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5.1.2 Hfl'd 2ZEF|0f

m OiENel Ead 2ZER0
- BXE HAS RO THO|E X7t CHAY
- TH3f BINERE 7)¢, ol EX|E of

 5-1 Hajy AzEg|of

ot

P AT RIS Ol B0| AFE

]

Hogks  Exst

= M aE FESMY =S QIE{m|o] A ¢
= H |= S0 o {Elo|A 210] X121 2y
MoH=(Theano) 2ea|2 st | 20074 ojo ojoAd o) X
7IH|(Caffe) UCHIZZ| 20134 C++ oM oHEZ CH- @) X
e C+, IO M, G+, Kidf,
- 72 230l 20154 oo, REAIZE R 0 0
(TensorFlow) . .
CUDA Julia, Swift, Go
ZEbA QL &3
A2t Keras) (Frangois 20154 o oo, R 0 @)
Chollet)
C+H
0 |EX|(PyTorch) Ho|AS 20164 IHOPM, oo, CH++ 0 @)
CUDA

L E3d 20|22{2|2 2ot 25| AmEaE 2(7|D|C|o{olA ‘comparison of deep—learning software’s ZiAY
stk
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m Ol EO0| LR E= W&
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5.2.1 HIAE 22} Hulo|o] ==t

= 032 ™ =0l
= 04H 2 tf7f M| &St= random =2 A 2| uniform 52 H MM

- [0,1] AFO|Q| Lh2=2 2*3 SHZI0f Al A
SIMEE H{Ha S5 &0l

@1 import tensorflow as tf

02

93 print(tf._version_)

04 a=tf.random.uniform([2,31.0.1)
@5 print(a)

06 print(type(a))

2.0.0

tf.Tensor(

[[0.11333311 0.3000914 @.27562833]

[0.20253515 ©.5314199 0.4504068 11, shape=(2, 3), dtype=float32)

tensorflow.python.framework.ops.EagerTensor



5.2.1

M Z29t Yato|o| S

h

m HIANEZQ 4009 3ts 2QIst= [EE2 13 5-2]
= 038} 04T ZtZt BIMEZQF HIFO| 2 2*3 L2 SHE AN

. 0782 HAMSZot 4Tt0| HYS HA

a1
82
83
04
85
06
a7
08
09
10

tensorflow2t numpy2| &

import tensorflow as tf
import numpy as np

t=tf.random.uniform([2,31,8.1)
n=np-random-uniform(@,1,[2,31)
print("tensorflow® MA3t ElA:\n",t,"\n")
print("numpy2 A3t ndarray:\n",n,"\n")

res=t+n # M te} ndarray ne| G4
print("G4d Z3t:\n",res)

tensorflow® M43t BIA:

tf.Tensor(

[[0.6962328 0.66963243 0.37720442]

[0.3201455 ©0.18887758 0.3170188711, shape=(2, 3), dtype=float32)

Numpy2 4%t ndarray:
[[0.118294 ©.98357681 0.23846388]
[0-49663294 0.15434053 0-1276853 1]

G4 23}

tf.Tensor(
[[0.8145268 1.6532092 0.6156683 ]
[0.8167784 0.34321812 0.44470417]], shape=(2, 3), dtype=float32)



5.2.1 HIAE 22} Hulo|o] ==t

NOTE HIAMEZ HH 2,02 & s}

BHMEZE HE 10|M= tensorflow 217} numpy 2t S EHEIX| fi=

S tensorflow2 2HE Z4A|0f| A|2F0| TQUCE =5t [Z=2T238 500 o

M OGS AEEIH HlolE| LHE0| EHZX| HUCE 1 0|F= N

=27} A3l At J2im(computation graph) HE0|CH 922 o

OE2 [B2T 5-2]9] ALt HRE malet ALt J2fEct

HE 10liM= ALt 2202 S o= TR 2| AlblE Aldish= TIAIE Y26 FA28iC,. M2t = HAIS
D5 455t S0f0f HO]E LIBS &l018t 4 QI KT 12 Albt J2fTE FHSHA SAlof Allet 4~ QL= 0|
71 2E(eager mode)E MEsk=0|, 017 2ES MA2H T2 T30 E4-5t IEE {USHOF k= SH0| =
Ct. HIME2 HE 20|M= 07 2E5 BHHE HMESICE & 07 2E

Mol EDIE TE6IRIB S48t A0S Mes0} SiCk T TS REale S50t iRl HHO| Uck

R |
~
i
A=)
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==
=
|
i=
I=
w M
g
|
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o



5.2.2 Bl 0|5}5}7]

m A EA
- CHHQ B S B2 B2
. HO|EE Bz B
C MHLO| B (OIS HMR B

= HI0|= ndarray 222, HHMEZE = Tensor 2HAE B =2 2 et

S wefol HE2 Ejel FEE 20} €0k 0 S0f i Clefel 2 445 SiL{E (Rel 20l Reel

_l_

H|, 2EIEIQ| Zi0|, BYEQ| Ud)2| EF HE(Z BHBICE UI =& HiHs 247t 4710|122 AXfHE0[2r HSIC) ofk|
=1 =]

disfoz ZIEst [ 2l 5-4(b)]e] 1X1 2QF HIMCH ALUSH = 1XF 7E2| ElM(tensor with
1—dimensional shape)2t sHOF 5IX|2F S04A] 1 X} M2 B2t
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m 0~4X}
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5.2.2 Bl 0|5}5}7]

m HMEZ7F H&5t= HO|gAlle] HIM £ X

= [Z2 % 5-3]2 MNIST, cifar10, Boston housing, Reuters C|O|E{ A Q| EHIA =

01
02
03
04
05
06
07
08
09
10
11
12
13
14
15
16
17
18
19
20

MNIST: (60000, 28, 28)
CIFAR-10: (50000, 32, 32, 3)

HIMEZ7} HSSH= HloEAlie] HIA 71X #o1517|

import tensorflow as tf
import tensorflow.keras.datasets as ds

# MNIST ¢1 BHIM DY &

(x_train, y_train),(x_test, y_test)=ds.mnist.load
yy train=tf.one hot(y train.10.dtype=tf.int8) /
print("MNIST: ",x_train.shape,y_train.shape,yy_traip.shape)

# CIFAR-10 21 EIAM DY 22
(x_train,y_train),(x_test,y_test)=ds.cifarl@.loZd_data()
yy_train=tf.one_hot(y_train,10,dtype=tf.int8)
print("CIFAR-10: ",x_train.shape,y_train.shape,yy_train.shape)

=
# Boston Housing 3 BN 2Y & [5:Or4r]x-| I:-II
(x_train,y_train),(x_test,y_test)=ds.boston_housing.load_dat4
print("Boston Housing: ",x_train.shape,y_train.shape)

# Reuters 91 HAM Y &
(x_train,y_train),(x_test,y_test)=ds.reute
print("Reuters: ",x_train.shape,y_traja’

(60000,)

(50000, 1)A50000, 1, 10)

Boston Housing: ((404, 13)404,)
Reuters: (8982,) (8982,) 137H %782; :H:_cl’.__:l EIE 4047H )lkzll-lg

=139)]

-



5.2.2 Bl 0|5}5}7]

m HMSE7M H&ct= HOo[HMe| Bl L=

= [chO5/Z 2% 5-3b]= MNIST HIO|HAC| HIM & 20l (dataset directory M&E=A
28)

import tensorflow as tf

import tensorflow. keras. datasets as ds

import sws, oS

sys.path.appendios.pardir) # F2 ClEEZ2 MEE MHE &= SI2E &4
import o numpy A5 np

from dataset . mnist import load_mnist

#OMNIST 2010 Bl REf =5

#lx_train, v_train),{x_test, v_testl=ds . mnist. |load_datal)
(w_train, v_train), (x_test, v_test) = load_mnist{)
x_train=x_train.reshape(§0000,28,28)
vy_train=tf.one_hotl{y_train,10,dtype=tf.intd) # Hst D=E=Z HE
print{"MNIET: ", x_train.shape,v_train.shape.vv_train.shape)

rr
re
Ok

======== BESTART: C:#MyvDocumentshZ 2| ASHAl DS =2 22U O/ M o Z 0
Al SWchia-3b, py =======
MMIST: (BO00O, 28, 28) (B0O0OD,) (B0000, 10}



5.2.2 Bl 0|5}5}7]

m HMSZ27 H&ct= Ho|HMe| Bl L=

60000*28*289| 3kt H & 3

1
L

0000

(@) MNISTS] x_train EllA (b) CIFAR-102] x_train ElAf

J12! 5-5 H|O|E{AlIe| HIN X
50000*32*32*39| 4X}& =X



5.3.1 sklearn2| E 2= otA|

mO[ZETE 4-319| S40F HAHHO| ot
from sklearn.neural_network import MLPClassifier
digit=datasets.load digits() (1]

Xx_train,x_test,y_train,y_test=train_test_split(digit.data,digit.
target,train_size=0.6)

mlp=MLPClassifier(hidden_layer_sizes=(100), learning_rate_init=0.001, batch
size=32,max_iter=300,solver="sgd',verbose=True)
mlp.fit(x_train,y_train)

Q!

= HEld2 sklearn?| @P2 = HY =7ts(EHEd2 M2 LHE 7|52 S5 & Y4

= BIMEEL O0|EX|= B de S8EE XJE = A 2T Mz 2A



HMER Z2 720 [ox] 4112 HYEE S

01 import tensorflow as tf

63 #OR G0 #5
04 x=[[0.0,0.0],[0.0,1.01,[1.0,0.0],[1.0,1.0]]
05 y=[[-1]1.[11,[1].[1]]

07 #[O% 4-3(b)]e mH{HUEE
P8 w=tf.Variable([[1.0],[1.01])
P9 b=tf.Variable(-0.5)

11 # 4 4.39 HHMER &
12 s=tf.add(tf.matmul(x,w),b)
13 o=tf.sign(s)

15 print(o)

tf.Tensor(

[[-1.]

[1.]

[1.]

[ 1.11, shape=(4, 1), dtype=float32)

rir



01
02
03
04
05
06
a7
08

@9
10

11
12
13
14
15
16
17
18
19

Lot (23 5-5]

P ——

import tensorflow as tf

# OR HOjf &
x=[[0.0,0.0],(0.0,1.0],[1.0,0.0],(1.0,1.0]]
y=[[-11,[1]1,[1]1,[1]]

#7122 278
w=tf.Variable(tf.random.uniform([2,1],-0.5.,0.5))
b=tf.Variable(tf.zeros([1]))

# SE|Oro[A

opt=tf.keras.optimizers.SGD(learning_rate=0.1)

# Hg ALY (4.3)

def forward():
s=tf.add(tf.matmul(x,w),b)
o=tf.tanh(s)
return o




532 HAEZ2 HMEE T2 2)

20
21
22
23
24
25
26
27
28
29
30
31
32

def loss():
o=forward()
return tf.reduce_mean((y-0)*+2)

# S5QQMICH7IA| 8H&5(100MICHOICH 8t A E 23)
for i in range(500):
opt.minimize(loss, var_list=[w,b])

]
o

if(i%100=0): print('loss at epoch',i,'=',1l0ss().numpy())

# St5E MYEZOZ (OR HO|EE o=
o=forward()
print(o)

loss at epoch 0 = 0.8947841
loss at epoch 100 = 0.09448623
loss at epoch 200 = 0.04298807
loss at epoch 300 = 0.026879318
loss at epoch 400 = 0.019305129

tf.Tensor(

[[-0.81562793]

[ 0.8859462 ]

[ 0.88595307]

[ 0.9992574 11, shape=(4, 1), dtype=float32)

A

A



B ZE2Te Iz
A

= ARH T2 A2 FY9E 0| Y2 R F(CHES =)
= QMEE XH7t OfF =2 43t +=F0[X|8t FII2 F43te 0K S
= A2tA= O] OfX|E &8t 2to| 2|2

- model.add(Dense('c & 7{==, &4 g=,..)) @alo] 2
= keras.io S AIO|EO| QU= A 2tAol Het

Being able to go from idea to result with the least possible delay is key to doing
good research.

ololt]og B 4 gl Y2 wre) Anke AZske Fee

=TT AT S5oF At siAlo|c)

Keras is an API designed for human beings, not machines,

Algtle 7| A7) obd Al Hall BAIE APIO|T,



1L Ol

o

5.3.3 AlEtA =2 2f

B A2A2 OAME=E T2 (220 5-6]

= 01~03&9| tensorflow.keras: tensorflow?| 6} 22HAE keras(EHIANZEZ HE 2EH

crA7F HS 20| HYE)

= keras 2222 523t M| 7tX| 518 SelA

» models 22X Sequential} functional API 29 A2}k w7
+ layers S Thofet

« optimizers SeA: ThS3t

=20

T7Y S AF

== 0

T2 FEtolA AlE

Sequential2 5= ¢t E2
AletA Z2 I HYES S5 /

01 from tensorflow.keras.models import Sequential
02 from tensorflow.keras.layers import Dense «— &}
03 from tensorflow.keras.optimizers import SGD

04

e

ol



5.3.3 AlEtA =221

m MEEOl MK

= HOJH 75 > 8% += 24| > ¢

@5 #OR HIO|H 2=
06 x=[[0.0,0.0],(0.0,1.0],[1.0,0.0],[1.0,1.01]
07 y=[[-11,[1]1,[1],[1]]

ok
f>

> 0

A

@8 ‘ s Sequential 2efAE AKX S &S

@9 n_input=2

10 n_output=1 add &2 Dense (2IHAHZ) 5= A3
11

12 perceptron=Sequential()

13  perceptron.add(Dense(units=n_output,activation="tanh’,
input_shape=(n_input,).kernel_initializer='random uniform’,
bias_initializer='zeros"))

14

15 perceptron.compile(loss="mse’',optimizer=SGD
(learning_rate=0.1),metrics=['mse'])

16 perceptron.fit(x,y,epochs=500,verbose=2)

17

18 res=perceptron.predict(x)

19 print(res)




5.3.3 AlEtA =221

>

B DenseE ATXAASZ A= 4

Al
= [O3 5-6]2 unitst input_shape OH7i 1 =0f CHSH M H

OIME XTI A=S
1 O 1
OFE  BR| 4T QU= & : 2
1
2 q p
Dense(units=1,",input_shape=(2,)) Dense(units=p, ,input_shape=(q,))
(@) [Z202 5-6]2] 138oz M = (b) p7H =EE 7RI B2 g/l LEE 711 & Fol| 22

2! 5-6 Dense S2{AR AMHAASS A2



5.3.3 AlEtA =221

ot

2l Zu

Epoch 1/200

4/4 - @s - loss: 1.4654

Epoch 2/200

4/4 - @s - loss: 1.1761

«— 16H9 fit =
Epoch 199/200

4/4 - @s - loss: 0.0148

Epoch 200/200

4/4 - @s - loss: 0.0147

[[-0.8179741] 1889 predict &2/ 6% A}
[ 0.886851 ]
[ 0.8878835]

[ 0.9992872]]



5.3.3 AlEtA =221

NOTE #H2tA2| X|9 & == Ch?

HMEZ HH 10l AR2IAS B 2fo|=2ia|z FFHCL HMERE HA[6! g0 =2 ARAS A
A|GHOE AFRE! £~ QloiT T2 pH0lst NG Ch20} 20| HEo| 20 ERe|2 & Z56H0} 3HCt

from keras.models import Sequential

BIMEZ HE 20iM= A2tA7t HEIMS20 BYEQICE 2t BIMES2E XIGIHE Al2tArt m2ter| of
=0 g2 Mx|g 2ot gich (2202 5-6]2] 0130 2= from tensorflow keras.models import
Sequential&3 AH2tA7t HIMEZ2| 519 SA7t ERUCE =0| 8 S0| = A0t 0] A2 Y2 [Z= T
5-612 #etAz Z272fUYNCtD FIX| Yo EIMEEE T2 12fURACtD aFEt Z0|Ch AHl2tA= X7 2ls
T AL o AL7f?
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m o=z Aetaz T2

= A2tA7 EIMEZ0 HOURQeDZ HIMEZE T2 gfUsICtD

m O B

= MNISTL} fashion MNIST H|O|EH & CtE HAEER

22|
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o
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HMEZOZ MNIST 2AISH= | =
SYe (X2 5-61f CIXFQ T BR SR 12X HAL 28

H[O|& =H]

HMEER Z273HY: OfS HYEEOS MNIST 24

import numpy as np
import tensorflow as tf

from tensorflow.keras.datasets import mnist "
b 11~12%A: reshap

e &t
HAE 1K 22

(=1

—

42 Xt AZO
Gl

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense
from tensorflow.keras.optimizers import Ada
13~ 14°H float32 E1|0|E1§>
[0,255] HRIE [0,1] HRIZE B2t
ist.loag/data()

# EIM B HE

# MNIST S0 2t AZAY0 U HENZE HE
(x_train, y_train), (x_test, y_test) =
X_train = x_train.reshape(60000,784)

x_test = x_test.reshape(10000,784) 15~16W: 0|22 |t I EZ HEt
X_train=x_train.astype(np.float32)/255.0 # ndarray2

X_test=x_test.astype(np.float32)/255.0
y_train=tf.keras.utils.to_categorical(y_train,10) # 3 Zc=2 H
y_test=tf.keras.utils.to_categorical(y_test,10)

[l



5.4.1 MNIST QI Al

= 18~20: MALO| YHF, 24T, 2853 Lt V= 24

= 22 Sequential 2EZ 445t mlp X0 XF

= 23 24952 F7Hinput_shape2 YHZF, units2 X G U= 2HS2E €7%)

= 24¥: EHEZ F7H(input_shape2 ‘2 75, units2 oM A1 U= EHFL= H73)

18 n_input=784
19 n_hidden=1024
20 n_output=10

44 =
Fu oX
i |

nx ©
==

22 mlp=Sequential()

23 mlp.add(Dense(units=n_hidden,activation="tanh',input_shape=(n_input,),
kernel_initializer='random_uniform',bias_initializer='zeros"))

24  mlp.add(Dense(units=n_output,activation="tanh’,kernel_
initializer='random_uniform',bias_initializer='zeros'))




5.4.1 MNIST QI Al
B OCHA| 3: M AT Bt

= 263l compile St 5SS Z.I_SH|6|;|I'(|OSS D7 H == &4 _5|'—J|\—, optimizersE = E[OO| A

273)

= 279 fit = EH 52 T=H(batch_size= O|LH{X| 27|, epochs= Z[CH M[CH=,
W

L
o[
A

Q_P
nx

g;

validation_datae ot& =50 AtEE 4 d
m A 4. 0=
&AM St2 MSE AFR FE[OFO[M 2 Adam AtE
= 29%: evaluate &2 e E %78'/
26 mlp.compile(loss='mean_squared_error',optimizer=Adam(learning. —
rate=0.001),metrics=['accuracy'l) AAY S
27 hist=mlp.fit(x_train,y_train,batch_size=128.epochs-30,validation
_data=(x_test,y_test),verbose=2)
28 SHAE
29 res=mlpyevaluate(x_test,y_test,verbose=0) | gg?}—i
30 print("EXE2",res[1]+100) e

1%
>
ok

EF0 ot HE S hist Z4M0ff M5l =(AlZ2t0] &8)

-



5.4.1 MNIST QlAl

—_—

(e}
= HAE &0 CHsl 97.65% H=HE

Train on 60000 samples, validate on 10000 samples
Epoch 1/30

60000/60000 - 2s - loss: 0.0427 -accuracy: 0.8492 -val_loss: 0.0272 -val_accuracy: 0.9173
Epoch 2/30

60000/60000 - 2s - loss: 0.0223 -accuracy: 0.9305 -val_loss: 8.0184 -val_accuracy: 0.9432

Epoch 30/30

60000/60000 - 2s - Loss: 0.0049 -accuracy: 0.9919 -val_loss: 8.0074 -val_accuracy: 0.9765
dEEE 97.64999747276306



M2 A|U3} Sl= [E20E 5-7]
WM 7} 71 HEE 0|30 gty TME

e EINER D202f9) kS HMESoR MNIST 214

31
32
33
34
35
36
37
38
39
49
41
42
43
44
45
46
47

48
49

50
51

import matplotlib.pyplot as plt

# 4=E I

plt-plot(hist-historyl'accuracy'D
plt.plot(hist.history['val_accuracy'])
plt.title('Model accuracy’)

plt.ylabel('Accuracy’)

plt.xlabel('Epoch’)

plt.legend(['Train’, Validation'], loc="upper left")
plt.grid()

plt.show()

Al
=

plt.plot(hist.history['loss'])
plt.plot(hist.history['val_loss'])

plt.title('Model loss")

plt.ylabel('Loss")

plt.xlabel( Epoch")
plt.legend(['Train’,'Validation']l, loc="upper right")
plt.grid()

plt.show()

# 3

e
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Model accuracy Model loss
- Tain
098 { — \blidaw ' S
0.96 - S ! ! ! ! ! 0.035 1
o 0030 1
>
E ¥ 0025 4
5 092 — ‘
0.020 {1
a 090 4 E S — —
0015 —+—
0.88 -

0010 11

0005

0 5 10 15 20 > 0
Epoch

NOTE matplotlibS 0|25t A|I2ts}

ojo Mol matplotib 2fo/E2i2l= AlZiElof 71& G| MQIct Q1ZX|IsS &1 1MoLt oS ZAnE Al
2t515k= o matplotibS K= ARRSICH matplotlib AFR0| X20[21H B2 B2 223 7|X2 M O
CF. matplotib2l SA! AOIENIM HMBsle FE2IY BEME SRok= A= &Rl wolck [# 2-1]f
M HAIBt httpsy/matplotiib.org/usersoll F&aH [Tutorials] OIS MEiSHCE SE2|YS Introductory.
Intermediate. Advanced® W0 el &4t Introductory ZAE =XI5HD 0ZiCh [3.3.2E]



5.4.1 MNIST QI Al

mCHS HAEZOZ MNIST QASHE [EZ2 3 5-7] X

v_test=1tf keras.utils.to_categorical(y_test,10)
print{"train:

print("test:

", x_train.shape,v_train.shape)

. %_test . shape, v_test.shape)

A = =)
= MNIST HIO|E| H0{ =0 A7 28 dataset directory0| A& SHE A &-E(5-7test.py)
Epoch 237/300
. I:'|-7:” 1 ° E-” Ol E'I $— I:Il 469/468 - Ts - loss: 0.04039 - accuracy: 0.8433 - wval_loss: 0.0412 - wal_accuracy
— . = ©0.8491
Epoch 238/300
import numpy as np A69/469 - Ts - loss: 0.0409 - accuracy: 0.8440 - wal_loss: 0.0413 - wal_accuracy
import tensorflow as tf é UE4SS&GUO
. . Poc
?;;g?ttgzzorlow'keras'datasets import mnist 2597459 - Ts - loss: 0.0400 - accuracy: 0.8438 — val_loss: 0.0413 - val_accuracy
. _ © 0.84a7
svs.path.append(os . pardir) # T2 COHAHIL WYE MNHHE = U= Epoch 3004300
import numpy as np 45%/’33?5— Ts - loss: 0.0409 - accuracy: 0.8433 - val_loss: 0.0412 - wval_accuracy
from dataset . mnist import load_mnist LIRS
from PIL import Image B2 84.7599983215332
)‘ def img_show( img): 55> prlnt(x tralafﬁijUUUh
pil_img = Image.fromarray(np.uint8Cima)) [0.0000000e+00 0. 0000000e+00 O.0000000e+00 O.0000000e+00 O.0000000e+00
pil_img. show() 0. 0000000e+00 0,0000000e+00 0.0000000e+00 O.0000000e+00 O.0000000e+00
0. 0000000e+00 0, 0000000e+00 0, 0000000e+00 0. 0000000e+00 0. 0Q00000e+00
0.0000000e+00 0.0000000e+00 0.0000000e+00 0.0000000e+00 0.0000000e+00
from tensorflow.keras.models import Sequential TONOAANTN AN 0 AANARAN AN T ARAAMAN RN N NAANAAN 00 nonnnnans
from tensorflow. keras. lavers import Dense  mimmmmoco ms sisesesoe Do siomcorsie e siseosoocs se cosocaoao- -
e - 0. 0000000e+00 0.0000000e+00 4.51368101e-05 2.7681663e-04 2.7681663e-04
from tensorflow.keras.optimizers fnport Adam 2 . 7B81B63e-04 1.9377163e-03 2.0915035e-03 2.6912726e-03 3.9984621e-04
- - ? 5528B44e-03 3.9215689e-03 3.7985391e-03 1.9530850e-03 0.0000000e+00
ol A 1 OF ol2A S 3
ﬁ(MNLST.E*O1 f**ﬁ 5J ﬁ:C’?| /e c;f“?z Eﬂt{ ond_dataC) 0.0000000e+00 0,0000000e+00 0.0000000e+00 0.00000002+00 0 00000006+00
x_train, y_traint, Lx_test, y_tesl;) = mnist.ioad_data 0.0000000e+00 0.0000000&+00 0.0000000+00 0.0000000e+00 0.0000000e+00
(x_train, v_train), (x_test, v_test) = load_mnist() 0.0000000e+00 4.6136102e-04 5.5363326e-04 1.4455379e-03 2.3683200e-03
img = x_train[0]*1000 2.61437¢ 3.8308112e-03 3.8308112e-03 3.8308112e-03 3.6308112e-03
label = y_train[0] i 3.4602077e-03 2.6451366e-03 3.8908112e-03 3.7216456e-03
print(label) # 5 7 995E466e-03 9.8423695¢-04 0.0000000e+00 0.0000000e+00 0.0000000e+00
print(img.shape) # (7841 ) 0. 0000000e+00 0.0000000e+00 0.0000000e+00 0.0000000e+00 0.0000000e+00
img = ima.reshape(28, 28) ¥ A2 HY 00F 22=2 HE 0. 0000000e+00 0.0000000e+00 0.0000000e+00 7.5355632e-04 3.6601308e-03
printlimg.shape) # (28, 28) 3. 8908112e-03 3.8908112e-03 3.8908117e-03 3.8908112e-03 3.8908112e-03
ima_show( img) 3.8908112e-03 3.8908112¢-03 3.8908112e-03 3.8600538-03 1.4302132e-03
1.2610535¢-03 1.2610535e-03 §.5120726e-04 5.3976935e-04 0.0000000e+00
in=x_train.astvpeine.floatd2)/255.0 # ndarrav® H =t
t=x_test astvpelnp.float3?)/255.0
v_train=tf.keras.utils.to_categorical({y_train,10) § H= D=2 HE



5.4.1 MNIST QI Al

B CHS HPAEZOZE MNIST QA= (23 5-7] d
= MNIST H|O|Ef 20{2=0 AlZt £28: dataset directorydl| MZESHE 2 Z2(5-7b.py)

import numpy a5 ne
import tensorflow as tf

ffrom tensorflow.keras.datasets import mnist Iearning_rate:0.001, 0005, 0.0001 6H% Z-\I
import sys, os

sys.path.append(os.pardir) f§ F2 ClEHEe WEE MNAE = U= &3 : 7 =

import numpy a5 ne n—hldden E OAla:i = ;\l

from dataset.mnist import load_mnist
M| fron PIL Tneort Image overspecialization?
fluctuation?
def img_show(img):

pil_img = Image. fromarravine.uint8Cimg)) Model accuracy
pil_img.show)
1.000 4 — Train
from tensorflow. keras models import Seqguential \alidation PR I S
from tensorflow. keras. lavers import Dense 0.975 e e—
from tensorflow. keras optimizers import Adam
#OMNIST &l 2f MBS HEE FezE HE 0.950 -
Hlx_train, v_train), (x_test, y_test) = mnist.load_datal)
(x_train, v_train), (x_test, v_test) = load_mnist()
img = x_train[0]*1000 > 0.925 -
label = w_train[0] s
* print{label} # & o

print(ima.shape) & (784.) g 0.900 A
img = img.reshape(28, 28) # &2 Hef o0l 222 HE
print(img.shape) & (28, 28)
img_show(ima) 0.875 1
fx_train = x_train.reshape(B0000,784) # Sl 22 HE
#x_test = x_test.reshape(10000, 784) 0.850 1
e traln =x_train f ‘550 ndarray2 HE
e

' # ndarrav® 9 0.825 1
x_test=x_fest.astwpelnp.floatd2) ( ) - " | | | | | | |
v_train=tf.keras.utils.to_categorical(v_train.10) # HE DEZE Hi
y_test=tf.keras.utils to_categorical(y_test,10) 0 0 100 ElSOh 200 250 300
print{"train: ", x_train.shape,v_train.shape) poc
print{"test: ", x_test.shape, v_test.shape)

Epoch 233/300

n_input=7A4 489/469 - 8s - loss: 0.0020 - accuracy: 0.3988 - val_loss: 0.0068 - val_accuracy: 0.9815
n_hidden=1024 Epoch 300/300
n_output=10 4637469 - 10z - loss: 0.0020 - accuracy: 0.9988 - wval_loss: 0.0068 - wval_accuracy: 0.9817

HEEZ 98.17000031471252



5.4.3 fashion MNIST 214

m fashion MNIST Cj|O|E{ Al
= MNIST2t H|=(28x28 Y| EH A 7|, training sample 60,000, test sample 10,000)

= L{0| ofM 2 20|31 0|=0]| {T-shirt/top, Trouser, Pullover, Dress, Coat, Sandal,
Shirt, Sneaker, Bag, Ankle boot}Q! E0t Ct&

4
R
V!
g

Wy

A mB== =«

&
i
B

—
——

-
-
— AR
| 5-7 fashion MNIST H|0|E{Al

b
3

ib ' D ‘l:‘ %-733‘(

u

o



5.4.3 fashion MNIST 214

® fashion MNISTE QA5t= 223 5-8]
= MNISTE QA5 [Z=2 % 5-7]0| A HIO|H &=H|3t= LTt Eefd

=EkY)

01
02
03
04
@5
06
a7
08
09
10
11

P

51

HMER T2 CkE HMESOR fashion MNIST 214

import numpy as np
import tensorflow as tf
from tensorflow.keras.datasets import fashion mnist

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense
from tensorflow.keras.optimizers import Adam

# fashion MNIST GIO|E{AIS S0{e} AMZAU0 UAE HElZ HE
(x_train, y_train), (x_test, y_test) = fashion_mnist.load_data()

} # [O2 T2 5-7]8f 22



5.4.3 fashion MNIST 214

Train on 60000 samples, validate on 10000 samples
Epoch 1/30

60000/60000 - 5s - loss: @.0693 - accuracy: 0.6463 - val_loss: 0.0332 - val_accuracy: 0.8166
Epoch 2/30

60000/60000 - 4s - loss: 0.0303 - accuracy: 0.8447 - val_loss: 0.0295 - val_accuracy: 0.8417

Epoch 30/30
60000/60000 - 4s - loss: 0.0131 - accuracy: 0.9416 - val_loss: 0.0200 - val_accuracy: 0.8925

ﬁ

kali

+&2 89.24999833106995

Model accuracy Model loss

J

0.95 1 -
—— Train

T Validation

= Train
— Validation

Epoch Epoch



5.4.3 fashion MNIST 214

B fashion MNISTE QlA|5t= [Z2 13 5-8b.py]

« OH22E 20t & Oy &8

imeort numpy as ne
import tensorflow as tf
from tensorflow.keras datasets import fashion_mnist

from tensorflow.keras models import Sequential
from tensorflow.keras. lavers import Dense
from tensorflow. keras. cptimizers import Adam
import sys, os

sys.path.append(os pardir) § T2 ClHE2L MYE MNAHE = UTE 4o
path=

# fashion MMIST OO 2 %mifﬂﬁgﬁ|@§§'§ﬂ§ = =t

#x train, v_train). (x_test., wv_test) = fashion_mnist.load_datal)
x_train = np. load( '« _trai )

v_train = np. loadl )

w_test = np. loadi J

v_test = np.load( 'v_test npy')

brint(x_train.shape W _ train. shape, x_test.shape, v_test.shape)

x_train = x_train.reshape{B0000,784) # Sl D 2F HE

¥_test = w_test.reshape(10000,784)

x_train=x_train.astvpelng float32)/255.0 #f ndarrayz S &
x_test=x_test astvpelnp.floatd2)/255.0

v_train=tf . keras.utils. to_categoricaliv_train 10} # HsH D=EZ ©
v_test=tf keras.utils. to_categorical(v_test,10)

t

ol

n_input=ra4
n_hidden=1024 Epoch 28/30
n_output=10 463/463 - 7= - loss! 0.0135 - accuracy: 0.8374 - wval_loss:

Epoch £3/30

4697469 - Ts - loss: 0.0133 - accuracy: 00,9394 - val_loss:

Epoch 30/30

4697469 - 7= - loss: 0.0132 - accuracy: 0,9402 - wval_loss:

HEEE 89.310002532696533

%

0.8

Accuracy

0.4 1

0.2 1

Model accuracy

= Train d'___“_____d_____‘___#____-——————*—
Validation
\
|
I
{
[
0 5 10 15 20 25 30
Epoch

0.0133 - val_accuracy: 00,8328
0.0188 - wval_accuracy: 0.8947
0.0195% - val_accuracy: 00,8331
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— H

|© = A O =x
= LS I I=IE%DMLP(deep MLP)—l T

-17§0] 2UB0| AU LS UAY. AHE0| d+17H2] kB, TS cHfo| =L iy

2UE0| nfe| L E(n= FO|I Oj7f =)

It B2 2™ AA, & FC(fully-connected) T+ Z&. OtF B2 7tEX|: 0f) n.=5000| 1

L=52tH, MNISTH|O|E{ 0| A (784+1)*500+(500+1)*500*3+(500+1)*10=1,149,0107H2| 7}

S

Ot

o 1= _
2= 711 =




01
02
03
04
@5
06
07
08
09
10
11
12
13
14
15
16

y_test=tf.keras.utils.to_categorical(y_test,1@)

[ o >x= T
3 5-9]1= #2 OHE HAEE2E MNIST 214
HYEES 7o (2203 5-7]0F RAFE (MNIST §17] =73 5-9b.py)
ouE 1747} 47h2 SEE XH0|(SY SRt grapE)
22 C}E HHEZ0E MNIST 2M!

import numpy as np

import tensorflow as tf

from tensorflow.keras.datasets import mnist

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense

from tensorflow.-keras.optimizers import Adam

# MNIST HO{ 2bM HZEY0o| YT ez HE

(x_train, y_train), (x_test, y_test) = mnist.load_data()

X_train = x_train.reshape(60000,784) # ElA 2QF S

X_test = x_test.reshape(10000,784)
Xx_train=x_train.astype(np.float32)/255.0 # ndarray2 e
x_test=x_test.astype(np-float32)/255.0
y_train=tf.keras.utils.to_categorical(y_train,10) # &3t Zc= HE



17
18
19
20
21
22
23
24
25
26
27

28

29

30

31

32

33

34

35

36

n_input=784
n_hidden1=1024
n_hidden2=512
n_hidden3=512
n_hidden4=512
n_output=10

#AMAY 22 A

mlp=Sequential()
mlp.add(Dense(units=n_hiddenl,activation="tanh',input_shape=(n_input,),kernel_
initializer='random_uniform',bias_initializer='zeros"))
mlp.add(Dense(units=n_hidden2,activation='tanh',kernel_initializer='random_
uniform',bias_initializer='zeros"))
mlp.add(Dense(units=n_hidden3,activation='tanh',kernel_initializer='random_
uniform',bias_initializer='zeros"))
mlp.add(Dense(units=n_hidden4,activation='tanh',kernel_initializer='random_
uniform',bias_initializer='zeros"))
mlp.add(Dense(units=n_output,activation="tanh',kernel_initializer='random_
uniform',bias_initializer='zeros"))

learning_rate=0.0001, 0.00005 dli& A

mlp.compile(loss="mean_squared error',optimizer=Adam(learning rate=0.001),met
rics=['accuracy'])
hist=mlp.fit(x_train,y_train,batch_size=128,epochs=30,validation_data=(x_
test,y_test),verbose=2)

# AlZ40F B}

(W e

o
i}



37
38
39
40
41
42
43
44
45
46
47
48

49
50

51
52
53
54
55
56
57
58
59
60
61

L

# NZYO| HEHE 2Y

res=mlp-evaluate(x_test.y_test.verbose=0)
print("#&E2",res[11+100)

import matplotlib.pyplot as plt

e
[

# A

[=]

kb
JH

HE
plt.plot(hist.history['accuracy'])
plt-plot(hist.history['val_accuracy'])
plt.title('Model accuracy")
plt.ylabel('Accuracy’)
plt.xlabel('Epoch")

plt.legend(['Train', Validation'], loc="upper left’)
plt.grid()

plt.show()

Al
=

A
—

it

plt.plot(hist.history['loss'])
plt.plot(hist.history['val_loss'])

plt.title('Model loss’)

plt.ylabel('Loss")

plt-xlabel('Epoch")
plt.legend(['Train','Validation'], loc="upper right")
plt.grid()

plt.show()

Ik
il
3

A
nn




553425 ndEE =22

Train on 60000 samples, validate on 10000 samples
Epoch 1/30

60000/60000 - 5s - loss: 0.0260 - accuracy: 0.8971 - val_loss: 0.0132 - val_accuracy: 0.9471
Epoch 2/30

60000/60000 - 5s - loss: 0.0101 - accuracy: 0.9543 - val_loss: 0.0078 - val_accuracy: 0.9614
Epoch 29/30
60000/60000 - 5s - 1oss: 0.0010 - accuracy: 0.9961 - val_loss: 0.0035 - val_accuracy: 0.9812
Epoch 30/30

60000/60000 - 5s - loss: 8.8359e-04 - accuracy: 0.9967 - val_loss: 0.0038 - val_accuracy: 0.9791
YEE2 97.9099988937378 «—— [Z2I™ 5-7] CHE HAE 29| 97.65%0] H[3H 0.26% &
.Model accuracy Model loss

g //._/'-""""_’_—' | 0.025 ;
~— Validation

0.020

100
— Fain

~— \alidation

, 00154
w
0.010 4

0.005

. ' ' : 1 . ' 0.000 +— ' . ! : . )
0 5 10 15 20 5 30 0 5 10 15 20 25 30
Epoch Epoch




5.5.4 75 X| X=7|2} HitH

(2 5-9]9| 27~31%
= kernel_initializer="random_uniform'2 2 A™No oz A 2 XOA = HWHSIY 7H5
K& &=7|ztg
® Dense 22| AP

= kernel_initializer2| 7| 24f2 ‘glorot_uniform’

[Dense &'+2| API]

tensorflow.keras. layers.Dense(units, activation=None, use_bias=True,
kernel_initializer='glorot _uniform', bias_initializer='zeros', kernel_
regularizer=None, bias_regularizer=None, activity_regularizer=None,
kernel_constraint=None, bias_constraint=None)

= glorot_uniform [Glorot2010]0| A Fefiot=0], HIMEE= £2 4s0| S E At H
O

TH5H0] 7|23 NSEH(EE Y REEL 2% 452 NSO LEH)



5.5.4 75 X| X=7|2} HitH

m O|H AMMO| el 2= MESHH glorot_uniform= ARE

27 mlp.add(Dense(units=n_hiddenl,activation="tanh',input_shape=(n_input,)))
28 mlp-add(Dense(units=n_hidden2,activation="tanh"))

29 mlp.add(Dense(units=n_hidden3,activation="tanh"))

30 mlp.add(Dense(units=n_hidden4,activation="tanh"))

J1 mlp.add(Dense(units-n_output,activation-"tanh’))
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5.6.1 13[0|C|AE A% 2o} o) T

~

o
e
|m
rr
10
allf
1R
$0
rir
T
rE
=
o[
10
|
st
o
il
e
|m
2
Ral
=
of%
=2
x
e

= et 28O|CIAETE 0.001ME 22 8% YFFL2 FASIHN FE X0ty
v A = - AL o .
. QZom AR JHEX A0 L2MA HH ABBO| 50| 1S LBl BAO0| LA
= | <l 74
m HE XNZ[=Z o ZE
= GPU AHE E+= colabOf|AM tpu &7
& Untitled0.ipynb
LE MX
og 23 271 Y ©ER = =3 T
a[c HAE °* QE MY -
e
[1] dmport torch FHO AT MY . ’
import torennn  USMUANE  WOWSHIREnt o .®
O)% M Y
[2] torch.randn(3,4 0o -ESXMERY IS A5 4
oYy ¢t Stri+M |
L rensor(ll0- O EER CIAl .. ) ]
[ 0.28: ] T Nd

BEIY /8 Y

18 5-10 Z#ollM GPU E= TPU AREsP |



5.6.1 J12|O|C|HE AT 2X|Q} off Zxd

NOTE TPU

PEZE AMEI2 TPU(Tensor Processing Unit)0ICt TPUE
20| A1B3Y &S wEA & SHo2 ISt 7| &g ™
£ 3 x2| 7|AoIct GPUE &2 24 7i47|=2 JHeE|
Ack= HollAM Xto|7t Aot TPUE 224 X2| EHM=
GPUELH SS5IXIEt 717 & S2H0iM= GPUECH FHojLt
Ct TPU= HIMER ATEQY0{0]| UF01 HUTIA7| R0
HIMEZRR Jesh= AR sjAado|ct #20M= Yatn
£ TPUZ S&3ICtD YRACE OFX] Al A2 IX| oL,
https://coralaitiA 2E BE2k= &7| MES 10~208 #

off 72zt 4 Ut

100




5.6.1 J2|O|C|HE A H ZX|2f off Z*H

B RelU &£ AtE5IY S|4
= Tanh(s) A|120|E &t 9| =X
- 57 2 WM O O|CIAHET} 00 71771 A (s=80|H O|C|AHE Zt2 0.0000004501)

= RelU= s7t € i A2 O[C|YUEE= 0, T2 [Iff 1

1.00 1
0.75 1
0.50
0.25 1—
0.00 4—
025 1
-0.50 4—
075 41—

-1.00

(@) tanh A|220|=2} T3|0|C|HE

(b) ReLU2} 180 |C|HE
21 5-11 tanh A|220|=2} RelL US| I8|0|C|HE EM H|
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5.6.2 3t Hetut utd Mgl oo [

NOTE &2} &l =X

Erclssiicaion A= 2l0[Z0] 0]A2I %":1' OlCk MNIST =AF 214, fashion MNIST 214, iris 214 52 25
25 ZHo|ct. Hlo[=0] H=2! BRE EF2 TEoH 2l Fhegresson X2 FECL HIER?I 7HH= 0|S35h= 2
Hi= 7t0| SsE 4= 71K22 Z o]

0™ SASKIEE &7 =HIE F= LuiE M 29 eneraized inear mocer= =], 0] 2F2 LIS 27

ZFHE & = U= 2X|AE 3 Hiogstic regression DHR2 FHMEIRICE Z1A| & G F2 25 268 &=

LTRSS JHLBICE 3EN BESSVM, X2 BE61D QU= AIEUE 25 28 2HIE F= 252 TS

oiC} S Z= Udigl ME QES 22 SR o 21|AE 3|1 DE2 iR AK=EHE0] 22 22
£ 3| 2HE F= SVMeZ xS 4 9ICt

skleam 20 |E2{2|ofl M= EF 2HE F= SWME SVC, &7 2HIZ2 F£= SYME SVROlPk= g2 12
ol KIS,
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5.7.2 WX} I E 2 1]

B QIE=2O|= AH0| Mo HE 0[20)M F2HEICE M| thsiAls 3R] ZHo|Rk= 1B XIS 00k |8 E=EIC
= O'iIEE'U'lentropy
= 2 22O BARE(EEd)E 585t &€ (4 (5.9)
- ST FARS] AERT = WIAHY FARIEL =S50, 12 BHO| O &2 W
T FAR = 2=4d80| HoHy)
- 0l =9, 588 FARIL

1 1 1y _
- + -+ glogg) = 1.7918

m EZ
] JJ_xl' OIiI_EJ.LL:rOSS entropy
- 5 8B EEZ P QI CIE HEE WS

d5t= 2=(4 (5.10)
H(P,0)=-Y  P(e)log0(e) (5.10)

Lo =

O:"E EO-II
—El = T 11 ! ll l =1.7918
. BT MG P Q2| WA AEZT] | lorgttglorg|=l
e

ARl PRE [T AR Q(10] ¥, LIMA|= 1/10=H&)2| WA} AIE =]

1, 1 1, 1 1 1\
- (glog5+glogﬁ+ ---+glogﬁ) = 2.0343

-



(5.11)

[01I1:1| 5-1] X} QEZm|o| &zl &0l

AL QAo B 30| &3k AES] 3¢ y=(0,0,0,1,0,-,0)°]t}, AFEe] &9
°] 0=(0.1,0,0,0.9,0,---,0)012} s}A}, F5F 30| dfFsh= 30| 0,924 7 222 4]
Ao| MES 23l A-folt 4] (5.11)= AL e=—(0 x1og(0.1)+0 X1og(0)+0 x
log(0)+1 x1og(0.9)+---+0 x10g(0))=0,10547} Fc}.

oAl Al7d%o] 0=(0,0.9,0,0.1,0,,0) EFctaL 7HHsIA}E, F5 19 a3
o] 71 & FH& 77| wjiEol AFwo] 4 Afolt o] 9 e=—(0xlog(0)+0 X
log(0.9)+0 x1og(0)+1 x1log(0,1)+--+0 x1og(0))=2.3026°] Hc}, Fx}o| 5 79
A &4 S gho] B Z AMLS 1% 4= 9l



5.7.3 &4 gt+9o| M

m HINZEZE= 300132 &

>
of

= http://keras.io./losses

m &4 2 A goks M 7t 2 E

—

M
olr
=3
El

>
oot

HEAI

model.compile(loss="categorical crossentropy', optimizer=:-,,metrics=---)

import tensorflow as tf
model.compile(loss=tf.keras.losses.categorical_crossentropy,
s smetrics=--)

import tensorflow.keras.losses as ls

model.compile(loss=1s.categorical_crossentropy, optimizer=--

optimizer=--

-, ,metrics=---)

Probabilistic losses

BinaryCrossentropy class
CategoricalCrossentropy class
SparseCategoricalCrossentropy class
Poisson class

binary_crossentropy function
categorical_crossentropy function
sparse_categorical_crossentropy function
poisson function

KLDivergence class

kl_divergence function

Regression losses

MeanSquaredError class
MeanAbsoluteError class
MeanAbsolutePercentageError class
MeanSquaredLogarithmicError class
CosineSimilarity class
mean_squared_error function
mean_absolute_error function
mean_absolute_percentage_error function
mean_squared_|logarithmic_error function
cosine_similarity function

Huber class

huber function

LogCosh class

log_cosh function

Hinge losses for "maximum-margin" classification

Hinge class
SquaredHinge class
CategoricalHinge class
hinge function
squared_hinge function
categorical_hinge function
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Wik &S 2XRt wAt MEZL|E Hlwstes (T2 5-10]
= 3¢t HlwE 25 50| Dh7 = S-S 248
&4 80| 45t Mg ket Xt AlE 20|
01 import numpy as np
02 import tensorflow as tf
03 from tensorflow.keras.datasets import mnist
B4 from tensorflow-keras-models import Sequential
05 from tensorflow.keras.layers import Dense
06 from tensorflow.keras.optimizers import Adam
07
08 # MNIST 20 =2bM MZAL0 YA Hejz HE
09 (x_train, y_train), (x_test, y_test) = mnist.load_data()
10 x_train = x_train.reshape(60000,784)
11 x_test = x_test.reshape(10000,784)
12 x_train=x_train.astype(np.float32)/255.0
13 x_test=x_test.astype(np.float32)/255.0
14 y_train=tf.keras.utils.to_categorical(y_train,10)
15 y_test=tf.keras.utils.to_categorical(y_test,1@)
16
17 #AMEY 2R 43
18  n_input=784
19 n_hidden1=1024
20 n_hidden2=512
21  n_hidden3=512
22 n_hidden4=512
23  n_output=10
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¢ mEdEeis e 2y 26~33%: HANESAIE AHESHE
dmlp_mse=Sequential() Z2 2 dmlp_mseE ‘d-d5t at&
dmlp_mse.add(Dense(units=n_hiddenl,activation="tanh’,input_shape=(n_input,)))
dmlp_mse.add(Dense(units=n_hidden2,activation='tanh"))
dmlp_mse.add(Dense(units=n_hidden3,activation="tanh"))
dmlp_mse.add(Dense(units=n_hidden4,activation='tanh"))
dmlp_mse.add(Dense(units=n_output,activation="softmax"))
dmlp_mse.compile(loss='mean _squared error’,optimizer=Adam(learning_rate-0.000
1),metrics=['accuracy’'])
hist_mse=dmlp_mse.fit(x_train,y_train.batch_size=128,epochs=30,validation_
data=(x_test,y_test),verbose=2)

36~43Y: WAt NEZIE AIRSI=
il = AAMBED B
dmlp_ce=SequentialO 2Z dmlp_ces 3 old a5

dmlp_ce.add(Dense(units=n_hiddenl,activation='tanh’,input_shape=(n_input,)))
dmlp_ce.add(Dense(units=n_hidden2,activation="tanh"))
dmlp_ce.add(Dense(units=n_hidden3,activation="tanh"))
dmlp_ce.add(Dense(units=n_hidden4,activation="tanh"))
dmlp_ce.add(Dense(units=n_output,activation="softmax"))
dmlp_ce.compile(loss='categorical crossentropy’,optimizer=Adam(learning _rate
=0.0001),metrics=['accuracy'])
hist_ce=dmlp_ce.fit(x_train,y_train,batch_size=128,epochs=30,validation_
data=(x_test,y_test),verbose=2)

# U2l YIEZIOE AtEs D E
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45 # F Z2E2| H=HE vl

46 res_mse=dmlp_mse.evaluate(x_test,y_test,verbose=0)

47 print("HZAHES22e HEER2",res_mse[1]+100)

48 res_ce=dmlp_ce.evaluate(x_test,y_test,verbose=0)

49  print("azt dE=Z0OS| HEEFE",res_cel[1]*100)

50

51 # siLte| J2i=oM & RES W

52 import matplotlib.pyplot as plt

53 plt.plot(hist_mse.history['accuracy'])

54 plt.plot(hist_mse.history['val_accuracy'])

55 plt.plot(hist_ce.history['accuracy'])

56 plt.-plot(hist_ce-history['val_accuracy'])

57 plt.title('Model accuracy comparison between MSE and cross entropy')
58 plt.ylabel('Accuracy’)

59 plt.xlabel('Epoch")

60 plt.legend(['Train_mse', 'Validation_mse', 'Train_ce', 'Validation_ce'], loc="best")
61 plt.grid()

62 plt.show()
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Epoch 29/30

60000/60000 - 11s - loss: 0.0010 - accuracy: 0.9998 - val_loss: 0.0680 - val_
accuracy: 0.9829

Epoch 30/30

60000/60000 - 10s - loss: 3.7642e-04 - accuracy: 1.0000 - val_loss: 0.0682 - val_
accuracy: 9.9824

HrH&22ate 4252 98.089998960495
waf QAEZTO| HEES 98.24000000953674

WAl EZDT 9 O A
Model accuracy comparison between MSE and cross entropy J"'xl- '—_E'LLI 7|- 0.15% =

100 4
0.98 1 \
0.96 - \
)
w
E —_ . o —_ .
B wAt AEZTO|7F O|MSHA Mot de
g0
0.92 1 = Train_mse
— Validation_mse
= Train_ce
— — Validation_ce
0 5 10 15 2[] 5 30
Epoch
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5.8.1 RHUIES Xt ZE|OI0|X

m UAHZZ ZHE
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R bhttps://distill pub/2017/momentumoi| F&5HH 2HIE A

=0

E| FEIXI=X] ofLmjo| M= BQ1S 4= QICt

[ —

Why Momentum Really Works

."’ . Starting Point

Step-size a = 0.0029 Momentum B = 0.90




= 7| 242 BHE M8 of0 HAHEZEDZ & Ctgt
[SGD =E|Ol0|X2| API]

tensorflow.keras.optimizers.SGD(learning_rate=0.01,momentum=0.0,nesterov
=False,name="5GD", *+kwargs)
= 0FQ S5 E 0.0001, 2RI 09, HAHZZ HE5t2{H

- tensorflow.keras. optimizer.SGD(learning_rate=0.0001, momentum=0.9,

nesterov=True)2 =
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® = E|OFO[X 2| API

[AdaGrad, RMSprop, Adam ZE|010|X{2] API]

tensorflow.keras.optimizers.Adagrad(learning_rate=0.001,initial_
accumulator_value=0.1,epsilon=1e-07,name="Adagfad’,**kwargs)

tensorflow.keras.optimizers.RMSprop(learning rate=0.001,rho=0.9,momentum=0.0,
epsilon=1e-07,centered=False,name="RMSprop', **kwargs)

tensorflow.keras.optimizers.Adam(learning_rate=0.001,beta_1=0.9,beta_2=0.999,
epsilun=le—0?,amsgrad=False,name='Adam',**ﬁfargs) \\

DY o RMS2| rho
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13l 5-17 SEInpo|xof| mE 3 EMEX: hitps://cs231n.github.io/neural-networks-3)



5.8.3 SE|O}0|Xo] M& H|m AlS

m[E20H 5-11]2 4| 7HA] S E|OFO[ M| ds2 H|w
= Al SHE H| W= [EE2 03 5-101F 247F 74 xSHH E
= 22 ACE U B HESOZE S5 A0 T2 EX =9
= 3745t HWE 2Isl 2E ZE|OO0|N &= 7|24t AIE, batch_sizelt epochs2 &2 @t A&

2E|ojo|x{e| M= Hlw: SGD, Adam, Adagrad, RMSprop

01 import numpy as np

@2 import tensorflow as tf

@3 from tensorflow.keras.datasets import fashion_mnist

04  from tensorflow.keras.models import Sequential

@5 from tensorflow.keras.layers import Dense

06  from tensorflow.keras.optimizers import SGD,Adam,Adagrad,RMSprop
a7

08 # fashion MNIST $0 A Ll1ZAof YT HEfZE HE

09 (x_train, y_train), (x_test, y_test) = fashion_mnist.load_data(
10 x_train = x_train.reshape(60000,784)

11 x_test = x_test.reshape(10000,784)

12 x_train=x_train.astype(np.float32)/255.0

13 x_test=x_test.astype(np.float32)/255.0

14 y_train=tf.keras.utils.to_categorical(y_train,10)

15 y_test=tf.keras.utils.to_categorical(y_test,10)

16
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17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

33
34

35
36
37
38

# A3y #+x 44
n_input=784
n_hidden1=1024
n_hidden2=512
n_hidden3=512
n_hidden4=512
n_output=10

# ot0|m Ofj7itH4 M
batch_siz=256
n_epoch=50

# REES A=
def build_model():
model=Sequential()

I*
L

22 AES Y W BEsOE B
E AMESI Z2O3 2 ¢
= 743 modelE gHEh

model.add(Dense(units=n_hiddenl,activation='relu’,input_shape=(n_input,)))

model.add(Dense(units=n_hidden2,activation="relu’))
model.add(Dense(units=n_hidden3,activation="relu’))

model.add(Dense(units=n_hidden4,activation="relu"))
model.add(Dense(units=n_output,activation="softmax"))

return model
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39
40
41

42

43
44
45
46

47
48
49
50
51
52
53
54
55
56
57

58

# SGD SE|OIO|ME AE8t= ZE

dmlp_sgd=build_model()

dmlp_sgd.compile(loss='categorical_crossentropy ;optimizer=SGDO.metrics=["ac
curacy'D)
hist_sgd=dmlp_sgd.fit(x_train,y_train,batch_size=batch_siz,epochs=n_
epoch,validation_data=(x_test,y_test),verbose=2)

# Adam SE|OIO|HE AHEE= 2

dmlp_adam=build_model()

dmlp_adam.compile(loss='categorical crossentropy',optimizer=Adam(),metrics=['
accuracy'])
hist_adam=dmlp_adam.fit(x_train,y_train,batch_size=batch_siz,epochs=n_
epoch,validation_data=(x_test,y_test),verbose=2)

# Adagrad SE|OIO|AHE AMESH= 2

dmlp_adagrad=build_model()

dmlp_adagrad.compile(loss='categorical crossentropy’,optimizer=Adagrad(),met
rics=['accuracy'])
hist_adagrad=dmlp_adagrad.fit(x_train,y_train,batch_size=batch_siz,epochs=n_
epoch,validation_data=(x_test,y_test),verbose=2)

# RMSprop SE[DIO|ME A26tE R

dmlp_rmsprop=build_model()

dmlp_rmsprop.compile(loss='categorical crossentropy’,optimizer=RMSprop(),met
rics=['accuracy'])
hist_rmsprop=dmlp_rmsprop.fit(x_train,y_train,batch_size=batch_siz,epochs=n_
epoch,validation_data=(x_test.,y_test).verbose=2)
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59
60
61
62
63
64
65
66
67

69
70
71
72
73
74
75
76
77
78
79
80

81
82

# U Yo HEES 2%

print("SGD E=E2",dnlp_sgd.evaluate(x_test,y_test.verbose=0)[11+100)
print("Adam d=£2",dmlp_adam.evaluate(x_test,y_test,verbose=0)[1]+100)
print("Adagrad 4= E£2",dmlp_adagrad.evaluate(x_test,y_test,verbose=0)[1]+100)
print("RMSprop &HE22",dmlp_rmsprop.evaluate(x_test,y_test,verbose=0)[11+100)

import matplotlib.pyplot as plt

# U REo HEHES 5Lt Jeimof|M B[
plt.plot(hist_sgd.history['accuracy'l,'r")
plt.plot(hist_sgd.history['val_accuracy'l,'r--")
plt.plot(hist_adam.history['accuracy'l,'g")

plt.plot(hist adam.history['val accuracy'l.'g--")
plt.plot(hist_adagrad.history['accuracy'],’'b")
plt.plot(hist_adagrad-history['val_accuracy'l,'b—")
plt.plot(hist_rmsprop.history['accuracy'l,'m")
plt.plot(hist_rmsprop-history['val_accuracy'l,'m—")
plt.title('Model accuracy comparison between optimizers')
plt.ylim((0.6,1.0))

plt.ylabel(‘Accuracy’)

plt.xlabel('Epoch’)

plt.legend(['Train_sgd','Val_sgd', 'Train_adam','Val_adam', 'Train_adagrad','Val_
adagrad','Train_rmsprop','Val_rmsprop'], loc='best")
plt.grid()

plt.show()
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Epoch 49/50

60000/60000 - 11s - loss: 0.1559 - accuracy: 0.9458 - val_loss: 1.0185 - val_
accuracy: 0.8867

Epoch 50/50

60000/60000 - 11s - loss: 0.1546 - accuracy: 0.9474 - val_loss: 0.9143 - val_

accuracy: 0.8993
AdamXt RMSpropO| M %

SGD A E% 87.08000183105469 RMSprop©| 0.07% <=
Adam H2ES 89.85999822616577

Adagrad d=EE 85.11000275611877

RMSprop &8 89.92999792098999 RMSprop2 =23 &gt 2435 e
KFO|Z7F RO} @lHISE =240] 24
o Model accuracy comparison between optimizers |- | |- |- == |- e TT
0.95
K
0.90
0.85 g
& Train_sgd
£ o0s0 === Val_sgd
E —— Train_adam
0.75 1 === Val_adam N
o — Train_adagrad - &M AtE fashion MNISTO|| Z3HEL
e |- CHA Mesie A0t gatd @it 45
0.65 | " .
=== Val_rmsprop ArE2SHH A0 CHot AMEZE| = =OFR)

40 50

Epoch
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T2OcfYS XotH OrF 8 Q5K|s 228 : s = Qs

o272 Y0[ O|=5tH £2 OFO|C|0{ £ Lt C{H Zof

26~27A8 2| batch_siz2l n_epoch &&= Fols &1 02 #H M &)
o10jol 2 5dE 2l &85t}
(23 5-11]12] 60™ At(@2 &= W= ¢HESHA @2 ot ez AF)

- O— o

print("SGD AH=E2",dmlp_sgd.evaluate(x_test,y_test,verbose=0)[1]+100)

res_sgd=dmlp_mse.evaluate(x_test,y_test,verbose=0)
print("HIANSZAtC| HE2",res_sgd[1]*100) @

@
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510.1 DXt 2SS 0|23 SE|O}0|X AEH

(=% 5-12]= WX}
= HMEE= WA A2 X[ &
cross_validation &%)

= K2 E5t= L2 sklearn®| KFold &4 0| &

Wit HES 03¢ SE|0l0|X2| ¥S Hlu: SGD, Adam, Adagrad, RMSprop

@1 import numpy as np
02 import tensorflow as tf
@3 from tensorflow-keras.datasets import fashion_mnist

@4  from tensorflow.keras.models import Sequential
@5 from tensorflow.keras.layers import Dense

06 from tensorflow.keras.optimizers import SGD,Adam,Adagrad,RMSprop
07 from sklearn.model_selection import KFold

08

09 # fashion MNISTE S MAYY UHE FEejz #HS

10 (x_train, y_train), (x_test, y_test) = fashion_mnist.load_data()
11 x_train = x_train.reshape(60000,784)

12 x_test = x_test.reshape(10000,784)

13 x_train=x_train.astype(np.float32)/255.0

14 x_test=x_test.astype(np.float32)/255.0

15 y_train=tf.keras.utils.to_categorical(y_train,10)

16 y_test=tf.keras.utils.to_categorical(y_test,10)

17
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19
20
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22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40

n_input=784
n_hiddenl=1024
n_hidden2=512
n_hidden3=512
n_hidden4=512
n_output=10

# 10| Of7HtH<= HA
batch_si1z=256

n_epoch=20
k= # 5-Z

Tjo

E|OfO| | MEX

# QU2 MAZE S (RHE LIEHNE 283 modelg HtEH

def build_model():

mode1=Sequential()

model.add(Dense(units=n_hiddenl,activation="relu’,input_shape=(n_input,)))
model.add(Dense(units=n_hidden2,activation="relu’))
model.add(Dense(units=n_hidden3.activation="relu’))
model.add(Dense(units=n_hidden4,activation="relu’))
model.add(Dense(units=n_output,activation='softmax"))

return model



510.1 DXt 2SS 0|23 SE|O}0|X AEH

41
42
43
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45

46
47

48

49
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54
55
56
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59
60
61
62
63

# A3t AES HRE BH(ME O2 SEOOH(opt)of i) SHL HF HEL=E ¢
def cross_validation(opt):
accuracy=[]
for train_index,val_index in KFold(k).split(x_train):
xtrain,xval=x_train[train_index],x_train[val_index]
ytrain,yval=y_train[train_index],y_train[val_index]
dmlp=build_model()
dmlp.compile(loss="categorical crossentropy’,optimizer=opt.metrics=["
accuracy'])
dmlp.fit(xtrain,ytrain,batch_size=batch_siz,epochs=n_epoch,verbose=0)
accuracy.append(dmlp.evaluate(xval,yval,verbose=0)[1])
return accuracy

# SE|OHO|A 47H0f cisf mat HSS M
acc_sgd=cross_validation(SGD()) /
acc_adam=cross_validation(Adam())

acc_adagrad=cross_validation(Adagrad())
acc_rmsprop=cross_validation(RMSprop())

=E[OFO| M S D72 g
=E[OO|N 2t= ukt 243

# SE|OMO|A 4712 HEES Hlw
print("SGD:",np.array(acc_sgd).mean())
print("Adam:",np.array(acc_adam).mean())
print("Adagrad:",np.array(acc_adagrad).mean())
print("RMSprop:"“,np.array(acc_rmsprop).mean())




5.10.1 X} &

64
65
66
67
68

69

import matplotlib.pyplot as plt

# 4l SE|oto[Ae] H&E

plt.boxplot([acc_sgd.acc_adam,acc_adagrad,acc_rmspropl,labels=["SGD","Adam","Ad

s= 0|8

=

agrad","RMSprop"1)

plt.grid()
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Adam: 0.8967167
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