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3 mode . add (Conv2D (filters=64, kernel_size=(5,5), input_shape=(28,28, 1), name="convl ))
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7 mode|. add (MaxPool ing2D (pool_size=(2,2), name="max_pool1'))
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10 mode|. add (Conv2D (filters=128, kernel size=(5,5), name="conv2'))
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figure(figsi: s g
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plot (history\_
tick_params (labelsize=18)
ylabel (" acuuracy’, fontsize=20)
xlabel (" epoch’, fontsize=20)
legend ([ training’, "test'], loc="best’, fi
figure(figsize=(10,7))

plot (history. history[ loss'], color="b", |
plot (history. history[ val_loss' ], color="r’
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Filter concatenation
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3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling :
1x1 convolutions

1x1 convolutions 1x1 convolutions 3x3 max pooling

Previous layer Previous layer

(a) Inception module, naive version (b) Inception module with dimension reductions

[Szegedy, C. et al., 2014]
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Previous layer

(a) Inception module, naive version
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3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions
1x1 convolutions 1x1 convolutions 3x3 max pooling

Previous layer

(b) Inception module with dimension reductions

[Szegedy, C. et al., 2014]

y 4

ML shukai

o 1X1E3X3ESX5DTAINA—%{EEBHFAH 3X3DI(INAI—Z{EFZIVIXT—1)>



Inception®>a1-J)l

o 1X1E3X3ESX5DTAINA—%{EEBHFAH 3X3DI(INAI—Z{EFZIVIXT—1)>
HaER R (ATVWFY ORIV ZEH L ITRLS(CHEET S

A B c
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling

BHIFTNIED UIciEs

(a) Inception module, naive version (b) Inception module with dimension reductions

[Szegedy, C. et al., 2014]

29
y 4 \ A %



B TR B TER LA RIINETIL(22E) W

(S)IT+EXE (S)T+IXT (S)T+IXT
D

(SiT+1xt (S)t+5xs (S)T+EXE (S)T+IXT
(S)T+1xT (S)T+5xS (S)T+EXE (S)T+1XT
D Au Al

& : Convolution(&2#A4)
7% : Pooling

Hi 8 : [Szegedy,C.etal.,2014] ff\i: %@ﬂﬂ



Inception®>a1-J)l o

o 1X1E3X3ESX5DTAINA—%{EEBHFAH 3X3DI(INAI—Z{EFZIVIXT—1)>
HaER R (ATVWFY ORIV ZEH L ITRLS(CHEET S

1x1DEHAHLLIIMNIE

concatenation

1x1D&IAdr2EN] =

3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling -

1x1 convolutions

1x1 convolutions 1x1 convolutions 3x3 max pooling

Previous layer Previous layer

(a) Inception module, naive version (b) Inception module with dimension reductions

[Szegedy, C. et al., 2014]

31
y 4 \ A %



CZTIRAN ‘
« BEOVHUHKIZEVWEHAHDI(IT— @y&h\ﬂjj]
BROF v RIVELTI




A \ / 7 4
=]

2 2B 2CNN(Convolutional Neural Network)

o RIRNCEHFAHNERLET - JNEEIZH (4T DNN (2fEERE) EDRIFBECNNERDET,
Convolution

(5 x 5)kernel Max-Pooling  Convolution Max-Pooling

(2 x2) (5 x 5)kernel (2x2) Fully-Connected EC FC

[
— oX e X57
S
. S A\\:’,:/:% X% %

INPUT N1 channels N1 channels N2 channels N2 channels
(28X28X1) (24X24XN1) (12X12XN1) (8X8XN2) (4X4XN2) [ |
X T4 JLAENLE X T4 ILZEIN2{E

181k : (Flattend)
3RFTDITHZ1RITIC
I5F

FoRILEIE
EHSELY

T4ILE3E 7D

Fr R JLE

<

L Shukai

0D FER
1DFEER
20D HESR

oM FESR

33



A 4 4

2 2B 2CNN(Convolutional Neural Network)

o EARMY(CEHAHFIIBL T - NE%ZFH(TL). DNN (£EEE) EDRIFBECNNERDET,
Convolution
(5 x 5)kernel

<

L Shukai

oling  Convg

“I BT C a7 ODHEE
JAIFHETD e 107
FroRILE e 20T

3

INPUT N1 channels N1 channels NVAGERGER NPAGERGEE o He
X T4 JLAENLE X T4 ILZEIN2{E

181k : (Flattend)
3RFTDITHZ1RITIC
I5F

FoRILEIE
EHSELY

34



=dHIAHDILIE

o N=HFRO H=F2. W=1E, C=Fr>RIE. OC=T(IF—DE =KW NEHRDFv>1IVE

<

L Shukai

35



2 143 A 44O T8
TA4ILA—DESEIEE
1x1ETHEADNBED AKX
ZERAY IZFvoRILET T
I TES !

<

L Shukai

36



Inception®>1—-Jl

o 1X1E3X3ESX5DTAINA—%{EEBHFAH 3X3DI(INAI—Z{EFZIVIXT—1)>
HaER R (ATVWFY ORIV ZEH L ITRLS(CHEET S

MEIZF v RV Z BB T

IX1IDITAIWA—RZFERET HE

Previous layer
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