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ABSTRACT

Recently, various uses of artificial intelligence have been made possible through the deep artificial neural network
structure of machine learning, demonstrating human-like capabilities. Unfortunately, the deep structure of the artificial
neural network has not yet been accurately interpreted. This part is acting as anxiety and rejection of artificial intelligence.
Among these problems, we solve the capability part of artificial neural networks. Calculate the size of the artificial neural
network structure and calculate the size of data that the artificial neural network can process. The calculation method uses
the group method used in mathematics to calculate the size of data and artificial neural networks using an order that can
know the structure and size of the group. Through this, it is possible to know the capabilities of artificial neural networks,
and to relieve anxiety about artificial intelligence. The size of the data and the deep artificial neural network are
calculated and verified through numerical experiments.
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Table. 1 Initial parameters in 4.1.1 and 4.1.2

4.1.1 Full 1, layer 1, row 4096
size(W) =24096

Layer (type) Output Shape Param #

dense (Dense) (None, 2) 8194
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Total params: 8,194
Trainable params: 8,194
Non-trainable params: 0

4.1.2 Convl, Full 1, layer 2, row 1024
size(W) = 641024, Conv1(3x3 filter 1, 64x2)

Layer (type) Output Shape Param #

conv2d (Conv2D)
dense_1 (Dense)

(None, 64, 64, 1)
(None, 2)

10
8194

Total params: 8,204
Trainable params: 8,204
Non-trainable params: 0

s

R

Zhol O9F XHEolBg, o)X &5+
go]E] 9] order’} 64
64=40960] 2.2 row 2] 7H—/|\-"é‘ 4096 0.2 5}tk 2=
4.1.13}+4.1.29] AF o] 21-& vehd Aojcth

Table. 2 Results 4.1.1 and 4.1.2

20% (400, 1600) 40% (800, 1200)
cost acc cost acc
4.1.1 | 1.0x10°° 1.0 8.0x10"° 1.0
412 | 3.0x107° 1.0 3.9%x10° 7 1.0
60%(1200, 800) 80%(1600, 400)
cost acc cost acc
4.1.1 | 29x10° 6 1.0 1.1x10°6 1.0
412 | 23x10°7 1.0 1.8x10° 6 1.0

cost 8H50] A= gjEE 0.000001 o]3}2] Zro] Lt
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Fig. 3 Example of MNIST(Modified National Institute of
Standards and Technology) dataset
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Table. 3 Initial parameters in 4.2.1 and 4.2.2

4.2.1 Full 1, layer 1, row 784

size(W) =10 =784

Layer (type) Output Shape Param #
dense_1 (Dense) (None, 10) 7850
Total params: 7,850

Trainable params: 7,850

Non-trainable params: 0

4.2.2 Convl, Full 1, layer 2, row 784
size(W)=10x784, Conv1(3x3 filter 1)

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 28, 28, 1) 10
dense_1 (Dense) (None, 10) 7850

Total params: 7,860
Trainable params: 7,860
Non-trainable params: 0

Table. 4 Results 4.2.1 and 4.2.2

20% (14000, 56000) 40% (28000, 42000)
cost acc cost acc

4aq | 00677 0.9773 0.2231 0.9398

=11 (1.2046) | (0.8772) | (0.7295) | (0.8887)

40y | 00203 0.9927 0.1603 0.9524

Sl (25423) | (0.8748) | (0.5354) | (0.8998)
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60% (42000, 28000) 80% (56000, 14000)

4.3.2 Full 2, layer 2, row , size(W)=3072< 512, 512X 2

cost acc cost acc

02720 0.9285 0.2946 0.9233
(0.5857) | (0.8959) | (0.5213) | (0.9050)

0.1905 0.9443 0.1458 0.9537
(0.4171) | (0.9084) | (0.2687) | (0.9349)
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Table. 5 Initial parameters in 4.3.1,... and 4.3.7

4.3.1 Full 1, layer 1, row , size(1¥) = 30722

Layer (type) Output Shape Param #

dense
(Dense) (None, 2) 6146

Total params: 6,146
Trainable params: 6,146
Non-trainable params: 0

55

Layer (type)

Output Shape Param #

dense_1 (Dense) (None, 512) 1573376

dense_2 (Dense)

(None, 2) 1026

Total params: 1,574,40;

2
Trainable params: 1,574,402

Non-trainable params: 0

4.3.3 Full 3, layer 3, row , size(11)= 3072 < 1024, 1024 X 2, 512X 2

Layer (type) Output Shape Param #

dense_4 (Dense) (None, 1024) 3146752
dense_5 (Dense) (None, 512) 524800
dense_6 (Dense) (None, 2) 1026

Total params: 3,672,57
Trainable params: 3,67
Non-trainable params:

8
2,578
0

434 Full 4, layer 4, row , size(11) = 3072 1024, 1024 X 512, 512< 128, 128X 2

Layer (type) Output Shape Param #
dense_13 (Dense) (None, 1024) 3146752
dense_14 (Dense) (None, 512) 524800
dense_15 (Dense) (None, 128) 65664
dense_16 (Dense) (None, 2) 258

Total params: 3,737,47:
Trainable params: 3,73
Non-trainable params:

4
7,474
0

4.3.5 Convl, Full 1, layer 1, row , size(1W)=Conv1(3x3 filter 1, 64x2)

Layer (type)

Output Shape Param #

conv2d (Conv2D) (None, 32,32, 1) 28

dense_4 (Dense)

(None, 2) 2050

Total params: 2,078
Trainable params: 2,07
Non-trainable params:

8
0

4.3.6 Conv2, Full 1, la

yer 2, row , size(I)= Conv1(3x3 filter 1, 64x2)

Layer (type)

Output Shape Param #

conv2d_3 (Conv2D)

(None, 32, 32, 3) 84

max_pooling2d_1 (MaxPooling2 (None, 16, 16, 3) 0

conv2d_4 (Conv2D)

(None, 16, 16, 1) 28

dense_6 (Dense)

(None, 2) 514

Total params: 626
Trainable params: 626
Non-trainable params:

0

4.3.7 Conv4, Full 2

Layer (type)

Output Shape Param #

conv2d_3 (Conv2D)

(None, 32,32,8) 608
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batch_normalization (BatchNo (None, 32, 32, 8) 32

max_pooling2d_1 (MaxPooling2 (None, 16, 16, 8) 0

conv2d_4 (Conv2D) (None, 16, 16, 16) 1168
batch_normalization_1 (Batch (None, 16, 16, 16) 64
max_pooling2d_2 (MaxPooling2 (None, 8, 8, 16) 0

conv2d_5 (Conv2D) (None, 8, 8, 32) 4640

batch_normalization_2 (Batch (None, 8, 8, 32) 128

max_pooling2d_3 (MaxPooling2 (None, 4, 4, 32) 0

conv2d_6 (Conv2D) (None, 4, 4, 64) 18496

global_average_pooling2d (Gl (None, 64) 0

dense_12 (Dense) (None, 32) 2080

dense_13 (Dense) (None, 2) 66

Total params: 27,282
Trainable params: 27,170
Non-trainable params: 112

Table. 6 Results 4.3.1,... and 4.3.7

training
data
rate

40% 60% 80%
(4800, 7200) (7200, 4800) | (9600, 2400)

cost acc cost acc cost acc

0.6672 | 0.6964 | 0.7831 | 0.6509 | 0.8222 | 0.6440
(1.0637)| 0.5644 |(1.0913)|(0.5629)|(1.4022)|(0.5379)

0.7153 | 0.5160 | 0.7202 | 0.5205 | 0.7295 | 0.5158
(0.7219)|(0.5008) | (0.8050)| (0.5058) |(0.7763)|(0.4925)

0.6991 | 0.5177 | 0.7161 | 0.5179 | 0.7252 | 0.5116
(0.6941)|(0.4992) | (0.7702) | (0.5060) | (0.7207) | (0.4925)

0.6978 | 0.5216 | 0.6996 | 0.5159 | 0.6997 | 0.5156
(0.6941)|(0.4992) | (0.7010) | (0.4940) | (0.7122)|(0.4925)

0.5295 | 0.6981 | 0.6929 | 0.5173 | 0.6931 | 0.5104
(1.1734)|(0.5540) | (0.6934) | (0.4940) | (0.6947) | (0.4925)

0.6930 | 0.5133 | 0.6597 | 0.5666 | 0.6105 | 0.6698
(0.6934)|(0.5008)|(0.7399)| (0.5327) |(0.6578) | (0.6317)

0.0024 | 0.9989 | 0.0064 | 0.9977 | 0.0074 | 0.9975

(3.5652)|(0.6774)| (3.1161)|(0.7371)|(2.3207)|(0.7275)
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