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CHPTER 1ABSTRACT

Deep Learning BandGaps of Topologically
Dope Graphene

Professor JianLin Cheng, Thesis Supervisor

Manipulation of physical and chemical properties of materials via precise doping

affords an extensive range of tunable phenomena to explore. Recent advance shows

that in the atomic and nano scales topological states of dopants play crucial roles in

determining their properties. However, such determination is largely unknown.

Meanwhile, with the development of computer’s power of calculation, the possibility

that we can use deep learning method: Neural Network which has a large amount of

parameters in its algorithm to train and predict the data become truth now. We

incorporate these state-of-art concepts and developed deep learning algorithms to

study the property of them. First we use neural network to predict bandgaps of boron-

nitrogen pair doped graphene. The bandgaps were calculated by the ab initio

calculations, and together with the structural information they were fed to

convolutional neuron networks (CNNs). These trained CNNs afford great prediction

accuracy, showing square of the coefficient of correlation (R2) of > 90% and root-

mean-square errors of ~ 0.1 eV. The transfer learning was further performed by

leveraging data generated from smaller systems to improve the prediction for large

systems. Success of this work provides a cornerstone for future investigation of other

properties of topologically doped graphene and other 2D materials. Second we also do

the reverse direction research. We Use Generative Adversarial Network (GANs) to

predict the structure of doped graphene based on the bandgaps value we want and it

gets decent performance. Meanwhile we build a web to show our project performance

to others.

Kerword: 2D materials, bandgaps, deep learning, convolutional neural networks, support
vector machine, Generative adversarial network, DFT algorithm
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CHPTER 2 INTRODUCTION

2.1 The concept of Material

Introduction of defects at atomic or nanoscales has been a widely employed strategy

in bulk materials, such as metals, ceramics, and semiconductors, for manipulation of

their mechanical and physical properties. Especially when these defects are precisely

controlled in topological space, they significantly improve the mechanical properties

3, manipulate the magnetic properties 4, 5, 6, and alter the electronic properties 7, 8, 9,

10. For instance, nanotwined grain boundaries are crucial to realize ultrahigh strength,

superior fatigue resistance in metals 1, and ultrahigh hardness and enhanced

toughness in ceramics 2, 3. Localization of nitrogen vacancy center at deterministic

positions with nanoscale precision within diamond improves sensitivity and resolution

of single electron spin imaging 4, 5, and enhances charge-state switching rates 6,

paving new ways to next-generation quantum devices. Precisely controlling dopant

atoms in term of concentration and spatial arrangement within semiconductors is so

critical to performance of fabricated electronic devices, especially as the dimension of

the device keeps shrinking 7. Manipulation and detection of individual surface

vacancies in a chlorine terminated Cu (100) surface realizes atomic scale memory

devices 10.

2.2 The concept of Machine Learning

Machine Learning, named by Arthur Samuel in 1959 is a kind of special methods or

algorhtms that we use statistical techniques, give plenty of data which are related to
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our problem to the computer, and computer use exact algorithm to “extract” and find

the rule and hidden tendency among these data. So that our computer has the ability to

“learn” from the data and give us the decent result if we give then the data without the

answer of them without any explicitly programmed and extra restrict condition we

add.

Machine learning explores the study and construction of algorithms that can learn

from and make predictions on data. The whole flow of the machine learning problem

can describe as below: by making data-driven predictions or decisions,[4]:2 through

building a model from sample inputs. Machine learning is employed in a range of

computing tasks where designing and programming explicit algorithms with good

performance is difficult or infeasible; example applications include email filtering,

detection of network intruders, and computer vision.

2.3 Step of machine learning project

Machine Learning is a computational statistics problem. It’s flow can be shown like

that:

[1] Data Source: It’s the first and the most important step of the whole machine

learning project. The performance of our machine learning model is related to the size

of high quality data which relate to this project we find. So we need to try our best to

gather all relate data we can find.

[2] Problem analysis / modeling: We need to have a deep investigate and thinking

toward our problem. We need to find which should be the “X” (while we can name it

https://en.wikipedia.org/wiki/Algorithm
https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Mathematical_model
https://en.wikipedia.org/wiki/Email_filtering
https://en.wikipedia.org/wiki/Computer_vision
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as “input data” ) in our problem, and which kind of feature is the “Y” (we can name it

as “predict(output) data”) that we want our machine learning algorithm to predict.

Based on the characteristic of our problem. we need to know whether its a supervised

learning problem, or its a unsupervised problem, while we should decide or try which

kind of machine learning algorithm is suit to this problem. If its an unsupervised

learning problem we can use k-Means algorithm. If its a supervised learning problem

with limited number of data and we can easily find the point of distinction of different

labels, decision tree based on “rule” should be the good choice. If its hard for us to

find the different, the gradient boosted decision tree or support vector machine might

be the best choice. If we can find huge number of data, the artificial neural network or

other deep learning method should be the best algorithms. It’s not puzzle that deep

learning methods have the high performance than other traditional machine learning

method if we have the huge number of data.

[3] Data processing: After we finish previous step we have decided which algorithms

we suppose. We should do some processing method toward our data, like data

discretization, data vectorization toward the features of the data to enhance their

representational capacity and avoid our machine learning model become so complex

that it’s hard to train in a decent result. Meanwhile we can use some correlation

arithmetic to find the correlation score between features and output(Y), like GBDT

and find the importance of root node. So we can decide which features should be

highlighted and include into our model, which should be abandoned. It can compress

the size of our model and reduce the hyper-parameters which need to be trained. Then
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we need to separate the whole data into three part: training data--- used for training

the machine learning model; test data --- used for testing the performance of our

models; validation model --- used for early stop of the training process. We cann

divided the whole data into 8:1:1 to set these dataset, if our data is too large, we can

randomly select 1000 data as validation and test dataset, and the remain data set to be

the training dataset. These three data should be in the same distribution so the model

have no bias and variance toward them.

[4] Model building/ tune parameter : We build exact machine learning model and train

it by using the training data we pre-processed in the previous step, based on the

performance of validation data we can early-stop or continue training of our model.

Then we need to tune the hyper-parameter of the model.so that we can get the best

performance of this model.

[5] Evaluation: The evaluation is the final step and also the important step of the

whole project, we need to find the best index for our problem. Such as NDCG

(Normalized discounted cumulative gain) toward sorted problem; recall rate toward

recommendation system and accuracy toward image classification problem. We use

test dataset to test our model whether it can meet the requirement of our problem.

2.4 Algorithm
2.4.1 [DFT algorithm]

The ab initio DFT calculations were performed by QUANTUM ESPRESSO

package [23]. We have successfully employed DFT calculations to investigate the

nitrogen doping in graphene and to predict a class of novel two-dimensional carbon
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nitrides [24], [25]. The ultra-soft projector-augmented wave (PAW) pseudopotential [26]

was used to describe the interaction between the valence electrons and the ions. The

Perdew-Burke-Ernzenhof (PBE) function was applied for the exchange-correlation

energy [26]. The cutoff plane wave energy was set to 400 eV. The Monkhorst-Pack

scheme [27] was applied to sample the Brillouin zone with a mesh grid from 12×12×1

in the k-point for all the doped graphene. The graphene sheets were modeled as 2D

matrixes. The matrix with all zero represents the intrinsic graphene, and the matrix

with all one represents the intrinsic h-BN. The B-N pair doped graphene sheets were

modeled by matrixes with 0 and 1 elements. The sizes of computed 2D sheets were 4

× 4, 5 × 5, and 6 × 6 supercells. The training datasets were the bandgaps of randomly

generated 2D sheets with random concentration of B-N pair dopants.

2.4.2 [Support Vector Machine]

Support vector regression machine also named as SVM. Its original concept was first

introduced by Vladmir N. Vapnik in 1963. It’s a model that assigns new examples to

one category or the other, making it a non-probabilistic binary linear classifier. It

regards the data as the point in a hyper-space. SVM method attempts to find a hyper

line in this space which can split two group of data into different area and the margin

between the line should be as large as possible. The whole phenomenon is shown in

the figure 1, it show how the svm run if we want to solve a binary classification

problem. It’s a very famous and common traditional machine learning’s supervised

method. The method of linear svm is shown like that:
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First we collected the data from the open source of a binary classification problem,

them label them as ),),......(,( 11 nn yxyx , because its binary problem so y can only be

+1 or -1, x should be a P-dimensional vector that P is the number of features this data

has. Then we decided the hyper plane and shown as below:

0


bx

 and b is the hyper-parameters and bias of this plane.

Then we need to find a combination of hyper-parameters and bias that w can find two

parallel hyperplanes that separate these two group of data and maximize their

distance. These two hyperplanes can be described as:

，bx 1


 if 1iy ; ，bx 1


 if 1iy

So we can build a constrains state that each data should lie on the correct side of the

margin and write them as:

，bxy i 1)( 


 for all ni 1

If we put our purpose and this constrains condition together, we can deduce this

optimization problem:

Minimize ||||


 subject to ，bxyi 1)( 


 for all ni 1

SVM changed and developed as time when by and the most common and standard

one we used now was developed by Corinna Cortes and Vapnik in 1993 [1], after a

while some of them developed its application for continuous problem: SVR [2] which

is one of the hottest machine learning methods before the deep learning made a huge

breakthrough recently. It extends the application of SVM into nonlinear classification
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problem. It replaces the step-dot product to nonlinear kernel function in the algorithm

of fitting line. It allows the algorithm to fit the maximum-margin hyperplane in a

transformed feature space. The transformation may be nonlinear and the transformed

space high dimensional; although the classifier is a hyperplane in the transformed

feature space, it may be nonlinear in the original input space.

Figure 1.The Blue points and the red points belong to two different category.The SVM training process
will fit the hyper-parameter of hyper plane (shown as yellow dash line) that not only it can divided
them into two group but also maximize the margin gap distance (shown as black full line) [i]

2.4.3 [Convolutional Neural Network]

Convolutional neural networks (CNN), a state-of-art deep learning method which

combines convolution layer and traditional deep neural network into one model. It

was inspired by biological processes and the structure of the connectivity pattern

between the neurons and how the information transform and process in this massive

and complex system. This system can be described into many sub-concept which

shown as below:

1. [Convolutional Layer]

Convolutional layer is the layer that model implements convolutional operation
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toward the input of it. This operation processes the data and its neighbour data. This

process imitates the response of an individual neuron to visual stimuli. Can help the

model extracted the local information from an image. The process is shown as the

figure below:

Figure 2.This figure show how the convolution operation work to a 2-D data. [ii]

The convolutional filter will sliding from the left-top and end to the right-bottom. When the

convolutional kernel cover upon the 2-d data, it makes dot product between the parameters of the

filter and the pixels value which are covered by the filter. Then we summarize them and return the

result as the output value. The output size after convolution operation is :

1



stride

LL
L filterInput
output

If we add zero padding process before the convolution operation, the output size will keep as the

same of input size.

2. [Pooling layer]

This layer implements pooling operation toward its inputs, this operation is similar to convolution

operation, it extracts and improves the local information of the data which are covered by pooling
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filter. It can remove the majority of useless features of the inputs , decrease the size and increase

the training speed of the whole network. We used max pooling layer in our neural network, the

max pooling operation only care the maximum value of a local area, its working mechanism is

shown as below:

Figure 3. How the pooling operation work. In this image, the pooling layer uses Max operation and

the pooling filter is 2by2, the stride (how many pixel the filter move after each step) is 2. [iii]

Therefore this network will pay more attention to the features which plays the most important role

of our models and can decrease the size of parameter we need to train. It improves the

performance of the whole networks.

3. [Flatten layer]

Flatten operation will “planish” the input data, in other word it can convert a high dimension data

to a one dimension data. Because the Dense layer only can implemented the 1-D data but the

output data of convolution layer is high dimension data. Therefore the flatten layer usually play a

role of “bridge” of the CNN model between the part of convolution block and Dense block. The

Flatten operation will not influence the size of the batch.

4. [Neural network (Dense Layer)]
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Neural network which we call fully-collected layer. Is the tradition layer of the networks. Its

concepts come from linear regression. The image is shown as below:

Figure 4. The structure of dense layer, in this model it has three dense layer (two in hidden layers

and one is output layer) [iv]

Each output neuron of this layer are come from the combination of each input neuron and dot

productwith a trainable parameters w, for figure 4, Set each dense layer first neuron as an

example, the dense layer equation is shown like below:

(Out)
n

1i
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(Out)
i

(Out)
1
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1

by*wy

by*wy

bx*wy



















Therefore each values of the output neuron will consider all neurons from the input layer, It can

improves the performance the whole network.

5. [Activation layer]

Activation layer always follow the convolution and dense layer. It has many kind of
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activation function such as the “ReLU” [Rectified Linear Units] activation follow

with convolution layer, “Sigmoid” and “tanh” activation follow with the dense layer.

Furthermore the “LeakyReLU” [Leaky version of Rectified Linear Units]and “eLU”

[exponential Linear Units] activation function which is the advanced function of

ReLU. These functions are shown as below:

Figure 5.The functional image of activation: ReLU, LeakyReLU(also call PReLU), ELU and
sigmoid[v]

Because we know linear regression can only output the continuation values, if the

output of the data is label in a discrete way like binary classification problem : The

image is cat or dog , or the multiple classification problem : whats the number of the

handwritten numeral image of Mnist dataset. At that time linear regression can’t get
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decent performance. So we need add some extra implementations toward this

equation:

11
1)(

)(
,











 x

x
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sigmoid
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Because from the figure we draw before, the range of “sigmoid” function is 0 to 1 ,

and the value converges to zero and one rapidly, Meanwhile for “tanh” function, its

range is from -1 to 1 and its value converges to this line quickly too. Therefore this

activation can help us solve the classification problem well.

Meanwhile when we train our deep learning model. The problem of Gradient vanish

and explore might occur because of the wrong direction of gradient descent and the

wrong activation function. We can set a deep learning model as an example to talk

about this problem:

It’s a four fully-collected layers model[ii]. We assume each layers output after

activation is )(xf i , i mean the i layer of the model, x is the input of it and f() is the

activation funtion. So we can get:

)*( 111   iiii bfff 
Back propagation algorithm will tune the parameters of the loss function in a minus
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gradient direction , based on the chain derivation rule and the information of second

hidden layer, this algorithm is shown as below:

3

2
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we can easily find that
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Which is the input of the second hidden layer.

Therefore,
3

4

f
f

 is the deviation value after we do the deviation operation toward

activation function. If this value is greater than one, when the layer become deeper

and deeper, the value of the gradient decent we calculated in the final will increase in

an exponential form. So the problem of Gradient explores might occur. Meanwhile, if

this value is smaller than one, when the layer become deep, the final value of gradient

decent will also decrease in exponential way, then the problem of Gradient vanish will

occur. These two problems occur because of the concept of the back propagation and

they’re the limited points of this algorithm. Therefore, Hinton created a new idea :

Capsule, toward this problem [4], if this new concept can solve this problem, it might

be one of the most biggest revolutions of Machine Learning field during these years.

Their have many methods to solve this problem. First is we can use pre-trained

parameters before we train our model instead of use initialize parameters. Second we

can implement L1/L2 regular methods and gradient clip toward the problems.

Gradient clip can control the gradient value in a specific range, so we can avoid the

problem of gradient explore and vanish. L1/L2 regular methods we add extra term



14

toward the loss function:

22 ||||)( WxWyLoss T  

is the index of regular method, if the gradient explore occur, the form of gradient

will have a big change. If we implement the regular method, it can help us solve these

problem partially.

Meanwhile the second method is use Linear units function [ReLU, eLU and

LeakyReLU], set ReLU as an example, we can find if the value of the deviation of

activation function is always one, that the gradient vanish and explore problems will

never occur and each layer of this model will have the same speed to update its

parameters. The function of ReLU is shown as below:

0___0
0___

{)(Re




xif
xifx

xLU

the deviation of this function is :

Figure 7.The figure of the deviation of ReLU function, we can find that it’s the same as jump

function [vi]

We can find that the deviation of ReLU function will always one when x>0 , so the

problem of gradient explore and vanish will never occur. However it still have some
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limited: because the value will always zero when x<0, it might need some neurons

will never be activated when we trainning the model. Therefore, LeakyReLU and eLU

are created and to solve this question. The function of LeakyReLU is :

0___
0______

{)(Re




xifx
xifx

xLULeaky


0___)1(
0__________

{)(




xife
xifx

xeLU x

The deviation of this function is shown as below:

Figure 7.The deviation and original curve of the activation function LeakyReLU [vii]

alpha is the parameters we add to motify the values of the activation function when

x<0. These functions will have all advatanges of ReLU and can solve the limited

point of it. However because eLU is little complicate so it need more time to train the

model than we use LeakyReLU to train the model.

6. [Dropout Layer]

Dropout is an extra implementation that when we training the deep learning neural

network. It first mentioned by Hinton after he have a deep studied toward the deep
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learning and find the way to solve its imperfection point.[5] we randomly choice a

percentage of neurons, remove them and only train the remain neurons in this batch.

For the gradient decent algorithm, each time the model will abandon different

neurons, so it trains different model in each batch.

We know when we train the big size of neural network we will face two problems:

(1) Time-consuming (2)Easy overfitting.

These two limited points are the huge burden of the development of deep learning,

overfitting will let the performence of the model you trained become poorer and

poorer, while the large size of neural network will have lots of parameters to train.

Although the calculation power of the computer is strong enough, but it still take too

much time if we want to train multiple model. However, dropout model can solve

these problems well. We set the orginal model as an example:

Figure 8.The neural network without dropout and with dropout[viii]
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Figure 9.Thedetail of one linear regression algorithm of standard and dropout network[viii]

The left part of Figure 8 show the original neural network with two dense layer and

one output layer, we can see it has maximum number of arrows and each arrow is one

part of calculation and a parameter you need to calculate. In the right side, with the

implement of dropout operation, it randomly picked proportional neurons, and remove

them. The algorithm of them are shown as below:
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(The network with dropout operation)

The dropout operation will implement Bernoulli sample operation toward the output
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neurons of the original layer, the value will only 1 and 0, so this operation can

randomly deactivate the value of the output layer’s neurons value. Therefore in this

epoch the forward and backward propagation only calculate the remain parameters

and neurons.

The dropout operation signally reduce the size of the model and makes the model

much more “thinner”. and because each time the gradient decent train a different

model so its hard for this algorithm to stuck in the problem of overfitting which train

an exact model too much.

7. [Output layer]

The output layer is the last layer of a neural network model. It only has exact number

of neurons the same as the size of the labels of data. For classification problem that

the labels are concrete value and type. If it’s a binary problem we usually try

“sigmoid” or “tanh” activation function of its output and it only has one neuron in this

layer. While if it’s a multiple classification problem, the label usually in the form of

one-hot or multi-hot. So “softmax” function is useful in this problem and the number

of neurons in this layer should the same as how many type of these data have. For

regression problem that the labels are continuous value. These activation functions

doesn’t have a good performance. The “ReLU” and “Linear” activation and only has

one neuron of this layer has a decent result.

2.4.4[Generative Adversarial Network]
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In 2014, Ian J.Goodfellow presented a new framework for estimating generative

models: GANs (Generative Adversarial Nets) (Goodfellow, et al., 2014)[6] and made

a storm toward the academy field of Machine Learning. The editor of “Nature”

regarded this model as “one of the top excited innovative deep learning models of this

decade”.

GANs use two different neural networks, named as “Generator” and “Discriminator”.

“Generator” starts from a random noise and generates high dimensional data that have

the same size as training data; “Discriminator” network will use these high

dimensional data (Fake) together with original training data (Real) as input and

distinguish the real data from the inputs. The whole structure of this algorithm can be

shown as below vividly:

Figure 10.The anime show us How GANs work[ix]

We can regar the “Generator” as the counterfeiter, his goal is to make fake money in

order to make profits. However, our social system can’t let this thing happen, so the



20

“Discriminator”, which we can regard as detective tries his best to find the different

between real money and fake money so that the fake one can’t circulate in market. At

first the counterfeiter has not experience of making any cash, so his creation is like the

trash and easy to recognize, So detector will connect the real money and fake money

created by counterfeiter and look for the different between then and find a proper

method to distinguish among them. After this step finish, the counterfeiter finds his

money is hard to use in the market so he will get the feedback and the information

that how detector recognizes its money. He updates the technique of his method and

creates fake money which quality is better than his former method. In the third step,

after this new method has been used, the detector finds he is hard to distinguish the

money whether its real or fake because the counterfeiter updated his method. So he

re-collects and reviews the real and fake money again, finds a more precise method to

distinguish among them. These steps will iterate for many times and their fight go on

too. After a huge number of iteration,now we ask counterfeiter to make money for us.

After the huge conflict, counterfeiter is master in making fake money, so the money

he makes is difficult for us to distinguish now.

We can easily find that, the purpose of us to train the GANs model is not how these

two models conflict well, after huge number of iteration, we extract “Generator”

model and use it to create high quality fake data we need, it can achieve the goal of

data boost.

It’s an easy way to described the concept of GANs, the goal function of GANs is

shown as below:
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)))]((1[log()]([log),(maxmin )(~~ )(
xGDExDEGDV zPzPxDG zxdata



G and D is the abbreviation of Generator and Discriminator, )(xPdata means the

real data which follow the distribution of the data we want to create. )(zPz means

the noise in the high dimension, it used to created fake data and each data should be

different. Therefore, the goal of generator and discriminator are shown as below:

D(G(z))]1(x)Maximize[D:min atorDiscri

D(G(z))]Minimize[1: Generator

During the gradient decent operation, the discriminator try to maximize this term

which means increase the loss function of generator that it’s hard to make fake data.

Generator try to minimize the function that to make fake data similar to real data.

After Ganfellow created the original GANs model. Alex Radford et al. combined the

concept of Convolution into the algorithm of GANs and presented a new framework--

Deep Convolutional GANs (DC-GANs), which achieves good performance on the

MNIST data and other RGB images (Radford, et al., 2015)[7].

Setting a 2-D image data which size is 300*300 as an example. The Generator of DC-

GANs is shown as below:
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Figure 11.The structure of the generator of DC-GANs[ix]

It use the concept of Up-sampling to extent the size of data, and use transpose

convolution to rebuild the texture and detail of the fake data. Different from the

original GANs’ generator, it has the better performance toward 2 dimensional data.

Then the discriminator of DC-GANs is shown as below:

Figure 12.The structure of the discriminator of DC-GANs[ix]

This discriminator is the same as the common CNN model for the classification

problem. It removes dropout layer and ReLU activation function in order to decrease

the problem of gradient sparse.

However, most improvements of GANs are still generative models that are treated as

unsupervised learning, thus, have troubles classifying generated samples into the

specific class, where a supervised learning task is required. To overcome these

challenges, Mirza & Osindero proposed a new method called Conditional-GANs

(Mirza and Osindero, 2014) [8] by adding an extra auxiliary class information into its
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likelihood estimation function, which makes GANs becomes a semi-supervised

system and is capable of distinguishing the correct source of data (data is real or fake).

Most recent method, Auxiliary Classifier GANs (AC-GANs) proposed by Augustus

Odena, adapted the framework to accomplish both classifying different samples into

labels and distinguishing whether the data is true or fake (Odena, et al., 2016) [9].

Then the GANs model become a supervised learning problem and we can ask

Generator to create exact label of data we want. The structure of these models are

shown as below:

Figure 13.The structure of Conditional GAN and Auxiliary Classifier GAN, conditional GAN’s
discriminator looks at Latent variables and AC-GAN’s discriminator predicts latent variables[ix]

Like the Figure shown before, each data we put into AC-GAN has a corresponding

class label and a noise z the same as original GAN model. Its discriminator has two

outputs, one is the confidence coefficient toward the data whether it match the real

data probability distribution, the other is the probability distribution over the class

labels, we can described as : )()|(),|( XDXCPXSP  [9]. Therefore the whole
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object function can split into two parts : the likelihood of the correct source and the

log-likelihood of the correct class-- Ls and Lc：

)]|([log)]|([log fakerealS XfakeSPEXrealSPEL 

)]|([log)]|([log fakerealC XcCPEXcCPEL 

Meanwhile for the generator and discriminator of AC-GAN, their goal algorithm are

shown as below:

)LMaximize(L SCtordiscrimina G

)LMaximize(L SCgenerator G

This model is a famous model,and we will use it later.

Meanwhile, GANs have shown effective and interesting applications in many fields

over the past years, such as data augmentation and data transformation (Zhu, et al.,

2017; Zhu, et al., 2017), however, few of applications apply GANs on classification

problems due to its nature of generative model, especially in bioinformatics. In this

work, we proposed a GANs-based training scheme for protein secondary structure

prediction and showed that GANs provide a new way to pre-train one predictor and

improved its prediction. It is worth noting that this predictor can be extended to

different kind of deep hierarchical architectures, such neural networks, convolutional

neural networks, LSTM and so on.

2.4.5 [Transfer Learning]

Transfer Learning is a famous method of machine learning. It first comes from the

concept of knowledge transfer, which concepts is use the knowledge from A field and
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convert to B field in order to improve the performance when we do some project to B

field. Transfer Learning get the basic concept of it. It extracts the model of a finished

project and reuses it into another different project and regarded it as the starting point

of this project. This method atttracted the attention from many researchers and it

developed into many different varieties like: Learning to learn, life-long learning,

context-sensitive learning knowledge-based inductive bias, increment/cumulative

learning and so on.
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CHPTER 3 EXPERIMENT

3.1 [Dataset of topologically doped graphene]
3.1.1[Introduction]

Graphene and h-BN have similar honeycomb structures with very close bond lengths

(1.42 Å and 1.44 Å for graphene and h-BN, respectively) [10], which is beneficial to

structural stability if B-N pairs are doped in graphene. Moreover, graphene is a semi-

metal with a zero bandgap while h-BN is a wide-bandgap semiconductor. Thus, it can

be naturally assumed that the graphene doped with the B-N pairs could have an

intermediate bandgap. Finally, the B-N pairs can exactly make the charge neutral in

the doped graphene. To test these hypotheses, we first implemented high throughput

DFT calculations on topologically doped graphene to generate datasets—correlation

of chemical structures to bandgaps—for the ML. To achieve high-throughput calcul-

ations, we only apply local function for the DFT calculations. Even though the calcu-

lated bandgaps are not as accurate as the previously reported values calculated by the

hybrid functions, data consistence can be secured for the ML. Initial calculation show

that the bandgaps of the pristine graphene with 4 × 4, 5 × 5, and 6 × 6 supercell syst-

ems are exactly 0 eV (Fig. 13A), and the bandgap of the pristine h-BN is 4.588 eV

(Fig. 13B). DFT calculations on examples of 4 × 4 systems that have the 50% B-N

dopant concentrations but with different topological states show that they exhibit ban-

dgaps ranging from 0.9525 to 1.5705 eV (Fig. 13C). As the dopant concentration incr-

eases to 62.5%, the corresponding bandgaps also increase (Fig. 13D). Results validate

that bandgaps of doped graphene depend on the dopant topologies. Then more bandg-

aps of doped graphene with arbitrary dopant concentration and random dopant topo-
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logies were calculated. Some of them served as the training datasets for training the

CNNs. Others served as test datasets to validate the accuracy of the prediction perf-

ormed by the CNNs.

The distribution of 4 × 4 and 5 × 5 is shown in Figure 14. Majority of their values

converge in 0.8 - 2.0. While we randomly choose and split 1000 data among original

dataset and combine them as test dataset, these datasets only be used to evaluate the

performance of our method and don't throw into any training process.

Figure 13.(A,B) Band Structures of pristine graphene (A) and pristine h-BN (B), (C,D)
Representative atomic configurations of 4 X 4 graphene supercell systems that have the same B-N
dopant concentrations (50% and 62.5%) but with different topological states and their corresponding
bandgaps. C,N,B atoms are colored with black blue and red.
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Figure 14. The distribution of the data we put into the Machine learning method. It splits to train/cross-
validation dataset by different size of data. (1) 4by4 data (2)5by5 data

3.1.2[Data distribution and set]

After the bandgap matrix is generated, structural information, such as chemical

compositions and structures, needs to be well described in a form of numerical

matrixes which will serve input data to train the CNNs. Defining descriptors of the

materials for the ML is one of main challenges because the descriptors are more

important to influence model accuracy than the ML algorithms do 25, 38. Herein, we

chose a simple and illustrative descriptor which is very suitable for the DL framework.

We define the doped graphene structure by a 2D matrix described with only 0 and 1

elements. “0” corresponds to a C-C pair while “1” corresponds to a B-N pair (Fig.

2A). This natural representation like a 2D image significantly simplifies the learning

process, securing the model accuracy. The image is shown as below: Note that we
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exclude the cases of switching configurations of B-N pairs, which will add more

complexity to the investigated systems. The size of a matrix is determined by the size

of a supercell in an investigated system. For instance, a 4 × 4 system was represented

by a 4 × 4 matrix. In this work, 4 × 4, 5 × 5, and 6 × 6 systems were studied. To

enlarge the training dataset, the equivalent structures were obtained by translating the

particular structures along their lattice axis or inversion around their symmetry axis

(Fig. S1). These structures are equivalent, thus having the same bandgaps. By this way,

~ 14,000, ~49,000, and ~7,200 data examples for the 4 × 4, 5 × 5, and 6 × 6 supercell

systems, respectively, were generated for purposes of training and validating CNNs.

These datasets cover 21.36%, 0.15%, and 1×10-7 of all possible dopant topologies for

the 4 × 4, 5 × 5, and 6 × 6 supercell systems, respectively.
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Figure 15. (A) Descriptors for 2D doped graphene supercell systems ( 44 , 55 and 66 ). (B) A

Convolutional Neural network, CNN for the prediction of bandgaps of 2D doped graphene systems.

Size of Graphene Train Dataset size Test Dataset size
4 by 4 14870 1000
5 by 5 79647 1000
6 by 6 6243 1000

Table 1. The number distribution of doped graphene supercell data we use .

3.2 [Machine Learning method]

3.2.1[Band-Gap Predicting problem]

We used four Machine Learning method to the problem of using graphene structure to

do , first is traditional machine learning method: SVR (Support vector Machine-

Regression). the other are neural networks : Graphene Convolutional network (VCN),

Graphene Residual Network (RCN) and Graphene Concatenate network (CCN). Their

concepts have been described in former Chapter [Chapter 2.1].

3.2.1.1[Graphene-SVR]

(1) The first and the traditional machine learning method we use is SVR, it’s similar

to linear regression problem which tries to find a optimum hyper-plane to separate

different data into their labels in the high dimension features based space. In our

problem, we regard each element of the graphene (the atom) as the feature of the SVR

algorithm we want to use. Therefore first we flatten the element from the graphene

structure into a column vector, like 4*4 data convert to a 16*1 vector and 6*6 data

into 36*1 vector. Then input them into SVR algorithm directly, Because the

dimension is high in our problem, the linear and gaussian kernel can’t reach decent
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result, so we choice Polynomial kernel. The workflow is shown as below.

Figure 15. The workflow of Graphene-SVR (4*4 data as an example). we regarded each element of the
graphene as a feature and the kernel of SVR algorithm we choice is polynomial.

3.2.1.2[VCN]

(2) VCN is the traditional convolutional neural network, the workflow has been

shown in Fig15. In the model, we use ReLU as activation function in convolutional

and dense layer, implement batch normalization layer between the convolutional layer

and pooling layer in order to reduce the influence of internal covariate shift which

changes the distribution of network activation functions when the parameters are

updating when we training the network.

Based on our experiment, we find that using traditional famous VCN model like

AlexNet, VGG16&19 which are widely used in computer vision, the model build and

configure by us has the best performance. This model has 16 Convolution layers, one

global-flatten layer, three fully-connected layer and an output layer. Have the best

performance, We call it Graphene Convolutional Network.

3.2.1.3[RCN]
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CNN has huge advantage of training these data. If we training the network more deep,

it might think deeper and can consider more details and extract more important

features from the training data. However if network become too deep its performance

will reach to a maximum point, and degradation problem which causes accuracy get

saturated and degrade rapidly will occur [3]. However, if we introduced the concept of

Residual Network and converted each convolution layers to Residual Block [3]. It will

help to solve this problem, Fig4 show what the residual block look like, This block

has two convolution layers. The equation shown like that:
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When “degrade” problem occur, the term of , and this formula will

become , it can help to prevent the network from getting hurt by

degradation and keep the network’s strong robustness and its stable performance.

Because the size of input is equal to the output of the residual block, so the original

network add the parameters from a[l] and Z[l+1] in element wise.

The residual block we use is shown in Figure 16.a, it combines with one convolution

block and two identity blocks, it has the best performance in our problem. The whole

RCN model we use is similar to the famous network Res50, it is shown in Figure 16.b,

it combines with 4 Residual blocks, and 2 dense layers after these blocks, the activat-

ion function of dense layer is “eLU”. I have mentioned in 2.4.3[5], it has the better
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performance compare to other activation function.

Figure 16. (a)The Structure of the Residual Block, it combines with one convolution block and two
identity blocks. (b) The workflow of RCN, it has 4 Residual block.

3.2.1.4[CCN]

Concatenate Network, while we call it CCN is a special network which we combined

some advantages from GoogleNet [11] and DenseNet [12] together. Unlike Residual

network which “adds” feature maps in element-wise, this network concatenates the

layer from input and output them pass though [l+a] activation layer together. Setting

one process as an example. The equation of concatenate operation shown as below:
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is the Concatenate function (Concatenate axis= Channels/filter numbers axis)
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is the output of convolution layer

When “degrade” problem occur, the term 0)( ]2[]1[]2[   lll b and the

equation becomes numfilteraxis
l

numfilteraxis
ll gCggC _

][
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][]2[ ))(,0())(),0(( 
   . The input’s

original information still maintains in the output, since it also can prevent network

from degrading. Meanwhile this process increases the volume and the trainable

parameters of the data. They give more evidences and information for model to

analyze and help it thinking “deep” and “thoroughly”. Like the identity and

convolution block of residual network, we introduced the small unit of the

ConcateNet : Concat Block. It’s shown as below:

Figure 17. The Structure of the Concat Block, it combines with three convolutional layer, the first and
the last one is the traditional convolution layer, the middle one is bottleneck layer which builds to
reduce the parameters of the model.

This block has three convolution layers, two normal convolution layers and one

bottleNet (bottleneck layer) layers inside of them. Bottleneck layer is a convolution

layer that it has less filter number compare to the former convolution layer and it’s

filter size is 1*1 and convolution stride is 1. It helps to reduce the number of

parameters we need to updated while doesn’t influence any performance of the model.

Based on our experiment, CCN also has the problem of “died” neuron unit when we

use ReLU as our activation function. So we also use ELU as CCN convolution and
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fully-connected layers’ activation function.The workflow of CCN model is shown as

Figure 18. We implemented 15 Concat Block among our model and 2 dropout layer

after them in order to avoid overfitting and reduce the size of the whole model, their

dropout rate is 0.4 and 0.2.

Figure 18 The workflow of CCN, it has 15 Concat block in total.

3.2.2[Graphene structure predict problem]

During this part, we want to do the reverse direction of Graphene prediction. We input

a exact band-gap value then the model can output a high quality imitative graphene

structure of us. We used Auxiliary Classifier-Generative adversarial network(AC-

GAN) to do this, Its concepts have been described in former Chapter [Chapter 2.1].

Because Band-gap value is continuous value and the label we input into AC-GAN

should be a discrete value, therefore the first thing we want to do is data discretization.

Based on the distribution of Graphene (Figure 14), we find majority of band-gap

values from 0.6 to 2.5, so we only implemented the data which values are among this

range, meanwhile we split this range into 20 field which interval is 0.1 band-gap

value.(E.g: 0.6-0.7 ; 0.7-0.8 ; 1.5-1.6 .....), The workflow is shown as below, while the
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data we use is the same as Graphene Band-Gap prediction problem’s data.

Figure 19 The workflow of Graphene data discretization.

3.2.2.1[GraGAN]

Graphene Auxiliary classifier-Generative adversarial network, what we called

GraGAN is the method we introduced. After we implement data discretization toward

the input data, we input this data to the whole model, the workflow of GraGAN is

shown in Figure.20, the training step of GraGAN can be described into two step:

(1) Randomly created high latent of Noise and label which represents the band-gap

value, input them into the Generator model and get imitate data and give this data

label: zero that it means these data are fake data, then we randomly choice the same

number of Real Data from the train-ing dataset and give them label: one which means

they’re real data, concatenate with the imitate data. Input them into the Discriminator

model , based on the label and the data, we can train discriminator in this step.

(2) First we freeze the parameter value of discriminator so that they can’t be trained in

this step, them we concatenate generator and discriminator together and get adversari-

al network. Second we randomly created noise and label like (1) step, but this step we
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set all label as one , which means this data “might be” real one, therefore we can “tric-

k” the whole network. Then generator can train its parameters in this step.

Figure 20. The workflow of GraGAN, the algrorithm of GraGAN is an iteration process of [1] and [2].

This two step show the one iteration procession of GraGAN algorithm, these step

should take a long time in order to get a decent performance.

The structure of Generator and discriminator of GraGAN are shown in Figure.21,

because based on the concept of AC-GAN, the generator can only output the exact

size of data, therefore we need to train different GraGAN for different size of

graphene data. Set 4*4 data as an example, Generator first receive the label data in

one-hot form and high dimension of noise (Based on our experiment, we replace

uniform distribution white noise with Gaussian distribution noise. Which range from

0 to 0.5, it has the best performance), then the label data will went into an trainable

embedding layer which converted the dimension from the number of label into the

same as the noise data. Then we implement dot product operation between these data
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and later the fully-connected layer procession in order to merge the noise data and

label data together and try to extract the hidden correlation feature and relationship

among them. After these process, this data will pass through Reshape Layer so the

data size will become (channel*2*2), them they pass through traditional 2-D

convolution layer and up-sampling layer which extends the size of these data. Finally

After a one filter’s convolution layer, and implement threshold operation toward the

output data. We can get the imitate graphene data structure. Because GAN is very

sensitive toward the hyper-parameter, we only use “ReLU” in this layer, can’t add any

dropout layer in this model.

Figure 21. The Structure of the generator of GraGAN.

Discriminator is similar to the common convolution neural network which uses for

classification problem. First we add GaussianNoise (range from 0 to 0.05) toward the

input graphene structure data, it can confuse the discriminator, increase data diversity

property and balanced the training process among generator and discriminator, avoid

the problem that discriminator training so well that generator can’t do anything to
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improve its fake data quality. Then the processed input data will pass through multiple

convolution block. Convolution block is Combine with a convolution layer, batch-

normalization layer and a dropout layer. We don’t implement zero-padding operation

among the convolution layer and the stride of filter is 2, therefore every Conv block

the size of output data will become one fourth compare to the input data. Then the

data go through flatten layer and multiple fully-connected layer. Finally it will has two

Output units, one is the authenticity score means the confidence coefficient probabi-

lity that the data is truth or false, the other is the the Label output that it classify the

label of input data. The label output uses “Softmax” as activation function and

authenticity output uses “sigmoid” as activation function.

Figure 22. The Structure of the discriminator of GraGAN.

3.3 [Experiment method]
3.3.1[How we trained]

Because hyper-parameters selection will effect the performance of all models. SVR is

a easy one, and only thing we want to considered is its soft-margin and kernel size.

Neural networks have many hyper-parameters such as learning rate, loss function,

convolution layers’ number and filters’ size and so on. For GRN and GCN, meanwhile

the number of Convolution/Identity block and Concat-Block also is the think we need
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to consider. Therefore we first text many kinds of hyper-parameter combos, compare

their performance. Selecting the optimum one them we can use it to compare the other

kind of method. The training condition, the detail of these hyper-parameters are

attached in the implement file. First we trained the data of 4*4, 5*5 and 6*6

separately. Because 6*6 data is limited, so the second step we extract the parameters’

values from the model which has trained 5*5 data to the model of 6*6 model. Then

the last step is we train all data together, because SVR model only can input fixed

number of data, it can’t train different size of data at the same time, therefore it’s

excluded in the last step.

After training process, we test 4*4 5*5 and 6*6 data and the method we use to

evaluate their performances which are described before. We evaluate 1000 test data

which haven’t be use. For the first and second step, we test them separately for the

last step we test them together.

3.3.2[Evaluate methods]

We test our method on Test and Extra test datasets. Once the model has been trained

completely, pass though these data to the model and gain their band-gap prediction

values. Band-gap value is continuous. Therefore we use approximation error

estimation to judge their performances. We use three methods to test our models

performance : [1] Root mean square error deviation [2] Mean square error [3] R

Square-Coefficient of determination



41

[Root mean square error deviation]

Root mean square error deviation [RMSE] is a famous measure of the differences

between values predicted by a model or an estimator and the values observed. The

RMSE representes the square root of the second sample moment of the differences

between predicted values and observed values or the quadratic mean of these

differences. These deviations are called residuals when the calculations are performed

over the data sample that was used for estimation and are called errors (or prediction

eorors) when computed out-of sample. The RMSE serves to aggregate the magnitudes

of the errors in predictions for various times into a single measure of predictive power.

RMSE is a measure of accuracy, to compare forecasting errors of different models for

a particular dataset and not between datasets, as it is scale-dependent. [13]

RMSE is always non-negative, and a value of 0 (almost never achieved in practice)

would indicate a perfect fit to the data. In general, a lower RMSE is better than a

higher one. However, comparisons across different types of data would be invalid

because the measure is dependent on the scale of the number used. RMSE is the

square root of the average of squared errors. The effect of each error on RMSE is

proportional to the size of the squared error; thus larger errors have a

disproportionately large effect on RMSE. Consequently, RMSE is sensitive to

outlier.[13]

Its equation is shown like that:
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It observe and summarize all magnitudes of error and represented it in a value. If the

value is large that it means two data are independent. Otherwise if the value is close to

zero, both dataset distribution are quite similar.

[mean square error]

The mean square error is also a famous method that it used to measure the difference

between two values or two dataset. The equation is quite similar to RMSE, it’s shown

like that:
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 is an estimated parameter and


 is an estimator

It observe and summarize all magnitudes of error and represented it in a value like

RMSE, the value is large that it means two data are independent. Otherwise if the

value is close to zero, both dataset distribution are quite similar.

[R Square-Coefficient of determination]

Coefficient of determination [ 2R ] is the proportion of the variance in the dependent

variable that is predictable from the independent variable. It’s a statistic used in the

context of statistical models whose main purpose is either the prediction of future

outcomes or the testing of hypotheses, on the basis of other related information. It

provides a measure of how well observed outcomes are replicated by the model, based

on the proportion of total variation of outcomes explained by the model. [14]

If a dataset has y1,y2,.......,yn observed values and the predict models from model are

.

The error should be : iii yye


 , the average observed value should
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CHPTER 4 PERFORMANCE

4.1[Band-Gap Prediction problem]

First is the experiment without transfer-learning. The predicted bandgaps of the 4 × 4

and 5 × 5 supercell systems by different DL algorithms are compared with the results

by the DFT calculations (Figure. 23). Note that these data is obtained from the method

of “learning from scratch” which suggests that the training and prediction are

performed under the same graphene-h-BN hybrid systems [15]. For instance, the

networks which are trained using the data from the 4 × 4 supercell systems are used to

predict the systems with the same size but different topological configurations. The

prediction accuracy is characterized by the relative error of the predicted bandgaps

(EML) to the DFT calculated bandgaps (EDFT), which is calculated as |EML-

EDFT|/EDFT. As shown in Figure.23A, all of three CNNs can predict the bandgaps of

4 × 4 supercell systems within 10% relative error for > 90% cases. All of the predicted

bandgaps for all cases have accuracy of > 80%. In contrast, the prediction results from

the SVM are deviated much more from the DFT benchmarks, showing > 20% error

for > 50% cases. Figure. 23B shows that the three CNNs exhibit strong direct linear

correlation of ML predicted values and the DFT calculated values, while the SVM

shows very weak correlation. The prediction accuracy of these CNNs for 5 × 5

supercell systems degrades a little (Figure.23C). But the VCN network shows the

prediction accuracy of > 90% for > 90% cases, which is the best among all three

CNNs. The CCN has the lowest with prediction accuracy of > 90% for only ~ 50%
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cases. That is possible due to lack of training data for 5 × 5 supercell systems

considering their much larger configuration space than 4 × 4 supercell systems. The

ML predicted bandgaps still have strong linear correlation with the DFT calculated

ones (Figure.23D). They are still very impressive when compared with past ML

materials 25, 38. We believe that as the size of training datasets increases, 12 the

accuracy would be further improved. Similar to the prediction results shown for 4 × 4

supercell systems, when predicting bandgaps of 5 × 5 supercell systems the SVM

shows poor performance (Figure 23B, D).

Figure 23. Prediction performance of four ML algorithms. (A,C) Error levels of ML predicted bandgaps for 4*4

supercell systems (A) and 5*5 supercell systems (C). The cases used for prediction are arranged by percentage of

predicted cases showing prediction error of <10 %, <20% and >20%. (B,D) ML predicted bandgaps versus DFT
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calculated values for 4*4 supercell systems (B) and 5*5 supercell systems (D).

In addition, other indicators of the prediction performance—the mean absolute error

(MAE), root-mean-square error (RMSE) and explained variance ( )—are provided

in Table 2. Meanwhile, the fractional error, MAEF and RMSEF were also calculated,

with their definition is shown in Supplementary file. For the 4 × 4 supercell systems,

all three CNNs show very low RMSE of ~ 0.1 eV for the predicted bandgaps. The

corresponding fractional errors, RMSEF, for all three CNNs are ~ 6%. For the 5 × 5

supercell systems, the RMSE values slightly increase to 0.1506 eV for the CCN, but it

decreases to 0.0873 eV and 0.1044 eV when predicted by the VCN and RCN, further

confirming the effectiveness of the VCN in predicting larger systems. The ultralow

RMSE and RMSEF values show that these DL algorithms are more effective in

predicting bandgaps of doped graphene than other material systems, such as double

perovskites [18] which show a RMSE of 0.36 eV or inorganic crystals which show a

RMSE of 0.51 eV [17]. This advantage is even more compelling if considering that: (i)

our performance is rigorously evaluated with the newly generated systems that don’t

have any translational or symmetry equivalence with the training ones; (ii) the error

maintains a low level when the relative size of the training data is significantly

reduced for the 5 × 5 supercell systems. In contrast, the prediction accuracy from the

SVM algorithm is much lower, showing much higher RMSEs of 0.33 and 0.51 eV for

the 4 × 4 and 5 × 5 supercell systems, respectively. These values are closed to ones

that are obtained from other non-CNN shallow learning algorithms such as the Kernel

ridge regression [17] and the gradient boosting decision tree technique [18]. The 2R is
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an indicator of correlation between the prediction and real values, which is considered

as one of the most important metrics for evaluating the accuracy of the prediction

models. Table 1 illustrates that the predicted bandgaps by all three CNNs have ~95%

and > 90% relevance to the values calculated by the DFT for the 4 × 4 and 5 × 5

supercell systems, respectively. Among them, the RCN shows the best prediction

results. In contrast, the SVM has a near zero 2R , indicating almost no relevance

between the two. In summary, these results show that the CNNs are superior to non-

CNN ML algorithms in predicting bandgaps of the topologically doped graphene.

Table 2. Statistics of predicted bandgaps by ML algorithms for 4*4 and 5*5 supercell systems.
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Second step is the training process with transfer learning. As suggested from the

prediction results shown in the 4 × 4 and 5 × 5 supercell systems, the prediction

accuracy is decreased as the relative size of training data shrinks. Obtaining sufficient

training data, such as bandgaps calculated by the DFT, can lead to unusually high cost

especially as the system scales up. Such a problem imposes a major challenge in the

application of machine learning to the materials science. To overcome this challenge,

an emerging transfer learning (TL) [22] has been proposed [19]. To conceptually

validate the effectiveness of the TL in predicting bandgaps of larger systems we

leveraged relatively larger datasets generated from the 4 × 4 and 5 × 5 supercell

systems to improve models trained on more limited datasets generated in the 6 × 6

supercell systems. To do that, we built TL frameworks based on the CCN, RCN, and

VCN. These networks were trained with the datasets previously used for training the 4

× 4 and 5 × 5 supercell systems together with 7200 new data points generated from

the 6 × 6 supercell systems. The TL procedures for all CNNs are similar to the

approaches shown in Ref. [20], [21], where all CNNs layers except the last fully-

connected layer are set at a learning rate 10% of the original learning rate. The last

layer is re-normalized and trained with the new dataset. Its learning rate is set to 1%

of the original CNN networks. Figure. 24A shows prediction errors of bandgaps for

the 6 × 6 supercell systems by all three DL algorithms without the TL. Compared with

the 4 × 4 and 5 × 5 systems they are significantly increased in all three categories of

the prediction errors. The VCN shows > 90% prediction accuracy for only ~ 50%

cases. The RCN performs the best among all three ones with near 55% cases
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reaching > 90% accuracy. The CCN shows the lowest percentage (i.e. ~ 45%) of cases

within 10% prediction error and has 15% of the cases with > 20% error. Figure. 24B

shows that the correlation between the predicted bandgaps and the DFT calculated

ones is weaker for all three CNNs compared with the smaller systems, due to the

much smaller percentage of sample size (only 1×10-7 of all possibilities). The

prediction accuracy can be notably boosted after they are combined the TL (Figure.

24C). The CCN with the TL performs the best, with > 60% cases achieving > 90%

accuracy. The percentage of cases with > 20% error reduces to less than 10% from

20%. It is a significant improvement considering that increasing prediction accuracy

becomes more and more difficult after a certain point. With the TL, the RCN and

VCN also shows improved prediction accuracy. The percentage of the cases that

show > 20% error decreases from 20% to 8% when using the RCN, while VCN

decrease percentage of cases from 35% to 12%. The correlation between the predicted

bandgaps and the DFT calculated ones becomes much stronger after using the TL

methods (Figure. 24D).
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Figure 24. Prediction performance of three DL algorithms (A,B) before (C,D) after transfer learning for 6*6

supercell systems. (A,C) Error levels of ML predicted bandgaps before TL (A) and after TL (C). The cases used for

prediction are arranged by percentage of predicted cases showing prediction errors of <10%, <20% and >20%.

(B,D) ML predicted bandgaps versus DFT calculated values before TL (B) and after TL (D).

The statistics of the predicted bandgaps by the different DL algorithms with and

without the TL for the 6 × 6 supercell systems is shown in Table 2. Overall, the TL

boosts the prediction accuracy of all three DL algorithms in terms of reducing the

MSE and RMSE. For instance, it helps to reduce the MSE of CCN from 0.1304 eV to

0.0910 eV and RMSE from 0.1634 eV to 0.1139 eV. Their RMSEF values are also

reduced. This accuracy is comparable to the prediction accuracy show in the 5 × 5

supercell systems with the same DL algorithms. They are the lowest among the values
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predicted by all three CNNs used in this work. This demonstration of applying the TL

to predict bandgaps of the topological doped graphene of larger size would pave new

route to mitigating barriers for the machine learning in solving challenges of data

scarcity faced in the material fields.

Table 3. Statistics of predicted bandgaps by different DL algorithms without and with
transfer learning for 6*6 supercell systems

4.2[Graphene structure predict problem]

After training these training data, we can get three GraGANs’model which faced to

4*4,5*5 and 6*6 data. We only testing the performance of 4*4 and 5*5 because

GraGAN is parameter-sensitive model and it requires huge number of Epoch in order

to get a decent performance. Therefore it means that we need to find-tune the

parameters of the model for many time and take huge time to trained them. I only
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have 2 GPU (GTX-1060 and GTX-1080Ti) so it’s hard for me to train all of them.

Therefore I only build 4*4 and 5*5 data.

Meanwhile during the training process, I found some tricks which can help we get

better performance: (1) Do label smoothing operation. Instead of setting discrete label

toward the training data as the original AC-GAN concept, we set a range and

continuous values toward them. For the fake data we set the range from 0-0.3 instead

of set “zero” only, while for the real data we set 0.7-1.2 instead of set “one”. These

values are based on uniform randomly distributions, because usually the discriminator

is trained so well that the generator’s parameter can’t update and reach its loss

function’s minimum point well, this operation can puzzle the discriminator and

increase the robustness of the whole model. (2) Do label reverse operation. In every

30 epochs, the label of the data will reverse their labels like fake data become real

data and real data change into fake data. It also can increase the robustness of the

whole model. (3) For the generator, we use Gaussian Distribution noise instead of

uniform distribution noise. It have the great generalization. (4) Decrease the training

speed of discriminator and increase the speed of generator, this is because the

discriminator usually train better than generator. In order to increase the performance

of adversarial affect, we need to control the training condition of them.

After trained these examples, we created 4by4 and 5by5 model, The 4by4 GraGAN

model’s generator combined with 6 Convolutional layer and 2 Up-sampling layer to
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extend the size of generated data and the dropout rate is 0.2. While the discriminator

of 4by4 GraGAN has two convolutional layer and the dropout rate is 0.3. The 5by5

GraGAN model’s generator combined with two fully-connected layer at the first and 5

convolutional layer and one Up-samplinglayer follow them. The discriminator of

5by5 GraGAN has two convolutional layer and dropout rate is also 0.3. we randomly

selected 20 generated data and evaluated them by DFT algorithm, calcultes the error

between the generated data’s labels and their real band-gap value. Therefore we can

evaluate the performance of these data like the problem of band-gap predicting. The

result is shown in Table.4 :

Table 4. The performance of GraGAN ( 4 × 4 and 5 × 5 size)

For the 4 × 4 data, we randomly created 300 generated data to test, the percent error is below

15% totally. Meanwhile it’s error is below 10% from the data which band-gap from 1.3-1.7

(the majority of data are from these ranges). Meanwhile for GraGAN( 5 × 5), its performance

also can reach to a good level, it get around 15% percent error totally and it’s error is 11%

from the data which is 1.3-1.7. Therefore we can find that GraGAN can coothe It shows

GAN have decent accuracy of its generated fake data, however it has poor

performance toward the recall rates. It’s difficult to recall various number of high

quality generated data. We guess it’s because many neurons of the network are dead

and do nothing toward the generation process. We will do the future work to solve this

problem.
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CHPTER 5WEB MANUAL
5.1[Overall]
In order to show the performance of our Project, we have developed a web to show
our results. The UI of this website is shown like that:

The left panel we can selected the method we want to use to Predict the Band-gap

values, and we need to selected the parameters for the graphene (like the size of the

Graphene and the exact structure of graphene data (we describes it in decimal

number)). The right part of the web shows the structure of this graphene data (3-D

simulate model version/ the Dynamic-model is under developed now). While the

prediction-values is shown at the top of the model panel.

5.2[Specific module]
[Graphene Size selection sliding block]
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In this sliding down manu, we can selected the size of the graphene value we want to predicted.

In this example we selected 5by5 as our graphene size.

[Graphene Structure number input window]

This input window we can type the number of the graphene data, it represent the

structure of this data. The number first encoded into binary number , based on the size

we select, it will reshape into a matrix which represents its graphene structure.

In this exmple we type 27832225. Therefore it processes in this step:

Binary00001)01011111011101010001(27832225 

10000
10111
11010
10001
01011



[Predicting method selection sliding block]

In this sliding down manu, we can selected the Machine Learning method we want to use, if first

has machine learning method Graphene-SVR and three deep neural network we built: VCN, RCN

and CCN. In this example we selected RCN.

The Overall of the parameters we have selected, them we can click the bottom “Operation

Bottom” to recall the selected model topredict the graphene data we want.
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After you click the Operation Bottom, a progress bar will occur and show you the rate of progress
of predicting band-gap value.

Then the result will show in the right. The Band-gap prediction value is shown in the top , the

precision is seven decimal places. And the exact structure is shown at the bottom, the red ball

shows the nitrogen atoms and the black ball shows the carbon atoms of the graphene. In this

example, The Band-Gap prediction value is 1.9674039, which is very accurate.
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CHPTER 6 CONCLUSION

In this work, for the problem of band-gap predicting. we develop the DL models to

predict the bandgaps of doped graphene with random dopant topologies. Three CNNs

yield high-accuracy prediction results. The CNNs show superior performance to the

non-CNN ML algorithms. The TL, leveraging the pre-trained network on small

systems, boosts the prediction accuracy of three CNNs when predicting the bandgaps

of large systems. The resulting MSE and RMSE of the predicted bandgaps of 6 × 6

systems by the CCN can be close to those of the 5 × 5 systems, but with a much

smaller sampling ratio. Through this scientifically significant example, we have

successfully illustrated the potential of artificial intelligence in studying 2D materials

with topological dopant states, which would pave a new route to rational design of

materials.

We created a Web for DeepGraphene prediction problem, it helps the customers can

easily understand the workflow of this whole project. While it’s important for us to

show our achievements to others easily.

Meanwhile for the problem of Graphene structure prediction problem. We extract the

concept of AC-GAN and build GraGAN for the doped graphene problem. The 4 × 4

and 5 × 5 model show their decent accuracy performance toward the generated data

but they’re hard to recall different structure of graphene data which have the same

band-gap values, we will have our future work to solve this problem.
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