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Abstract 

In this work, I consider a learning algorithmis for classification tasks, called 

Monoplane, NetLines and NetSphere, which are all adapted for binary real input 

patterns. Algorithms generally helpful in classification data by self-constructing 

neural network, it generates new neurons to fix previous errors and stop new com- 

pilations when the output will have minimum error percent. To make realization 

of algorithms, that automatically construct neural networks by using appropriate 

methods, like backpropagation, gradient boosting, perceprtons, adaptive boosting 
and e.t.c To use algorithms (Monoplane, NetLines, NetSphere) to make classifi- 

cation of data by self-constructing neural networks.



Augzatia 

By 2xympicta Mew Monoplan, Net Lines xxeue Net Sphere nen aTaJaTEIH *KIKTey 

ecelITepiH OKbITY aJITOpHTMJepih KapacTbipambin. AmropuTMep, azeTre, Zepbec 

HeHPOHABIK 2KeJH] Kypy apKbIJIbl JepeKTepwi 2KikTey Matasibl, ON AIbIHFbI Ka- 

TeslepHi TY3€TY >KOHe LBIFY eH a3 KaTesiep Nalibisbl Oosran Kesze Kava KOMIWIA- 

IMA TOKTaTY YUH 2KaHa HeliponsapybI reHeparuanaiigpr. Kepi rapary, rpanneut- 

Ti OycTHHT, NeplenpTousap, afantusri OycTuur xKoue T. 6. cuAK THI TuicTi agicTep- 

Ai Watifaslaa OTbIpbIN, HelpoHAbIK *KemiNepii aBTOMaTTLI Kypy aJIropuTMyepixv 

2Kys3ere acbipy.



AHHOTauNa 

B sro pa6ore a paccmMaTpusBalo asIropuTMbl obyyeHua 3anay knaccuuKanuu, 
HasbIBaemble Monoplan, NetLines u NetSphere, koroppie ayjanTupoBaHbl AJIa 2BO- 
MYHbIX BeLICCTBCHHBIX BXOJHbIX NaTTepHOB. AJTOpuTMBI, KaK MpaBMO, NoesHBI 
B KlaccHuKal|4 JaHHbIX MyTeM CaMOCTOATeMbHOTO MOcTpoeHHA HelpoHHolt ce- 
TH, OHA TeHeppyeT HOBIe HeMPOHbI, UTOOLI UCMpaBUTb MpeAbIAyUIMe OWNOKU u 
OCT@HOBUTb HOBbIC KOMMMJIANMM, KOr1a BbIXON 6yAeT MMeTb MMHMMAJIbHBIM Tpo- 
WeHT owM6ox. Peamsauua airopHTMoB aBToMaTuyecKoro MocrpoeHus Helipou- 
HBIX CeTeli C MCMOJIbSOBaHHEM COOTBETCTBYIONIMX MeTONOB, TAaKUX Kak O6paTHoe 
paclipocTpanenue, rpayvenTHb OycTunr, NepuenpToHbl, ajanTuBybiit 6ycrunr un 
Ap. T. C HCNONb30BaTE amropuTMp! (Monoplan, NetLines, NetSphere) oa xmac- 
CUUKalMM JaHHbIX C MOMOM{bIO CAMOCTPOAIUXcA HelpOHHBIX cerTell.
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1. Introduction 

At a time when the neural network industry is developing at a high speed and it 

is necessary to find and develop new approaches to solving problems. The usual 

methods such as the method of back propagation of errors or methods of convo- 

lutional neural networks can not always provide accurate and fast answers, and 

therefore, in this work, I suggest the use of algorithms for automatic construction 

of networks that have a common idea proposed by Torres-Moreno [4]. Algorithms 

Monoplan, NetLines, NetSphere are intelligent algorithms for classifications. The 

best part of the algorithms is that they are trainees, reduce the time required for 

testing at the stages of learning neurons and do not have many layers(have only 

one), which greatly facilitates the work of computer technology and offloads the 

necessary computer memory. The main purpose of the work is to compare the 

already established methods of neural network training with the methods used 

in the algorithms of Monoplan, Nethines and NetSphere. Identification of pos- 

itive and negative sides and implementation of these algorithms. To realize the 

idea of neural network, let’s begin from its biological prototype. The idea of a 

detailed device of the brain appeared only about a hundred years ago. In 1888, 

Spanish doctor Ramoni Kayal experimentally showed us that the consistency of 

brain tissue is a interconnected homogeneous nodes - neurons. Later studies using 

an electron microscope showed that all neurons, regardless of type, have a similar 

organizational structure. From the central part of the neuron, the soma, there are 

tree-like processes, the dendrites. They have a role of carrier or receptors, which 

carries the signals between neurons. The task of the axon, the biggest sprout, 

is to transmit a signal of activity from the soma to other neurons. The junction 

of the axon with the dendrites of other neurons is divided by a small, about 200 

nm, distance. This gap is called synapse. Signals between neurons are trans- 

mitted chemically and electrically. At rest, the neuron’s protoplasm is negatively



charged, with a potential of about 70 mV. As signals arrive from dendrites, the 

charge is depolarized to a potential of 60 mV, there is a diffusion of positively 

charged sodium ions Na + into the soma, the neuron “works” - its charge rises 

sharply to a positive one, and then the excitation propagates through other ax- 

ons. Then the core gradually comes to its original state. The neurons of the brain 

“work” out of sync, like digital devices. The response rate for different neurons 

can vary from 1 to 100 Hz. The speed of propagation of the signal lies in the range 

from 0.5 to 2 m/s. In addition, it was noted that the strength of the synaptic 

connection for different neurons is different and moreover, it is not constant. If 

the neuron “works” more often than the others, then the strength of its synaptic 

connection increases. Such adaptability of the synapse is called the Hebbian rule. 

The overall, the brains structure is very complex. The number of neurons can be 

estimated as approximately 1011. Each neuron has an average of 104 synaptic 

connections, and the whole brain has 1015 connections. From all of the above, 

it can be seen that the brain is a very complex system with many parameters, 

connections and external sensors, and we are not yet able to understand how the 

thinking process takes place. 

dendrites 

axon 
. terminals 

Figure 1.1: Biological prototype



2. Neural Network 

2.1 Neural network theory 

From the late 80s to the present, the theory of neural networks is experiencing 

a real boom in the number of scientific publications. In modern times, neural 

networks are increasingly used to solve a variety of practical problems. Moreover, 
it is safe to say that hardware and software devices built on the basis of neural 
networks are being actively introduced into our life and are increasingly used in 
medical diagnostics, industry, financial system and in everyday life - where it is 

necessary to solve problems, before that subject only to man. 

There are two types of neural network training - with and without a teacher. 

In the case where we already got the teacher, has a ready answer for the input 
vector, in case without a teacher the neural network is self-learning. Each type 
of training has its own tasks and they almost do not intersect. To date, a lot of . 
neural network architecture and methods of their training have been considered. 

But the main ones for training with a teacher it is "algorithm of back propagation 

of error", and for training without a teacher it is algorithms of Heb - BA and 

Kohonen. These types are very similar to biological reality, for example — a child 

is trained with or without a teacher? What the child is shown to his parents 
and teachers, what he is learning himself. There are also half-hearted examples 

of training, such as playing ball in the yard, the kid sees how it is received from 

others and the process of learning it takes place independently. In order to solve 

the problems with the help of neural networks it is necessary to: 1. Consider in 

detail the task and analyze it, think about whether it would be easier to solve 

it using other methods; 2. To determine the set of inputs. The set of inputs is 

selected from the beginning issued the smallest mistake; 3. You must select output 

variables, which will be the right output for this neural network; 4. Determine



what will be the number of layers and nodes in them; 5. The new network will 
be generated and trained by this examples. . 

The idea of artificial neural networks (ANN) arose as an attempt to describe 
the processes of perception of information occurring in the human brain. Like 
the human brain, ANN consists of a set of interconnected elements - neurons that 

mimic the neurons of the brain. There are various principles of networking, or 

otherwise, their architecture. In relation to neural networks, the term cytoarchi- 

tecture is sometimes used. A classic example of network architecture neurons of 
one neural network are arranged in one layer and its output becomes the input 
of the next layer. However, there are networks with more complex cytoarchi- 
tecture, for example, recursive networks. In this article only multilayered direct 

distribution networks will be considered, i.e. networks in which the excitation is 

transmitted only in one direction sequentially, from layer to layer. One of the 

models of a multilayered neural network is the back-propagation network error. 
This network model got its name due to a specific learning algorithm. Consid- 
ered in many sources, it is given too in detail, which sometimes makes it difficult 
to grasp the essence of the algorithm. The purpose of this article is to show 
the advantage of using vector arithmetic to understand the principles of learning 

the neural network back propagation of an error. In addition, it allows you to 
more Clearly present the principle of functioning of multilayer neural networks in 

‘ 

general. 
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2.2 Neural Network 

We have a relatively small number of classes (10 to be exact). The size of the 

images in the training set is 28x28 pixels. For these reasons, the neural network 

architecture will be quite simple: two convolutional layers and one maximum 

join layer (max pooling layer) to extract the characteristics of the original image; 

multilayer perceptron (MLP), whose task is to classify the previously obtained 

image characteristics. 

ee 
Multi-Layer Perceptron 

Convolution i ae Strided 
A “ eight Convolution ' | ilters and a with eight 5x5 Max-pooling 

filters and a operation with 

stride of 2 

10-unit output i 
(Classification Layer) 

Dense layer with 
{28x28x1] 128 Neurons 
input layer ~ 

Flatten previous 

layer into vector 

Figure 2.1: Neural network architecture 

In neural network programming we will follow several steps: 

Step 1. Data extraction 

A collection of training and control handwritten numbers can be found here. 

The files in this collection have preserved the images and corresponding markers 

in the form of tensors. This makes working with data much easier than with real 

images. To extract data from files, we will use the following functions: 

Step 2. Parameter initialization 

Let’s write functions to initialize filter parameters for convolutional layers and 

also consider the weights so they become fully connected layers. It will provide 
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def extract_data(filename, num_images, IMAGE_WIDTH) : 

print('Extracting', filename) 

with gzip.open(filename) as bytestream: 
bytestream. read(16) 

buf = bytestream.read(IMAGE WIDTH * IMAGE_WIDTH * num_images) 
data = np.frombuffer(buf, dtype=np.uint8) .astype(np.float32) 
data = data.reshape(num_images, IMAGE _WIDTH*IMAGE WIDTH) 
return data 

def extract_labels(filename, num_images): 

print('Extracting', filename) 

with gzip.open(filename) as bytestream: 

bytestream. read(8) 

buf = bytestream.read(1 * num_images) 
labels = np.frombuffer(buf, dtype-np.uint8).astype(np.int64) 

return labels 

Figure 2.2: Retrieving training data and the corresponding markers 

the learning process uniform, we will perform initialization, in which the average 
value of the parameters will be zero, and the standard deviation — one. 

def 

def 

initializeFilter(size, scale = 1.0): 

Initialize filter using a normal distribution with and a ' 
standard deviation inversely proportional the square root. of the number of units 

stddev = scale/np.sqrt(np.prod(size) ) 
return np.random.normal(loc = 0, scale = stddev, size = pize) - 

initializeWeight (size): 

Initialize weights with a random norbal distribution 

return np.random.standard_normal(sizessize) * 0.03| 

Figure 2.3: Functions of initialization of neural network parameters 

Step 3. Back propagation of error. 

In order to train the neural network, functions need to be developed to prop- 
agate the error back through the pudding and convolution layers. (Figure 3.3) 

Step 4. Network construction 

In network construction, we need to write a function which will combine both 

operations of forward and reverse propagation of signals in convolutional layers. 
This function will take the input image and produce gradients and loss character- 
istics.(Figure 3.5) 
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def conv(image, label, params, conv_s, pool_f, pool_s): 

{[f1, £2, w3, w4, bi, b2, b3, b4j) = params 

convl = convolution(image, £1, bl, conv_s) 
convl{convi<=0} = 0 

conv2 = convolution(convl, £2, b2, conv_s) 
conv2 {[conv2<=0} = 0 

pooled = maxpool(conv2, pool_f, pool_s) 

(nf2, dim2, _) = pooled.shape 
fc = pooled.reshape((nf2 * dim2 * dim2, 1)) 

z= w3.dot(fc) + b3 

z(z<20j = 0 

out = w4.dot(z) + b4 

probs = softmax(out) 

loss = categoricalCrossEntropy (probs, label) 

dout = probs - label 

dw4 = dout.dot(2.T) 

db4 = np.sum(dout, axis © 1).reshape(b4.shape) 

dz = w4.T.dot(dout) 

dz{z<=0j] > 0 
dw3 = dz.dot(fc.T) 

db3 = np.sum(dz, axis > 1).reshape(b3.shape) 

dfc = w3.T.dot(dz) 
dpool = dfc.reshape( pooled. shape) 

deonv2 = maxpoolBackward(dpool, conv2; pool_f, pool_s) 
deonv2{conv2<=0] = 0 | 

dconvl, df2, db2 = convolutionBackward(dconv2, convl, £2, conv_s) 
dconvi(convi<<0)] = 0 

dimage, df1, dbi = convolutionBackward(dconv1, image, f1, conv_s) 

grads = (df£1, df£2, dw3, dw4, dbl, db2, db3, db4j . 

return grads, loss . 

Step 5. Neural network training 

To make it able for neural network to learn the way to solve classification 

problems, we will use the Adam optimization algorithm. Adam — adaptive mo- 

ment estimation, another optimization algorithm. It combines both the idea of 

accumulating motion and the idea of a weaker update of weights for typical fea- 

tures. 

To evaluate the trained parameters of a neural network, its memory should be 

evaluated. This will give an understanding of how well the network is able to solve 

the problem of classification. This, in fact, is an assessment of the effectiveness 

of the neural network. Memory — a characteristic of the precision of the class 

definition.(Figures 3.6;3,7)[5] 

13



@ef adamGD(batch, num_classes, Ir, dim, nic, betal, beta2, params, cost): 

(f1, £2, w3, w4, bl, b2, b3, b4) = params 

X = batch[:,0:~1)] 

X = X.reshape(len(batch), n_c, dim, dim) 
Y = batch[:,-1] 

cost_ = 0 

batch_size = len(batch) 

df£1 = np.zeros(f1l.shape) 

df2 = np.zeros(f2.shape) 

dw3 = np. zeros (w3.shape) 
dw4 = np.zeros(w4.shape) 

dbl = np.zeros(bl.shape) 

db2 = np.zeros(b2.shape) 

db3 = np. zeros (b3.shape) 

db4 = np.zeros(b4.shape) 

vl = np.zeros(fl.shape) 

v2 = np.zeros(£2.shape) 

v3 = np.zeros(w3.shape) 

v4 = np.zeros(w4.shape) 

bvl = np.zeros(bl.shape) 

bv2 = np.zeros(b2.shape) 
bv3 = np.zeros(b3.shape) 
bv4 = np.zeros(b4.shape) 

61 = np.zeros(f£1.shape) 

B2 = np.zeros(f2.shape) 

83 = np.zeros(w3.shape) 

s4 = np.zeros(w4.shape) 

bsl ¢ np.zeros(bl.shape) 

bs2 = np.zeros(b2.shape) 

bs3 = np.zeros(b3.shape) 

bs4 = np. zeros(b4.shape) 

for i in range(batch_size): 

x = X{i) 
y = np.eye(num _ classes) [int (¥[4J)].reshape(num _ classes, ad) 
grads, loss = conv(x, y, params, 1, 2, 2) 
(4f1_, af2_, dw3_, dwi_, db1_, db2_, db3_, db4_} = grads 

dfit+=df1_ 
dbl+=db1_ 
df2+=df2_ 
dab2+=db2_ 
dw3+=dw3_ 
db3+=db3_ 

14



2.3 Perceptron 

The perceptron is based on a mathematical model of information perception by 
the brain. There are 3 types of perceptron, which are called reacting elements, 
associative elements and sensors. Then, consider that S-elements moved in A- 

elements, so it could be represented as S-A. Why are A-elements called associa- 
tive? The fact is that A-elements are aggregators of signals from sensor elements. 
For example, we have a group of sensors, each of which recognizes a piece of the 
letter "D" in the study picture. However, only their combination (that is, when 
several sensors gave a signal equal to 1) can excite the A-element as a whole. 
The other letters A-element does not react, only the letter "D". That is, it is 

associated with the letter "D". Hence the name. 

There is another example. In fact, your eyes are made up of an incredible 
number of S-elements (sensors) that capture incident light (about 140,000,000). 
And you have some A-element that recognizes a specific part of the face. And 
then you saw a man on the street. Some A-elements that have recognized specific 
parts of the face are excited. Next, the signals that produced the excited A- 
elements are sent to the summator (R-element), the action of which you already 
know. However, to get to the R-element, they go through AR links, which also 
have weights. However, here they can already take any values (as opposed to S-A 

links). . 

Final chord. The R-element stacks the weighted signals from the A-elements 

with each other and, if a certain threshold is exceeded, generates an output signal 

equal to 1. This means that in the General flow of information from the eyes we 
recognize the person’s face. 

If the threshold is not exceeded, the perceptron output is -1. That is, we have 
not isolated a person from the General flow of information. 

Since the R-element determines the output of the perceptron as a whole, it 
is called a reacting element. Similar names. But this is not the same as a 

perceptron with one hidden layer, although it may seem so. It is this type of 
perceptrons that we will study in more detail. This type of perceptron as an 

elementary perceptron, too often mean when they talk about the perceptron at 

all. 
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Its key feature is that each S-element uniquely corresponds to one A-element, 

all S-A links have a weight equal to +1, and the threshold A of elements is 1. 

Pll explain. Take a picture of a perceptron in a General sense and convert it 

into a picture of a single-layer perceptron. 

Based on the key features of a single-layer perceptron sensor can be uniquely 

associated with only one associative element. Look at the white sensor in the 

picture (top left corner). It transmits signal to light green (first) and gray (fourth) 

associative elements. Disorder. The sensor can only transmit a signal to one A- 

element. Remove the unnecessary connection. The same operation is carried out 

with other sensors. 

Each sensor can only transmit a signal to one A-element. However, this state- 

ment does not prohibit the situation when several sensors transmit a signal to one 

A-element, as shown in the picture above (1, 2 and 3 A-elements). 

Further, S-A links always have a weight of one, and the threshold of A-elements 

is always +1. On the other hand, we know that sensors can only signal 0 or 1. 

Consider the first S-element in the last picture. Let it generate a signal equal 

to one. The signal passes through the S-A link and does not change, since any 

number multiplied by 1 is equal to itself. The threshold of any element is equal 

to 1. Since the sensor produced a signal equal to 1, the A-element was definitely 

excited. This means that it gave a signal equal to 1 (since it can also generate 

only 1 or 0 at its output). Then this single signal is multiplied by an arbitrary 

weight A-R connection and falls into the corresponding R-element, which sums | 

up all the received weighted signals, and if they exceed its threshold, gives +1. 

Otherwise, the output of this R-element is -1. 

Nothing on reminds? That’s right, apart from sensory elements and S-A 

connections, we have just described the scheme of the artificial neuron. This is 

no accident. A single-layer perceptron is indeed an artificial neuron with a slight 

difference. In contrast to the artificial neuron, the single-layer perceptron inputs 

can take fixed values: 0 or 1. An artificial neuron can have any input values. 

In the perceptron, R-elements sum the weighted inputs and, if the weighted 

sum is above a certain threshold, give 1. Otherwise, the outputs of the R-elements 

would be -1. It is easy to guess that this behavior is easily set by the activation 

function called the single jump function. The difference is that the single jump 

function gives 0 if the threshold is not exceeded, and here gives -1, but it is not 

16



essential. 

Thus it becomes clear that part of the single-layer perceptron (highlighted in 

black rectangle in the picture above) can be represented as an artificial neuron, 

but in any case do not confuse these two concepts. First, no one has canceled 

the S-elements, which in the artificial neuron is not there. Secondly, in a single- 

layer perceptron, S-elements and A-elements can take only fixed values 0 and 1, 

whereas in an artificial neuron there are no such restrictions.[5] 

Multilayer perceptron 

Under multilayer perceptron understand two different types: multilayer per- 

ceptron Rosenblatt and multilayer perceptron rumelhart. 

Multilayer perceptron Rosenblatt Contains more than 1 layer of A-elements. 

The multilayer perceptron by Rumelhart is a special case of the multilayer per- 

ceptron by Rosenblatt, with two features: 

S-A relationships can be of arbitrary weight and learn along with the A-R 

relations. Training is carried out by a special algorithm, which is called training 

by the method of back propagation of the error. This method is the cornerstone 

of learning all multilayer perceptron. Before starting the practice, I would like 

to tell you more about what tasks perceptron is able to solve and what is not. | 

will also give a few handy analogies to understand whether it is possible to use 

a perceptron in this problem or not. This is extremely important, because the - 

perceptron, as the simplest kind of neural network, not so much and knows how. 

The perceptron very well solve the problem of classification. What does that 

mean? If you have a group of objects (for example, cats and dogs), the perceptron 

after training will be able to indicate to which group the object belongs (to cats 

or dogs). 

Under the field of sensors refers to the set of all S-elements. Under classification 
— invented us classes (those same cats and dogs). Under the "non-empty set of 

elementary perceptrons conducting a successful classification" means that there 

is at least one perceptron, completed the classification of objects. 

Consider the following example. 

I want perseptron to learn to distinguish between cats and dogs. This is a 

difficult task, but we will make it much easier. 

We will have 3 of the sensor: the length of the legs, the color and the shape 

17



of the muzzle. Since S-elements can take the values 0 or 1, let’s assume that the 

values 1 will correspond to short legs, mixed color and rounded muzzle, respec- 

tively. Values 0 will indicate the sign of the dog on this S-element (long legs, solid 

color and elongated muzzle). So we got the sensor field. If you like, it can be 

represented as a set of possible values 0 and 1 for each S-element. For example, 

an absolute cat should trigger all S-elements 1,1,1. 

18
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Figure 2.4: The function of back propagation of the radiant through the convo- 

lutional and pudding layers ) 
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def adamGD(batch, num_classes, 1r, dim, nic, betal, beta2, params, cost): 

(£1, £2, w3, w4, bl, b2, b3, b4) = params 

X = batch[:,0:-1) 
X = X.reshape(len(batch), n_c, dim, dim) 
Y = batch[:,-1] 

cost_ = 0 
batch_size = len(batch) 

dfl = np.zeros(f1l.shape) 

df2 = np.zeros(f2.shape) 

dw3 = np. zeros (w3.shape) 

dw4 = np. zeros (w4.shape) 
dbl = np.zeros(bl.shape) 
db2 = np.zeros(b2.shape) 

db3 = np.zeros(b3.shape) 
db4 = np.zeros(b4.shape) 

vl = np.zeros(f£1.shape) 

v2 = np.zeros(f2.shape) 

v3 = np.zeros(w3.shape) 

v4 = np.zeros(w4.shape) 

bvl = np. zeros(bl.shape) 

bv2 = np. zeros(b2.shapé) 

bv3 = np.zeros(b3.shape) 

bv4 = np.zeros(b4.shape) 

sl = np.zeros(f1l.shape) 

52 = np.zeros(f£2.shape) 

83 = np.zeros(w3.shape) 

64 = np.zeros(w4.shape) & 

bsl = np.zeros(bi.shape) 

bs2 = np.zeros(b2.shape) 

bs3 = np.zeros(b3.shape) 

bs4 = np. zeros(b4.shape) 

for i in range(batch_size): 

x = X[ij va ; 
y = np.eye(num_classes){int(Y[i])].reshape(num_classes, 1) 
grads, loss = conv(x, y, params, 1, 2, 2) 
[df1_, df£2_, dw3_, dw4_, dbl_, db2_, db3_, db4_}] = grads 

dfit+=df1_ 
db1+=db1_ 
df2+edi2_ 
ab2+edb2_ 

dw34+=dw3_ 
db3+=db3_ y, 

Figure 2.6: Software implementation of the optimization algorithm Adam(part 1) 
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def train(num classes © 10, lr = 0.01, batal = 0.95, beta2 = 0.99, img_dim = 28, img depth 9 4, 
s 5S, 

num_filtl > 8, num_filt2 = 8, batch_size > 32, num_epochs = 2, Save_path = ‘params.pkl'): 

m #50000 

X = extract_data(‘train-images~idx3-ubyte.gz', m, img_ dim) 
y_dash = extract_labels( ‘train-labels-idxl-ubyte.gz', ta) .reshape(m, 1) 
X-c int(np.mean({X)) 

Xx/s int(np.std(X)) 

train_data © np.hstack((X,y_dash) ) 

np.random.shuffle(train_data) 

£1, £2, w3, w4 = (num_filtl ,img depth,f,£), (num_f£iltz snum_filtl,£,£), (128,800), (10, 128) 
fl o> initializePFilter(f1) 
f2 > initializeFilter(£2) 
w3 = initializeWeight(w3) 
w4 0 initializeWeight(w4) 

bl - np.zeros((f1.shape[0],1)) 

np.zeros( (f2.shape(0J,1)) 
np.zeros( (w3.shape[0),1)) 

np.zeros( (w4.shape(0),1)) 

ov
 te 0 

og
 

Ps b
a
 

params ~ (f1, £2, w3, wi, bl, b2, b3, b4] 

cost = {J 

print(“LR:“+str(1r)+", Batch Size: "+str(batch_size) ) 

for epoch in range(num_epochs): 
np.random. shuffle(train_data) . 
batches > [train_data[k:k.+ batch_size] for.k in ranga(0, train data. shape[ 0}, batch sine) } 

\ 
t = tgqdm(batches) 
for x,batch in enumerate(t): 

params, cost = adamGD(batch, num_classes, lr, img dim, img_depth, petal, bata2, 
params, cost) 

t.set_description("Cost: %.2£" % (cost{~1))) 

with open(save_path, ‘wb’') as file: ; a so ; 
pickle.dump(params, file) . Lo ae 

return cost 
\ te 

Figure 2.7: Software implementation of the optimization algorithm Adam(part 2) 

transfer 
function 

Figure 2.8: Perceptron 
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Figure 2.9: Multilayer perceptron 
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3. Convolutional neural networ!] 

3.1 Simple Convolutional neural networks 

Convolutional neural networks work on the basis of filters that are engaged in the 

recognition of certain characteristics of the image (for example, straight lines). A 

filter is a collection of cores; sometimes a single core is used in a filter. Kernel 

is a common matrix of numbers called weights, which are “trained” (adjusted if 

you prefer) to search the images for certain characteristics. The filter moves along 

the image and determines whether some desired feature is present in a particular 

part of the image. To obtain an answer of this kind, a convolution operation is 

performed, which will give us the sum of the all products of the filter elements of 

matrix of the signals which has been inputed. 3.1) 

“ 

Figure 3.1: Convolution operation 

For a better understanding of the most basic concepts, | recommend taking 

a look at this article. In it you will find a more detailed description of all these 

things. If some desired characteristic is present in the image fragment, the con- 
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volution operation will output a number with a relatively large value. If there is 
no characteristic, the output number will be small. The filter responsible for find- 
ing left-hand curves moves along the original image. When the fragment under 
consideration contains the desired curve, the summary of this convolution will be 
a big number (5500 in our case). However, when the filter moves to a position 

where there is no left-hand curve, the result of the convolution is a small number 

(in our case — zero). At the end of moving current filter along the image will be 
a matrix consisting of the results of single convolutions. It should be noted that 
the number of filter channels should correspond to the number of channels of the 
original image; only then the convolution operation will produce the proper effect: 
For example, if the source image consists of three channels (RGB: Red, Green, 

Blue), the filter must also have three channels.[3] 

The filter can move along the input matrix in steps other than one. The 

amount of movement of the filter is called strydom (stride). Stride specifies the 

number of pixels you must move the filter in one sitting. 

HQ, y= 2 log 5 > a dL log 5; 

N 

Figure 3.2: Allows you to calculate the number of output values after the rollup - 
operation 

In order for the training of weights enclosed in cores to be effective, some 

bias (bias) and nonlinearity should be introduced into the convolution results. 

Offset is a static value by which to “shift” the output values. At its core, this is a 
common operation of adding each element of the output matrix with the amount 

of displacement. If you explain very superficially, it is necessary in order to bring 
the neural network out of deadlocks, having purely mathematical reasons. The 

nonlinearity of the activation function. Thanks to it, the picture formed by the 

convolution operation receives some distortion, allowing the neural network to 

more clearly assess the situation. This need can be roughly compared to the need 

for people with low vision to wear contact lenses. In General,this need is due to 

the fact that the input data is nonlinear in nature, so you need to deliberately 

distort the intermediate results to the neural network response was appropriate. 

20



Relu (Rectified Linear Unit) is often used as an activation function. 

- ReLU 

: R(z)=maz(0, z) 

? 1 

Figure 3.3: ReLU function 

As should be obvious, this component is very basic. Info esteems not exactly or 

equivalent to zero are changed over to zero; values more prominent than zero are 

not changed. Typically, more than one filter is used in convolution layers. When 

this occurs, the results of each filter are collected along some axis, resulting in a 

three-dimensional matrix of output. Thanks to the NumPy library, programming 

a bundle is easy. At the top level there will be a for loop that will apply filters to 

the original image. Inside every cycle, two while circles will be utilized to move 

the channel along the picture (horizontally and vertically). Element product of 

the filter pixels every time and the image fragment (operator*) will be obtained. 

The resulting matrix will be collapsed by summation into a number to which the - 

bias (bias) will be added. 

The value of filt is initialized using normal distribution. Bias is a zero-filled 

vector. After one or two convolutional layers, the intermediate result is usually 

reduced. Look at the reduction as a decrease in the amount of data with the 

preservation of the General sense. In machine learning to determine the reduction 

is often used the term downsampling. 
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@ef convolution(image, filt, bias, g=1): 

(n_f, n_c_f, f£, _) = £ilt.shape 
n_c, in dim, _ > image.shape 

out_dim = int¢{in_dim - £)/s)+1 

assert nc == ncf, . 

out = np.zeros((n_£,out_dim,out_dim) ) 

for curr_f in range(n_f): 

curr_y = out_y = 0 

while curr_y + £ <= in dim: 

curr_x 3 out_x 3 0 

while curr_x + £ <= in dim: 

out[curr_f, out_y, out_x] = np.sum(filt(curr_£] * image[:,curr _ytcurr_ytf, 
urr_xrcurr _x+£]) + bias[eurr_f} 

curr_x += 8 
out_x #9 1 

curr_y += 8 
out_y +e 1 

return out 

Figure 3.4: Convolves filt over images 

3.2 Two-dimensional convolutions 

Two-dimensional convolution is a operation, which is begins from a kernel, with a 

small size matrix with some weights. This kernel “moves” over the two-dimensional 

matrix resulting matrix “collapses” by summing its elements, forming a so-called 
“pixel”. 

Kernel repeats the described operation for each position occupied by it, turning 
the initial two-dimensional matrix of characteristics into some other — also two- . 

dimensional — matrix. The obtained characteristics are actually the sums of the 
weighted input characteristics, where the weights are the elements of the kernel 

matrix, and the initial data are the elements of the matrix that are under the 

kernel at its given position. 

If we draw an analogy, the input characteristics are “sifted” through the core, 
forming a matrix at the output, each element of which corresponds to a certain 

fragment of the original data. Occurs that core’s size is directly affects the number 

of source elements that will be “sifted” and eventually turned into a pixel of the 

resulting matrix. 

Now let’s look at all this in the context of a fully connected layer of a conven- 

tional neural network. In the example above, there are 5x5=25 input and 4x4=16 

output characteristics. If it would be a fully connected layer then the weight of 

matrix of 25x16=400 parameters should be occurred; the response of this layer 
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would be formed by summing the products of each input signal by some weight 
coefficient. (The activation function has been omitted for simplicity.) Convolu- 
tions allow to perform such operations only over sixteen parameters — with each 

output signal. The above means that folding is a way of obtaining an approximate 
version of the input data; and this contributes to a significant reduction in the 

number of calculations. 

Keep this information in mind, as it is very important for further immersion 

in the topic of deep learning. Some commonly used techniques Before moving 

on, we should consider two basic techniques used to build convolutional layers: 

padding (filling) and stride (step). 

Padding 

Note how the edges of the original matrix are “cut” in the process of moving 

the kernel: the edge pixels never fall into the center of the kernel, due to the 

accepted rules of movement. This is not always acceptable, especially when the 
dimensions of the source and result matrices must be the same. This problem 
is solved by padding, which is the essence of “false” pixels, the value of which is 

usually zero (such padding is usually called “zero”). Due to the additional space 
around the original matrix, the kernel is able to bypass the edge pixels to the full 

extent. Note that the dimensions of the source and result matrices are the same. 
Stride 

Quite often, the task of the convolution layer is to reduce the dimension of 
the matrix of input signals. This is the basis of convolutional neural networks, in | 

which the pulses entering the system are reduced at a rate directly proportional 

to the number of so-called channels. To gain that result, to use of a pudding 

(Assembly) layer, which in its essence is a conventional “sieve for sieving’, which 
contributes to the reduction of the number of pulses. 

The stride principle is based on the idea of kernel skipping a certain number 

of steps when it is moved. A strite with a value of 1 indicates that the kernel is 
shifted by one pixel, which leads us to the standard convolution. With a Strider 

with a value of 2, the kernel is shifted by two pixels, reducing the size of the 

resulting matrix by about half compared to the previous option e.t.c. In modern 

architectures of neural networks, such as ResNet, finally abandoned the pooling 
layers in favor of strides. 

Multi-channel version 
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Everything we discussed above applies only to images with one input channel. 
But, as we know, images usually have three channels (RGB: Red, Green, Blue); 

the deeper a neural network is, the more channcls it is capable of processing. It 

is easier to think of channels as some “components” of the image, each of which 
either suppresses or enhances certain features of the image. Look Neural network 

part. Now it is possible to trace the difference between the single-channel and 
multi-channel versions of the neural network. In the first case, when only one 

image channel is considered, the concepts of “filter” and “core” are interchange- 
able. In the second variant, when several channels are taken into account, these 
concepts acquire different meanings. In this case, each core from the collection is 

unique. Filters in convolution layer generates one output channel. The principle 

of operation of the filter is described below. Each of the cores included in the 

filter moves along the corresponding output channel, giving the processed version 

of the signals. Some kernel may have a stronger weight than the others, giving 

preference to specific input channels. Further, the results of each of the cores 

are summarized in order to obtain a single channel. Kernels generate their own 

versions of the channels, which in the complex is the resulting output channel. To 

complete the process, you must apply an offset (bias) to the result. In convolu- 

tional neural networks, the offset is applied to each output filter; this operation is 

the usual addition of the offset with each of the signals of the resulting (output) 
channel. The above sequence of actions is similar for any number of filters: each . 

filter performs independent processing of the input image using its own system of 

cores and offsets described above, generating some response. Subsequently, these 

responses are summarized, resulting in a global response; the number of channels 

of this response corresponds to the number of filters. The global response can be 

passed through a nonlinear transducer and transferred to the next convolution 

layer, where the process is repeated. 

Downsampling 

In order tu fasten learning process and decrese the consumption of computing 

resources, downsampling of initial and/or intermediate data is carried out, as 

mentioned in the previous section. There are several ways to do this. In this 

article we will consider the simplest and most common of them — the maximum 

Union (max pooling). The maximum join operation is to move the so-called 

sifting window along the data. From the pixels that fall into its field of view, 
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the maximum is selected and moved to the resulting matrix. The stride for this 

window can be different from one; it all depends on what size of the output matrix 
you want to get, and with what degree you need to “compress” the data. It clearly 

shows the operation of the maximum Union: a window of dimension 2x2 moves 

along the matrix; stride has a value of 2. As you remember, stride determines the 
step to which the window moves in one step. At each stage, the maximum value 

is selected. The original matrix is allegedly sieved through a sieve, which gives 

out only characteristic pixels. 

Figure 3.7: Normal convolution(step 3) 

Thanks to the maximum combination, the number of pixels is reduced, which 

in turn leads to a reduction in the number of operations performed by the program, 

and, accordingly, to the savings in computing resources. 
The operation of maximum unification has some other side effects of a pos- 

itive nature. Thanks to it, the neural network is able to concentrate on the 

really.weighty characteristics of the image, discarding insignificant details. Also, 
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riot, 

Figure 3.8: Normal convolution(step 4) 

—f 
Nout = floo("—) +1 

Figure 3.9: Convolution outputs 

the neural network becomes less susceptible to retraining, which often becomes 

a very time-consuming problem. The mechanism of convolutional layers is some- 

what simple. But, no matter how hard you try, it is unlikely that you will be able 

to draw any significant analogies with the feed-forward layers (layers of direct 

distribution, or layers with direct connections; all this is the same). It is also 

unlikely that you will be able to get a clear rationale for why convolutional neural 

networks are so well suited for image processing. Something like that: it works 

— period! Imagine that you have a 4x4 input matrix and you want to transform 

it into a 2x2 matrix. If you were using a neural network with direct links, you 

would first have to expand the inputsmatrix into a vector containing 16 signals. 

Then this vector should be passed through a system with 16 inputs and 4 outputs. — 

Further, the matrix W of synaptic weights within layers of input and output and 

has been considered neural network is presented: The concept of cores used in 

wir W142 Us Wis Un W617 Wig W199 HO WL WI Whis Ua W115 W116 

We, 2,2 Wea Wea Wan Wae Wa7 Wag We9 Wai Wart Wa12 Waris Ward Were Was 

wg) 32 Mas Waa W385 Ua 7 Wag 39 W340) W311 312 Was W514 W318 W316 

ay 42 MAS Wea Wan Was UW47 Wag Wag War Wan Vara Wars Ware Was Ware 

Figure 3.10: Matrix of synaptic weights between input and output layers 

convolutional layers may seem confusing at first glance. Although all kernel does 

is perform the same transformations that occur in direct distribution networks. 

The only difference is that in the first case the two-dimensional matrix of signals 

is used, and in the second — one-dimensional. If for our problem we used a kernel 

K of dimension 3x3 for the input matrix 4x4 in order to obtain a matrix 2x2 at the 

output, the corresponding weight matrix would take the following form: Although 
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Aya Ais hia U0 kar hee bon 0 Baa haz hss 0 0 oO 0 0 
O Ky Ae kiy OO ker hea kes 0 kar wae by 0 0 0 0 
0 0 OO O kia Fro Aria Q kor ke kes 0 kar baa baa (0 
0 0 80 O80 O Fis hig kis 0 kor kee kag 0 kai kao kas 

Figure 3.11: Pseudometric weights generated by the movement of the kernel 

the dimensions of the matrices are identical, they are formed using different ap- 

proaches. In the first case, the matrix is a characteristic of multiple connections 

between one-dimensional layers, in the second case — a characteristic of the ker- 

nel in two-dimensional space.[1] We came to the conclusion that convolutions are 
also linear transformations, but at the same time they are different from those 

to which we are accustomed in “normal” neural networks. For the input matrix 

of 64 elements, there are 9 parameters that will be reused (kernel parameters). 

Each node of the output matrix is formed on the basis of only a certain number 

of input signals — those that fall into the field of view of the kernel. Multiple 

connections are destroyed by zero weights; this is seen in pic. 5. It is important 

to understand that the convolution operation is just a rough approximation of 

what happens when the input signals are “weighed” by weight coefficients. And 

yet in these two versions use some of the predefined parameters. The matrix of 

weight coefficients, as you know, characterizes connections between layers of a 

neural network. That’s why connections determine how a neural network works. 

No wonder they say that all the power in the connections! Fully connected net- 

works perform their tasks well. But they have serious performance issues. The 

number of links with the addition of new nodes is growing incredibly fast, which 

complicates both the direct passage of signals and the reverse propagation of the 

error. Convolution networks work much faster. There is no need to “train” all 64 

parameters, as many of them are zero. The kernel has a dimension of 3x3, and 

therefore only 9 of its parameters will be amenable to training. This is important, 

especially when training data from MNIST with 784 inputs is replaced by real 

input images with dimensions of 224x224x3 (150528 inputs). Even if your fully 

connected system will divide input matrices in half in order to optimize, process- 

ing 75 264 signals in one approach, it will have more than 10 billion parameters! 

For comparison, the fully connected neural network ResNet-50 around 20 million 

options. It is clear that the transformation of some parameters of the system to 

zero — this is a great performance optimization. But how can we know if this is 

good for pattern recognition? The answer lies in the combinations of the charac- 
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teristics of a neural network. A well-chosen combination is the result of the use 

of an effective learning mechanism. If a convclutional neural network were used 

to analyze some other type of data, such as mobile app installation statistics, it 

will be a real disaster. And all because the data of this kind do not have local 

characteristics, which together form a complete picture. Therefore, you should 

pay special attention to the data that you plan to pass through the convolutional 

neural network. A response based on incompatible data may not be suitable for 

interpretation. ‘To avoid such errors, you need to be well versed in the mechanism 

of the convolutions. Image pixels, on the other hand, are always a consistent 

structure. Here’s the proof: the pixels surrounding the pixel in question have an 

effect on it; that is, if the surrounding pixels are red, then the pixel in question 

is likely to be red too. If this is not the case, there is an anomaly that can be 

interpreted as a special kind of characteristic. The conclusion is that the required 
characteristics can be found by mutual comparison of the pixel beam. For a space 

without explicit boundaries such as the sky, most pixels have values close to each 

other. Therefore, the kernel response for such plots will be zero or very close to it. 

For a space with vertical boundaries, there will be differences within some pixel 
bundles. Kernel detects that the difference of the pixels in such beams will not be 

equal to zero that indicates the border. The Sobel operator is based on a kernel of 

dimension 3x3. This makes it possible to find local anomalies. Moving this kernel 
along the entire image leads to finding all the boundaries that a particular model 

can detect. A very serious question is brewing: how to train the kernels so that 

they work as we need? To do this, you need to understand how detection of basic 

characteristics works: borders, lines, etc. There is a whole section of machine 

learning aimed at developing ways to interpret neural network responses. One 

of the most powerful tools used in this field is the visualization of characteristics 
through optimizations. Its idea is simple: you need to optimize the picture with 
some initial noise, until maximum effect of the filter is achieved. Intuitively, if the 

optimized picture will be full of edges, it is mean that an example of how you can 

visualize the filter itself. Using the described approach, you can look at trained 

filters. It should be noted that the collapsed images are still ordinary images. The 

output signals obtained from a small area somewhere in the upper left corner of 

the image are strictly fixed to their coordinates. Further, this data can be used 

to extract the characteristics of a deeper level. There is one “but”. The deeper a 
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neural network digs, the more difficult it is to extract useful characteristics from 
the data without additional transformations of the data. For example, it is un- 
likely to be able to determine the face in the area of dimension 3x3 pixels. Here 

comes into force the idea of a receptive field. 
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3.3 Receptive field 

An important architectural solution used in convolutional neural networks is that 

the matrix of input signals decreases with each layer, and the number of filters in- 

creases in the meantime. This effect is achieved thanks to the strides and pooling 

layers. The principle of common features, given in the previous section, deter- 

mines the appearance of the matrix of output signals by “folding” the pixel beam. 

Receptive field — part of the matrix of input signals subjected to “coagulation”. 

The density of the receptive field is the amount of information that can fit within 

the considered pixel beam. The process of collapsing is essentially compacting the 

amount of data stored in a single pixel. Imagine a situation in which you have 

a matrix of some pulses of dimension 3x3 (i.e. 9 pieces of information). Using a 

convolutional layer with a single kernel of dimension 2x2 will " collapse” the input 

pulses into a matrix of dimension 2x2, which will give 4 units of information. As 

you can see, the information previously stored in nine cells is now placed in a 

smaller space, namely four cells. But lossless is not enough. As you remember, 

stride is a fixed step of moving the kernel along the matrix of input signals. It is 

important to remember that stride is a good way of pooling signals (combining 

to reduce the dimension). If you look at the process of pooling at a special angle, 

you can see the assimilation of signals with their environment. 

After convolution, the received signals are usually transformed non-linearly, . 

and then they move to the next layer of the neural network, mainly convolutional. 

At this stage, the situation is heating up, because the deeper the data goes, 

the more interesting the results will be at the output. The receptive field is 

compacted and compacted. Even if we continue to use a 4x4 kernel, it will get more 

information with each compression level. To expand the field of view it makes 

no sense to increase its dimension. It’s all about assimilation: a small area of 

“rolled” data will show the characteristics of a large number of assimilated signals 

in them Let’s look at this issue in more detail. The response of the convolution 

layer still characterizes the original image, representing its compressed version. 

It is important to understand that we are not talking about croping. In our 

case, each pixel from the matrix of “collapsed” signals corresponds to a group of 

pixels of the original image. You can even approximate which group of source 

signals a given pixel corresponds to. Local output: the kernel of each subsequent 
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Operabon on the true strided . ; 
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Operation on the output with the removed pixels 

Figure 3.12: Assimilation of the pixel with its surroundings 

layer interacts with signals, each of which is a generalized characteristic of a 

certain group of pixels of the original version of the image. Notice one thing. 

If you are familiar with dilated convolutions, you should understand that the 

above has nothing to do with them. Both of these approaches are aimed at 

compacting the receptive field. The difference is that the extensible convolution 

solves the problem by means of an additional layer of the neural network, whereas 

the approach described in this section is based on the use of strides as well as 

nonlinear transformations in the intervals. Seal receptive fields of convolutional 

layers gives the possibility to transform low-level features like lines and borders 

to feature more high-level. Using transaction pooling/staging, neural network as 

“immersion” generates increasingly sophisticated detectors, high-level features as 

fragments and patterns. 

Imagine a stepwise reduction of the original image with the dimension 224x224 

by a neural network with five convolutional blocks, which gives a matrix with the 

dimension 7x7. Each pixel of the resulting data is a characteristic of a 32x32 pixel 

grid corresponding to the original image.[1] 

Layers in the early levels are activated when low-level elements, such as lines 

and boundaries, are detected. Layers of deeper levels deal with high-level ele- 

ments and are able to detect, for example, a bird or a dog. Convolutional neural 

network usually begins with a small number of filters which are engaged in the 

detection of low-level characteristics, and gradually moves to a larger number of 

glters which have 1024 filters in the final stage of convolution, each of which is 

engaged in the search for some specific high-level images. All will end with a 

pooling layer that “collapses” each grid of 7x7 pixels into a single pixel. Com- 

pared to the capabilities of conventional neural networks of direct propagation, 
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the results of convolutional architectures are truly amazing. A direct distribution 

network would build abstract vectors of image characteristics, requiring signifi- 

cantly more computing power and an “unaffordable” amount of data for effective 

learning. Convolutional neural networks begin their work by trying to recognize 

low-level characteristics of the image. As the dive progresses, the receptive field 

thickens, allowing the network to combine low-level characteristics and recognize 

increasingly complex high-level things such as patterns and textures. It is difficult 

not to notice that convolutional neural network builds some visual hierarchy of 

the input image. In the process of learning these visual hierarchy are specified, ac- 

cumulate and persist in the parameters of the kernels. Starting with the analysis 

of low-level characteristics and using them to build visual hierarchies and search 

for high-level target features, convolutional neural network eventually becomes 

able to distinguish complex visual concepts: faces, birds, trees, etc. This is what 

makes this architecture so effective in the analysis of graphic material. 

Given the visual hierarchies built by convolutional neural networks, it is tempt- 

ing to conclude that their way of evaluating visual images is close to human. 

Convolution networks are really good when it comes to images obtained natu- 

rally. But there are conditions in which they make banal mistakes, in which a 

person can not make a mistake exactly. The most common problem is adversarial 

attacks. The “attack” of this kind is that noise is deliberately introduced into 

the image, designed to confuse the neural network. Such “attacks” would not be . 

a problem if they confused both man and machine. The trouble is that neural 

network models are susceptible to even the most minor distortions of the original 

image, where a person is not able to notice the catch. All this leads to situations 

in which the neural network blatantly lies, which is unacceptable for a wide range 

of machine vision tasks: self-driving cars, medicine, etc. 

Programming “maximum unification” 

The implementation of the maximum join operation is reduced to the appli- 

cation of the for loop at the top level, within which there will be two loops. “For” 

needed to iterate through all the channels of the picture. The task of while loops 

is to move the “sifting window” along the image. At each stage of the selection 

pixel of the captured fragment of the matrix will be applied the max function 

that is part of NumPy with the aim of finding the maximum value. Further, af- 

ter several convolutional layers and a downsampling block, the three-dimensional 
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dof maxpool(image, f=2, 8=2): 

Downsample input “image~ using a kernel size of “f° and a stride of *s* 

Ric, h_prev, w_prev = image. shape 

# calculate output dimensions after the maxpeoling operaticn. 
hs int((h_prev - £)/s)+1 
wo int((w_prev - £)/s)+1 

# create a matrix to hold the values of the maxpooling operation. 
downsampled = np.zeros((n_c, h, w)) 

# slide tho window over evary part of the image using stride s. Take the maximun value at each stop. 
for £ in range(n_c): : 

curr_y = out_y = 0 
# slide the max pooling window vertically across the image 
while curr_y + £ <o h_prav: 

curr_x = out_x 2 0 
# Glide the max pooling window horizontally across the image 
while curr_x + f <° w_prev: 

# choose the maximum value within the window at each step and store it to the output matrix 
downsampled(i, out_y, out_x] ° np.max(imago[i, curr_y:curr_y+f, curr_xscurr_x+f£}) 
eurr_x +9 8 
out_x += 1 

curr_y += 8 
out_y te 1 

return downsampled| 
anne eeee tae 

Figure 3.13: The function that executes the “maximum Association” 

representation of the image will be expanded into a vector, which will then be 

transferred to a multilayer perceptron — a conventional fully connected neural 

network. 

Fully cohesive layer 

At this stage of data transformation the three-dimensional matrix of signals 

will be expanded into a vector which will be passed through a fully connected 

neural network. Its task is to tell us the probabilities of what digit the input 

image represents. deployment operation consists in “glueing” rows into a single — 

huge length — the number series. It will be a really big vector, which will need 

to be transformed with the help of a multi-layer network with full connections! If 

you do not know how a fully connected layer works, here is a simple description 

of the mechanism: each element of the vector is multiplied by the weight of the 

connection, these products are further summed together and with some displace- 

ment, after which the result is transformed by the activation function. For pic. 

10 the above is presented in a visual form. 
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4. Algorithms 

4.1 BackPropagation Algorithm 

A multilayer perceptron is able to solve arbitrary problems. But for a long time its 

use was difficult due to the lack of an effective learning algorithm. With multiple 
layers of configurable weights, it is not clear which weights to adjust based on the 
output network error. The procedure of perceptron learning (section 1.3) at the 
same time stopped working. In 1986, Rumelhart, Hinton, and Williams proposed a 
so-called back propagation algorithm. Training of multilayer perceptron based on 

the minimization of the error function E(w). The error determines the deviation 

of the desired t,, network outputs from the resulting Typically the function 
E(w) is determined by the least squares method: E(w) = 4 ~°,(t" — y”)? The 
error function (2.2) is minimized by the gradient secon method known from the 
theory of numerical methods. The essence of the method is that moving in the . 
direction opposite to the gradient of the function Aw;; , in the end we approach 

the minimum, possibly local, function E(w): 

OF 

Aw = — 

Here 0 < 7 < 1 sets the learning rate; w;; is the coupling coefficient i of the 

neuron layer n — 1 with the j neuron of layer n. Find a way to calculate the 
gradient oe . We will write down formally the scheme of work of multilayered 

persep-throne’s. Each neuron calculates a weighted sum of its inputs: 

00 

aj = ) Wij 2; 

n=0 
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Here 2; is the inputs of the neuron and, accordingly, the outputs of the previous 
layer of neurons (Pic. 3). The output of neuxon j is the transformation of sum - 
we a; threshold function g: z; = g(a;). Let us return to bun and note that E(w) 
is a complex function for which w = w(a;) is a function of a;. Hence, according 
to the rule of calculating the derivative of a complex function, we have 

OF _ OE0a; 

wi; ~ 0a,0w,i 

By using (2.1) and consider the expression 57 = in is an error on layer j. As 
a result, you can see that to calculate the gradient on each layer i, the error value 

of the previous i, located on top of layer j, is calculated by the input value of the 

layer: 

OE 

Ow;i 
= 6524 

One run of error propagation is commonly called an epoch. The complex- 

ity of the error back propagation algorithm is defined as the value of the order 

O(W)n. Here W is the number of configurable network values; N is the size 

of the training sample. The error function E(w), due to the fact that nonlinear 

threshold functions are used in the neural network, is a freely complex "gully" 
surface with a large number of legat minima. If at gradient descent to get to 

such a minimum, then, obviously, the network will not be configured for optimal — 

productivity. Fortunately, the methods of optimizing the search for the minimum 

of functions are studied in detail in the theory of numerical methods, and some 
of them are transferred to the back propagation algorithm. 
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4.2 Improvement of back-propagation algorithm 

1) the Simplest way is to use variable learning rate 7. At the beginning of the 

algorithm, its value is a large value, close to 1, as the convergence 7 consistently 

decreases. This allows you to quickly approach the minimum, and then accurately 

get into it without unnecessary "Gating»; 2) "Gully" method. Takes into account 

trends in the surface before the addition of the moment of inertia up : Aw, = 

—nAE + uW,-1. Here W, is a matrix of values of new weights; W,.~; is a 

matrix of values of weights on the previous epoch; AF = ar . The idea is 

to jump through the sharp "dips" in the surface error is the local minima;|[2] 3) 

conjugate gradient Method. Fletcher and Reeves proposed to choose the direction 

conjugated to the gradient, more accurately indicating it at least functions: 

AW, = —nAE + BWo-1 

, when 8 = AF weop 

4) the Most accurate solution — a solution that allows you to get the so-called 

methods of the second order. The General principle of operation is based on the 

use of the matrix of second derivatives of the Hessian H = A2E The gradient 

may not always specify in the direction, opposite to the false minimum, and the 

value H —1AE the direction of Newten, will be always directed in the direction of 

the minimum. Hence, the change of weights occurs according to the rule AW = - 

—nH — 14E But Hessian himself is quite difficult to calculate, so methods are 

used where the value of H is considered approximate. The best performance 

method is the Levenberg — Marquardt method, in which Hessian is approximated 

as H = JTy;+ ; J is a Jacobian which is much easier to compute. The weight 

correction procedure takes the form AW = —n(JrJ)—1(Jr) . The complexity of 

this method is the value of the order O(W2) yy. the Method is very effective and for 

a neural network of medium size —- the minimum error is usually found in several 

epochs. A comparison of the performance of these training methods is given 

in. Multilayer perceptron is by far the most common and studied type of neural 

networks. It is widely used for classification tasks, building expert networks. One 

of the unsolved problems of multilayer perceptron, like most classes of neural 

networks, is the uncertainty of topology selection (number of layers, neurons in 

layers). 
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Example of using a multilayer perceptron Task: There is an encrypted mes- 

sage. Known cipher: each letter was put in accordance with the previous alpha- 

betically letter. Each letter is in an area of 6 x 6 pixels. You want to decrypt 

the message. The training input and output vectors will be created as follows. If 

some pixel of the letter is colored, the corresponding component of the input or 

output vector takes the value 1, otherwise — 0. Since the input and output vec- 

tors are encoded by 36 bits, the network has 36 input and 36 output neurons. For 

training we use the algorithm of back propagation with the subsequent reduction 

by OBD method. Let there be 16 neurons in the hidden layer. After training, 

the process of excluding weights and neurons that have the least impact on the 

classification of images should be performed to increase the generalizing capacity 

of the network. As a result of training, in hidden layer there will be 8 neurons 

remain of the network, thus minimizing the impact of noise on the classification 

result. Examples of the trained network operation on some noisy symbols. 
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4.3  Monoplan 

The algorithm which consist form input data, one output and only one layer. 

Algorithm could use any suitable method. At the training, each time when there 

occurs error, network creates new neuron(weight) and add to layer, retrain it till 

the error in output comes to minimal. Most suitable method is Backpropagation. 

. /* train the hidden units */ 
h = h+ i; /* connect hidden unit h to the inputs */ 
learn the training set {&,7f'}, p= 1,++°, P; 
after learning, of = sign(t, « oe Le ie 
if A= 1 /* for the first hidden neuron */ 

if of = r/ Va then stop. /* the training set is LS “/; 

else set tf,, = ofr" for z= 1,--+, Pj go to; 

Figure 4.1: Monoplan 

Figure 4.2: Monoplan 
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4.4 NetLines 

During the training process, all neurons divides each hidden unit to classify out- 
put neurons and reduce the number which could appear as classification error. 
NetLines growth by using the simple perceptrons to be a part of training algo- 
rithm. ¢(_) = sign(~f_9)Weo(h) = sign|W(h) * o(h)] . The Adaptive Boosting 
method is similar to NetLines algorithm, but not flexible enough as NetLines. 

Figure 4.3: NetLines 
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4.5 NetSphere 

The NetSphere algorithm only differs form NetLines algorithm, in the form of a 
threshold function g(a) = | 7, (w; — x;)? — ©?| . Where is the radius of the 
circle, w; are the neuron weights that define the center of the circle. Thus, the 
dividing surface will have a more complex appearance and significantly improve 
the results. 

/X_train = X_train.astype(‘'float32') 
|X_test = X_test.astype('float32') 
|X train /= 255 
X test /= 255 

'y train = np_utils.to_categorical(y train, nb_classes) 
'¥ test = np_utils.to_categorical(y test, nb_classes) — 

model = Sequential () 
model.add(Conv2D(32, (3, 3), padding="same', 

input_shape=(32, 32, 3), activation="'relu')) | model . add (Conv2D(32, (3, 3), activation='relu', padding='same')). 
| model.add(MaxPooling2D(pool_size=(2, 2))) ; . 
model. add(Dropout(0.25)) 
I 

: " 

| model.add (Conv2D(64, (3, 3), padding='same', activation='relu')) 
‘model.add(Conv2D(64, (3, 3), activation='relu')) 

| model. add (MaxPooling2D(pool_eize=(2, 2))) 
| model .add(Dropout(0.25)) 
| model.add(Flatten() ) os oe 
'model.add(Dense(512, activation>'relu')) . 

| model. add (Dropout(0.5)) CO 
| model.add(Dense(nb_ classes, activation='softmax'))— 

sgd = SGD(1r=0.01, decay=le-6, moméentum=0.9, nesterovefrue) 
model.compile(loss='categorical_crossentrepy’, ae 

optimizercsgd, Se 
metrics=[‘accuracy'}) 

|model.fit(X train, Y train, _ a 
batch_size=batch- size, ne 
epochs=nb_epoch, _ 
validation_split=0.1, ss, 

- shuffle-Trua, - oe 
verbose=2) , 

scores © model .evaluate(X_test, ¥_ test, verbose=0) | 
print(“Acouracys %,2£3%" 4% (acores[1)*100))| 

Figure 4.4: CIFAR-10 
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5. Conclusion and Result 

To make the realization of the algorithms, I decide to do classification of pictures, 

which I took from data CIFAR-10, to be able to make comparation with standard 

neural structure based on library called TensorFlow. The accuracy of standard 

structure gived us accuracy in 78.29 percent , while in algorithm of monoplan used 

with help of backpropagation method gave us 82.36 percent. It is not the best 

result but it had caused because of little data. CIFAR-10 got only 10000 picture 

to train algorithm, so with bigger data, the accuracy will definitely increase. 

The algorithms is definitely worthy for usage, it does not need to much CP 

force and will not overfit the RAM of PC. It could be called “Budget version”. 

Moreover, the accuracy is higher that in standard structures. However, it could 

need a little more time to make a compilation and a little bit harder to give new 

inputs. 
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