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224 x 224 x 64

2. SSO-CNN
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[MPCA] Algorithm

> Stepl: @& * tensorflow % » data(training data, validation data,
test data)

> Step2: #-training data i& ¥ row % column - & {7 unfold
»> Step3: 4 %|iE {7 SVD 4 f# » B~ column(row) mode
eigenvalues ' % eigenvectors

> Stepd: i%:iF- Y validation data =0 reconstruction error » 5



i § hrank
> Step5: # ! basis plot

> Step6: ST %3 B~ test data » & {7 reconstruction
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<224x1168384> o £ %2 {7 SVD A f2 » % 1 5 1§ ¥ chrank 0 A F
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iteration ¥ » § #7 A 2 B 3+ & validation data £ reconstruction
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reduced rate = ¥ i reduced rate 2 3\ ;
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1. VGGI16
P £ 60 2 VGGl6-model » HHE A T B AT

1 (D
se 2 (D
1 para

nable P

Mon-trainable

#71¢ * i ]oss function 5 categorical crossentropy ° optimizer iE #
RMS » metrics ;‘% accuracy epOChS =< ﬁ:t,:—:}\ R training model ‘;’f’B@ id
A (S 3R P testing data e % 4o T




Training accuracy = 0.7429 » Testing accuracy 5 0.6250 o % s *B*
RSk 2 {8 0 B TR testing data e gr S - B+ A 62.5% o i&:EJ G
WALE P AT T R AT

(1) 7 g & .’rﬁmodel Pl N2 Rl R R o i&iﬁlj%ﬁiﬁl}_f@é—% 7
4o3g 8P 0 3 _model ¥t =X B A GE S o Ht o BT
,"/z—r;:‘g\‘ﬁél?/z‘\

A. { = model = optimizer > &k ke RMS { T % adadelta
B. { % Dense & 1 activation function » j&_relu #z 5 sigmoid

C. g T model l;"ﬁoptimize:r v KPR R i“%"%t“ B RE i 2k eh
SGD(“EHs -2 T *8) » e 10 b #4E ¢

(2) Overfitting : %-#ciE 5 ~ A6 > 48 ,’E‘. K o %

IFJ» A #Hc A ,@‘M-ﬂﬁg-ﬁ:;ij ) e ; ?Iﬁg%f

@ A S ikl g & 3300 :gr 1y

™ §§Z§Ef& = B R T2l - o ¥ o £y pé‘Eﬂdé‘ %A%]éfﬂjﬁ:
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c AR

equential 1"
Output Shape Param #

conv2d_13 (Conwv2D) (None, 38, 30, &4 648
conv2d_14 (Conv2D) (None,
max_pooling2d 4 (MaxPooling? (MNone,
conv2d 15 {(Conv2D) (Mone,
conv2d_16 (Ce
flatten_1 (Flatten) (None, 21380@)

dense_4 (Dense) (None, 1824) 1849600

Trainable params
Non-trainable para

11



7 - categorical_cros

Training accuracy % 0.9375 > Testing accuracy = 0.7853 » 422 =0
A T B F R > EAP DAY NBER o 7RISRk

ERE3000F B HY A2 A S FHhR L 2R Fl AR
PR P i S 2560 5 AT f MRS B

Model: " uential_2"

conv2d_17 (ConvaD)

conv2d_18 (Conv2D)

max_pooling2d 5 (MaxPooli

conv2d_19 (Conv2D) (None,

conv2d 20 (Conv2D) (None,

flatten 2 (Flatten) (None,

dense_6 nse) (None, 2

dense_7

Trainable pa
Non-trainable par:

16 samples, validate on 16 s

Training accuracy = 0.9356 - Testing accuracy = 0.7468 > # /X 5 A ¥
el g o

o
U5

A3 SRR NI S8 JES )
e A KL MR o TR At
o FEAI R F R 4 L

FHE 1 G A e
d A
=
4

12



2. SSO-CNN
BAFE o E AR Y A RFA G T BT

Model: "sequential 100"
Output = Param #

conv2d_201 (Conv2D) (None, 30, 30, 16) 36880

max_pooling2d 188 (MaxPoolin (None,

dropout_2€@ (Dropout) (None,

flatten_100 (Flatten) (None,
dense 200 (Dense) (None,

dropout_201 (Dropout) (None,

Trainable par:
Non-trainable para

(38 ® 54 > b W4 model 24 FBERT K& K3Hen)

\

i A gd T @ﬁ%ﬁﬁ@‘ié‘b*ﬁ T &2 F + Al grmodel &
7 S E 1Y (B4 VGG16) » r?”‘”*’ - pipdds Kk s @B H o
model > 7 LT HEL £ & rﬂp\ » PG 4ofe 3 { # model

CR A UE SRS SR YA ST
*Ef;w ig‘tn(ﬂiel ;% 2 ztbfflgljﬁ: ’ E%iﬂ@;&:" ‘k rTjE;S() ( T M‘i?‘
ISSO) &g i it » $#cé 3

® Convolution Layer : filter 12 % kernel size > F]3 & ¥ fF & > #714

IR

® MaxPooling Layer : pool size > — B %t °
® Dropout Layer : probability » & 3 $-#c -
® Dense Layer : units » — # %8k o

£ ABFEFTEZHFEISSOEBGTERFM RfZ> LAF%HRY > 1§35
50 ® generation » & — i generation & {7 @ =X enFfF o F - X e ffz
F ¢ i8{7- & CNNmodel fit o % &8 &7 %% { 4P By > # 50 =X i
A2¢ > FT XA HEP- B E 0 STV e BB (7 H - =0 generation

13



B A 4o A 2 4 TR R i
® Filter & units : 2"3 ~279 2 [ (& 5 2 e=x %)

® Kernel size & Pool size : 2 ~6 2z B (% 3 & #k)

® Dropout Probability : 0~1 2 F (X & &)

MT LA A 4 ik

ME BT Arissinig % 0 XX B ER G 2%=x i » CNN model 7%
#ic > XXk = B #cF % Filter 12 2 Dense 7 units > XXv 7= B #cF %
kernel size 14 2 pool size » XXd # & =X dropout % p % 5 o Cuurent
Z_E & é:{ ?””@ﬁ—? » gBest 82 18 & $ auﬁmimlﬁﬁjgp s 1 TF OB
7T # I =t generation #7718 I e &

1ling
n a future

ossentropy: @.5842

- categorical crossentropy

ate: @.921761 (>0.5). In TensorFlow 2.x, dropou

uses dropout rate instead of keep prob. Please

14
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% th generation
A A B B A A S B A A B R A A A

<s0l=Wd» 550 updated parameters:

WXk =

[5 6 8]

Wy =

[4 2

xd =

[@.69285485 6.27993912]

Train on 5216 samples, validate on 16 samples

5216/5216 ] - 8s Ims/sample - loss: @©.6781 - categorical_crossentropy: 8.6701

val less: ©.5272 - wal categorical crossentropy: @8.5272 - val _acc: ©.6375
624/624 [ 1 - 8s 265us/sample - loss: @.5283 - categorical_crossentropy: #.528
Xk =

[[5 4 8]

[[©.48352267 ©.27393912]
[0.89285485 @ 12846231 ]

current: F[8]-8.6554487348, gBest: F[1]-8.8285256624

|» 550_updated parameters:

_A9285485 A_£0284623]
Train on 5216 samples, validate on 16 samples
5216/5216 [ ] - 35 S57@us/sample - loss: @.6038 - categorical crossentropy: ©.6038 - acc: 8.7253

wval_categorical_crossentropy: 8.6769 val_acc: 0.6250
] - ©s 16@us/sample - loss: ©.5434 - categorical crossentropy: 8.5434 - acc: 9.6683

[[8.48352267 ©.27993912]
[@_A9285485 A F@?84673]]

current:

THEHAHEH AR A HFH AP AR AR A R A R H T R R R e
18 th generation

r's:

.@9285485 @.27993912]
rain on 5216 samples, validate on 16 sa E
216/5216 [ 35 576 loss: ©
val loss: 1.8555 - val categorical crossentropy: - wal _acc: @.5
4/624 [ ] - @s 171us/sample - loss: 8.8
k =
[[5 4 8]
(5 4 8]]
e =
[[2 3 5]
[4 3 4]]

8.5728 categorical_crossentropy: ©.5720
25
84 - categorical_crossentropy: @.8384 - acc:

6
3

[[@.483522 8.2799391
0.089285485

.@9285455 ©.B0284623]
rain on 5216 samples, validate on 16 samples
5216/5216 [ 1 35 639us/sample loss: ©.5697 categorical crossen
val loss: @.5067 - val categorical crossentropy: ©.5867 - wval ac ©.8125
] - Bs 152us/sample - loss: ©.4582 - categorical crossentropy: 8.4582 - acc:

Current: F[1]=8.8285256624, gBest: F[1]=8.8285256624
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15 th generation

B A S A B S A A A B B

<spl=%d> 550_updated parameters:

-48352267 ©.85113537]
Train on 5216 samples, validate on 16 samples
5216/5216 ] - 3s S7lucfcample - loce: @.5555 - categorical crocsentropy: B.5555 - acc:
val_loss: 8.4728 val_categorical_crossentropy: 8.4728 wal_acc: ©.8135
1 @s 179%us/sample loss: ©.4488 categerical crossentropy: ©.4488 acc: B.8189

@.7519 -

[[@_ 48352267 @_27993912]
©9.05285485 €.80284623]]

current: F[@]=0 6554487348, gBest: F[1]=8 8185255624

2col=-%d> 550 updated parameters:
*xk =
8]

a]

LBU285485 @.88284623]
] - 15s 3Ims/sample - loss: 8.4936 - categorical_crossentropy: ©.4936 - acc: ©.7776 -

val categorical cressentropy: ©.4221 - val_acc: ©.8758
1 - 1c 1mcfcample - loss: ©.3929 - categorical crossentropy: 8.3929 - acc: ©.8317

[[6.40352267 0.27993912]
[0.89285485 ©.88284623]]

1.8317307830

L B A S B

28 th generaticn
B R e ]
<sol=%d> 550 updated parameters:
Xk
[7

-@9285485 8.27993912]
Train on 5216 samples, validate on 16 samples
5216/5216 [ 1 - 8s 2ms/sample - loss:

wal_lescs: ©.4301 - val_ categorical crossentropy: ©.4381 - wval acc: 9.8750
- fs 516us/sample - loss: ©.3915 - categorical_crossentropy: ©.3915 - acc:

8.5851 - categorical crossentropy: 8.5851 - acc:

Xk =
L[8 4 8]
[8 a 8]]
Xv =
[[4 3 4]
[4 3 4]]
Xd =
[[©.89285485 ©.27993912]
[8.89285485 8.86284623] ]

F[8]=0.8381418241, -8381418241

d>» S50_updated parameters:
8]
4]

8.99285485 8.27993912]
in on 5216 samples, validate on 16 samples
5216/5216 [ ] - 32c 6mcfcample - losc: ®.5891 - categorical croccentropy: ©.5892 - acc: @.7753 -

val_loss: ©.471@ val_categorical_crossentropy: ©.4718 vael_acc: @.9375
s24/624 [ ] - 2s 3ms/sample - loss: @.4188 - categorical cressentropy: @.4188 - acc: B.8365
Xk =
[[8 a 8]
[8 4 8]1]
Xv =
[[4 3 4]

[[©.89285485 ©.27993512]
[@.02285485 8.38284623]]

current: F[1]-0.8317387830, gBest: F[0]=8.8381419241




th generation

4sol=Hd>» S50 _updated parameters:
Xk
8]

2]
XXd
[@. 158 @.2795933912]
Train on 5216 samples, validate on 16 samples
5216/5216 [ ] - 9s Zms 3 .=: B.5556 - cateporical crossentropy: B.5556 - acc: ©.

@ 3932 acc: B.8285

624624 @ ss: 8. categorical_crossentropy:
Xk =
[[B 4 8]

[[@.89285485 8. 27993912]

[B.@9285485 B.27993912]]

: B.5868 - catego 1 crossent
val_acc: B 6258
/sample loss: 84215 categorical_crossentropy:

[8 4 8]]

X

[[4 2 4]

[4 3 4]]

Xd =

[[@.@3285485 §.27993912]
[@.82285485 ©.27593912]]

th generation

<zol=%d» S50 _updated parameters:
Wk
[8 4 5]

39285485 B.27993912]
on 5216 samples, wvalidate on
[ s 3 ample - lo . 4795 a i crossentropy: ©.4795 - acc:
L3574 al_c ¥ 3574 - wal_acc
- = - ical ntropy: B.3886 - acc:

@, 27053013 ]

285485 8.2 512]

on 5216 samples, v

8. 5809 cate i ey

a_8758

@8.3852 - categorical_crossentrepy: ©.38582

@_A3285485 @_279953912]
15285485 8.27993512] ]

current: F[1]




th generation

<sol
ik

B 4 8]
XXy

%d> 550 updated paramete

Xxd
[B.@9285485 @.279%3912]
rain on 5216
loss: @.5412
acc: B.6258
8.4782

[@.29285485 8.2
rain on 5216
5216/5216 [=

[[@.89285485
[B.B9285485 .

PP

¢sol=fd>» S50 _updated parameter:
Xk
[e 4 8]

B9285A85 @_27993912]
ples, fate on 16 samples

] - 18

wval_categorical_crossentropy:

] - 1s 1lms/sample -

9.6422

BI2B54H5 8,2
79939121]

7993912]
[@.89285485 @.
current: F[@]

2381418241, ghBest: F

<sol=%d> 550 _updated parameters:

[ #54R5 @ 279093912]
Train om 5216 samples, walidate on 16 samples
5216/5216 [ ] 15s
: B.3818 - val_categorical_crossentropy: ©.
] 1ms,

9.5925

B8.8750

Ims/sample
38le

- 1s ple -

8.4179 - cat

categorical crossentropy: @.5412

categorical

erossentropy: 85702

a.asde

categorical_crossentrop:

categorical crossentropy:

categorical_crossentropy:

srical crossentropy:

acc:

a_7E

8_Jeed

acce

a.

a.75e4q




FETHIRTETRTS

validate on 16 samples

] - 11s
entropy:

L FETTE

val _categorical cr

categorical cross

3285485 9.?.-’%%1'—;I.J:
485 @.27993912]]
current: F[@]=8.8381418241, gBest: F[1]=R_28781922894

<sol=%¥d> 550 updated paramete

1 ample - loss: @.5432
wal_categorical_crossentro 6245 val_acc: 8.6258

] - ©s 555us/sample - loss:

categorical_crossentrapy:

8.4418 - categorical_crossen

[@.89285485 @.27993912] ]

current: F[1]=0.6781922694, ghest: B.B7A19226894

5216 samples, validate

I . 3m I ] 8.5583 a ; crossent
84745 i : val_acc: 8.8125
B.4892

8.7742 -

B.4893 acc: 9.82a5

3 285485 8.2
©.89285485 8.27

F[@8]=8.8381418241,

B.5%%28 - acc: B.FIES -

val_acc:

B.4819 acc: A_B157

©_BO285485 @.2790
1285485 @.279¢
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