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Synopsis: The history of Al (Artificial Intelligence) dates back to the ‘Dartmouth Conference’ held
in1965 when the first Al fad started. After the second fad in the 1980s and the Al winter in the 1990s-
2000s, the third fad is in progress. On the back of big data acquired with the Internet, practical

techniques are applied in every industry. However, the structures and mechanics are hard for many

students to approach. In the present report, the broad outlines of Al including deep learning, and CNN

(convolutional neural network) are explained and the specific methodology for the model construction

is expounded.
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Fig.1 Neural network.
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Fig.2 Deep neural network (2 hidden layers).
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Fig.3 Change in data after operation.
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Fig.4 Convolution operation.

-107 -

B L & A Lanie (2)

DX, ANT—=HITT 4 F BT LR
AT 200 TEBHRAR] ThY, EM72HEL
BEHEREHERF LR OREEAMET 22 N TE
5. RANCST 4 7 CHBOE Y 2l THLD =D
X, BB OM N E, BgmOEHRE T 57
HTHD. B, 74X ixi BN E R E
T 570, 1 ODOANTTT—F 007 4 V¥ ORI
LRI O~ v TSNS,

FRU72E 912, BARARERNT D L IEHREITIE S A
BT B Z Lnn, BEERRHEA TR Uend DIiF il a
T 572927 —1 7 (Pooling) 2MToiLd (Figh).
4X 4 OF~ LT, 2X 2 FEIRORHEE L LT
BNEZE S DN~ 7 A« F—=Y 7 THY, D
BEE (1,658 DEKETHD 8 #NFHETH. £D
FE(5,2,4,3)DEKETH D 5, KkIF(12,9,2,5) DK
ED 12, ZOWwIF(11,2,6,1)DEKAE 11 ZH Y H LTl
NB L Figh@QDFERMEFLND. KEDNRD VI
WEZFE I BETTRL—2 - =Y 7 ThY,
Fig 5MICHER T A2733. 2k o, 7= rEn

IEMEZATH 2 LITh Y, FHEER Lah DIflELE
HETDHZEMNTEB.
716(5]2 7(6[5]2 7{6|5]2 716 2
5181413 5(814]3 51843 518 3
1219 (11] 2 1219 (11] 2 1219 (11] 2 1219 (11] 2
2151617 21567 21567 2(5(6]7

g5 6.5|3.5

1211 7|65

(a) max pooling (b) average pooling

Fig.7 Pooling operation.
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Table 1 Softmax function in One-Hot formatting.

v72%| 0 1 2 3 4 5 6 7 8 9
He3yi | 0.03 | 0.07 | 0.02 | 0.01 | 0.59 | 0.19 | 0.02 | 0.04 | 0.02 | 0.01
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Fig.6 Relation between error and prediction.
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Fig.7 Gradient descent method.
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AJEE Fi#(gradient descent method) T, LAEDBH%
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VIR LICK K 5 FTREE D B 5. 20728, FEF o
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(Deep Neural Network) TidHflE (Fivg) %224
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Fig.8 Gradient vanishing in backpropagation.

AEHERRTED TR DO— DI TIEMELBIEL (Activation
Function) OMWE?H 5. BEFEOFRIE T, RO
JE BB T T DA A% )N T T LE e T
#IT, EEHEZ 57 DITEH LB A /EH S8 TR D&
WCEL TS, ZOIEMHREREEIL, 7 EA FBK

(Sigmoid Function), Tanh Bt OWHER#RESED, 23%
v, zheh (1), 8 TEREND. AEEHIIME
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PR NS DI AREIRTE 2 0 S\, G
FHAY-1~1 @ Tanh BEEII AT 2 HIMED AL
N7 A REIEL L 0 R & < ARNEIRTE S ERI S D
D, AWK EVGEIEZ VNS 720, AR
S, FRuskkL, 20 (9) TEEIND ReLU B

(Rectified Linear Unit 8%, 1IEBYEAYEESED) 138D
MHEIZR LT e %, EOAIMETITFOFEEHI T
5. ZDTD, EOAINETIHEZ NS TR BT,
FEEREIESIR & BRSNS, 723, AJMEDAD
BAICARY 1272 5 720 R(10) 0 Leaky ReLU Bk
LA STV,

_ . id F . .

() oo Sigmoid Function 7
eX — g%

o)== p= Tanh Function (8)

f(x) =max(0,x) ReLU Function 9

f(x) = max(0.001x,x) Leaky RelLU Func. (10)
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Fig.9 Functions of sigmoid, Tanh and Relu.
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TL—a VB EFRS, BT —X i Uzl R
VI THY, ZOENRELL 8D LFEETVOREN
BEMU, BRSBTS, 2 TR LIS EES
ARROFE A A /R RT A= — LT,

BT —H PR BAPCH DR 7 AR L
FRNME S 2T — H H HBLT 5 IO FE (training
accuracy | ZHMT 5723, FHIHEH L RN —H %
FEL9 5 RS (prediction accuracy)l%dh 5 iR~ 7
BecHE L9 5 iEF 5 (over-training, overlearning)y4 U
% (Fig.10). ZAUTEHEMEEEFET — X GREICEA
SHTLEY, FEIUEDRWT — 2 1Th 5 THIERE
METFT2HETHS. 7ok, FiglllORT L DI
BOZA 2 T TFRRAZEDND D> SEIN S 9™ D Kk -
MOLMAIDZ ENTED., LB TC, RETRY
7 BICET HRNCFE 2T HY 2 BT (Barly
Stopping) % Efid 2HANGHD. 7ok, WFE A
THFEZ Ry 77T b (Dropout) &9 FENSH
%. Figl2\orT X ole, wETIetis (/—§,
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Fig.10 Relation between accuracy and epoch No.
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Fig.11 Relation between Loss and epoch No.
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node) ZHHiL CH¥ET 50, Favr7 7 M ClE—E
DERTT 2 F N MOFIR R L THEET o2 L
T, FEHT AL LT BRI D 2 & &N T
AY:)
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(b) dropout
Fig.12 Nodal connections.

(a) normal

4. T4—TZ3—=VJDETLH

T =TT == TOETNDOFE % Keras Zfifi»
TRRE LT23A 0% Fig13 THilld 5. Keras &
%, ALHOZ L—LAT—7Thh TNV 71—
(TensorFlow)D 7 A 77V Th 5. BETEROLE, F
B DA X&dH 57U in_shape’ &)
12, (x_sizey_sizen) DIFECTEFEL THL. ZIT,
X_size, y._size [TE{£D x HAMZEL, v HREZEE
T, nidh7—7563 @RELY), ARRL1TH
%. BINAREFRT Conv2D’ OB IEITT 1 V2 T
(32), 74 N2r—xWV)YA X(3,3), TEMLBIEORE
$relW 25X E L CND. 7 4 VX I IFREOET ) 2%
EL, Conv2D 37 4 V2O A HEVERTD. <>
7 27—V 713 MaxPooling2D( pool_size = (2, 2) )™
£918, @QADYA REAFET 22T ThHD. Fry”
7O MELCHRETADIE Ra v 777 RRTHY,
Dropout(0.5) THiUE, fHHlT7 ¥ MRS L7
50%DEIRIFE DRI SIS,

model = Sequential()

model.add(Conv2D(32,kernel_size=(3,3),
activation=relu', input_shape=in_shape))

model.add(Conv2D(64, (3, 3), activation="relu’))

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Dropout(0.25))

model.add(Flatten()

model.add(Dense(128, activation="relu))

model.add(Dropout(0.5))

model.add(Dense(out_size, activation="softmax’))

Fig.13 Example of model structure.
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X Flatten 32Kt 7 —4 % 1 RIS 2 EET
HY, BAODETO=a—a U PROBEOE=a—1
LHH T DREA R L, A8 LMEINTWS. [XH
%D Dense DHFTY 7 b= w7 AEENMIINTE
v, ZZTANEBOHE-RESHTI SN,

Al E7NVOMGEZERER, Figld (TR & OIE

(82K, loss) BIBOOFIAAIEE L, 58 & F T
RUTEHET % compile #FATT 5. KHFTIIERZETY b
1 B —(crossentropy) MEE AV TN 5. ZDIROITD
fit TEHEZT 4 v b G TOFENMAED. £2T
L, FEOTINCHE Y T—4, NyTFHPA X, =Ry
e EOMEE S, 2K hist (2 TP OREERE RO
EAREAISI NG, T8 LIEAIT 'model’ DHITHEANE
AU THY, model.predictQ & FFONHTZ &2 L 0 flER
R+ 52 LN TE 5.

model.compile( loss='categorical crossentropy’,
optimizer=RMSprop(), metrics=['accuracy'])
hist = model fit(X_train, y_train, batch_size=128,
epochs=12,verbose=1,
validation_data=(X_test, y_test))
Fig.14 Compilation and execution of model.
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TensorFlow Z{i> TENILTND Z LBV, 0D
WRZBHRE 2B L TN 2 &N L0 TROEHE
DI D EZZHID.
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