23.8.2. 2% 6:39 MLP

An MLP exampel : MNIST dataset

Import packages

import numpy as np #numpy= =Xl E WOIM 2t0lEHEZ npete SLHZ importst
import pandas as pd # OOIE Me2lE <& 2t01E2el0ICt. pdeles S2UHZ import&tCh
import tensorflow as tf #Tensorflow 2.0 £& KerasJt LHE WIIXN=Z2 Z& Z/UACH. JIz
from tensorflow.keras.layers import Dense, Flatten # tensorflowl AMEIHI| X QI kere
from tensorflow.keras.models import Sequential #tensorflowl AMEII|I X QI keras= *
import matplotlib.pyplot as plt #matplotlib ANEE XEL delZZ Al 2stote etC

Download dataset : mnist

# 0424 dataetO] MZ&EZ O U= kerasS AMEIHI|I X Q! datasetsE £ H mnistS importgtCh
mnist_dataset = tf.keras.datasets.mnist

# &A 68t HIOIH =, 52MJl= &5 HOIEHE, 128Jl= HAE HOIEHE2e=2 &2lot:
(x_train_full, y_train_full), (x_test, y_test) = mnist_dataset.load_data()

# image size= 28x28 pixel 2l grayscale 2X2 Ol 0l &
print("train dataset shape:", x_train_full.shape)
print("test dataset shape:", x_test.shape)

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras—datasets/mn
ist.npz

11490434/11490434 | ] - 0s Ous/step

train dataset shape: (60000, 28, 28)

test dataset shape: (10000, 28, 28)

Split and visualize dataset

# Ol0I Xl array2l 0~255 AOIS gt= 0~1 AOIZF2 2 scale & float32 & BHEWMFT=
def preprocessing_data(images):

0o

images = np.array(images/255.0, dtype=np.float32)
return images

# x_train_full Ol 22| 500000 (ClElAl2 0~49992 &= () GIOIE &= validation setS
x_valid, x_train = preprocessing_data(x_train_full[:5000]), preprocessing_data(x_tra
y_valid, y_train = y_train_fulI[:5000], y_train_ful|[5000:]

x_test = x_test/255

# plot0l DA X = windowl AIOIX=E x= 5, y& 52 X ASICH. (<= inchOlCh)

plt.figure(figsize=(5, 5))

for i in range(9):
ax = plt.subplot(3, 3, i + 1) #3x3 subplotS 2¢= 1 00X {XE iD
plt.imshow(x_train_full[i], cmap='gray') # grayscalel O|0IXIZ Al23}
plt.title(int(y_train_fulll[i])) #2f plot2 H =2 X &=Lt
plt.axis("off") # =0 &8 &2 "off" 2 XNAHGIH x=, y=2 HAIGHA %=L,
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23.8.2. 2% 6:39

Build a model

2d s Mdodst= UAOICH.
keras.Sequential AAHE 28 HOIHE =ANUHZE AHAH == &0 Ot &2C

INPUT_SIZE = 28

model = Sequential ([
# OJI& AN input XIS AQSHCEH. input OI0IKIS A J|JF 28428 0|22 (28,28)=
# Flatten layer Ol Al 28+282| image array= flatten AlHAA 1x784 2 S =C}h
Flatten(input_shape=[INPUT_SIZE, INPUT_SIZE]),
# 5002l nodeE JtXl= Dense layerE &C2|stCt. dense layerO0l22 2 &2 0™
# = parameterQ &= 784012 =20l =S 50042 fully connected T AL S 2

# 22 2400 CHol A =l e = U

)

Dense(50, activation="relu"),

# 10902 nodeE JtKl= Dense layerE & L2|StCh. dense layerO0l22 2 w2 0l &

=

# 50002 nodeZ2 FEHS2 == gt0l 0l dense layer® input gt0l TI2Z = parameter
Dense(10, activation="softmax")

01
g:\
1M
rr
0!
1>
=
o

(.

|22 = A

mode | . summary ()
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23.8.2. 2% 6:39 MLP

Model: "sequential

Layer (type) Output Shape Param #
flatten (Flatten) (None, 784) 0

dense (Dense) (None, 50) 39250
dense_1 (Dense) (None, 10) 510

Total params: 39,760
Trainable params: 39,760
Non-trainable params: O

# 2L Z2H0 ol M &g = AN Jl=22=2 N3l == &=0IC.
tf.keras.utils.plot_model(model, "mnist_model.png", show_shapes=True)

flatten_input | input: | [(None, 28, 28)]
InputLayer | output: | [(None, 28, 28)]
flatten | input: | (None, 28, 28)
Flatten | output: (None, 784)
dense | input: | (None, 784)
Dense | output: | (None, 50)
dense 1 | input: | (None, 50)

Dense | output: | (None, 10)

Training the model

0

ot BEOICH.

0x
ro
0
12
o

OlEgst Mz sfs= &

@]

_?__

# & BHXION S0Jot= HIOIEHS =5 H2&tlt. USF 2 OOIEHE 8 HiXIo €29 0
BATCH_SIZE = 32

A2 1 epochetd &HCH. 252t) MG S22 A train C

A

t

ol
rr

# train CIOIEIE N8 S
EPOCHS = 25

# 2= MY ot SHHOICH. 22 Hldle AWM AMASEZE=E losset metricsE &
mode| . compile(loss="sparse_categorical_crossentropy",
optimizer="adam",

metrics=["accuracy"])

rr
0!
e
(@]
0

# 240l M=z 5= AI&GHA ol
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MLP
# S50 AI25 = x, v QIOIEHE 2236t10, batch_size?t epochsE
# validation2 0|2l 82l = validation dataset2 AtE3tH & Ch.
history = model.fit(x_train, y_train, epochs=EPOCHS, batch_size
validation_data=(x_valid, y_valid))
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23.8.2. 2% 6:39

Epoch 1/25

1719/1719 [

0.9037 - val_loss:

Epoch 2/25

1979

val_accuracy:

1719/1719 [

0.9487 - val_loss:

Epoch 3/25

. 1457

val_accuracy:

1719/1719 [

0.9612 - val_loss:

Epoch 4/25

1325

val_accuracy:

1719/1719 [

0.9686 - val_loss:

Epoch 5/25

. 1067

val_accuracy:

1719/1719 [

0.9735 - val_loss:

Epoch 6/25

.0938

val_accuracy:

1719/1719 [

0.9773 - val_loss:

Epoch 7/25

.0879

val_accuracy:

1719/1719 [

0.9812 - val_loss:

Epoch 8/25

.0977

val_accuracy:

1719/1719 [

0.9831 - val_loss:

Epoch 9/25

.0877

val_accuracy:

1719/1719 [

0.9855 - val_loss:

Epoch 10/25

.0880

val_accuracy:

1719/1719 [

0.9873 - val_loss:

Epoch 11/25

.0877

val_accuracy:

1719/1719 [

0.9889 - val_loss:

Epoch 12/25

.0888

val_accuracy:

1719/1719 [

0.9899 - val_loss:

Epoch 13/25

.0834

val_accuracy:

1719/1719 [

0.9915 - val_loss:

Epoch 14/25

.0867

val_accuracy:

1719/1719 [

0.9916 - val_loss:

Epoch 15/25

.0956

val_accuracy:

1719/1719 [

0.9930 - val_loss:

Epoch 16/25

.0914

val_accuracy:

1719/1719 [

0.9939 - val_loss:

Epoch 17/25

.0950

val_accuracy:

1719/1719 [

0.9945 - val_loss:

Epoch 18/25

.0979

val_accuracy:

1719/1719 [

0.9952 - val_loss:

Epoch 19/25

.0989

val_accuracy:

1719/1719 [

0.9953 - val_loss:

Epoch 20/25

.0984

val_accuracy:

1719/1719 [

0.9961 - val_loss:

Epoch 21/25

.1070

val_accuracy:

1719/1719 [

0.9967 - val_loss:

Epoch 22/25
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.1093

val_accuracy:

MLP

] — 17s 8ms/step - loss: 0.3387 - accuracy:

0.9446

] — 10s 6ms/step - loss: 0.1770 - accuracy:

0.9574

1 - 4s 2ms/step
0.9602

] - 5s 3ms/step
0.9658

] - 4s 2ms/step
0.9708

] - 4s 2ms/step
0.9740

] - 5s 3ms/step
0.9712

] - 4s 2ms/step
0.9746

] - 4s 2ms/step
0.9732

] - 5s 3ms/step
0.9738

] - 4s 2ms/step
0.9760

] - 4s 2ms/step
0.9756

] - 5s 3ms/step
0.9744

] - 4s 2ms/step
0.9738

] - 5s 3ms/step
0.9748

] - 5s 3ms/step
0.9744

] - 4s 2ms/step
0.9738

] - 5s 3ms/step
0.9758

] - 5s 3ms/step
0.9768

] - 5s 3ms/step
0.9726

] - 5s 3ms/step
0.9734

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

0.1316

0.1047

0.0869

0.0737

0.0613

0.0541

0.0467

0.0414

0.0366

0.0323

0.0287

0.0262

0.0234

0.0208

0.0184

0.0169

0.0160

0.0136

0.0120

accuracy -

accuracy:

accuracy-

accuracy-

accuracy -

accuracy -

accuracy -

accuracy-

accuracy-

accuracy-

accuracy:

accuracy -

accuracy -

accuracy-

accuracy-

accuracy:

accuracy -

accuracy -

accuracy -
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23.8.2. 2% 6:39

MLP

1719/1719 [ ] - 4s 3ms/step - loss: 0.0118 -
0.9965 - val_loss: 0.1077 - val_accuracy: 0.9740

Epoch 23/25

1719/1719 | ] - 5s 3ms/step - loss: 0.0108 -
0.9967 - val_loss: 0.1011 - val_accuracy: 0.9738

Epoch 24/25

1719/1719 | ] - 5s 3ms/step - loss: 0.0092 -
0.9977 - val_loss: 0.1104 - val_accuracy: 0.9740

Epoch 25/25

1719/1719 [ ] - 5s 3ms/step - loss: 0.0092 -

0.9975 - val_loss: 0.1025 - val_accuracy: 0.9764

# &85 & Y keygtS0| HEZU=X &0 & == UL},
history.history.keys()
dict_keys(['loss', 'accuracy', 'val_loss', 'val_accuracy'])

Plot the result

#plt.plot(history.history['loss'])
#plt.plot(history.history['accuracy'])
#plt.plot(history.history['val_loss'])
#plt.plot(history.history['val_accuracy'])

pd.DataFrame(history.history).plot(figsize=(8, 8)) #plot keys all at once
plt.grid(True) ;plt.title("Accuracy and loss of MLP");plt.xlabel("epoch")

Text(0.5, 0, 'epoch')
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23.8.2. 2% 6:39 MLP

Accuracy and loss of MLP

1.0 I —
0.8
0.6 -
— loss
—— accuracy
— val_loss
— val_accuracy
0.4
0.2 1
0.0 1
0 5 10 15 20 25

epoch

Testing the model

St&50l S 2E€S Eotot= S HOICH
CIOIEE load ot= EHSRH 012l Eclotd st&50 &8dd MEEX E2 test OIOIEHS

# test dataset2 AF=Zot0 model2 EItotl] accuracy2t lossE =& &L
score = model.evaluate(x_test, y_test)

print("Test loss:", score[0])
print("Test accuracy:", score[1])

313/313 [ ] - 1s 2ms/step - loss: 0.1124 - accuracy: 0.
9757

Test loss: 0.1124197393655777

Test accuracy: 0.9757000207901001
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An MLP example : XOR problem

Import packages

)

—/

#numpy= =X HA0 =820/, pandass OIOIH X2 2 2A S
import numpy as np #numpy= Z=Xlol& =2 [OIM 2I0lE242I2 npe
import pandas as pd # OOIEH XMe2lE <& 2t0lEHEl0ICt. pdetes =
import matplotlib.pyplot as plt #matplotlib® XA=E X E F Jch

10

Aol e =0ICH
=2 MHZ importst
& importstCh
A23totE 2+

P
HU JQ i J2t

=]

# defE MEOtH AMEX HASE+E Ot= 2= QUCH. 0l W H U A= heaviside step functi
# 0l 29 0152 step0l2, 'z' S FUS M '(z >= 0).astype(z.dtype)' Bt2
def step(z):

return (z >= 0).astype(z.dtype)

def mlp_xor(x1, x2, activation=step):
return activation(-activation(x1 + x2 - 1.5) + activation(x1 + x2 - 0.5) - 0.5

# numpy 2t0l B2l Yes &8£2 M 12 BHES 2t £ JAD, Jdef=ZE O M =2
# 2 =0 np.linspace(-0.2, 1.2, 100)2 -0.22H 1.20 X2 =XE 20| 100”22 H
x1s = np. linspace(-0.2, 1.2, 100)

x2s = np. linspace(-0.2, 1.2, 100)

x1, x2 = np.meshgrid(xls, x2s) # JJ2lEE MAol== & 20|Ct

z1 = mlp_xor(x1, x2, activation=step)

# plot0l DA Xl= windowl AIOIEE x= 4, y= 42 XN ASC. (2= inchOlCH)

plt.figure(figsize=(4,4))

# contour 1t contourf= ME EHofE=Ct= X0l &0l UL,

# contour A= E 12l fAolAE 1) x,y2l meshgridES S AHl=CH. 2) Y meshel 22
plt.contourf(x1, x2, z1)

plt.plot([0, 1], [0, 1], ' gs markersize=20)

plt.plot([0, 1], [1, 0], ““, markersize=20)

plt.title("Activation function: Heaviside step function", fontsize=14) # el =2 X

plt.grid(True)
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23.8.2. 2% 6:38 XOR

Actligatinn function: Heaviside step function
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Iris

An MLP example : Iris dataset

Import packages

import matplotlib.pyplot as plt # matplotlib2 A= E XHEU dHEZ=2 Al 2Z3tct= 2t
import numpy as np # numpy= =XlolA& =2 HIOIM 2t0IE2IZ npetes ELH 2 importe
import pandas as pd # OOIE Me2lE <& 2t01E2el0ICt. pdetles S2UHZ import&tCh
import tensorflow as tf # Tensorflow 2.0 £ & KerasJt L I X= Z& EJUCH. I
from tensorflow.keras.layers import Dense, Flatten, Dropout # tensorflow2 A E 13|
from keras.utils import * # keras® AEMIIXQ utils® RDE &2=Z5 importstC. (-
from sklearn.preprocessing import LabelEncoder # sklearn 2t0lE2 4 2l2 MEIHI| Xl QI
from sklearn.model_selection import train_test_split # sklearn 2t0/E¢e2{2l2 AEIH:
import tensorflow as tf #Tensorflow 2.0 £& KerasJt LHE WIIXNEZ Z& ZACH. Iz
from tensorflow.keras.layers import Dense, Flatten # tensorflowl A EIHI|X QI kere
from tensorflow.keras.models import Sequential #tensorflowl AMEII|IX QI kerasz *
from sklearn.datasets import load_iris # sklearn 20222l datasetOl 20 U= A

Download dataset : iris((2=£)
Iris = load_iris() # iris(2Z) HOIH 2

# feature_names 2 target=2 HIZE=2 H= HOIEHEY Y MHA
[ris_Data = pd.DataFrame(data = Iris.data, columns = Iris. feature_names)
Iris_Data['Species'] = Iris.target

Split and visualize dataset

# 20 5IHE HIOIEHE 2W=CH. defaultat=2 5012, ()etol 221
Iris_Data.head()

H>
ro
ne
10
=
1>
U
E
e

sepal length (cm) sepal width (cm) petal length (cm) petal width (cm) Species

0 5.1 35 14 0.2 0
1 4.9 3.0 14 0.2 0
2 4.7 3.2 13 0.2 0
3 4.6 3.1 15 0.2 0
4 5.0 3.6 14 0.2 0

# labelS JI=2 2 QA o= =(loc) dataframe S numpy BHE 2 B &6 =C}.
X=Iris_Data.loc[:,['sepal length (cm)', 'sepal width (cm)', 'petal length (cm)', 'petal

=
[a—

1]

o]

ol

# 2lol= DY Z2 &
# = N &% 0122 [0,
encoder = LabelEncoder ()

y1 = encoder.fit_transform(Iris_Datal'Species'])
Y = pd.get_dummies(y1).values

H=
0,

|0l = 2O (LabelEncoder)ctl= &5 Soll Irsr_DataS
0, 1, 0] [1, 0, 0] @2 o34 &IC}.

—

# train_test_split &85 Sodll 20%2 GIOIEIE test UOIEHHZ EFotALtH.

X_train, X_test, y_train, y_test = train_test_split(X, Y, test_size=0.2)

# UM =F¢c test HIOIH = 20%E validation OOz ZFotALCtH.

X_train, X_valid, y_train, y_valid = train_test_split(X_train, y_train, test_size=0.
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23.8.2. 2% 6:54

Iris

# OOIES X&s =0QIotACH. X_train.shape, X_test.shape, y_train.shape, y_test.sha
Build a model

QE= deots HEOICH
keras.Sequential2 A AHAE 2f HOHE =AUHZ AHAHA == &=0/0 Otciet 2C

mode| = Sequential ([

# 128J1 2 nodeE JtXl= Dense layerE &H2[StCh. dense layer0l|22 2 w2 0|& 2
# 42 inputS BFO 8 =2 = parameter == 640(512(128x4) + 128(bias) = 640)I OIC
Dense(128, activation='relu', input_shape=(4,)),

o
Ja

=
S

ro

Ch.

# input CIOIEION 10%2 =52 RHAZ 022 s =02

Dropout(rate=0.1),

# 322 nodeE JtXl= Dense layerE & 2|&tCH. dense layerO0l22 2 &2 0l& A
# 128012 node2 S E 2 ==3t0l 0| dense layer2l input 8t0l ©I2& = parameter 2
Dense(32, activation='relu'),

# output 2t0l 3J OI22 3JH2 node= JIXl= Dense layerE& AC°|&tCh. dense layerOl
Dense(3, activation='softmax')

1)

i
ool
i
(@)
o

# 29 240 OiolA &g 4= AN JI2ez M3l =
mode| . summary ()

Model: "sequential_1"

Layer (type) Output Shape Param #
dense_3 (Dense) (None, 128) 640
dropout_1 (Dropout) (None, 128) 0
dense_4 (Dense) (None, 32) 4128
dense_5 (Dense) (None, 3) 99

Total params: 4,867
Trainable params: 4,867
Non-trainable params: O

# 2 Z2H0H CHoh M &g = UANA JI22=2 N3l == &=0IC.
tf.keras.utils.plot_model(model, "mnist_model.png", show_shapes=True)

file:///C:/Users/user/Downloads/Iris.html

2/14



23.8.2. 2% 6:54
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Iris

dense_3_input | input: | [(None, 4)]

InputLayer output: | [(None, 4)]

dense_3 | input: (None, 4)
Dense | output: | (None, 128)

dropout_1 | input: | (None, 128)
Dropout | output: | (None, 128)

dense_4 | input: | (None, 128)
Dense | output: | (None, 32)

l

dense_5 | input: | (None, 32)

Dense | output: | (None, 3)

Training the model

OlZdt 2Nz st ddots HEOICH

?.

0x
il
0
1z
o

# e BHXI0 =O0Jt= OIOIEHS =2 doetll. UF ¥2 COIHE e Xt €28
BATCH_SIZE = 10

# train HIOIEHE M8 &205l= S 1 epochet) SHCH. 252t Aol S22 A train €
EPOCHS = 200

ALY ol SHHOICH. 22 Holole UHENAM AMEEZ= loss? metricsE &
S ozgdZE s R0 = loss = '
mode | .compile(optimizer="adam',
loss='categorical_crossentropy',
metrics=['accuracy'])

=

categorical_crossentropy' € MECt.

# 220 ANZ sts5ES AMEGHH ot= &40|C.

# &850 AI2CE=E x, v HIOIEHHE 2238+, batch_size? epochsE &HQol & =% UL,

# validation2 0|2l E2lol& validation dataset= AtEotH 0. £= H== A EoH
history = model.fit(X_train, y_train, validation_data=(X_valid, y_valid),

epochs=EPOCHS, batch_size = BATCH_SIZE)
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Epoch 1/200

10/10 [
542 - val_loss:
Epoch 2/200

10/10 [
83 - val_loss:
Epoch 3/200

10/10 [
92 - val_loss:
Epoch 4/200

10/10 [

67 — val_loss:
Epoch 5/200

10/10 [
79 - val_loss:
Epoch 6/200

10/10 [

83 - val_loss:
Epoch 7/200

10/10 [

396 - val_loss:
Epoch 8/200

10/10 [

79 - val_loss:
Epoch 9/200

10/10 [

96 - val_loss:
Epoch 10/200

10/10 [

29 - val_loss:
Epoch 11/200

10/10 [

42 - val_loss:
Epoch 12/200

10/10 [

04 - val_loss:
Epoch 13/200

10/10 [

42 - val_loss:
Epoch 14/200

10/10 [

54 - val_loss:
Epoch 15/200

10/10 [

71 - val_loss:
Epoch 16/200

10/10 [

79 - val_loss:
Epoch 17/200

10/10 [

54 - val_loss:
Epoch 18/200

10/10 [

58 - val_loss:
Epoch 19/200

10/10 [

79 - val_loss:
Epoch 20/200

10/10 [

62 - val_loss:
Epoch 21/200

10/10 [

83 — val_loss:
Epoch 22/200
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] - 2s 33ms/step — loss: 1.1400 — accuracy: 0.3
1.0037 - val_accuracy: 0.2917

] - 0s 9ms/step

] - 0s 9ms/step

] - Os 9ms/step

] - Os 7ms/step

] - 0s 9ms/step

] - Os 10ms/step

] - 0s 9ms/step
] - 0s 9ms/step
0.9583

] - Os 9ms/step
0.9583

] - Os 7ms/step
0.8333

] - 0s 9ms/step
0.9583

] - Os 8ms/step
0.9583

] - Os 8ms/step
0.9583

] - 0s 9ms/step
1.0000

] - Os 8ms/step
0.9583

] - Os 8ms/step
0.9583

] - Os 8ms/step
1.0000

] - Os 9ms/step
0.9583

] - Os 8ms/step
1.0000

] - 0s 7ms/step

0.8665 - val_accuracy: 0.6667
0.7740 - val_accuracy: 0.7500
0.6928 - val_accuracy: 0.5833
0.6086 - val_accuracy: 0.5833
0.5590 - val_accuracy: 0.7083
0.5287 - val_accuracy: 0.7083
0.5187 - val_accuracy: 0.5833
0.4675 - val_accuracy:
0.4477 - val_accuracy:
0.4400 - val_accuracy:
0.4118 - val_accuracy:
0.3867 - val_accuracy:
0.3636 - val_accuracy:
0.3435 - val_accuracy:
0.3275 - val_accuracy:
0.3072 - val_accuracy:
0.2819 - val_accuracy:
0.2713 - val_accuracy:
0.2439 - val_accuracy:
0.2283 - val_accuracy:

1.0000

|oss:

|oss:

|oss:

|oss:

|oss:

- loss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

0.9588

0.8276

0.7349

0.6109

0.5597

0.5083

0.4868

0.4468

0.4354

0.3971

0.3891

0.3801

0.3789

0.3463

0.3270

0.3097

0.3139

0.2852

0.2932

0.2595

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

— accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

0.45

0.72

0.66

0.69

0.70

0.7

0.69
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10/10 [

67 - val_loss:
Epoch 23/200

.2113

val_accuracy:

10/10 [
83 - val_loss:
Epoch 24/200

. 1995

val_accuracy:

10/10 [
75 - val_loss:
Epoch 25/200

. 1833

val_accuracy:

10/10 [

75 - val_loss:
Epoch 26/200

avav

val_accuracy:

10/10 [
88 - val_loss:
Epoch 27/200

. 1606

val_accuracy:

10/10 [
83 - val_loss:
Epoch 28/200

L1473

val_accuracy:

10/10 [
71 - val_loss:
Epoch 29/200

. 1387

val_accuracy:

10/10 [
62 - val_loss:
Epoch 30/200

.1314

val_accuracy:

10/10 [
79 - val_loss:
Epoch 31/200

L1317

val_accuracy:

10/10 [
79 - val_loss:
Epoch 32/200

. 1133

val_accuracy:

10/10 [
79 - val_loss:
Epoch 33/200

.1088

val_accuracy:

10/10 [
92 - val_loss:
Epoch 34/200

.1016

val_accuracy:

10/10 [
71 — val_loss:
Epoch 35/200

.0946

val_accuracy:

10/10 [
88 - val_loss:
Epoch 36/200

.0883

val_accuracy:

.0837

val_accuracy:

0.0780

val_accuracy:

0.0734

]

val_accuracy:

0.0710

]

val_accuracy:

0.0689

]

val_accuracy:

0.0644

]

val_accuracy:

0.0643

]

val_accuracy:

10/10 [

71 — val_loss:
Epoch 37/200
10/10 [

792 - val_loss:
Epoch 38/200
10/10 [

688 - val_loss:
Epoch 39/200
10/10 [

375 - val_loss:
Epoch 40/200
10/10 [

271 — val_loss:
Epoch 41/200
10/10 [

479 - val_loss:
Epoch 42/200
10/10 [

479 - val_loss:
Epoch 43/200
10/10 [
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]

] -

Iris

] - Os 8ms/step
1.0000

] - 0s 7ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 8ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 8ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 8ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 8ms/step
1.0000

] - Os 7ms/step
1.0000

] - Os 9ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 8ms/step
1.0000

] - 0s 9ms/step
1.0000

Os 12ms/step
1.0000

- 0s 11ms/step
1.0000

- 0s 12ms/step
1.0000

- 0s 14ms/step
1.0000

- 0s 12ms/step
1.0000

- 0s 12ms/step
1.0000

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

|oss:

loss:

|oss:

|oss:

|oss:

|oss:

.2618

.2523

.2501

.2442

.2002

.2191

.2160

.2151

.2151

. 1834

.1852

. 1459

L1795

. 1462

. 1626

0.1538

0.1298

0.1893

0.1847

0.1297

0.1564

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

.91

.95

.93

.93

.96

.95

.92

.90

.94

.94

.94

.97

.92

.96

.92

0.9

0.9

0.9

0.9

0.9

0.9

- 0s 9ms/step — loss: 0.1482 - accuracy: 0.91
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67 — val_loss: 0.0603 - val_accuracy:

Epoch 44/200

10/10 [

688 - val_loss:

Epoch 45/200

0.0693 - val_accuracy:

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

10/10 [

83 — val_loss: 0.0544 - val_accuracy:
Epoch 46/200

10/10 [

583 - val_loss: 0.0527 - val_accuracy:
Epoch 47/200

10/10 [

479 - val_loss: 0.0510 - val_accuracy:
Epoch 48/200

10/10 [

271 - val_loss: 0.0509 - val_accuracy:
Epoch 49/200

10/10 [

688 — val_loss: 0.0467 - val_accuracy:
Epoch 50/200

10/10 [

583 — val_loss: 0.0454 - val_accuracy:
Epoch 51/200

10/10 [

583 - val_loss: 0.0519 - val_accuracy:
Epoch 52/200

10/10 [

271 - val_loss: 0.0435 - val_accuracy:
Epoch 53/200

10/10 [

271 - val_loss: 0.0471 val_accuracy:
Epoch 54/200

10/10 [

375 - val_loss: 0.0435 - val_accuracy:
Epoch 55/200

10/10 [

792 - val_loss: 0.0408 - val_accuracy:
Epoch 56/200

10/10 [

792 — val_loss: 0.0466 - val_accuracy:
Epoch 57/200

10/10 [

479 - val_loss: 0.0383 - val_accuracy:
Epoch 58/200

10/10 [

479 - val_loss: 0.0385 - val_accuracy:
Epoch 59/200

10/10 [

375 - val_loss: 0.0483 - val_accuracy:
Epoch 60/200

10/10 [

375 - val_loss: 0.0358 - val_accuracy:
Epoch 61/200

10/10 [

271 - val_loss: 0.0428 - val_accuracy:
Epoch 62/200

10/10 [

479 - val_loss: 0.0346 - val_accuracy:
Epoch 63/200

10/10 [

583 — val_loss: 0.0343 - val_accuracy:
Epoch 64/200

10/10 [

]

75 — val_loss: 0.0334 - val_accuracy:
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Iris

1.0000

0000

1.0000

Os 10ms/step

.0000

Os 10ms/step

.0000

Os 13ms/step

.0000

Os 11ms/step

.0000

Os 11ms/step

.0000

Os 12ms/step

.0000

Os 10ms/step

.0000

Os 11ms/step

.0000

Os 10ms/step

.0000

Os 11ms/step

.0000

Os 10ms/step

.0000

Os 12ms/step

.0000

Os 12ms/step

.0000

Os 13ms/step

.0000

Os 10ms/step

.0000

Os 15ms/step

.0000

Os 29ms/step

.0000

Os 1ims/step

.0000

] - Os 10ms/step - loss:

1.

] — 0s 9ms/step - loss:

|oss:

loss:

|oss:

|oss:

|oss:

|oss:

loss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

loss:

|oss:

|oss:

|oss:

|oss:

0.1198 - accuracy:

0.1538 - accuracy:

0.1320

0.1429

0.1684

0.1285

0.1184

0.1361

0.1329

0.1436

0.1297

0.0870

0.1303

0.1196

0.1341

0.1287

0.1229

accuracy:

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

0.9

0.95

0.9

Os 9ms/step — loss: 0.1125 - accuracy: 0.93
1.0000
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Epoch
10/10
479 -
Epoch
10/10
271 -
Epoch
10/10
479 -
Epoch
10/10
479 -
Epoch
10/10
583 -
Epoch
10/10
688 -
Epoch
10/10
583 -
Epoch
10/10
479 -
Epoch
10/10
271 -
Epoch
10/10
583 -
Epoch
10/10
583 -
Epoch
10/10
479 -
Epoch
10/10
583 -
Epoch
10/10
792 -
Epoch
10/10
688 -
Epoch
10/10
688 -
Epoch
10/10
688 -
Epoch
10/10
479 -
Epoch
10/10
479 -
Epoch
10/10
583 -
Epoch
10/10
583 -
Epoch

65/200

[

val_loss:

66/200

.0356

]

val_accuracy:

[

val_loss:

67/200

.0376

]

val_accuracy:

[

val_loss:

68/200

.0368

]

val_accuracy:

[

]

val_loss:

69/200

.0355

val_accuracy:

[

val_loss:

70/200

.0336

]

val_accuracy:

[

]

val_loss:

71/200

.0383

val_accuracy:

[

]

val_loss:

72/200

.0310

val_accuracy:

[

]

val_loss:

73/200

.0331

val_accuracy:

[

]

val_loss:

74/200

.0308

val_accuracy:

[

]

val_loss:

75/200

.0390

val_accuracy:

[

]

val_loss:

76/200

.0318

val_accuracy:

[

]

val_loss:

77/200

.0304

val_accuracy:

[

]

val_loss:

78/200

.0291

val_accuracy:

[

]

val_loss:

79/200

.0302

val_accuracy:

[

]

val_loss:

80/200

.0305

val_accuracy:

[

]

val_loss:

81/200

.0279

val_accuracy:

[

]

val_loss:

82/200

.0274

val_accuracy:

[

]

val_loss:

83/200

.0333

val_accuracy:

[

]

val_loss:

84/200

.0291

val_accuracy:

[

]

val_loss:

85/200

.0250

val_accuracy:

[

]

val_loss:

86/200
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val_accuracy:
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Os 24ms/step

.0000

Os 21ms/step

.0000

0s 20ms/step

.0000

Os 17ms/step

.0000

Os 20ms/step

.0000

Os 24ms/step

.0000

Os 21ms/step

.0000

Os 12ms/step

.0000

Os 21ms/step

.0000

0s 32ms/step

.0000

Os 18ms/step

.0000

Os 18ms/step

.0000

Os 13ms/step

.0000

Os 13ms/step

.0000

Os 30ms/step

.0000

Os 33ms/step

.0000

Os 26ms/step

.0000

Os 31ms/step

.0000

Os 34ms/step

.0000

Os 23ms/step

.0000

Os 19ms/step

.0000

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

loss:

|oss:

loss:

|oss:

|oss:

|oss:

|oss:

loss:

|oss:

|oss:

|oss:

|oss:

1215

. 1389

. 1056

. 1633

1291

.1136

.1195

. 1155

. 1381

1173

. 1187

. 1165

.1023

.0944

.0934

.0926

.1016

1279

. 1052
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accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-
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accuracy:

accuracy:
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]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

10/10 [

792 - val_loss: 0.0253 - val_accuracy:
Epoch 87/200

10/10 [

688 — val_loss: 0.0242 - val_accuracy:
Epoch 88/200

10/10 [

688 — val_loss: 0.0238 — val_accuracy:
Epoch 89/200

10/10 [

688 - val_loss: 0.0232 - val_accuracy:
Epoch 90/200

10/10 [

583 - val_loss: 0.0219 - val_accuracy:
Epoch 91/200

10/10 [

583 - val_loss: 0.0222 - val_accuracy:
Epoch 92/200

10/10 [

583 — val_loss: 0.0226 - val_accuracy:
Epoch 93/200

10/10 [

688 — val_loss: 0.0259 - val_accuracy:
Epoch 94/200

10/10 [

792 - val_loss: 0.0214 - val_accuracy:
Epoch 95/200

10/10 [

583 - val_loss: 0.0271 - val_accuracy:
Epoch 96/200

10/10 [

792 - val_loss: 0.0239 - val_accuracy:
Epoch 97/200

10/10 [

79 - val_loss: 0.0216 - val_accuracy:
Epoch 98/200

10/10 [

688 - val_loss: 0.0286 - val_accuracy:
Epoch 99/200

10/10 [

792 — val_loss: 0.0212 - val_accuracy:
Epoch 100/200

10/10 [

479 - val_loss: 0.0206 - val_accuracy:
Epoch 101/200

10/10 [

792 - val_loss: 0.0195 - val_accuracy:
Epoch 102/200

10/10 [

688 - val_loss: 0.0182 - val_accuracy:
Epoch 103/200

10/10 [

271 - val_loss: 0.0180 - val_accuracy:
Epoch 104/200

10/10 [

583 - val_loss: 0.0323 - val_accuracy:
Epoch 105/200

10/10 [

479 - val_loss: 0.0207 - val_accuracy:
Epoch 106/200

10/10 [

792 — val_loss: 0.0249 - val_accuracy:
Epoch 107/200

10/10 [
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1.0000

Os 1ims/step - loss:
.0000
Os 1ims/step - loss:
.0000
Os 15ms/step — loss:
.0000
Os 16ms/step - loss:
.0000
Os 18ms/step - loss:
.0000
Os 29ms/step - loss:
.0000
Os 13ms/step - loss:
.0000
Os 10ms/step - loss:
.0000
Os 1ims/step - loss:
.0000
Os 15ms/step - loss:
.0000
Os 13ms/step - loss:
.0000
Os 9ms/step - loss:
Os 14ms/step - loss:
.0000
Os 1ims/step - loss:
.0000
Os 10ms/step — loss:
.0000
Os 13ms/step - loss:
.0000
Os 15ms/step - loss:
.0000
Os 13ms/step - loss:
.0000
Os 14ms/step - loss:
.0000
Os 12ms/step - loss:
.0000
Os 10ms/step - loss:

.0000

0.0907

0.0976

0.0925

0.0985

0.1024

0.1028

0.0828

0.0781

0.1064

0.0827

0.1078 -

0.1041

0.0864

0.1032

0.0845

0.1054

0.1394

0.1085

0.1205

0.0947

— accuracy-

— accuracy-

— accuracy-

— accuracy:

— accuracy:

— accuracy:

— accuracy-

— accuracy-

— accuracy-

— accuracy:

— accuracy:

accuracy:

— accuracy:

— accuracy-

— accuracy-

— accuracy:

— accuracy:

— accuracy:

— accuracy-

— accuracy-

— accuracy-

0.9

0.94

0.9

Os 8ms/step — loss: 0.1007 - accuracy: 0.96
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88 — val_loss:
Epoch 108/200

10/10 [

71 - val_loss:
Epoch 109/200

10/10 [

88 - val_loss:
Epoch 110/200

10/10 [

88 — val_loss:
Epoch 111/200

10/10 [

88 — val_loss:
Epoch 112/200

10/10 [

88 — val_loss:
Epoch 113/200

10/10 [

83 - val_loss:
Epoch 114/200

10/10 [

92 - val_loss:
Epoch 115/200

10/10 [

83 - val_loss:
Epoch 116/200

10/10 [

88 — val_loss:
Epoch 117/200

10/10 [

83 - val_loss:
Epoch 118/200

10/10 [

83 - val_loss:
Epoch 119/200

10/10 [

88 - val_loss:
Epoch 120/200

10/10 [

88 - val_loss:
Epoch 121/200

10/10 [

83 - val_loss:
Epoch 122/200

10/10 [

688 — val_loss:
Epoch 123/200

10/10 [

88 — val_loss:
Epoch 124/200

10/10 [

92 - val_loss:
Epoch 125/200

10/10 [

88 — val_loss:
Epoch 126/200

10/10 [

88 - val_loss:
Epoch 127/200

10/10 [

88 - val_loss:
Epoch 128/200

10/10 [

92 - val_loss:
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0.0225 - val_accuracy:
0.0226 - val_accuracy:
0.0264 - val_accuracy:
0.0217 - val_accuracy:
0.0207 - val_accuracy:
0.0261 - val_accuracy:
0.0206 - val_accuracy:
0.0192 - val_accuracy:
0.0193 - val_accuracy:
0.0188 - val_accuracy:
0.0245 - val_accuracy:
0.0171 - val_accuracy:
0.0188 - val_accuracy:
0.0204 - val_accuracy:
0.0167 - val_accuracy:
0.0177 - val_accuracy:
0.0166 - val_accuracy:
0.0170 - val_accuracy:
0.0196 - val_accuracy:
0.0162 - val_accuracy:
0.0173 - val_accuracy:
0.0199 - val_accuracy:

Iris

1.0000

] - Os 8ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 7ms/step
1.0000

] - Os 9ms/step
1.0000

] - Os 9ms/step
1.0000

] - 0s 9ms/step
1.0000

] - 0s 7ms/step
1.0000

] - 0s 7ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 6ms/step
1.0000

] - Os 8ms/step
1.0000

] - 0s 9ms/step
1.0000

] - Os 6ms/step
1.0000

] - 0s 7ms/step
1.0000

] - 0s 10ms/step

1.0000

] - Os 7ms/step
1.0000

] - Os 8ms/step
1.0000

] - Os 6ms/step
1.0000

] - Os 8ms/step
1.0000

] - Os 8ms/step
1.0000

] - Os 9ms/step
1.0000

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

- loss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

. 1461

. 1025

.0823

.0906

.0864

.1038

.0891

. 1029

.0928

.0903

.0868

. 1066

.0832

0.0862

0.0860

0.1102

0.1012

0.1039

0.1019

0.0782

0.0936

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

— accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy:

.92

.96

.96

.96

.96

.95

.97

.95

.96

.95

.95

.96

.96

0.95

0.9

0.96

0.97

0.96

0.96

0.96

0.97
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Epoch 129/200

10/10 [

83 - val_loss:

Epoch 130/200

.0147

val_accuracy:

10/10 [

79 - val_loss:

Epoch 131/200

.0173

val_accuracy:

10/10 [

88 — val_loss:

Epoch 132/200

.0170

val_accuracy:

10/10 [

83 - val_loss:

Epoch 133/200

.0190

val_accuracy:

10/10 [

88 - val_loss:

Epoch 134/200

.0166

val_accuracy:

10/10 [

83 - val_loss:

Epoch 135/200

.0176

val_accuracy:

10/10 [

92 - val_loss:

Epoch 136/200

.0168

val_accuracy:

10/10 [

96 - val_loss:

Epoch 137/200

.0159

val_accuracy:

10/10 [

92 - val_loss:

Epoch 138/200

.0169

val_accuracy:

10/10 [

92 - val_loss:

Epoch 139/200

.0159

val_accuracy:

10/10 [

92 - val_loss:

Epoch 140/200

.0175

val_accuracy:

10/10 [

88 — val_loss:

Epoch 141/200

.0163

val_accuracy:

10/10 [

83 - val_loss:

Epoch 142/200

.0162

val_accuracy:

10/10 [

83 - val_loss:

Epoch 143/200

.0182

val_accuracy:

10/10 [

92 - val_loss:

Epoch 144/200

.0156

val_accuracy:

10/10 [

88 — val_loss:

Epoch 145/200

.0160

val_accuracy:

10/10 [

88 - val_loss:

Epoch 146/200

.0162

val_accuracy:

10/10 [

92 - val_loss:

Epoch 147/200

.0141

val_accuracy:

10/10 [

92 - val_loss:

Epoch 148/200

.0164

val_accuracy:

10/10 [

92 - val_loss:

Epoch 149/200

.0182

val_accuracy:

10/10 [

92 - val_loss:

Epoch 150/200
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.0158

val_accuracy:

Iris

] - 0s 9ms/step
1.0000

] - Os 8ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 8ms/step
1.0000

] - Os 9ms/step
1.0000

] - 0s 9ms/step
1.0000

] - Os 8ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 8ms/step
1.0000

] - Os 9ms/step
1.0000

] - Os 8ms/step
1.0000

] - 0s 7ms/step
1.0000

] - 0s 9ms/step
1.0000

] - 0s 9ms/step
1.0000

] - 0s 7ms/step
1.0000

] - 0s 7ms/step
1.0000

] - Os 8ms/step
1.0000

] - 0s 9ms/step
1.0000

] - Os 8ms/step
1.0000

] - Os 9ms/step
1.0000

] - 0s 9ms/step
1.0000

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

.0899

. 1139

.0841

.1042

.0858

.0808

.0832

.0825

.0917

.0934

.0849

.0824

.0813

.0963

.0901

.0924

.0958

.0706

.0868

.0699

.0916

accuracy:

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

.95

.94

.96

.95

.96

.95

.97

.98

.97

.97

.97

.96

.95

.95

.97

.96

.96

.97

.97

.97

.97
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]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

10/10 [

792 - val_loss: 0.0157 - val_accuracy:
Epoch 151/200

10/10 [

688 — val_loss: 0.0153 - val_accuracy:
Epoch 152/200

10/10 [

688 — val_loss: 0.0144 - val_accuracy:
Epoch 153/200

10/10 [

479 - val_loss: 0.0148 - val_accuracy:
Epoch 154/200

10/10 [

583 - val_loss: 0.0165 - val_accuracy:
Epoch 155/200

10/10 [

479 - val_loss: 0.0152 - val_accuracy:
Epoch 156/200

10/10 [

792 — val_loss: 0.0215 - val_accuracy:
Epoch 157/200

10/10 [

792 — val_loss: 0.0139 - val_accuracy:
Epoch 158/200

10/10 [

792 - val_loss: 0.0146 - val_accuracy:
Epoch 159/200

10/10 [

688 - val_loss: 0.0140 - val_accuracy:
Epoch 160/200

10/10 [

688 - val_loss: 0.0131 - val_accuracy:
Epoch 161/200

10/10 [

688 - val_loss: 0.0128 - val_accuracy:
Epoch 162/200

10/10 [

792 - val_loss: 0.0152 - val_accuracy:
Epoch 163/200

10/10 [

688 — val_loss: 0.0129 - val_accuracy:
Epoch 164/200

10/10 [

583 - val_loss: 0.0131 - val_accuracy:
Epoch 165/200

10/10 [

583 - val_loss: 0.0163 - val_accuracy:
Epoch 166/200

10/10 [

92 - val_loss: 0.0137 - val_accuracy:
Epoch 167/200

10/10 [

792 - val_loss: 0.0130 - val_accuracy:
Epoch 168/200

10/10 [

792 — val_loss: 0.0126 - val_accuracy:
Epoch 169/200

10/10 [

688 — val_loss: 0.0136 — val_accuracy:
Epoch 170/200

10/10 [

688 — val_loss: 0.0118 - val_accuracy:
Epoch 171/200

10/10 [
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]

Iris

Os 1ims/step

.0000

Os 13ms/step

.0000

Os 10ms/step

.0000

Os 11ms/step

.0000

Os 11ms/step

.0000

Os 12ms/step

.0000

Os 10ms/step

.0000

Os 1ims/step

.0000

Os 1ims/step

.0000

Os 12ms/step

.0000

Os 11ms/step

.0000

Os 11ms/step

.0000

Os 12ms/step

.0000

Os 12ms/step

.0000

Os 14ms/step

.0000

Os 11ms/step

.0000

Os 9ms/step —

1.0000

Os 11ms/step

.0000

Os 10ms/step

.0000

Os 12ms/step

.0000

Os 1ims/step

.0000

Os 11ms/step

- loss:

- loss:

- loss:

- loss:

- loss:

loss:

- loss:

- loss:

- loss:

- loss:

- loss:

loss:

|oss:

|oss:

loss:

|oss:

|oss:

|oss:

loss:

|oss:

|oss:

loss:

0.0963

0.0792

0.0872

0.0887

0.1196

0.0996

0.0834

0.0825

0.0954

0.0761

0.0765

0.0849

0.1007

0.0922

0.0976

0.0821

0.0829

0.0812

0.0921

0.0842

0.0878

— accuracy-

— accuracy-

— accuracy-

— accuracy:

— accuracy:

— accuracy:

— accuracy-

— accuracy-

— accuracy-

— accuracy:

— accuracy:

— accuracy:

— accuracy:

— accuracy-

— accuracy-

— accuracy:

accuracy:

— accuracy:

— accuracy-

— accuracy-

— accuracy-

— accuracy:

0.97

0.9

0.9

0.9

0.9

0.9

11/14
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]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

]

688 - val_loss: 0.0126 - val_accuracy:
Epoch 172/200

10/10 [

583 - val_loss: 0.0136 — val_accuracy:
Epoch 173/200

10/10 [

792 — val_loss: 0.0115 - val_accuracy:
Epoch 174/200

10/10 [

792 - val_loss: 0.0108 - val_accuracy:
Epoch 175/200

10/10 [

792 - val_loss: 0.0181 val_accuracy:
Epoch 176/200

10/10 [

688 - val_loss: 0.0145 - val_accuracy:
Epoch 177/200

10/10 [

792 — val_loss: 0.0145 - val_accuracy:
Epoch 178/200

10/10 [

792 — val_loss: 0.0125 - val_accuracy:
Epoch 179/200

10/10 [

792 — val_loss: 0.0123 - val_accuracy:
Epoch 180/200

10/10 [

688 - val_loss: 0.0140 - val_accuracy:
Epoch 181/200

10/10 [

792 - val_loss: 0.0128 - val_accuracy:
Epoch 182/200

10/10 [

792 - val_loss: 0.0118 - val_accuracy:
Epoch 183/200

10/10 [

688 - val_loss: 0.0113 - val_accuracy:
Epoch 184/200

10/10 [

688 — val_loss: 0.0127 - val_accuracy:
Epoch 185/200

10/10 [

792 — val_loss: 0.0126 — val_accuracy:
Epoch 186/200

10/10 [

688 - val_loss: 0.0139 - val_accuracy:
Epoch 187/200

10/10 [

688 - val_loss: 0.0101 val_accuracy:
Epoch 188/200

10/10 [

75 - val_loss: 0.0118 - val_accuracy:

Epoch 189/200

10/10 [

]

79 - val_loss:
Epoch 190/200

0.0139

val_accuracy:

10/10 [

]

75 - val_loss:
Epoch 191/200

0.0127

val_accuracy:

10/10 [

]

88 - val_loss:
Epoch 192/200

0.0177

val_accuracy:

10/10 [

]

88 — val_loss:
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0.0117

val_accuracy:

Iris

1.0000

- 0s 12ms/step
1.0000

- 0s 12ms/step
1.0000

- 0s 14ms/step
1.0000

- 0s 11ms/step
1.0000

- 0s 11ms/step
1.0000

- 0s 11ms/step
1.0000

- 0s 12ms/step
1.0000

- 0s 12ms/step
1.0000

- 0s 12ms/step
1.0000

- 0s 11ms/step
1.0000

- 0s 11ms/step
1.0000

- 0s 10ms/step
1.0000

- 0s 11ms/step
1.0000

- 0s 11ms/step
1.0000

- 0s 13ms/step
1.0000

- 0s 13ms/step
1.0000

- 0s 9ms/step
1.0000

- 0s 9ms/step
1.0000

- 0s 7ms/step
1.0000

- 0s 9ms/step
1.0000

- 0s 7ms/step
1.0000

|oss:

|oss:

loss:

|oss:

|oss:

|oss:

|oss:

|oss:

loss:

|oss:

|oss:

|oss:

|oss:

|oss:

|oss:

loss:

loss:

loss:

loss:

loss:

loss:

0.0763

0.0848

0.0891

0.0777

0.0798

0.0875

0.0656

0.0789

0.0809

0.0672

0.0823

0.0730

0.0737

0.0778

0.0806

0.1048

0.1199

0.1085

0.1008

0.0844

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy:

0.9

0.93

0.94

0.93

0.96

0.96

12/14
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Epoch 193/200

10/10 [

92 - val_loss:

Epoch 194/200

10/10 [

88 - val_loss:

Epoch 195/200

10/10 [

83 — val_loss:

Epoch 196/200

10/10 [

88 — val_loss:

Epoch 197/200

10/10 [

88 - val_loss:

Epoch 198/200

0.0123 - val_accuracy:
0.0111 - val_accuracy:
0.0099 - val_accuracy:
0.0109 - val_accuracy:
0.0111 - val_accuracy:

10/10 [

688 - val_loss: 0.0106 - val_accuracy:

Epoch 199/200

10/10 [

88 - val_loss:

Epoch 200/200

0.0115 - val_accuracy:

10/10 [

88 - val_loss:

0.0100 - val_accuracy:

Plot the result

] - 0s 7ms/step

1.0000

] - Os 8ms/step

1.0000

] - 0s 9ms/step

1.0000

] - Os 7ms/step

1.0000

] - Os 8ms/step

1.0000

|oss:

|oss:

|oss:

|oss:

|oss:

0.0702

0.0791

0.0787

0.0804

0.0810

accuracy:

accuracy-

accuracy-

accuracy:

accuracy:

0.97

0.96

0.95

0.96

0.96

] - Os 10ms/step — loss: 0.0618 — accuracy: 0.9

1.0000

] — Os 9ms/step - loss: 0.0892 - accuracy: 0.96

1.0000

] — Os 8ms/step — loss: 0.0880 - accuracy: 0.96

1.0000

pd.DataFrame(history.history).plot(figsize=(8, 8)) #plot keys all at once
plt.grid(True) ;plt.title("Accuracy and loss of MLP");plt.xlabel("epoch")

Text (0.5, 0,

file:///C:/Users/user/Downloads/Iris.html

'epoch')
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In [21]:

Iris

Accuracy and loss of MLP

|
— loss
—— accuracy
—— val_loss
—— val_accuracy
1.0
0.8 '
0.6 i
0.4
0.2 \"W
0 25 50 75 100 125 150 175 200
epoch
Testing the model
S50 s 2E=2 Hotdt= S HOIC
CIOIEHE load ot= HHZRH 0Ol2l Sclotd &S50 83 AFSE X X2 test GIOIEA
score = model.evaluate(X_test, y_test)
print("Test loss:", score[0])
print("Test accuracy:", score[1])

71
0

Test loss:
Test accuracy:

0.019313892349600792
1.0

file:///C:/Users/user/Downloads/Iris.html

] - 0s 53ms/step - loss: 0.0193 - accuracy: 1.000
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A CNN example with fashion MNIST

Setup

import numpy as np # numpy= F=Xol&dE HOIM 20lEXHEIZ npele S2UHZ import
import pandas as pd # OIOIE Xc2lE st 2t0lEHeI0ICH. pdetes S2HZ importstCh
import matplotlib.pyplot as plt #matplotlib2 ANAEE XNEL D=z =2 Al23tot= etC

from tensorflow import keras # Tensorflow®Z S E kerasE importstCh.
from tensorflow.keras import layers # tensorflow2 AEIMIIX QI kerasE2 FH ZEd

Prepare the data

HIOIE A= =Hldl= BHEOICH.
HOIEHHE 2421 JI30tH train I testdle =z )
x = 50 MEEH= 2 OOEHE 20lotH y= LEE xE Soll 6 &otHOoF ot=
# 218 SS0A S0 28ce 2422 A=010. &, 8l S50AdsE 2ASHE2Z2 ¢
num classes =
# &S0 ALE
input_shape =

ot
i
=)

10
= GoHS &S 0lcl doi== S HOICH. Ol SIS0 A= fasion m
(28, 28, 1)

t= & O0ICH.

# kerasJt M 30oH=&= datasets = fasion_mistES Z &5
= keras.datasets. fashion_mnist. |oac

(x_train, y_train_class), (x_test, y_test_class)

#0 26 255JtHK EEEHN Jes x2 0 E6H 1I0XN2 AHLE == UHOICH. astype(”"
x_train = x_train.astype("float32") / 255

x_test = x_test.astype("float32") / 255

# fashon mnistOlOIEE JI2 X A2, 28 X 28 GIOIEH 02| &0 OI2 (28, 28, 1)2 &t
x_train = np.expand_dims(x_train, —-1)

x_test = np.expand_dims(x_test, —1)

# RS2 X2 22 & HOIHe NS AE
print("x_train shape:", x_train.shape)
print(x_train.shape[0], "train samples")
print(x_test.shape[0], "test samples")

oz E0Igt)| ol printE AIE¢

Hr

ol

0 28 90X HY=st =X=Z2 0IFTHM J=s yE It Del A2 HiolHel matrix2 B2
HE S0 yIot 0 2H 9 MKl i = 3 0lctH StHI D2l Ao diolH el matrix=2 €
y_train = keras.utils.to_categorical(y_train_class, num_classes)

y_test = keras.utils.to_categorical(y_test_class, num_classes)

#
#

x_train shape: (60000, 28, 28, 1)
60000 train samples
10000 test samples

labels = ['T-shirt/top', 'Trouser', 'Pullover', 'Dress', 'Coat', 'Sandal', 'Shirt"',
# plot0l DA Xl= windowl AFOIEE x= 5, y= 52 KN ASCH. (2= inchOICH)
plt.figure(figsize=(5, 5))
for i in range(9):
ax = plt.subplot(3, 3, i + 1) #3x3 subplotS 2= 0|0IX2 f[XE iJF SIIE0
plt.imshow(x_train[i], cmap='gray') # grayscale_J Ol0IXI2 Al23taH=CF.
plt.title(labels[y_train_class[i]]) #2 plot2 M=2 Xl =CH
plt.axis("off") # S0 &8t 42 "off" 2 XNAHGIH x=, y=ES EAIGHX $=C.

file:///C:/Users/user/Downloads/fashionmnist_convnet.html 1/7



23.8.2. 2% 6:30 fashionmnist_convnet

Ankle boot T-shirt/top T-shirt/top

T-shirt/top

1}

Pullover

Sneaker Sandal

Build the model

2ds Mdost= UAOICH.
keras.Sequential@ AHAHE 28 HOIHE =HUZ AHAIHA F

model = keras.Sequential(

[
# Y N input XtA =2 H2SHCH. input_shape= <0
keras. Input (shape=input_shape),

=

# Max pooling layerE& & QA SHCH. pool_size= poolingll AFE &= HE S A0

layers.MaxPool ing2D(pool_size=(2, 2)),

# 2D Convolution layerE & ASHCH. (14, 14, 64)9 =
(

layers.Conv2D( 128, kernel_size=

# 20 Convolution layerE & AHSHCEH.
layers.Conv2D( 128, kernel_size=(

# Max pooling layer& S QASHCH. (14, 14, 128)2 OIOIEDJF (7, 7,

layers.MaxPooling2D0(pool_size=(2, 2)),

(7, 7, 128)2 &=

=

# 20 Convolution layerE & A sHO
layers.Conv2D(256, kernel_size=/(

(7,7, 256)2 23

file:///C:/Users/user/Downloads/fashionmnist_convnet.html

Ol04 OteHet &¢C

doled e

Convolution laye
ayers.Conv20(64, kernel_size=(7, 7), activation="relu", padding="same"),

# 2D Convolution layerE & ASHCH. 64= ZHO 22

# HE A0l Z= Convolution H&ZS st HE2 AMOEZE Hlst HOIMH, activa
# =, (28, 28, 1)2 GIOIEIDF (28, 28, 64)2 2AJ|E2 HEE

|

} HOIE= 0l (14,
3, 3), activation="relu", padding="same"),

(14, 14, 128)29 2=

b HiolE= ol (14,
3, 3), activation="relu", padding="same"),

128)8 HHEE

F. diolel= ol& (7, 7, 2
3, 3), activation="relu", padding="same"),

} o= ol& (7, 7, 2
3, 3), activation="relu", padding="same"),

2/7
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)

# Ktalol

fashionmnist_convnet

# Max pooling layerS & QSHCH. (7, 7, 256)2 CGIOIEIJF (3, 3, 256)2 HE =L
layers.MaxPooling20(pool_size=(2, 2)),

# Fully connected layerOll =23t & (3, 3, 256)2 3x2 GOEHE 1A dC
# &, OOIEl ZJ|l= 3X3X256 Q2! 23047 & Ch.
layers.Flatten(),

# Fully connected layerE & 9ol =CH. 23042 input GIOIEHHE &0F & 1282 C
layers.Dense(128, activation="relu"),

EX H=S=2 HEGHH =2 HIZ24H3 ot= DropoutdOl0f OICH. & XH 128742
# Dropout= ot= O = S48 d%9H= featurell @ W EotH ESoH0 2 MGH
layers.Dropout (0.5

# Fully connected layer& & 9ol =CH. 1282 input CIOIEIE 20 & 642 OIC
layers.Dense(64, activation="relu"),

rr

[= }

i

a

i

0z
tol

# S8 22 HAEDA ot= Dropoutdl Ol OICH. & X 6442
)

layers.Dropout (0.5),

# Fully connected layerE & %ol &Ct. =3 layer0lJ] WHE0 &= 3dt= Ol Ol H
# softmaxE MESE=Z AN ST es gt st 8.
layers.Dense(num_classes, activation="softmax"),

Ja
ro
g
A
80
=
il
[3¢)
I
rir
0o
I
=)
a

gt 2EW o2 XE HIlE =22
)

mode | . summary(

file:///C:/Users/user/Downloads/fashionmnist_convnet.html
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fashionmnist_convnet

Model: "sequential"

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 28, 28, 64) 3200
?ax_pooling2d (MaxPooling2D (None, 14, 14, 64) 0
conv2d_1 (Conv2D) (None, 14, 14, 128) 73856
conv2d_2 (Conv2D) (None, 14, 14, 128) 147584
max_pooling2d_1 (MaxPooling (None, 7, 7, 128) 0

2D)

conv2d_3 (Conv2D) (None, 7, 7, 256) 295168
conv2d_4 (Conv2D) (None, 7, 7, 256) 590080
max_pooling2d_2 (MaxPooling (None, 3, 3, 256) 0

20)

flatten (Flatten) (None, 2304) 0
dense (Dense) (None, 128) 295040
dropout (Dropout) (None, 128) 0
dense_1 (Dense) (None, 64) 8256
dropout_1 (Dropout) (None, 64) 0
dense_2 (Dense) (None, 10) 650

Total params: 1,413,834
Trainable params: 1,413,834
Non-trainable params: O

Train the model

Td8 2= 0180t 2MzE sfs= ot HEHO0ICH.
# 8t HIXIO SO0Jt= GIoIES H+=E sttt UF B2 CIOIHE & Xt €29 0

batch_size = 4096
# train HIOIHE M2 EEdle X2

epochs = 25

N
o
e
kJ
x
e
ol
O

©=Z A train C

# 2= MY ot SHOICH. 22 Holdle HEUHMNH ASEZE=E losse metricsE &

mode| . compile(loss="categorical_crossentropy", optimizer="adam", metrics=["accuracy'

# 240 Mz st&s5= AMEGHH ot= &=0[Ct.

# &850 AI2C = x, v HIOIEHE 2256+, batch_size? epochsE &AQol & £ UL,

# validation_splitE 0.12 &H2otFIl W20 train HIOIEH=S 10HHMEE ZAE A &tot
history = model.fit(x_train, y_train, batch_size=batch_size, epochs=epochs, validat

file:///C:/Users/user/Downloads/fashionmnist_convnet.html
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Epoch 1/25

14/14 [

0.2451 - val_loss:

Epoch 2/25

1.3127

- val_accura

14/14 [
4977 - val_loss:
Epoch 3/25

0.8125

]

val_accuracy:

14/14 |
6269 - val_loss:
Epoch 4/25

0.6717

]

val_accuracy:

14/14 |

]

6794 - val_loss:
Epoch 5/25

0.6007

val_accuracy:

14/14 |
7192 - val_loss:
Epoch 6/25

0.5389

]

val_accuracy:

14/14 |

]

7525 - val_loss:
Epoch 7/25

0.4958

val_accuracy:

14/14 [

]

7737 - val_loss:
Epoch 8/25

0.4573

val_accuracy:

14/14 [

]

7959 - val_loss:
Epoch 9/25

0.4369

val_accuracy:

14/14 [

]

8090 - val_loss:
Epoch 10/25

0.4190

val_accuracy:

14/14 |

]

8201 - val_loss:
Epoch 11/25

0.4040

val_accuracy:

14/14 |

]

8317 - val_loss:
Epoch 12/25

0.3729

val_accuracy:

14/14 |

]

8369 - val_loss:
Epoch 13/25

0.3633

val_accuracy:

14/14 [

]

8462 - val_loss:
Epoch 14/25

0.3434

val_accuracy:

14/14 [

]

8554 - val_loss:
Epoch 15/25

0.3316

val_accuracy:

14/14 [

]

8587 - val_loss:
Epoch 16/25

0.3358

val_accuracy:

14/14 |

]

8631 - val_loss:
Epoch 17/25

0.3403

val_accuracy:

14/14 |

]

8673 - val_loss:
Epoch 18/25

0.3073

val_accuracy:

14/14 |

]

8762 - val_loss:
Epoch 19/25

0.3038

val_accuracy:

14/14 [

]

8739 - val_loss:
Epoch 20/25

0.3075

val_accuracy:

14/14 [

]

8817 - val_loss:
Epoch 21/25

0.3275

val_accuracy:

14/14 [

]

8791 - val_loss:
Epoch 22/25

0.3193

val_accuracy:

fashionmnist_convnet

cy: 0.5852

- B5s 381ms/step
0.7308

- bs 387ms/step
0.7483

- 5s 388ms/step
0.7870

- 5s 390ms/step
0.7990

- 6s 396ms/step
0.8197

- 6s 406ms/step
0.8335

- 6s 410ms/step
0.8430

- 6s 399ms/step
0.8517

- 6s 416ms/step
0.8527

- 6s 405ms/step
0.8668

- Bs 422ms/step
0.8663

- 6s 414ms/step
0.8753

- B6s 426ms/step
0.8777

- 6s 421ms/step
0.8807

- 6s 434ms/step
0.8737

- Bs 424ms/step
0.8863

- 6s 435ms/step
0.8893

- 6s 429ms/step
0.8943

- 6s 428ms/step
0.8883

- 6s 415ms/step
0.8842

|oss:

|oss:

loss:

loss:

loss:

|oss:

|oss:

|oss:

loss:

loss:

loss:

loss:

|oss:

|oss:

loss:

loss:

loss:

|oss:

|oss:

|oss:

1.3818

1.0407

0.8913

0.7776

0.6852

0.6265

0.5815

0.5435

0.4815

0.4645

0.4443

0.4095

0.3990

0.3870

0.3719

0.3631

0.3534

0.3536

] — 34s 754ms/step — loss: 2.0183 - accuracy:

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-
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14/14 [ ] - 6s 417ms/step
8851 — val_loss: 0.2841 - val_accuracy: 0.8963

Epoch 23/25

14/14 [ ] - 6s 425ms/step
8896 — val_loss: 0.2783 - val_accuracy: 0.8985

Epoch 24/25

14/14 [ ] - 6s 416ms/step
8932 - val_loss: 0.2903 - val_accuracy: 0.8950

Epoch 25/25

14/14 [ ] - 6s 425ms/step
8940 - val_loss: 0.2745 - val_accuracy: 0.9047

loss: 0.3438 - accuracy: 0.

loss: 0.3267 — accuracy: O.

loss: 0.3202 - accuracy: 0.

loss: 0.3140

accuracy: 0.

Evaluate the trained model

import matplotlib.pyplot as plt #matplotlib XANEE XNHEL delZ=x Al 23tot= 2tC

pd.DataFrame(history.history).plot(figsize=(8, 8)) #plot keys all at once
plt.grid(True) ;plt.title("Accuracy and loss of MLP");plt.xlabel("epoch")

Text(0.5, 0, 'epoch')

Accuracy and loss of MLP

— loss
2.00 —— accuracy
— val_loss
— val_accuracy
1.75 1
1.50 7
1.25 4
1.00 +
0.75 A
0.50 +
0.25 +
T T T T T T
0 5 10 15 20 25
epoch
S50 g 2= dotot= SAHOICH.
HOIEHE load ot= SHRH 0Olcl Z2clotd &S50 8o MEZA ZE test HOIEHS
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# test OIOIH S 2250 22 HEIt, 1 = loss® accuracyE = stlt.
# verboseE 022 HFSIUI =0 TGz XMNBUI HEAl DX 2=Ch.
score = model.evaluate(x_test, y_test, verbose=0)

print("Test loss:", score[0])

print("Test accuracy:", score[1])

Test loss: 0.2858674228191376
Test accuracy: 0.8991000056266785

file:///C:/Users/user/Downloads/fashionmnist_convnet.html 77
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A CNN example with AlexNet

Setup

import numpy as np #numpy= =XloH&E MOIN 2t0IEHEIZ npete SLHZEZ importst
from tensorflow import keras #Tensorflow 2.0 £E KerasJdt LW MIIXEZ2 ZET AL
from tensorflow.keras import layers #tensorflow2 MEIHI| X kerasE FH Z &0

Prepare the data

CIOIE A& Z=Hdlot
CIOIEE 22121
x = S50 ALEE

& OICh.
20l train It testAle 2 =2c2lstCt.
2l HOoIHE 2DbloltH y= 28E xE Sol 0l ASHHOF ol=

-

Hr:ﬂﬂr

# 23 SSHM S0 228 S22 A=010. =5, 8 Ss50liMds ASE2Z &
num_classes = 10

# S50 A& = OOIHS XHAAZS 0l dAHof== SHOICH. Ol SHS0H M= fasion m
input_shape = (28, 28, 1)

# kerasJt M 30dHl=& datasets = mistS = E&aot= L AO0|LCt.
(x_train, y_train), (x_test, y_test) = keras.datasets.mnist. load_data()

#0 26 255JtHK EEEHN JesE x2E 0 26 10XN2 AHLE == UHOICH. astype(”
x_train = x_train.astype(“f|oat32“) / 255

Xx_test = x_test.astype("float32") / 255

# mnistUlOlEl= JI2 X A2, 28 X 28 GIOIE 0l2] =0 0l (28, 28, 1)2 =&l =
x_train = np.expand_dims(x_train, —-1)

x_test = np.expand_dims(x_test, —1)

# 2EHCZ MM 224 HOHS S MY =22 2005t 2ol printS AIEE
print("x_train shape:", x_train.shape)

print(x_train.shape[0], "train samples")

print(x_test.shape[0], "test samples")

ol

#0 26 90X thx=st =2 0IFHMN U= y=E JtHD22 A2 BIOIHEl matrixe HE
#O0E =0 yIt 0 2H 9 NtA 2L = 3 012tH ItEl22l A2 BtolHeEl matrix2 E
y_train = keras.utils.to_categorical(y_train, num_classes)

y_test = keras.utils.to_categorical(y_test, num_classes)

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras—-datasets/mn
ist.npz

11490434/11490434 | ] - 0s Ous/step

x_train shape: (60000, 28, 28, 1)

60000 train samples

10000 test samples

Build the model

2ds MdostE BAEOICH. OlHME=E F8dles L2 AlexNetOlete 220/ H
AlexNet2 2012 ImageNet ILSVRC challenge®lA JIE HHHE A2 20F=qAE 2 E
keras.Sequential2 AAHE 28 HOIHE =AUHZE AAIH == &£00H Ot &2C

mode| = keras.Sequential(

file:///C:/Users/user/Downloads/AlexNet_ MNIST.html 1/6



23.8.2. 2% 6:30

)

# K40l

AlexNet_MNIST

# OFE AN input XHRS AISHCE. input_shapes <10 CIOIE M2l BEOMA (
keras. Input (shape=input_shape),

# 2D Convolution layer& M XSHCH. 96= ZEHO M2 M (28, 28, 1)2 OIC
# HE AMOIZ= Convolution H&S ?—I@ HEel AIOI2E HoIst H0IHH, activa
# =, (28, 28, 1) HOIEII (5, 5, 96)2 AJ|2 HetE = Convolution layerC
layers.Conv2D(96, kernel_size=(11, 11), strides=(4, 4), activation="relu", ¢
# Max pooling layerE & AHSHCH. pool_size= poolinglll AHE&E = HE 2 A0
layers.MaxPooling2D(pool_size=(3, 3), strides=(2, 2), padding="valid"),

# 2D Convolution layer2 AECH. (2, 2, 96)2 23 [HIOIEHE 0l (2, 2, 25
layers. Conv2D(256, kernel_size=(5, 5), strides=(1, 1), activation="relu", p¢
# Max pooling layerE & AHSICEH. pool_size= poolingll AFE &= HE LS AJ]0I
layers.MaxPool ing2D(pool_size=(2, 2), strides=(2, 2), padding="valid"),

# 20 Convolution layerE & QSHCH. (1, 1, 256)2 2 HOIH= OlF (1, 1, 3
layers. Conv2D(384, kernel_size=(3, 3 , activation="relu", padding="same"),
# 2D Convolution layer& & 8HCEH. (1, 1, 256)2 &= HOIEH= OlF (1, 1, 3
layers. Conv2D(384, kernel_size=(3, 3), activation="relu", padding="same"),
# 20 Convolution layerS &AASCH. (1, 1, 256)2 2 HOIEHE 0= (1, 1, 2
layers. Conv2D(256, kernel_size=(3, 3) activation="relu", padding="same"),
# Fully connected layer®il ®&alJl & (1, 1, 256)2 3x& CIOIEHE 1X& OC
# =, OOIE ZJl= 1X1X256 QI 256} =L,

layers.Flatten(),

# Fully connected layer& & Aaoll =CH. 2562 input CIOIEHE £0F & 40962 C
layers.Dense (4096, activation="relu"),

(@)

# S8 U2 HE0H “EE HIZ243 o= Dropoutdl 0] Of OIIZP S TH 409601 €
# Dropout2 ot= 0l® t S&d &YH= featuredl @ W EGHH E S0t LMt
layers.Dropout (0.5),

# Fully connected layerE &G =CH. 40962 input GIOIEHE &0t & 40962

layers.Dense (4096, activation="relu"),

# Fully connected layerE & Aol &Ct. =3 layer0lJ] (20 =& dt= Ol Ol H
# softmaxE MEBEHC=ZAN &&= at=S E st St
layers.Dense(num_classes, activation="softmax"),

2= 220 HOoHS XN s

Hr
10
Iy
I
e
o
1
50
=
i
2]
1
rr
0
1
o
[w)

mode| . summary ()

file:///C:/Users/user/Downloads/AlexNet_ MNIST.html
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AlexNet_MNIST
Model: "sequential"

Layer (type) Output Shape Param #
conv2d (Conv2D) (None, 5, 5, 96) 1712
?ax_pooling2d (MaxPooling2D (None, 2, 2, 96) 0
conv2d_1 (ConvaD) (None, 2, 2, 256) 614656
max_pooling2d_1 (MaxPooling (None, 1, 1, 256) 0

20)

conv2d_2 (Conv2D) (None, 1, 1, 384) 885120
conv2d_3 (Conv2D) (None, 1, 1, 384) 1327488
conv2d_4 (Conv2D) (None, 1, 1, 256) 884992
flatten (Flatten) (None, 256) 0

dense (Dense) (None, 4096) 1052672
dropout (Dropout) (None, 4096) 0
dense_1 (Dense) (None, 4096) 16781312
dense_2 (Dense) (None, 10) 40970

Total params: 21,598,922
Trainable params: 21,598,922
Non-trainable params: O

Train the model

_?__

0x
ot
10
2
o

Ol8ctH AHMZ sts= ddots LHEOICH.

# S BIXIO S0HIt= OIOIHS 2H+2 HOSICH. U 22 HOHE 8 BHXIN €2% 0
batch_size = 4096

# train CIOIEHHE N8 2Zd6l= A= 1 epochetl) SHCH., 252t) A AHGH S22 M train €
epochs = 25

# 2= MY of= HAHAOD. 2EL=S dlict=s HEHUAM AMEBEE= losset metricsE &

model . compile(loss="categorical_crossentropy", optimizer="adam", metrics=["accuracy'

L0l Nz 52 ot= &=0|Ct.

S50 AI2C = x, v HIOIEHE 2236+, batch_size? epochsE &d2 & £ UL,
validation_split2 0. o | HEZ0l train HIOIEH=S 1I0HMEE 2 AE H &Gt
istory = model.fit(x_train, vy , batch_size=batch_size, epochs=epochs, validat

O o H

file:///C:/Users/user/Downloads/AlexNet_ MNIST.html
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Epoch 1/25

14/14 [

0.1351 - val_loss: 2.3513

Epoch 2/25

AlexNet MNIST

- val_accuracy: 0.0978

14/14 [
1125 - val_loss:
Epoch 3/25

.2362

]

val_accuracy:

14/14 |
2305 - val_loss:
Epoch 4/25

.8203

]

val_accuracy:

14/14 |

]

3160 - val_loss:
Epoch 5/25

.5158

val_accuracy:

14/14 |
4154 - val_loss:
Epoch 6/25

.2929

]

val_accuracy:

14/14 |

]

4797 - val_loss:
Epoch 7/25

.1245

val_accuracy:

14/14 [

]

5368 - val_loss:
Epoch 8/25

.9574

val_accuracy:

14/14 [

]

5540 - val_loss:
Epoch 9/25

.9071

val_accuracy:

14/14 [

]

6029 - val_loss:
Epoch 10/25

.8350

val_accuracy:

14/14 |

]

5949 - val_loss:
Epoch 11/25

.0895

val_accuracy:

14/14 |

]

5869 - val_loss:
Epoch 12/25

.7819

val_accuracy:

14/14 |

]

7033 - val_loss:
Epoch 13/25

.6157

val_accuracy:

14/14 [

]

7943 - val_loss:
Epoch 14/25

.4860

val_accuracy:

14/14 [

]

8470 - val_loss:
Epoch 15/25

.3903

val_accuracy:

14/14 [

]

8776 - val_loss:
Epoch 16/25

.3544

val_accuracy:

14/14 |

]

9046 - val_loss:
Epoch 17/25

.2558

val_accuracy:

14/14 |

]

9205 - val_loss:
Epoch 18/25

.2430

val_accuracy:

14/14 |

]

9391 - val_loss:
Epoch 19/25

.1738

val_accuracy:

14/14 [

]

9534 - val_loss:
Epoch 20/25

. 1348

val_accuracy:

14/14 [

]

9651 - val_loss:
Epoch 21/25

. 1284

val_accuracy:

14/14 [

]

9692 - val_loss:
Epoch 22/25

0

L1170
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val_accuracy:

- 3s 190ms/step
0.1668

- 3s 194ms/step
0.2693

- 3s 203ms/step
0.3927

- 3s 194ms/step
0.4512

- 3s 201ms/step
0.5192

- 3s 198ms/step
0.5890

- 3s 204ms/step
0.5985

- 3s 200ms/step
0.6387

- 3s 198ms/step
0.5303

- 3s 199ms/step
0.6748

- 3s 199ms/step
0.7787

- 3s 207ms/step
0.8427

- 3s 198ms/step
0.8770

- 3s 198ms/step
0.8907

- 3s 204ms/step
0.9250

- 3s 203ms/step
0.9297

- 3s 198ms/step
0.9540

- 3s 199ms/step
0.9637

- 3s 197ms/step
0.9658

- 3s 205ms/step
0.9680

|oss:

|oss:

loss:

loss:

loss:

|oss:

|oss:

|oss:

loss:

loss:

loss:

loss:

|oss:

|oss:

loss:

loss:

loss:

|oss:

|oss:

|oss:

2.2963

2.0591

1.7396

1.4390

1.2346

1.0770

0.9906

0.9893

0.7602

0.5852

0.4700

0.3889

0.3223

0.2698

0.1629

0.1281

0.1092

] - 30s 479ms/step — loss: 2.2721 - accuracy:

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-

accuracy:

accuracy:

accuracy:

accuracy-

accuracy-

accuracy-
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AlexNet_MNIST

14/14 | ] — 3s 199ms/step - loss: 0.0956 - accuracy: 0.
9735 - val_loss: 0.1163 - val_accuracy: 0.9692
Epoch 23/25
14/14 | ] — 3s 198ms/step - loss: 0.0846 - accuracy: 0.
9759 - val_loss: 0.0978 - val_accuracy: 0.9740
Epoch 24/25
14/14 | ] - 3s 207ms/step - loss: 0.0734 - accuracy: 0.
9795 - val_loss: 0.0959 - val_accuracy: 0.9748
Epoch 25/25
14/14 [ ] - 3s 198ms/step - loss: 0.0617 - accuracy: 0.
9823 - val_loss: 0.0906 - val_accuracy: 0.9768
Evaluate the trained model
import matplotlib.pyplot as plt #matplotlib® XAN=E XEL delZ=Z Al 2stote 2tC
impor t pandas as pd
pd.DataFrame(history.history).plot(figsize=(8, 8)) #plot keys all at once
plt.grid(True) ;plt.title("Accuracy and loss of MLP");plt.xlabel("epoch")
Text(0.5, 0, 'epoch')
Accuracy and loss of MLP
— loss
—— accuracy
— val_loss
— val_accuracy
2.0 1
1.5
1.0
0.5 1
0.0
0 5 10 15 20 25
epoch
S350 S2E 29= Hotcts SHAHOICH
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S50 M5 AFESE X 22 test GIOIE4

23.8.2. 2% 6:30
o) CtHEH 0lel Eclot:

CIOIE{E load ot=

loss®t accuracys =& stHL).

# test HOIH S &8otW 22 EIt, 1 =
t HA =X @=C.

# verboseE 022 HFSIAI W0 G=xz XHGHIE
score = model.evaluate(x_test, y_test, verbose=0)

print("Test loss:", scorel[0])
print("Test accuracy:", score[1])

Test loss: 0.10491205006837845
Test accuracy: 0.9718999862670898

6/6
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cat_dog_image_classification_ResNET_34

A CNN example with ResNet

Introduction

This example shows how to do image classification from scratch, starting from JPEG image

files on disk, without leveraging pre-trained weights or a pre-made Keras Application model.

We demonstrate the workflow on the Kaggle Cats vs Dogs binary classification dataset.

We use the image_dataset_from_directory utility to generate the datasets, and we use

Keras image preprocessing layers for image standardization and data augmentation.

Setup

import numpy as np # numpy= =XloH&E& WOIN 2t0lE2 & npete S0

impor t

import pandas as pd # Ol Xc2lE A& 2t0|EZ22IO0ICH. pdet= E2UHZ importsHCh
import matplotlib.pyplot as plt #matplotlib2 XANEE XEL DeiZZ Al2stot= etC

import tensorflow as tf #Tensorflow 2.0 £& KerasJdt WS WIIXNE Z& Z/ACH. I

from tensorflow import keras #TensorflowZ S & kerasE importstCt.
from tensorflow.keras import layers #tensorflow2 MEII|I X kerasZ FH

Load the data: the Cats vs Dogs dataset

Raw data download

First, let's download the 786M ZIP archive of the raw data:

# l= CollabOllA cls2 & BEHE =&ot)|l fg SEHO0ICH
OteH HIA0NAM IHEs OGRE 2ote YO OICH.

i

2ol

!curl -0 https://download.microsoft.com/download/3/E/1/3E1C3F21-ECDB-4869-8368—-6DEBA

% Total % Received % Xferd Average Speed Time Time Time Current

Dload Upload Total Spent Left Speed

100 786M 100 786M 0 0 114M 0 0:00:06 0:00:06 —=:==:=— 120M

# 2 OOIHI zipezg =ZNH UAJ| =0 £==2 oM ot= HEAHOICH.
lunzip —q kagglecatsanddogs_5340.zip

# &M 20 M 2lAEE £EEote B3 HOIC. 250 oA A =0 &=
I'ls
CDLA-Permissive-2.0.pdf Pet Images sample_data

kagglecatsanddogs_5340.zip 'readme[1].txt'

Now we have a PetImages folder which contain two subfolders, Cat and Dog . Each
subfolder contains image files for each category.

# PetImages,
# S5 =5

o Ji¥

e
=i (o)

| SIS0l AR EI00F Gt GIOIEIl AFRIOI S0f
| 2 =

G2 Cat, DogJdt =8 &M Ol= Cat At&O|

i Jon

| D
2
I'l's PetImages

Cat Dog
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cat_dog_image_classification_ResNET_34

Filter out corrupted images

When working with lots of real-world image data, corrupted images are a common
occurence. Let's filter out badly-encoded images that do not feature the string "JFIF" in their

header.

2t 22 It =& S1E Ies Z2dUle L0l
AN OI0IXKIE &0 &2Zcte 22 012 20 MA IS ZdUlles &0l 2 R6HC
import os # DEE Soll 2l=sA & HHHE AMSotI| {8 2024 2l0lC.
#ONE O MAEE =0olgt)| st B 40|C
num_skipped = 0
# folder_name 2 =AUHZ "Cat" It "Dog"Z= Yot Bt=E=2=2 A S,
for folder_name in ("Cat", "Dog"):
# 325 X HstCh. os.path.join2 B QX2 SEHM oAX0 WE 20 Z2&6H0
# =, folder_name 0| "Cat" 2 &% folder_path = "PetlImagestCat"Ol & Ct.
folder_path = os.path.join("PetImages", folder_name)
# os.listdir2 2XtE E0HE Bz &9 2 WtY=2 2|28 ot= &=0/Ct. = fnam
for fname in os.listdir(folder_path):
# S 22 OIY 0/ES 2800 &8st I d2E MHSHC.
fpath = os.path.join(folder_path, fname)
#try 222 U Adotn O 43 A R &230] finallyE & &5t
try:
# OI0IX mIt2=2 EHECH. rbe HtolHe A2 s ZHECe 2010
fobj = open(fpath, "rb")
# OI0I K 1Y QtOll =XHotsE A2 10JHS HIOlUEl TIOIHEZE jfif galeoz
# is_jfife OIOIXIDI &&= AL [0,0,0,0,0,....,0]e2 ESCI| W
is_jfif = tf.compat.as_bytes("JFIF") in fobj.peek(10)
finally:
# OI0I X OIYsS ©Ot=CH.
fobj.close()
# is_jfifot 020 B2, = 00Xt &4&E ZR num_skippedl H+E 1 SHF1

if not
num_skipped += 1
# Delete corrupted image
os.remove(fpath)

# ZASHCSZ EIHe 001X It

is_jfif:

AL NAF=AEX

20I5tJ| A8 printE OICH.

print("Deleted %d images" % num_skipped)

Deleted 1590 images

Generate a Dataset

CIOIE A= train GIOIE{2F validation@& USs0H == 2200,
# 2= &AH & M input_sizeE X &HoH =D ol & imagel AJIE HASLCH. HE
image_size = (180, 180)
# S BIXIO =S0Jl= OIO0IES =5 X&ol =Ct.
batch_size = 128
# 249 HOIHE &=20l0 train GIOIEH A1 validation GIOIEH AsS 2elstCh.
# Petlmages 2242 HOIHE &26lH, 20HAEC2 HOIEIS validation@ 2 AFZ8HCH.
# subset2 BHEtot= OIO0IE 2l subset=2 &2lot= @ XOICH. train, validatoin, both =

file:///C:/Users/user/Downloads/cat_dog_image_classification_ResNET_34.html
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# seed= HEOHH validation HIOIEHHE A&GHI =0 0 HE #HE AMEE NE &

train_ds, val_ds = tf.keras.utils. image_dataset_from_directory(
"PetImages"”,
validation_split=0.2,
subset="both",
seed=1337,
image_size=image_size,
batch_size=batch_size,

23.8.2. 2% 6:27

)

Found 23410 files belonging to 2 classes.
Using 18728 files for training.
Using 4682 files for validation.

Visualize the data

Here are the first 9 images in the training dataset. As you can see, label 1 is "dog" and label

0 is "cat".

C22E & HOHE A5 6t =22 &0lgt= BHAEOICH.
S3E50 82 0Xe 222 ol 2 F HOoIHE =22 &0l5tn st5e |SHE 2
label_names = ['cat', 'dog']

# = 92 OI0IXIE subplote 2 =& 0O 2 0l0IXI2 AFOI=E (10, 10)e 2 A
plt.figure(figsize=(10, 10))
# pythonll take&+E OlZdol HHXI 1JH2 images®2t 1 labelsE F=Z8tCt. batch_sizeE
for images, labels in train_ds.take(1):
for i in range(9):

# AE = subplote 3D /AXE Holdte E20IC.

ax = plt.subplot(3, 3, i + 1)

# Ol0IXIE EAlots £20ICt.

plt.imshow(images[i].numpy().astype('uint8"))

# subplot2l title2 oY OI0IXI2 label2 E AlGH

plt.title(label_names[int(labels[i])])

# plote =2 NS22M & O Z306tAH OI0IXE &2l & == UL,

plt.axis("off")

rr
gl
ML
o
O
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Using image data augmentation

When you don't have a large image dataset, it's a good practice to artificially introduce
sample diversity by applying random yet realistic transformations to the training images,
such as random horizontal flipping or small random rotations. This helps expose the model
to different aspects of the training data while slowing down overfitting.

OOt =8 2 eHEotH OIOIHE &l lE22 MAE OOIEHE ALESHC
Of &Hl= LGt Ol0IXNE S8 3Notle LE2 MH6t= HHOICH.

data_augmentation = keras.Sequential(
[
layers.RandomF | ip("horizontal"),
layers.RandomRotation(0.1),

Let's visualize what the augmented samples look like, by applying data_augmentation
repeatedly to the first image in the dataset:
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Jo

# A0 A &AHSH data_augmentatione Z2UE =22
plt.figure(figsize=(10, 10))
for images, _ in train_ds.take(1):
for i in range(9):
augmented_images = data_augmentation(images)
ax = plt.subplot(3, 3, i + 1)
plt.imshow(augmented_images[0].numpy().astype("uint8"))
plt.axis("off")

Standardizing the data

Our image are already in a standard size (180x180), as they are being yielded as contiguous

float32 batches by our dataset. However, their RGB channel values are in the [0, 255]
range. This is not ideal for a neural network; in general you should seek to make your input
values small. Here, we will standardize values to be in the [0, 1] by usinga Rescaling

layer at the start of our model.

Configure the dataset for performance

file:///C:/Users/user/Downloads/cat_dog_image_classification_ResNET_34.html
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Let's apply data augmentation to our training dataset, and let's make sure to use buffered
prefetching so we can yield data from disk without having I/O becoming blocking:

HF

data_augmentation2 train OIOIE A0 =ZAl3I 2 =20|Ct.

# tensorflow M2 map&s+= ClAE E2 F22 R4E NEE &2 Mz &
# OfcH &&= train_dsOl Z&= 2= 0|0l XIS data_augmentationsS &= Z Al A (img,
# num_parallel_callsE XI&M S22 A 2 AHEE AMESH XMH2ZSEE =0HES
# tf.data.AUTOTUNEE OIOIEHHE = &6t CtsS OO0IEE 0lel =HIatW HI0IEHE ==&ot=
train_ds = train_ds.map(
lambda img, label: (data_augmentation(img), label),
num_parallel_calls=tf.data. AUTOTUNE,
)
# Prefetching 2 0lEot( train, validatoin GIOIE AW & AUTOTUNEE A S HES2=Z A
train_ds = train_ds.prefetch(tf.data.AUTOTUNE)
val_ds = val_ds.prefetch(tf.data. AUTOTUNE)

Build a model

We'll build a small version of the Xception network. We haven't particularly tried to optimize
the architecture; if you want to do a systematic search for the best model configuration,

consider using KerasTuner.

Note that:

* We start the model with the data_augmentation preprocessor, followed by a

Rescaling layer.
* Weinclude a Dropout layer before the final classification layer.

ResNet-34 2 &0l Al AFZ2 % = Residual Unit2 &3t ‘l”|8|' 2HH Ol CF .
= & HAE2 main_layer?t skip_layer& #4&ot= 2400 A0 et skip_layer=S
HHE HdootD S8 M ZAHW L= skip_layerdl 2AHAC M main_layer? Z2U21

class ResidualUnits(keras. layers.Layer):
def __init__(self, filters, strides=1, activation="relu", **kwargs):

super (). __init__(**kwargs)

# keras.activations& keras I Al LHOl HEEZO U= activations = 2CF.

self.activation = keras.activations.get(activation)

# Residual unitOl AtEZ main layerE & 2| stCt.

self.main_layers = [
# 2D Convolution layerE & A StCh. ResidualUnits 2HME HAGHH st
keras. layers.Conv2D(filters, 3, strides=strides, padding="same", use_biz¢

# o HIXIH? WHAMN EASE =St
keras. layers.BatchNormalizatio

=
—
~

# activation layerE &d2aol=CH. JI& activation function® relu OICt.
self.activation,

keras. layers.Conv20(filters, 3, strides=1, padding="same", use_bias=Fal
keras. layers.BatchNormalization()]

self.skip_layers = []

# stridesctle 2242 S0 &2

if strides > 1:
self.skip_layers = [

b ALl M= skip_layersJt Convo

rr
Jm
Oﬁ

ol

jo

o} =
— T
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keras. layers.Conv2D(filters, 1, strides=strides, padding="same", us¢
keras. layers.BatchNormalization()]

2

8 g

F==0ICt.

”_r
ool

i

]
ol
W
2
-

# call HlA~E= ResidualUnits 24Xl
def call(self, inputs):
# S5 g M X2 LdEGHE inputs =S z0l S SHCH.
z = inputs
# main_layers@ layer== otU® JHWO zE S AIZ2ICH.
for layer in self.main_layers:

-~

z = layer(z)
# skip_zE MHEGH inputs= &Y 8tCt.
skip_z = inputs

# skip_layers2l layer== otLI®™ JHUWH O skip_zE S U AIZ2ICH.
for layer in self.skip_layers:
skip_z = layer(skip_z)

# HESE2Z z2 skip_z2 A ot activation layerE S U AIZ2I = BHEE
return self.activation(z + skip_z)
RAS MGt fst SHOICH. Ol P&dte D2 ResNet-340Ic2t= 20| CH
Ol &0l A28 HE 201 24 keras.models.Sequential () model2 HOol = =, a

mode| = keras.models.Sequential()

# 2D Convolution layer& & SHCH. input_shapee= (180, 180) © 2 A 2|8t image_size 0
mode |l . add(keras. layers.Conv2D(64, 7, strides=2, input_shape=image_size + (3,), padd

# Normalization layerE & A StCH
mode | . add(keras. layers.BatchNormalization())

# Max pooling layerE & A stCh
mode| . add(keras. layers.MaxPoo|2D(pool_size=3, strides=2, padding="same"))

prev_filters = 64

# Residual Units2 Bt=5t0d 20l =ItstCh.

# 645 38, 1282 4P, 256= 69, 5128 3¢ Bt=5HCt.

for filters in [64] » 3 + [128] * 4 + [256] * 6 + [512] * 3:

o
0
roh

# Ol™ filters@ S filtersE HlWol 22H™ strides & 1, Th20H 28
strides = 1 if filters == prev_filters else 2

mode| .add(ResidualUnits(filters, strides=strides))
prev_filters = filters

# Average pooling layer& JI8tCt.
mode |l . add(keras. layers. GlobalAveragePooling2D())

# Fully Connected LayerOl =JtotJ| O™ 1Xt& CIOIEHZ flattendt= layerE =Jt8tHCt.
mode| . add(keras. layers.Flatten())

I
=
©
=
N

# Fully Connected LayerE F=JtstCh. &I &&2 Ol0IXI2JF 0 X 1 LXK,
mode| . add(keras. layers.Dense(1, activation="sigmoid"))

[lt]

# 220 TXE 1YOZ G0 MY =02 Ol F £ UL,

keras.utils.plot_model(model, show_shapes=True)
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conv2d_input | input: | [(None, 180, 180, 3)]
InputLayer | output: | [(None, 180, 180, 3)]
convZd | input: | (None, 180, 180, 3)
Conv2D | output: | (None, 90, 90, 64)

l

batch_normalization | input: | (None, 90, 90, 64)
BatchNormalization | output: | (None, 90, 90, 64)
max_pooling2d | input: | (None, 90, 90, 64)
MaxPooling2D | output: | (None, 45, 45, 64)
residual_units | input: | (None, 45, 45, 64)
ResidualUnits | output: | (None, 45, 45, 64)
residual_units_1 | input: | (None, 45, 45, 64)
ResidualUnits | output: | (None, 45, 45, 64)
residual_units_2 | input: | (None, 45, 45, 64)
ResidualUnits | output: | (None, 45, 45, 64)
residual_units_3 | input: (None, 45, 45, 64)
ResidualUnits | output: | (None, 23, 23, 128)
residual_units_4 | input: | (None, 23, 23, 128)

ResidualUnits | output: | (None, 23, 23, 128)
residual_units_5 | input: | (None, 23, 23, 128)

| s RS N, | o P P N P T T T T s T's
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I DVESIUILAILI LIS | ULll.lJLll.. J LL‘IUIII.‘.', Sy ady J.LD; |

'

residual_units_6 | input: | (None, 23, 23, 128)
ResidualUnits | output: | (None, 23, 23, 128)

'

residual_units_7 | input: | (None, 23, 23, 128)
ResidualUnits | output: | (None, 12, 12, 256)

'

residual_units_8 | input: | (None, 12, 12, 256)
ResidualUnits | output: | (None, 12, 12, 256)

'

residual_units_9 | input: | (None, 12, 12, 256)
ResidualUnits | output: | (None, 12, 12, 256)

'

residual_units_10 | input: | (None, 12, 12, 256)
ResidualUnits output: | (None, 12, 12, 256)

'

residual_units_11 | input: | (None, 12, 12, 256)
ResidualUnits output: | (None, 12, 12, 256)

'

residual_units_12 | input: | (None, 12, 12, 256)
ResidualUnits output: | (None, 12, 12, 256)

'

residual_units_13 | input: | (None, 12, 12, 256)
ResidualUnits output: | (None, 6, 6, 512)

'

residual_units_14 | input: | (None, 6, 6, 512)
ResidualUnits output: | (None, 6, 6, 512)
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Y
1 input: | (None, 6, 6, 512)

ResidualUnits_ output: | (None, 6, 6, 512)

# train GIOIEHHE M8 &Z206l= 4= 1 epochetd 8tCH. 52t Mool S22 A train O
# 0l &350l 5 epochsI)t SE0HAl Z2LE A2t HAE S50 SHHIE A2 2 5 epochs

epochs = 5
# 22 20 ot SHHOICH. P2 Hololes HENA AISE loss@t metricsE &
# ST optimizer= adam= AIE 6t learning rateZ= 1e-32 A
mode | . compi le(
optimizer=keras.optimizers.Adam(1e-3),
loss="binary_crossentropy",
metrics=["accuracy"],

)

# 240 2NZ &52 AMEGHH o= &=0ICt
=

= (@] .
# 0ld Stsdlte 2 x, y 2 #4HE &5 OO0IH AW validation_splite=z2 & Hls
# train_ds 2 val_ds c2t= tensorflow? _BatchDataset 2HME AHE S50 Ol&sHCh.
mode | . fit(
train_ds,

epochs=epochs,
validation_data=val_ds,

)

Epoch 1/5

147 /147 [ ] - 142s 730ms/step — loss: 0.7046 - accurac
y: 0.6501 - val_loss: 4.5464 - val_accuracy: 0.5162

Epoch 2/5

147/147 [ ] - 107s 718ms/step — loss: 0.5552 - accurac
y: 0.7152 - val_loss: 1.3103 - val_accuracy: 0.6047

Epoch 3/5

147 /147 [ ] - 103s 692ms/step — loss: 0.5035 - accurac
y: 0.7531 - val_loss: 1.3584 - val_accuracy: 0.5942

Epoch 4/5

147/147 [ ] - 106s 708ms/step — loss: 0.4592 - accurac
y: 0.7836 - val_loss: 0.5733 - val_accuracy: 0.7078

Epoch 5/5

147/147 [ ] - 104s 698ms/step — loss: 0.4025 - accurac

y: 0.8173 - val_loss: 1.6005 - val_accuracy: 0.5167
<keras.cal Ibacks.History at 0x7a7d2382f880>

We get to >90% validation accuracy after training for 25 epochs on the full dataset (in

practice, you can train for 50+ epochs before validation performance starts degrading).

Run inference on new data

Note that data augmentation and dropout are inactive at inference time.

# SIS0 ASS OOH 5 S8 ANE =20

file:///C:/Users/user/Downloads/cat_dog_image_classification_ResNET_34.html
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img = keras.utils. load_img(
"PetImages/Cat/6779.jpg", target_size=image_size

)

# == O0|0IKIE HEAlotH
plt.imshow(img)
plt.axis("off")

img_array = keras.utils.img_to_array(img)
img_array = tf.expand_dims(img_array, 0)

e=

Jon

ol
—

o

Ct.

M

# 2= Sol Y 0I0IKIS classES Gl =gtLt.
predictions = model.predict(img_array)

# 220l ol=st Y OI0IX2 classE scoreEZ ESotD

score = float(predictions[0])

print(f"This image is {100 = (1 — score):.2f}% cat and {100 * score:.2f}% dog.")

1/1 [ | - 1s 927ms/step
This image is 99.53% cat and 0.47% dog.
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An RNN example — forecasting a time
series

import numpy as np #numpy= =XloHA&E WOIM 2t0lEHEZ npete SLHZ importst
import tensorflow as tf #Tensorflow 2.0 £& KerasJt LHE WIIXNZ Z& ZACH. JIz
from tensorflow import keras #TensorflowZ S & kerasE importstCt.

import matplotlib.pyplot as plt #matplotlibe ANZE XNHEL Jdd=Z2 A

gol

2t 3tot= et

Generate the Dataset

defE AIE0t AMEX HOAEE Bt= = QUCH. 0 WHIONAME singt22 time seri
Ol &2 0|52 generate_time_seriesOl], LB PSS Z = batch_size 2 n_steps=S
0] 222 &5 Hodte 22011, Mg I 2=gts EooiHO0F L.

def generate_time_series(batch_size, n_steps):

# 2 WS H=0 XtICHE np.random.rand &2 gt= 2=Ct

# numpy2| random MEII|IX= H+E MH0t= =

# 0l OlHIS Z2 (10, 1) array2 = 404 MAH=Ct.

freql, fregq2, offsets1, offsets?2 = np.random.rand(4, batch_size, 1)

# numpy 2HOlEHEI0 UAs 42 M 1N BHEES St £ D, OH=ZE O M 2
time = np.linspace(0, 1, n_steps)

# S 2l sine waveE 8t = noiseE FItol =Ct

series = 0.5 x np.sin((time — offsets1) = (freql = 10 + 10)) # wave 1

f
series += 0.2 = np.sin((time — offsets2) = (freq2 = 20 + 20)) # + wave 2
series += 0.1 = (np.random.rand(batch_size, n_steps) — 0.5) # + noise

return series[..., np.newaxis].astype(np.float32)
# E3 AN =XE Holl=H 2Ast 20250 2ol OIXl H4+-HE E0le =2 £0tL
# 0148 Al =XIE seedet ot O =XE DEHWMFTH H2E HHE 4= UCH

np. random. seed(42)
n_steps = 50

# generate_time_series 22 0|25t0 (10000, 51, 1)2 time series dataE StSUALt.
series = generate_time_series(10000, n_steps + 1)

# train, validation 2l test dataset= XM LISALCH.

X_train, y_train = series[:7000, :n_steps], series[:7000, —1]
X_valid, y_valid = series[7000:, :n_steps], series[7000:, —1]

Computing Some Baselines

QA=S doct=E UEOICH.
keras.Sequential A AHE 28 HOIHE =ANUHZ AEAHA == &40 Ot &2C

mode| = keras.models.Sequential (][
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# SYAMEHS AJ10F 202! simpleRNN S22 =2 HstCh. 0f 222 0|M timestepl =

# return_sequences = False 2 2R0l= 0K AIECO 24 AEHCH == 6HCH. Trueg
keras. layers.SimpleRNN(20, return_sequences=True, input_shape=[None, 1]),

# SYAMEIS AD|JF 202 simpleRNN 2= Aol &HC).
keras. layers.SimpleRNN(20),

ro
=
=
|0
tu
H
In
ro
=
10
S8
D
)
(92}
(0}
©
<
D
[l
0
lo
o
Q

# time stepOtCH == gt0|
keras. layers.Dense(1)

1)

i
ool
i
(@)
o

# 29 240 OiolA &g 4= AN JI2ez M3l =
mode| . summary ()

Model: "sequential”
Layer (type) Output Shape Param #
simple_rnn (SimpleRNN) (None, None, 20) 440
simple_rnn_1 (SimpleRNN) (None, 20) 820
dense (Dense) (None, 1) 21

Total params: 1,281
Trainable params: 1,281
Non-trainable params: O

Ho
g
njo
oy
=]
0

2 ot HHOICH Y2 Hotdle HEUHM AI2E = losset metricsE & E

N

mode| . compile(loss="mse", optimizer="adam")

QU0 AMZ &2 AMESHH Gt= &20|LC.
S50 AI2E = x, v HOIEHE & 56t10, batch_size? epochsE & & £ UL},
validation2 0l2l H2loiE validation dataset2 AIESotH &S0, = HI=E22 XNEHH
istory = model.fit(X_train, y_train, epochs=20,

validation_data=(X_valid, y_valid))

O H H H
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Epoch 1/20

219/219 [ ]
0.0063

Epoch 2/20

219/219 [ ] - 6s 27ms/step — loss: 0.0047 - val_loss:
0.0044

Epoch 3/20

219/219 [ ] - 5s 23ms/step — loss: 0.0037 - val_loss:
0.0035

Epoch 4/20

219/219 [ ] - 6s 29ms/step — loss: 0.0035 - val_loss:
0.0033

Epoch 5/20

219/219 [ ] - 5s 24ms/step — loss: 0.0033 - val_loss:
0.0034

Epoch 6/20

219/219 [ ] - 7s 31ms/step — loss: 0.0032 - val_loss:
0.0033

Epoch 7/20

219/219 [ ] - 5s 23ms/step — loss: 0.0033 - val_loss:
0.0031

Epoch 8/20

219/219 [ ] - 6s 26ms/step — loss: 0.0032 - val_loss:
0.0033

Epoch 9/20

219/219 [ ] - 5s 25ms/step — loss: 0.0031 - val_loss:
0.0031

Epoch 10/20

219/219 [ ] - 5s 22ms/step — loss: 0.0030 - val_loss:
0.0029

Epoch 11/20

219/219 [ ] - 6s 29ms/step — loss: 0.0030 - val_loss:
0.0031

Epoch 12/20

219/219 [ ] - 5s 22ms/step — loss: 0.0030 - val_loss:
0.0030

Epoch 13/20

219/219 [ ] - 6s 29ms/step — loss: 0.0030 - val_loss:
0.0030

Epoch 14/20

219/219 [ ] - 5s 25ms/step — loss: 0.0030 - val_loss:
0.0035

Epoch 15/20

219/219 [ ] - 5s 25ms/step — loss: 0.0031 - val_loss:
0.0029

Epoch 16/20

219/219 [ ] - 6s 27ms/step — loss: 0.0029 - val_loss:
0.0028

Epoch 17/20

219/219 [ ] - 5s 22ms/step — loss: 0.0029 - val_loss:
0.0028

Epoch 18/20

219/219 [ ] - 6s 29ms/step — loss: 0.0030 - val_loss:
0.0030

Epoch 19/20

219/219 [ ] - 5s 22ms/step — loss: 0.0029 - val_loss:
0.0028

Epoch 20/20

219/219 [ ] - 7s 31ms/step — loss: 0.0029 - val_loss:
0.0026

8s 27ms/step - loss: 0.0294 - val_loss:

Forecasting Several Steps Ahead
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n_steps = 50 # = time step == OIC}.
pred_steps = 10 # & 0= & step = O|Ct
series = generate_time_series(1, n_steps + pred_steps) # ? 0 M &2l & generate_time
X, Y = series[:, :n_steps], series[:, n_steps:] # training®l A< data®2t test0 M <

# MASH time series dataset= plot2 2 Al2stol == & £0|Ct.
# [batchsize, time steps, 112 returnol == & £=0ICt
def plot_series(series, y=None, y_pred=None, x_label="$t$", y_label="$x(t)$", lege
plt.plot(series, ".-")
ifyis not None:
plt.plot(n_steps, y, "bo", label="Target") # bo: HmetAo & 031 (blue +
if y_pred is not None:
plt.plot(n_steps, y_pred, "rx", markersize=10, label="Prediction") # rx : %
plt.grid(True) # gridE It =Lt
if x_label:
plt.xlabel(x_label, fontsize=16) # fontsize QXS Saoll 2X2 2AJIE X Aol
if y_label:
plt.ylabel(y_label, fontsize=16, rotation=0) # rotation 2 XIS Soll label2
plt.hlines(0, 0, 100, linewidth=1) # (y, xmin, xmax)0l2 2 xmin~xmaxMtXl ygt2| =
plt.axis([0, n_steps + 1, -1, 1])
if legend and (y or y_pred):
plt.legend(fontsize=14, loc="upper left")

# A0 A CLE series dataE Al2t3 8 Z 00| CH

plt.title("sin with noise")
plot_series(X[0, :, 0])

sin with noise

1.00
0.75 A
0.50 4
0.25 4

x(t}ﬂ.ﬂ[}

=0.25 A

—0.50 A

—0.75 A

-1.00 . . | 1 |
0] 10 20 30 40 50

for step_ahead in range(pred_steps):
y_pred_one = model.predict(X[:, step_ahead:])[:, np.newaxis, :]

X = np.concatenate([X, y_pred_one], axis=1)

Y_pred = X[:, n_steps:]
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/11 ] - 0s 323ms/step
1/1 [ ] - Os 29ms/step
1/1 [ ] - 0s 28ms/step
1/1 [ ] - 0s 30ms/step
1/1 [ ] - 0s 31ms/step

[ ]

[ ]

[ ]

[ ]

[ ]

1/1 - Os 28ms/step
1/1 - 0s 27ms/step
1/1 - Os 30ms/step
1/1 - 0s 27ms/step
1/1 - 0s 33ms/step

# 0= 202 M Al2stst)l fol etE & 240IC.
def plot_multiple_forecasts(X, Y, Y_pred):
n_steps = X.shape[1]
ahead = Y.shape[1]
plot_series(X[0, :, 0])
plt.plot(np.arange(n_steps, n_steps + ahead), Y[O, :, 0], "bo-", label="Actual"
plt.plot(np.arange(n_steps, n_steps + ahead), Y_pred[0, :, 0], "rx=", label="FoI
plt.axis([0, n_steps + ahead, -1, 1])
plt. legend(fontsize=14)

plt.title("Forecasting value")
plot_multiple_forecasts(X[:, :n_steps], Y, Y_pred)

plt.show()
Forecasting value
1.00
0.75 -
0.50 -
0.25 -
Xx(t
( )n.on
-0.25 1
-0.50 1
+
—0.75 Actual
—<— Forecast
-1.00 : : ; . .
0 10 20 30 40 50 60
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Forecast_stock_data

An LSTM example

#!= CollabOl A 2lsA & HHHE =
#finance-datareader& & Xlotes Y& 0
I pip install -U finance-datareader

Requirement already satisfied: finance-datareader in c:WusersWusertminiconda3t!l ibisi
te-packages (0.9.50)

Requirement already satisfied: requests>=2.3.0 in c:WusersWuserWWminiconda3it| ibWsite-
packages (from finance-datareader) (2.28.1)

Requirement already satisfied: requests—file in c:WusersWuserminiconda3W!ibWsite-pa
ckages (from finance-datareader) (1.5.1)

Requirement already satisfied: Ixml in c:#userstuserttminiconda3it!ib#fsite—-packages (f
rom finance-datareader) (4.9.3)

Requirement already satisfied: pandas>=0.19.2 in c:#Wuserstfuser#fminiconda3it| ibsite—p
ackages (from finance-datareader) (2.0.3)

Requirement already satisfied: tadm in c:WuserstuserWminiconda3W!ibWsite-packages (f
rom finance-datareader) (4.65.0)

Requirement already satisfied: tzdata>=2022.1 in c:Wuserstusertminiconda3i| ibfsite—-p
ackages (from pandas>=0.19.2->finance-datareader) (2023.3)

Requirement already satisfied: python-dateuti|>=2.8.2 in c:WusersWusertfminiconda3it! i
b#fsite-packages (from pandas>=0.19.2->finance-datareader) (2.8.2)

Requirement already satisfied: numpy>=1.21.0 in c:Wuserstuseriminiconda3f|ibWsite—pa
ckages (from pandas>=0.19.2->finance-datareader) (1.25.2)

Requirement already satisfied: pytz>=2020.1 in c:WusersWuserttminiconda3it| ibitsite-pac
kages (from pandas>=0.19.2->finance-datareader) (2023.3)

Requirement already satisfied: charset-normalizer<3,>=2 in c¢:WusersWuserWminiconda3

1 ibWsite-packages (from requests>=2.3.0->finance-datareader) (2.0.4)

Requirement already satisfied: idna<4,>=2.5 in c:Wuserstfuserttminiconda3it| ib#fsite-pac
kages (from requests>=2.3.0->finance—-datareader) (3.4)

Requirement already satisfied: certifi>=2017.4.17 in c:Wuserstuseritminiconda3i!| ibtfsi
te—packages (from requests>=2.3.0->finance-datareader) (2022.12.7)

Requirement already satisfied: urllib3<1.27,>=1.21.1 in c:Wuserstfuserffminiconda3|ib
fsite-packages (from requests>=2.3.0->finance-datareader) (1.26.15)

Requirement already satisfied: six in c:#userstuser#fminiconda3t| ibfsite-packages (fr
om requests—file->finance-datareader) (1.16.0)

Requirement already satisfied: colorama in c:#usersitusertffminiconda3it| ibisite—-package
s (from tgdm—->finance-datareader) (0.4.6)

import FinanceDataReader as fdr # python2l st= =4 Jt=2, 0= =4 Jt&A, K=, &
#numpy= ==Xl HA{M0H &=X 0|12, pandase OIOIEH =& L 24 S° HIHH S=XHOIC
import pandas as pd # OIOIE Xc2lE st 2t0IEHeI0ICH. pdete SE2HZ importstCh
import numpy as np #numpy= =XIoH&ZE LIOIN 2t0lEelE npete SELHZEZ importst
import matplotlib.pyplot as plt #matplotlib XNESE XNEU DdHZ=2 Al23ol= et

import tensorflow as tf #Tensorflow 2.0 & KerasJl WS MIIXNE ES ZJACH. Iz
from tensorflow import keras #TensorflowZ S & kerasE importstCt.
from sklearn.preprocessing import StandardScaler #scikit—learn 2t0lE2{2l2 Gl0|E

Generate the Dataset

defE MESHH AMEX HAg+2 0t == UL, 0 HAHMM=E =4 HOIHE &=
0l 849 0|2 generate_stock_datalll, &S 2= batch_size, n_steps dela
0] E22 8845 Hoote E20110, Mg M ¢dgts ool R 0F = C.
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Forecast_stock_data
def generate_stock_data(batch_size, n_steps, kospi=False):
ss = StandardScaler ()
i f kospi:

df = fdr.DataReader ('KS11').reset_index() # fdr 2 DataReader Ol R ATl X

# drop2 XNEs BH=E AMHYH=CH. axis =1 2 e2so =2 S&olet= 2 0/0IC

# inplace=True= drop=S & @M St dataframell HtZ2 HE L

Q2
>
0

ECt= <9 ololtt

# 0l O AMOAM= Close HQIOIE 2 AtEolI] fol LIHX €2 HMHH F=ACEH.
df .drop(['Open', 'High', 'Low', 'Volume', 'Adj Close'], axis=1, inplace=Tru

# groupby &
# groupby & =2t
df = df.groupby([df['Date'].dt.year, df['Date'].dt.month]).mean()

A
=
A
=

# reset_index= QUEASE MZ reset diF== & =0[ICt. drop=Trueg & &

df . reset_index(drop=True, inplace=True)

= =0 OOHE O8 82 F=5t0 HI0IHE 291 <l

mean =5 HE i S22ZA EE EZ UOIEHE 2=
f

At

A
e

MmN

£0 (i

ot Dl

# &KX S0 XNUX @22 =42 32 22 O0IHE KX AJ S0l &c

# =20l Eot= 2012 n_steps RFH && JHAIZ X2 FIHE 022 XF0

if len(df) < n_steps:

pad_len = n_steps - len(df)

pad = np.zeros((pad_len, 1))

df = np.concatenate((pad, df), axis=0)
series = np.zeros((1, n_steps, 1))

100

# =4 HOIHS B2 &304 A0 2] W20 EA3tE AASC.

series[0, :, :] = ss.fit_transform(df[:n_steps])
return series

= PN

s
i

# fdr 20122l A NS3ctes &=
df_krx = fdr.StockListing('KRX")

=
el

0l
i

5=

sd20.

# 8= SHAANYE HE &, =25 E batch_size2= #HEaolH =212 random_codeOl

random_code = df_krx['Code'].sample(n=batch_size)
random_code. reset_index(drop=True, inplace=True)
series = np.zeros((batch_size, n_steps, 1))
# HEGSHH S22 =E2 ICEQ Y R ZTIE ==
for idx, code in enumerate(random_code):

df = fdr.DataReader (code).reset_index()

o

E=

O =ci=0

ol

b

df.drop(['Open', 'High', 'Low', 'Volume', 'Change'], axis=1, inplace=True)

df = df.groupby([df['Date'].dt.year, df['Date'].dt.month]).mean()
df.reset_index(drop=True, inplace=True)

# A4ZEX 0t AUA @2 F42 H2 =2 GO It AJ W20 &c

# H=20l ot= 2012 n_steps FH && JHAZ XS FIHE 022 HF0

if len(df) < n_steps:
pad_len = n_steps - len(df)
pad = np.zeros((pad_len, 1))
df = np.concatenate((pad, df), axis=0)

100

# =4 OOIEHS B2 S0 AAL0l G22I =20 EAsE AMA=L.

seriesl[idx, :, :] = ss.fit_transform(df[:n_steps])
return series

]

5= & Ooly = Otedstes R=20ICH.

# S8 AMNE =XUE Fai= 2Fs dnels0 2ol OLXl H=HE8 2B0l= =&
# 0lciet MY =X E seedctd ot Of =X E LEMNHFEH H=+=E HNOHE = UL

np.random. seed(42)

n_steps = 50

# generate_stock_data & 45 0/&ot0f (100, 50 + 1, 1)2| time series data
series = generate_stock_data(100, n_steps + 1)

X_train, y_train = series[:70, :n_steps], series[:70, —-1]
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Forecast_stock_data

X_valid, y_valid = series[70:90, :n_steps], series[70:90, -1]
X_test, y_test = series[90:, :n_steps], series[90:, -1]

23.8.2. 2% 6:33

Computing Some Baselines

2ds dolotn stsS Mdot= WEHOIL.
keras.Sequential2 A AHAE 2f HOHE =AUHZ AHAHA == &=0/0 Otciet 2C
50 + 12| steps= JtAl= OIOIE AS 2HSAII =0 5004 stepsl CIOIEIE Sai C

mode| = keras.models.Sequential (][
# SHYAMEIC D10 202 simpleRNN 22 HQlstCH. 0f 2EE2 0l& timestepl =
# return_sequences = False 2 2L0= 0K Al 24 AEHOF &= SHCH. Trueg

keras. layers.LSTM(20, return_sequences=True, input_shape=[None, 1]),

keras. layers.LSTM(20),
# time stepOtCH =&2t0| & i 0/22 = E 8t 2 dense layerS & 9| stC}.

keras. layers.Dense(1)

1)

# 2= MY ot SHOICH. 22 Holdle HEUHMNH ASEZE=E losset metricsE &
")

mode| . compile(loss="mse", optimizer="adam'

==

# 20| AN StES AMEGHH ot & 20|CH.

# SES50 AMEE= x, v HOIEE 220610, batch_size2t epochsE A9 & £ ULt

# validation2 0|2l A2l S validation dataset2 AI26tH =0, L= HlssS XNl
h

istory = model.fit(X_train, y_train, epochs=50,
validation_data=(X_valid, y_valid))

file:///C:/Users/user/Downloads/Forecast_stock_data (1).html 3/8



23.8.2. 2% 6:33

Epoch
3/3 [
25
Epoch
3/3 [
5
Epoch
3/3 [
4
Epoch
3/3 [
0
Epoch
3/3 [
6
Epoch
3/3 [
6
Epoch
3/3 [
1
Epoch
3/3 [
3
Epoch
3/3 [
5
Epoch
3/3 [
5
Epoch
3/3 [
3
Epoch
3/3 [
8
Epoch
3/3 [
1
Epoch
3/3 [
8
Epoch
3/3 [
0
Epoch
3/3 [
2
Epoch
3/3 [
9
Epoch
3/3 [
0
Epoch
3/3 [
7
Epoch
3/3 [
0
Epoch
3/3 [
0
Epoch
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1/50

2/50

3/50

4/50

5/50

6/50

7/50

8/50

9/50

10/50

11/50

12/50

13/50

14/50

15/50

16/50

17/50

18/50

19/50

20/50

21/50

22/50
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4s 399ms/step — loss: 1.8726 - val_loss: 1.24

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

Os

34ms/step

37ms/step

35ms/step

37ms/step

34ms/step

34ms/step

34ms/step

34ms/step

34ms/step

34ms/step

33ms/step

35ms/step

35ms/step

34ms/step

35ms/step

34ms/step

34ms/step

34ms/step

34ms/step

34ms/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

1.7177

1.5665

1.4339

1.3084

1.1850

1.0800

0.9842

0.8905

0.8185

0.7440

0.6879

0.6260

0.5708

0.5312

0.4936

0.4665

0.4395

0.4174

0.4046

0.3896

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:

1.144

1.055

0.973

0.906

0.847

0.792

0.746

0.706

0.669

0.631

0.587

0.547

0.505

0.471

0.445

0.434

0.438

0.446

0.449

0.415
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3/3 [
7
Epoch
3/3 [
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Epoch
3/3 [
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Epoch
3/3 [
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3/3 [
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3/3 [
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3/3 [
1
Epoch
3/3 [
8
Epoch
3/3 [
5
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23/50

24/50

25/50

26/50

27/50

28/50

29/50

30/50

31/50

32/50

33/50

34/50

35/50

36/50

37/50

38/50

39/50

40/50

41/50

42/50

43/50
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] - Os 34ms/step -

] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - 0s
] - Os
] - 0s
] - 0s
] - 0s

34ms/step

34ms/step

34ms/step

36ms/step

35ms/step

34ms/step

33ms/step

34ms/step

38ms/step

36ms/step

34ms/step

35ms/step

34ms/step

34ms/step

36ms/step

35ms/step

34ms/step

33ms/step

34ms/step

33ms/step

36ms/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

.3746

.3591

.3488

L3411

.3304

.3220

.3142

.3068

.2989

.2934

.2877

.2807

.2737

.2710

.2660

.2606

.2561

.2525

.2445

.2370

.2365

.2360

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:

377

.352

.333

.325

.320

.318

.309

.308

.312

.302

276

.259

.248

.243

.249

.255

.256

.244

.228

.225

.221

.222
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5

Epoch 44/50

3/3 [ ] - Os 36ms/step — loss: 0.2227 — val_loss: 0.225
8

Epoch 45/50

3/3 [ ] — Os 33ms/step — loss: 0.2229 - val_loss: 0.222
3

Epoch 46/50

3/3 [ | - 0s 37ms/step - loss: 0.2181 - val_loss: 0.201
8

Epoch 47/50

3/3 [ ] - Os 34ms/step - loss: 0.2106 - val_loss: 0.189
0

Epoch 48/50

3/3 [ ] - Os 34ms/step — loss: 0.2127 - val_loss: 0.189
3

Epoch 49/50

3/3 [ ] — Os 34ms/step — loss: 0.2053 - val_loss: 0.201
0

Epoch 50/50

3/3 [ ] — Os 34ms/step — loss: 0.1997 - val_loss: 0.202
1

Forecasting Several Steps Ahead

AN StE5E DEZ2 0/E6t0 50 steps= XA LD FIE2SZ 1004 steps2 GOl H
n_steps = 50
pred_steps = 10

# testOll ASEHE S52 2ATO0IL.
series = generate_stock_data(1, n_steps + pred_steps, kospi=True)

X, Y = series[:, :n_steps], series[:, n_steps:]

# OOIEHE Al2Z3 ol BEHE £ U= &20/C.

# 22s Sl =S o)l &, HOIHE 2& =22 &2l & & QL.
#E@(W§§WA1INWHQFW§% GIOIEIS XIOIMA =22 &0l & & s &40
def plot_series(series, y=None, y_pred=None, x_label="$t$", y_label="$x(t)$", lege

plt.plot(series, ".-")
ifyis not None:
plt.plot(n_steps, y, "bo", label="Target")
if y_pred is not None:
plt.plot(n_steps, y_pred, "rx", markersize=10, label="Prediction")
plt.grid(True)
if x_label:
plt.xlabel(x_label, fontsize=16)
if y_label:
plt.ylabel(y_label, fontsize=16, rotation=0)
plt.hlines(0, 0, 100, linewidth=1)
plt.axis([0, n_steps + 1, -3, 3])
if legend and (y or y_pred):
plt.legend(fontsize=14, loc="upper left")

plt.title("Stock")
plot_series(X[0, :, 0])
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Stock

0] 10 20 30 40

# steeE R2Us Sol =5 10002 steps= W =&HCH.
for step_ahead in range(pred_steps):
y_pred_one = model.predict(X[:, step_ahead:])[:, np.newaxis,
X = np.concatenate([X, y_pred_one], axis=1)
Y_pred = X[:, n_steps:]

1/1 1
1/1 1
1/1 1
/1 1
/1 1
/11
[
[
[
[

] - 1s 611ms/step
] - 0s 18ms/step
] - Os 17ms/step
] - Os 16ms/step
] - 0s 17ms/step
] - Os 21ms/step
]
]
]
]

1/1
1/1
1/1
1/1

- 0s 20ms/step
- Os 18ms/step
- Os 15ms/step
- Os 16ms/step

# A0 A A8t plot_seriesE &30t AM2st at= &40ICk.
def plot_multiple_forecasts(X, Y, Y_pred):

n_steps = X.shape[1]

ahead = Y.shape[1]

plot_series(X[0, :, 0])

plt.plot(np.arange(n_steps, n_steps + ahead), Y[O, :, 0], "bo-",
plt.plot(np.arange(n_steps, n_steps + ahead), Y_pred[0, :, 0],

plt.axis([0, n_steps + ahead, -3, 3])
plt.legend(fontsize=14)

plt.title("Forecasting stock")

plot_multiple_forecasts(X[:, :n_steps], Y, Y_pred)
plt.show()
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Forecasting stock

—e— Actual
2 —<— Forecast

0] 10 20 30 40 30 60
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feature_generation_with_autoencoder

Autoencoder example for fashion MNIST

import numpy as np # numpy= =Xlol& & WOIM 2t0IEHEIZ npete S2HZ import
import tensorflow as tf #Tensorflow 2.0 £& KerasJt LHE IIXNEZ Z& Z/ACH. Iz
from tensorflow import keras # Tensorflowz S & kerasE importstCt.

>

import matplotlib as mpl #matplotlib2 K= E

FEL OcH=Z 2 Al2stol= etolBc
import matplotlib.pyplot as plt # pyplotOlct= A FOf

3t
IIXE pltets —.9. 2 import

|T

HIOIEH A2 =dlol= B HOIC.
Ol 0l AF2ot= O O0IE = fashion_mnistOl 4
train, validation, test GIOIH A= Zc2lstCt.

(X_train_full, y_train_full), (X_test, y_test) = keras.datasets. fashion_mnist. load_c
X_train_full = X_train_full.astype(np.float32) / 255

X_test = X_test.astype(np.float32) / 255

X_train, X_valid = X_train_full[:-5000], X_train_full[-5000:]

y_train, y_valid = y_train_full[:=5000], y_train_full[-5000:]

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras—-datasets/tr
ain-labels-idx1-ubyte.gz

29515/29515 [ ] - 0s Ous/step

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras—-datasets/tr
ain-images—idx3-ubyte.gz

26421880/26421880 [ ] - 0s Ous/step

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras—-datasets/t1
Ok—-labels—idx1-ubyte.gz

5148/5148 [ ] - 0s Ous/step

Downloading data from https://storage.googleapis.com/tensorflow/tf-keras—-datasets/t1
Ok—-images—idx3-ubyte.gz

4422102/4422102 [ ] — 0s OQus/step

# yol gt2 Bt2& 3t accuracye Fote =0
# HZ 0S8 RE s stsoled AFS & ol A0l
def rounded_accuracy(y_true, y_pred):

return keras.metrics.binary_accuracy(tf.round(y_true), tf.round(y_pred))

# SE MHE N2 o= e £0elS0 2o OtXl H==XHE8 20l =53 20tL
# 018 A& ==X E seedctd] ot 0 =AE LDIoi=8 H+=E HMAHE = U

tf.random.set_seed(42)
np.random. seed(42)

# autoencoder 2 encoder 222 4= HOSHC).
#(%,%Hﬂ2ﬂ%9§_m mleX HIOIEIE 1A GOIEHZ flatten ot= dOIHE 3
1009 2 output= Jt& FC layerE ZFJtol0f activation function® "selu'E Ar&stCh

# 3002l output= JH&l FC layerE Eﬁﬂ%‘%ﬂ# activation function® "selu"ES AFE8&tC}.
stacked_encoder = keras.models.Sequential ([

keras. layers.Flatten(input_shape=[28, 28]),

keras. layers.Dense(100, activation="selu"),

keras. layers.Dense(30, activation="selu"),
1)
# autoencoder 2 decoder =2 24

1009 2 output= Jt& FC layerE of tlvat|on function2 "selu"E& At&stCh.

# 28+x28JH 2| output2 Jt& FC layerE FIFStCh. activation function® "sigmoid"E AbE
# (28%28)2 1XAF2S=2 020 GIOIEES (28, 28)2 2XR AFE OIOIEHZ Bi&ald|l <ol
stacked_decoder = keras.models.Sequential ([

keras. layers.Dense(100, activation="selu", input_shape=[30]),

4 1110
S
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keras. layers.Dense(28 * 28, activation="sigmoid"),
keras. layers.Reshape([28, 28])

1)

# UM H2ISt encoder?t decoders =xX&E2zx A S0t= autoencoder2& 2 A OISHCh.

stacked_ae = keras.models.Sequential ([stacked_encoder, stacked_decoder])

# autoencoder 2 &= Z Ut StCH.

# loss= "binary_crossentropy"S AIE0tMH optimizerZ= SGD, learning_rate= 1.52

# It metrics= AW A H2St rounded_accuracyE At&stCh.

stacked_ae. compile(loss="binary_crossentropy",
optimizer=keras.optimizers.SGD(learning_rate=1.5), metrics=[roun

roh

# 2= st&stlt.
# autoencoderOl €HZE A& S decoderdt QU2 2ol XS SHEZ
history = stacked_ae.fit(X_train, X_train, epochs=20,

validation_data=(X_valid, X_valid))

Fd AL [ =2 0

Ol
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Epoch 1/20

1719/1719 | ] - 9s 5ms/step — loss: 0.3366 - rounded_ac
curacy: 0.8884 - val_loss: 0.3130 - val_rounded_accuracy: 0.9083

Epoch 2/20

1719/1719 | ] - 13s 8ms/step — loss: 0.3053 - rounded_a
ccuracy: 0.9156 - val_loss: 0.3019 - val_rounded_accuracy: 0.9200

Epoch 3/20

1719/1719 | ] - 18s 10ms/step - loss: 0.2980 - rounded_
accuracy: 0.9221 - val_loss: 0.2968 - val_rounded_accuracy: 0.9238

Epoch 4/20

1719/1719 [ ] - 13s 8ms/step - loss: 0.2940 - rounded_a
ccuracy: 0.9256 - val_loss: 0.2940 - val_rounded_accuracy: 0.9277

Epoch 5/20

1719/1719 [ ] - 14s 8ms/step - loss: 0.2913 - rounded_a
ccuracy: 0.9282 - val_loss: 0.2915 - val_rounded_accuracy: 0.9284

Epoch 6/20

1719/1719 [ ] - 9s bms/step — loss: 0.2893 - rounded_ac
curacy: 0.9301 - val_loss: 0.2894 - val_rounded_accuracy: 0.9319

Epoch 7/20

1719/1719 | ] - 9s 5ms/step — loss: 0.2880 - rounded_ac
curacy: 0.9310 - val_loss: 0.2883 - val_rounded_accuracy: 0.9322

Epoch 8/20

1719/1719 | ] - 9s 5ms/step — loss: 0.2867 - rounded_ac
curacy: 0.9322 - val_loss: 0.2976 - val_rounded_accuracy: 0.9266

Epoch 9/20

1719/1719 | ] - 8s 4ms/step — loss: 0.2859 - rounded_ac
curacy: 0.9328 - val_loss: 0.2874 - val_rounded_accuracy: 0.9327

Epoch 10/20

1719/1719 | ] - 9s 5ms/step — loss: 0.2850 - rounded_ac
curacy: 0.9336 - val_loss: 0.2867 - val_rounded_accuracy: 0.9343

Epoch 11/20

1719/1719 [ ] - 9s bms/step — loss: 0.2844 - rounded_ac

curacy: 0.9342 - val_loss: 0.2851
Epoch 12/20

1719/1719 [ ] - 8s bms/step — loss: 0.2838 - rounded_ac
curacy: 0.9346 - val_loss: 0.2847 - val_rounded_accuracy: 0.9357

Epoch 13/20

1719/1719 | ] - 9s 5ms/step — loss: 0.2834 - rounded_ac
curacy: 0.9349 - val_loss: 0.2849 - val_rounded_accuracy: 0.9357

Epoch 14/20

1719/1719 | ] - 10s 6ms/step — loss: 0.2829 - rounded_a
ccuracy: 0.9353 - val_loss: 0.2841 - val_rounded_accuracy: 0.9368

Epoch 15/20

1719/1719 | ] - 8s 5ms/step — loss: 0.2825 - rounded_ac
curacy: 0.9357 - val_loss: 0.2848 - val_rounded_accuracy: 0.9324

Epoch 16/20

1719/1719 [ ] - 9s bms/step - loss: 0.2821 - rounded_ac
curacy: 0.9360 - val_loss: 0.2840 - val_rounded_accuracy: 0.9359

Epoch 17/20

1719/1719 [ ] - 9s bms/step — loss: 0.2817 — rounded_ac
curacy: 0.9363 - val_loss: 0.2832 - val_rounded_accuracy: 0.9354

Epoch 18/20

1719/1719 [ ] - 10s 6ms/step - loss: 0.2814 - rounded_a
ccuracy: 0.9365 - val_loss: 0.2827 - val_rounded_accuracy: 0.9360

Epoch 19/20

1719/1719 | ] - 9s 5ms/step — loss: 0.2811 - rounded_ac
curacy: 0.9368 - val_loss: 0.2823 - val_rounded_accuracy: 0.9369

Epoch 20/20

1719/1719 | ] - 9s 5ms/step — loss: 0.2808 - rounded_ac
curacy: 0.9369 - val_loss: 0.2826 - val_rounded_accuracy: 0.9370

val_rounded_accuracy: 0.9356

# 0l0IXE BEWHZTE JIs9
def plot_image(image):

kU
In
i

Bt og Argot)| 20 &=+3F ot Ct.
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plt.imshow(image, cmap="binary")
plt.axis("off")

# decoderJt M AMAst OI0IXIE HWI JISstEE A3 6t &20|LC.
def show_reconstructions(model, images=X_valid, n_images=5):
reconstructions = model.predict(images[:n_images])
fig = plt.figure(figsize=(n_images = 1.5, 3))
for image_index in range(n_images):
plt.subplot(2, n_images, 1 + image_index)
plot_image(images[image_index])
plt.subplot(2, n_images, 1 + n_images + image_index)
plot_image(reconstructions[image_index])

show_reconstructions(stacked_ae)

1/1 [ ] - 0s 36ms/step

u

np . random. seed(42)

# tsnee =2 N2 HOIHE 2HE2Z SAAIJes IHE 4 JIEOICH

I T
=

# S <2l2 autoencoder 22 encoder= ZZEH2Z 30JH2 output=2 o) IS0
from sklearn.manifold import TSNE

# validation O OlE Z autoencoder® encoder2 20l €10 2 g2 MESHL.
X_valid_compressed = stacked_encoder.predict(X_valid)

tsne = TSNE()

# 30X ESEE input HIOIEHE TSNEE SEdll 2 2= A 8L,

X_valid_2D0 = tsne.fit_transform(X_valid_compressed)
# AHLE S StCt.

X_valid_2D0 = (X_valid_20 — X_valid_20.min()) / (X_valid_2D.max() — X_valid_20.min()

157/157 [ ] - Os 1ms/step

# autoencoder 2 encoder®l 2ol MAHE 2X& featuresE scatter plot2= elCh.
plt.scatter(X_valid_2D[:, 0], X_valid_2D[:, 1], c=y_valid, s=10, cmap="tab10")
plt.axis("off")

plt.show()
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In [ ]: # ¥l scatter plotOl E&3dt1 U= input CIOIEIE AIAH2=Z &0I5tJ| ?/8t REOICH.
plt.figure(figsize=(10, 8))
cmap = plt.cm.tab10
plt.scatter(X_valid_2D[:, 0], X_valid_2D[:, 1], c=y_valid, s=10, cmap=cmap)
image_positions = np.array([[1., 1.1])
for index, position in enumerate(X_valid_2D):
dist = np.sum((position — image_positions) ** 2, axis=1)
if np.min(dist) > 0.02: # if far enough from other images
image_positions = np.r_[image_positions, [position]]
imagebox = mpl.offsetbox.AnnotationBbox(
mpl.offsetbox.0ffsetImage(X_valid[index], cmap="binary"),
position, bboxprops={"edgecolor": cmap(y_valid[index]), "
plt.gca().add_artist(imagebox)
plt.axis("off")
plt.show()

lw": 2})
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