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In [1]:

from keras.datasets import mnist
from keras.utils import np_utils

In [2]:

import numpy
import sys
import tensorflow as tf

In [3]:

# Lt Ao THEIOl NET K LASH,
print( numpy.random.rand(4) )
print( numpy.random.rand(4) )

[0.58876587 0.23991335 0.72467289 0.63857356]
[0.14204534 0.26480378 0.22780786 0.79339815]



In [4]:

# L MAD| IHE XA

numpy . random. seed(0)

print( numpy.random.rand(4) )
numpy . random. seed(0)

print( numpy.random.rand(4) )

[0.5488135 0.71518937 0.60276338 0.54488318]
[0.5488135 0.71518937 0.60276338 0.54488318]
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In [5]:
# S U2Y 32, H0IH U225 AI2H0] 2 = /US.
(X_train, y_train), (X_test, y_test) = mnist.load_data()

print(X_train.shape, y_train.shape)
print(X_test.shape, y_test.shape)

(60000, 28, 28) (60000, )
(10000, 28, 28) (10000,)

In [6]:

import matplotlib.pyplot as plt



In [7]:
fig, axes = plt.subplots(3, 5, figsize=(18,12) )
print("label={}".format(y_train[0:15])) # xGIOI& 0~1400 JIH D]

for image, ax in zip( X_train, axes.ravel() ):
ax.imshow(image) # OlO| Xl EA|

label=[50419213143536 1]

]
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In [8]:

print(X_train.shape) # 60000 2tJ{, 283, 28<&
X_train[0].shape

(60000, 28, 28)
Qut[8]:
(28, 28)
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In [9]:

X_train = X_train.reshape(X_train.shape[0],784) # 60000, 28, 28 —> 60000, 784= © &
# CIOIE gtel &2l 0~255 —> 0~1

X_train.astype('float64")

X_train = X_train/255

#égikﬂ—m%NEjki
# X_tr = X_train.reshape(X_train.shape[0],784) .astype('float64') / 255
n [10]:

import numpy as np

n [11]:

print(X_train.shape) # OIOIE 3D
print("GIOIElSl =ICH, =& ", np.min(X_train), np.max(X_train) ) #

S
10
0%
40

(60000, 784)
GIOIE 2l =CH, =4 @ 0.0 1.0
n [12]:

# HAE OOl &Xe

X_test = X_test.reshape(X_test.shape[0],784)
X_test.astype('float64')

X_test = X_test/255

In [13]:

print(X_test.shape) # GOIE A2
np.min(X_test), np.max(X_test) # gtel 89

(10000, 784)
Out[13]:
(0.0, 1.0)

HOo|E 2B E ¢I6H 10%I2] 22 One-Hot EncodingE +H

In [14]:

# OneHotEncoding — 10&I=2] gt2 0, 12| g2 == ¢
y_train_1D = np_utils.to_categorical (y_ traln 10)
y_test_1D = np_utils.to_categorical(y_test, 10)
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In [15]:
y_train[0:4]

Out[15]:
array([5, 0, 4, 1], dtype=uint8)

In [16]:
y_train_10[0:4]

Out[16]:
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In [17]:

from keras.models import Sequential
from keras.layers import Dense

In [18]:

m = Sequential()

m.add(Dense(512, input_dim=784, activation='relu'))
m.add(Dense(128, activation='relu') )
m.add(Dense(10,activation="'softmax')) #softmax

R X}gks= :categorical_crossentropy, | M2} & : adam

In [19]:

m.compile(loss="categorical_crossentropy",
optimizer="adam',
metrics=["'accuracy'])



In [20]:

### BHXI AFOIE 200, epochs 303 &lsH,
history = m.fit(X_train, y_train_10, validation_data=(X_test, y_test_1D),

epochs=30,

batch_size=200,

verbose=1)
Epoch 1/30
300/300 [ ] - 4s 12ms/step - loss: 0.2652 — accuracy:
0.9247 - val_loss: 0.1228 - val_accuracy: 0.9615
Epoch 2/30
300/300 [ ] - 3s 11ms/step — loss: 0.0961 — accuracy:
0.9710 - val_loss: 0.0843 - val_accuracy: 0.9738
Epoch 3/30
300/300 [ ] - 3s 1ims/step - loss: 0.0625 — accuracy:
0.9806 - val_loss: 0.0727 - val_accuracy: 0.9777
Epoch 4/30
300/300 [ ] - 4s 15ms/step — loss: 0.0430 - accuracy:
0.9865 - val_loss: 0.0670 - val_accuracy: 0.9808
Epoch 5/30
300/300 [ ] - 3s 1ims/step - loss: 0.0307 — accuracy:
0.9907 - val_loss: 0.0665 - val_accuracy: 0.9800
Epoch 6/30
300/300 [ ] - 3s 11ms/step — loss: 0.0235 - accuracy:
0.9928 - val_loss: 0.0688 - val_accuracy: 0.9799
Epoch 7/30
300/300 [ ] - 3s 11ims/step - loss: 0.0184 — accuracy:
0.9944 - val_loss: 0.0646 - val_accuracy: 0.9828
Epoch 8/30
300/300 [ ] - 3s 11ms/step — loss: 0.0142 - accuracy:
0.9955 - val_loss: 0.0699 - val_accuracy: 0.9804
Epoch 9/30
300/300 [ ] - 3s 11ms/step — loss: 0.0109 - accuracy:

0.9966 - val_loss: 0.0766 - val_accuracy: 0.9798

Epoch 10/30

300/300 [ ] - 3s 11ms/step — loss: 0.0137 - accuracy:
0.9954 - val_loss: 0.0803 - val_accuracy: 0.9780

Epoch 11/30

300/300 [ ] - 3s 11ms/step — loss: 0.0104 - accuracy:
0.9967 - val_loss: 0.0735 - val_accuracy: 0.9821

Epoch 12/30

300/300 [ ] - 3s 1ims/step - loss: 0.0092 - accuracy:
0.9970 - val_loss: 0.0780 - val_accuracy: 0.9798

Epoch 13/30

300/300 [ ] - 3s 11ms/step — loss: 0.0108 — accuracy:
0.9964 - val_loss: 0.0756 - val_accuracy: 0.9813

Epoch 14/30

300/300 [ ] - 3s 11ims/step - loss: 0.0075 — accuracy:
0.9975 - val_loss: 0.0783 - val_accuracy: 0.9818

Epoch 15/30

300/300 [ ] - 3s 11ms/step — loss: 0.0059 - accuracy:
0.9982 - val_loss: 0.0822 - val_accuracy: 0.9806

Epoch 16/30

300/300 [ ] - 3s 11ims/step - loss: 0.0053 — accuracy:
0.9984 - val_loss: 0.1060 - val_accuracy: 0.9767

Epoch 17/30

300/300 [ ] — 3s 12ms/step — loss: 0.0056 — accuracy:
0.9983 - val_loss: 0.0778 - val_accuracy: 0.9836

Epoch 18/30

300/300 [ ] - 3s 12ms/step - loss: 0.0054 — accuracy:




0.9983 - val_loss: 0.0902 - val_accuracy: 0.9804

Epoch 19/30

300/300 | ] - 3s 11ms/step — loss: 0.0066 — accuracy:
0.9978 - val_loss: 0.0964 - val_accuracy: 0.9794

Epoch 20/30

300/300 [ ] - 3s 11ms/step — loss: 0.0067 — accuracy:
0.9980 - val_loss: 0.0878 - val_accuracy: 0.9805

Epoch 21/30

300/300 [ ] - 3s 11ms/step - loss: 0.0048 — accuracy:
0.9985 - val_loss: 0.0935 - val_accuracy: 0.9811

Epoch 22/30

300/300 [ ] - 3s 11ms/step — loss: 0.0062 — accuracy:
0.9984 - val_loss: 0.0934 - val_accuracy: 0.9825

Epoch 23/30

300/300 [ ] - 3s 11ims/step - loss: 0.0078 — accuracy:
0.9976 - val_loss: 0.0867 — val_accuracy: 0.9825

Epoch 24/30

300/300 [ ] - 3s 11ms/step — loss: 0.0052 — accuracy:
0.9984 - val_loss: 0.0926 - val_accuracy: 0.9829

Epoch 25/30

300/300 [ ] - 3s 11ims/step - loss: 0.0038 — accuracy:
0.9987 - val_loss: 0.0972 - val_accuracy: 0.9821

Epoch 26/30

300/300 [ ] - 3s 11ms/step — loss: 0.0056 — accuracy:
0.9984 - val_loss: 0.0992 - val_accuracy: 0.9811

Epoch 27/30

300/300 [ ] - 3s 1ims/step - loss: 0.0031 — accuracy:
0.9991 - val_loss: 0.0905 - val_accuracy: 0.9833

Epoch 28/30

300/300 [ ] - 3s 11ms/step — loss: 0.0030 — accuracy:
0.9990 - val_loss: 0.0970 - val_accuracy: 0.9823

Epoch 29/30

300/300 [ ] - 3s 11ms/step — loss: 0.0066 — accuracy:
0.9979 - val_loss: 0.1049 - val_accuracy: 0.9820

Epoch 30/30

300/300 [ ] - 3s 11ms/step - loss: 0.0046 — accuracy:
0.9985 - val_loss: 0.1087 - val_accuracy: 0.9807

In [21]:

print("sf&2 GOIEl A Accuracy : %.4f" %(m.evaluate(X_train, y_train_1D)[1]))
print("HIAEE OIOIEl A Accuracy : %.4f" %(m.evaluate(X_test, y_test_1D)[1]))
1875/1875 [ ] - 5s 3ms/step - loss: 0.0045 - accuracy:
0.9985

S&2 HI0oIe Al Accuracy - 0.9985

313/313 [ ] - 1s 3ms/step — loss: 0.1087 - accuracy: 0.
9807

HAEZE OO0l Al Accuracy : 0.9807

In [22]:

pred = m.predict (X_test)



In [23]:

print( pred.shape )
print( "0I=at - ", pre
print( "0Isgt & I

Q_

[1

\J ~—

i
fo

tol

3

X ", np.argmax(pred[1]) )

(10000, 10)

OI=32t © [9.3413454e-17 1.6887590e-16 1.0000000e+00 4.6736043e-16 1.1535825¢—-29
6.4255561e-22 1.9321864e—17 7.5378626e—-24 9.8010006e-14 9.5771777e-25]
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