and calculations. 
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In equation.8 and equation.9, “Cin” is the channels of the previous layer, “Cout” is the 

channels of the next layer and the “K2” is the kernel size for residual adjustment and “g” 

is groups. “Win” and “Hin” represent the width and height respectively in the previous 

layer. 

Residual parameters(bit)= 𝐶in×𝐶𝑜𝑢𝑡× 𝐾2 ×𝑔 
Equation 8. Number of parameters (bits) in residual calculation part 

 

Residual calculations(bit)= 𝐶𝑖𝑛×𝐶𝑜𝑢𝑡×
𝑊𝑖𝑛×𝐻𝑖𝑛

4
× 𝐾2 ×𝑔 

Equation 9. Number of calculations (1bit) in residual calculation part 

 

 

To do the addition calculation, we needed to change the size of the residual be the 

same as the size of its corresponding layer. We used three methods in following Figures 

(Fig.13-15). In these three methods we all used down-sampling method with stride=2 

to generate the residual. Additionally, we use padding when the kernel size is three or 

above (Fig.15). 

 
 

 
Fig 13. Acquisition of residual using 1*1 kernel 
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Fig 14. Acquisition of residual using 2*2 kernel 

 

 

 
Fig 15. Acquisition of residual using 3×3 kernel 

 

 
 

3.3 Propose a Bit of Parameters-Accuracy Comparison Method 

 

The current network comparison methods mainly compare the number of parameters 

with top-1 accuracy [42,43,44], but they often ignore the fact that a single parameter of 

the quantized network has a smaller memory and less computational cost. The final 

memory in total and the computation amount are directly dependent on the number of 

bits in a network. Therefore, we propose a new comparison method: use bit of 

parameters and accuracy coordinate to finish the models’ comparison. The capabilities 

of the network can be better compared in this method. We will use this method to 

analyze our experimental results in the following work. Figure 16 shows the bit of 

parameters and accuracy coordinate. 
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Fig 16. Bit of parameters and accuracy coordinate. The figure contains part of our experimental data, and 

each point represents a specific network. The abscissa represents the parameter amount calculated by bits, 

the ordinate is Top-1 Accuracy; and the same color means the same type of networks. 

 
3.4 Form up Basis for Future Structural Design of Quantize Network 

 

We believe that the early extraction of the network is very important, especially the 

early extraction of the quantified network. Therefore, when performing network 

quantification, if we directly quantify the original network structure, it will lead to a 

large amount of information loss, so we should pay attention to the special design of the 

first layer. Relatively speaking, the importance of the later layer is relatively low [45]. 

We can achieve the purpose of reducing parameters and saving calculations through 

more quantification and simpler structural design of the later layer. Through 

experiments  results  and  analysis  from  the linear  algebra theory,  we introduced the 

concept of single kernel ability factor “ß”, and single layer ability “ζ”. The concept 

can help us to further optimize the network. Figure 17 shows a multiplication and 

accumulation calculation. 

 

 
Fig 17. Single kernel multiplication and accumulation calculation 
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We purpose our point of view that based on the linear algebra theorem and introduced 

a coefficient “ß” (Eq.10). “ß” describes the ability of a single kernel. “BK2Cin” is the 

number of parameters of bits in a single kernel. “B” represents the number of bits in a 

single parameter. “𝑊𝑜𝑢𝑡 ∗ 𝐻𝑜𝑢𝑡” is the number of results through matrix calculation. 

The relationship between “ß” and “ 𝐵𝐾
2𝐶𝑖𝑛

 
𝑊𝑜𝑢𝑡∗𝐻𝑜𝑢𝑡 

” are positive related but not absolutely 

linear, so we introduced another coefficient “γ” to express the non-linearity. 
 

 

 

ß  = ( 
𝐵𝐾2𝐶𝑖𝑛 

𝑊𝑜𝑢𝑡 × 𝐻𝑜𝑢𝑡 

 
)𝛾 

Equation 10. Single kernel ability 

 
 

We according to the single kernel ability further purposed the single layer ability “ζ” 

(Eq.11). It has a positive relationship with the single kernel ability and the number of 

the kernel. We can use “𝐶𝑜𝑢𝑡 ” to represent the number of kernels. And introduced 

another coefficient “ν” to express the non-linearity. 

 

𝜁 =  ß  ×𝐶𝑜𝑢𝑡 
𝜈
 

Equation 11. Single layer ability 

 

 

We found those first layers “ß” and “ζ” are much smaller than subsequent layers 

through the above equation, especially for the kernels in the first convolutional layer. 

We could use a large “B” to increase the single kernel ability and increase the number 

of kernels (output channels) to enhance the network overall performance. So, this 

inspired us to specially design the first layer in chapter 3.1. We also found that the last 

few convolutional layers have large “ß ”, which means their single kernel ability is 

higher. Moreover, they also have more kernels, “ζ” is very large in this part which 

means there will be a lot of low-efficient parameters and calculations. We could use this 

concept to further quantize the weight and activation function and simplify the structure. 
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CHAPTER 4 RESULTS AND DATA ANALYSIS 

 

 
4.1 All Results in Bit of Parameters-Accuracy Coordinate 

 

The results of all the experimental data we got are put into the parameter accuracy 

coordinate for comparison, which can better compare network performance. We put the 

data comparison chart below (Fig.18), and we found that our designed network has 

better performance than the full precision network at a low bit number. 

 

 

 

Fig 18. All experiment results. The blue point in this picture are the networks we designed, and the orange 

points are the full-precision network. 

 

 
4.2 Influence Factors of Input Layer for Quantize Network 

 

We experimented and analyzed our baseline structure (10,20,40,80), group=5 

according to the input layer optimization we proposed in 3.1. There are very close 

parameters among them. The figure below is our comparison result (Fig.19). Through 

experiments, it is found that the input layer channel enlargement technology (Fig.11e) 

we proposed before has achieved good results. We will use this structure for special 

network design later. 
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Fig 19. Special design for the input layer 

 

 

4.3 Influence of Depth and Number of Channels 

 

The depth and number of channels of networks will affect the expressive ability and 

Top-1 accuracy of the network. In order to design a more effective baseline structure, 

we need to analyze these data. Figure.20 shows the relationship between Top-1 

accuracy and depth in our proposed Bit of Parameters-Accuracy Coordinate, “DEPTH” 

is the RseNet blocks we used in the corresponding network. In the end, in order to better 

migrate the application of the network, we chose a deeper network baseline structure. 

When the network is small, they have a relatively similar expression ability, but when 

the parameters increase, the ability of the shallow network is not as good as the deep 

network. 

 

 
Fig 20. Networks with different depth 
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In addition, we changed the number of channels of networks while keeping the basic 

structure of the network unchanged. The same color in the below figure (Fig.21) below 

represents the same basic structure, and each color has three points. The three points 

from left to right indicate that the channels expand 1x, 1.6x, 2x in all layers respectively. 

 

 

Fig 21. Networks with different channels 

 
 

Through the above depth and number of channels analysis, we could get the trend of 

the network effect with these two dimensions, adjusting the two dimensions at the same 

time can enhance the performance of the network, and get better results under the 

premise of increasing a certain parameters and calculations [35]. Which has instructive 

significance for our parameter adjustment and the selection of the final baseline 

structure. 

 
4.4 Influence of Groups 

 

Groups refers to the use of parallel binary groups to simulate full precision model, so 

different groups with the same structure will have different parameters and calculation. 

Hence, the effect of the network will also be very different. The figure below (Fig.22) 

is a traditional comparison method, it is a comparison of different groups with the same 

structure. The groups we used are 3, 4, and 5 respectively. but this method can only 

compare the relationship between a single network but cannot make direct comparisons 

between different network structures. To solve this problem, we used our proposed Bit 

of Parameters-Accuracy Coordinate (Fig.23) to have a better comparison. 
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Fig 22. Top-1 accuracy with different groups 

 
 

We used six colors to compare these six basic network structures (Fig.23). There are 

three points of each color, which means Group=3, Group=4, Group=5 from left to right. 

 

 

Fig 23. Top-1 accuracy with parameters 

 
 

We can adjust the network in multiple dimensions while ensuring that the parameters 

are similar. This is a dynamic programming problem. We could not draw a conclusion 

directly; we need to conduct a lot of experiments to find the optimal solution [35]. But 

our proposed Bit of Parameters-Accuracy Coordinate can put the multi-dimensional 

comparison problem into a single dimension comparison problem, making the 

comparison more convenient. 

 
4.5 Influence of Our Innovative Residual Calculating Method 

 

We found that the residual calculation may bring a lot of parameter changes, but it 

does not influence the network effect much. The following figure (Fig.24) compares 
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our experimental results with using different kernel sizes to get the residual part based 

on the baseline. Therefore, using a 3*3 kernel size will cause a lot of waste of parameters, 

we thought using 1*1 kernel size is sufficient to achieve an acceptable result. 

 
 

Fig 24. Special design residual calculation method 

 

 

4.6 Challenge Cifar-10 100k Benchmark 

In order to prove the ability of our designed network, we compared our design results 

with the benchmark Cifar-10 100k [6]. This comparison is to compare a network with 

a number of parameters of about 100k. Since the network on the benchmark website 

uses a full-precision network, so the equivalent parameter to bit is about 3200k. We 

used the network of the same bit we designed to beat the most advanced network in top- 

1 accuracy. The 2800k bit network we use achieved a huge improvement of 9.48% with 

82.32% Top-1 accuracy. Furthermore, we designed another small network with the 

parameters of 100k bits, which is much smaller than these models in Cifar-10 100k 

benchmark. And it presents a great performance of 66.26% Top-1 accuracy. 

 
 

 
Fig 25. Challenge Cifar-10 100k benchmark (1). The abscissa is the time axis, and the ordinate is Top-1 

Accuracy. The parameters of the two networks we designed are 2800k and 100k respectively. 
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In addition, we also compare them through our proposed Bit of Parameters-Accuracy 

comparison method (Fig.26). The method we proposed can be more intuitive to 

compare with other networks. 

Because the Cifar-10 100k benchmark fixes parameters amount to compare Top-1 

Accuracy. Therefore, the amount of calculation is not given on the website. But our 

method changes the calculation of 32bits multiplication into 1bit multiplication. Also 

greatly reduces the number of calculations. 

 

 

 
Fig 26. Challenge Cifar-10 100k benchmark (2) 
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CHAPTER 5 CONCLUSION 

 

 
During this project, we applied binary network quantification and a special structure 

design method to help us reduce the number of parameters and computational costs in 

the deep neural networks, which could dramatically enhance the working abilities of the 

terminal devices. Through our further analysis and design, we created a new baseline 

model, and we could finish quite a lot of tasks in different datasets by only adjusting the 

baseline structure. Furthermore, we used our model to challenge the state-of-the-art 

model, and our model achieved good results in the Cifar-10 100k benchmark. 

In addition, we proposed a Bit of Parameters-Accuracy comparison method, this 

method can better compare networks with different quantization levels and structures 

in a coordinate system. To better design the networks quantification process, we 

introduced the concept of single kernel ability factor “ß”, and single layer ability “ζ”, 

which can help us to further optimize different networks. We also proposed two 

optimization methods for network adjustment. They are the special design of the input 

layer network and the residual calculation. These two methods are very suitable for 

quantized networks and can improve network performance with similar parameters. 

Our design of a lightweight network achieved very good results, and we provided 

some theoretical foundations for subsequent quantitative network design and parameter 

adjustment. We hope that the viewpoints we put forward will help the future design of 

lightweight networks. 
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APPENDIX A 

 
 

The following tables are part of the results obtained by our experiments, and all the 

following information is applied to data analysis. Some subjectively verified parts are 

not written in the following tables. 

 
Table.3 All experiment results of full-precision model 

Name of Network Parameters Accuracy 

(10,20,40,80) full g=3 14413440 84.23% 

(10,20,40,80) full g=4 15176640 84.45% 

(10,20,40,80) full g=5 18939840 84.25% 

(16,32,64,128) full g=3 29197824 86.71% 

(16,32,64,128) full g=4 38831616 86.38% 

(16,32,64,128) full g=5 48465408 86.46% 

(20,40,80,160) full g=3 45618880 87.32% 

(20,40,80,160) full g=4 60663680 87.37% 

(20,40,80,160) full g=5 75716480 87.35% 

(20,40,80) full g=3 11114880 83.97% 

(20,40,80) full g=4 14698880 83.67% 

(20,40,80) full g=5 18282880 83.24% 

(32,64,128) full g=3 28400640 86.54% 

(32,64,128) full g=4 37575680 86.55% 

(32,64,128) full g=5 46750720 86.60% 

(40,80,160) full g=3 44348160 87.14% 

(40,80,160) full g=4 58684160 86.96% 

(40,80,160) full g=5 73020160 87.07% 

(10,20,40,80) full resnet 3*3 g=3 14639040 84.28% 

(10,20,40,80) full resnet 2*2 g=3 12623040 84.43% 

(10,20,40,80) full resnet 1*1 g=3 11413440 84.23% 

(10,20,40,80) full input 3*3f g=5 18939840 84.25% 

(10,20,40,80) full input 3*3f g=5 18939840 84.25% 

(10,20,40,80) full input 5*5f g=5 18955200 83.80% 

(10,20,40,80) full input 7*7f g=5 18978240 83.33% 

(20,20,40,80) full input 3*3f g=5 19268480 84.57% 

(3,6,12,24) full g=3 1031712 72.10% 

(5,10,20,40) full g=3 2858720 79.07% 

(7,14,28,56) full g=3 5597088 82.24% 

(3,6,12,16) full g=3 660000 70.25% 

(8,8,16,32) full g=4 2477824 76.44% 
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Table.4 All experiment results of our designed models 

(10,20,40,80) bnn g=3 476640 77.19% 

(10,20,40,80) bnn g=4 594240 77.93% 

(10,20,40,80) bnn g=5 711840 78.42% 

(16,32,64,128) bnn g=3 1199616 80.44% 

(16,32,64,128) bnn g=4 1500672 81.50% 

(16,32,64,128) bnn g=5 1801728 81.46% 

(20,40,80,160) bnn g=3 1863680 82.19% 

(20,40,80,160) bnn g=4 2334080 81.96% 

(20,40,80,160) bnn g=5 2804480 82.32% 

(20,40,80) bnn g=3 698880 78.47% 

(20,40,80) bnn g=4 810880 79.02% 

(20,40,80) bnn g=5 922880 80.01% 

(32,64,128) bnn g=3 1735680 80.32% 

(32,64,128) bnn g=4 2022400 81.10% 

(32,64,128) bnn g=5 2309120 80.65% 

(40,80,160) bnn g=3 2684160 80.91% 

(40,80,160) bnn g=4 3132160 81.63% 

(40,80,160) bnn g=5 3580160 81.38% 

(10,20,40,80) bnn resnet 3*3 g=3 577440 77.60% 

(10,20,40,80) bnn resnet 2*2 g=3 514440 76.83% 

(10,20,40,80) bnn resnet 1*1 g=3 476640 77.19% 

(10,20,40,80) bnn input 3*3f g=5 711840 78.42% 

(10,20,40,80) bnn input 3*3b g=5 703470 73.43% 

(10,20,40,80) bnn input 5*5f g=5 727200 78.46% 

(10,20,40,80) bnn input 7*7f g=5 750240 78.68% 

(20,20,40,80) bnn input 3*3f g=5 730480 79.60% 

(8,8,16,32) bnn g=4 104960 66.26% 
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APPENDIX B  

PARAMETERS ADJUSTMENT 
 

 

Parameters adjustment is a very important part of deep learning, which will directly 

affect the training process and the final network effect. Through parameter optimization, 

the network effect can be greatly improved. After a lot of parameter adjustments, we 

got a more suitable model. In particular, we paid a lot of attention to solve the problem 

of overfitting. The following are our tuning methods and experience. 

 

GPU Setting 

 

In the experiment, we can adjust the number of GPUs during the training and testing. 

The number of GPUs is flexible, and they are available for parallel operation. The 

setting can better adapt to different user hardware configuration requirements. In our 

design, due to the hardware limitation, so we use a single GPU for training. 

 
 

Depth and Number of Channels Setting 

 

We adjust the depth and number of channel settings to train a large number of 

networks. Through adjusting these two dimensions to achieve a better balance between 

accuracy and network complexity [35]. We could design more complex networks by 

using this method. 

 
 

Learning Rate Adjustment 

 

If the learning rate is too small, it may cause the training speed to be too slow. If it is 

too large, it will cause exploding gradient problems, or it could not obtain the optimal 

solution [46]. So, we set a reasonable initial value for the gradient at the beginning and 

then adjusted the learning rate twice during training to improve overall training 

efficiency and accuracy. 

 
Solving Over-Fitting Problems 

Data Augmentation 
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We obtain a new training set by horizontally flipping the original image and rotating 

less than 15 degrees [47] and finally helped us to solve the over-fitting problem. 

 
Weight-Decay 

 

The value of some parameters is too large would cause the problem of over-fitting. 

We used the Weight-decay method [48] to eliminate parameters with too large value to 

solve the problem of over-fitting. 

 
Drop-Out 

 

We used Drop-out [49] in the fully connected layers and disconnected a part of the 

connection during training to speed up the training and solve the high-related 

dependence of the network on some parameters. Finally, the problem of over-fitting 

was solved. 

 
Structure Migration Application 

 

This network structure has the advantages of saving parameters, calculations and has 

good performance. We can apply this structure to many other datasets. In addition, we 

can further adjust the size and complexity of the network to apply to other datasets. 
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