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import tensorflow as tf

MNIST =—=Aw bEO-RUTERLFET . BT EBHNSFISNERRCERLFET.

[] Imnist = tf. keras. datasets. mnist
\

(x_train, y_train), (x_test, y_test) = mnist. load_data()
x_train, x test = x_train / 255.0, x_test / 255.0

[BEEHER T tf. keras. Sequential EFILEBELFE T, JIEDEHICATFTa YA CBEKEHERUET

[] Inodel = tf. keras. models. Sequential ([
tf. keras. layers. Flatten(input_shape=(28, 28)),
tf. keras. layers. Dense (128, activation="relu’),
tf. keras. layers. Dropout (0. 2),
tf. keras. layers. Dense (10)
D

EFILEENETNOERCDNT, ISAZ &0y by agdicty A S ENS A7 =88 UFET.

predictions = model (x_train[:1]). numpy ()
predictions

tf.nn. softmax BEEI OIS AT E(CTNSOOZ Y b "ER" (CEBRLUET.

[ 1 tf. nn softmax (predictions). numpy ()
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mode| = tf. keras.models. Sequential ([

tf.
tf.
tf.
tf.

1)

KErds.
KErds.
KErds.

KErds.

ayers.
ayers.
ayers.
ayers.

- latten (input_shape=(28, 28)),
Dense (128, activation="relu’),
Dropout (0. 2),

Dense (10)
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° model. fit(x_train, y train, epochs=b)

Epoch 1/5

1875/1875 [

Epoch 2/5

1875/1875 [

Epoch 3/5

1875/1875 [

Epoch 4/5

1875/1875 [

Epoch 5/5

1875/1875 [

] - 4s 2ms/step - loss
] - 3s 2ms/step - loss
] - 3s 2ms/step - loss
] - 3s 2ms/step - loss

] - 3s 2ms/step - loss

{(tensorf low. python. keras. cal Ibacks. History at 0x7f5813df5828>

e DI U

O

fRDIRUDIEONTERED RS (loss D7

22 : 50

©0.3021 - accuracy
. 0.1451 - accuracy
: 0.1076 - accuracy
: 0.0891 - accuracy

: 0.0765 - accuracy

- 0.9130

- 0.9564

- 0.9677

: 0.9726

: 0.9768
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[9] model.evaluate(x test, v test, wverbose=7)

313/313 - 0s - loss: 0.0707 - accuracy: 0.9775
[0.07074886560440063, 0.9775000214576721]

« MREFEER & LU T lloss: 0.0707) DOLDICEKR
CDIEL (IEfif&EDZE)
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° probability model (x test[:5])

<tf.Tensor: shape=(5, 10),

array ([[1.91370447e-07,
5.23260740e-11,
7.67971144e-08,
[2.31039738e-08, 7.11840185e-05,
7.76041930e-15, 7.25283777e-10,
1.91307279e-07, 2.46916723e-12],
[1.71784973e-06, 9.98358786e-01,
3. 45551729¢e-04, 3. 43645456e-06
4.21421661e-04, 2.09370755e-05]
[9.99385834e-01, 2.56485464¢-08,
3.17038212e-06, 3.16674268e-05,
7.86026746e-08, 1.49787465e-05],
[2.92679069e-05, 1.79625748e-09, 1.50865104e-04, 2.45463582e-07
9.77253616e-01, 6.81265146e-06, 1.93367887e—05, 2.10188431e-04,
4.60406409e-06, 2.23250519e-02]], dtype=float32)>

dtype=float32, numpy=

. 24967245e-08, 1.01994574e-05, 2.02186013e-04,
.21992900e-06, 7.21373915e-14, 9.99775350e-01
.09266639e-05]

—

[{=]

.99922037e-01, 6.47704428e-06
. 21126625e-09, 1.27973126e-13,

_— =] ko
~J

w

. 25728615e-04, 3. 66985405e-05,
. 32516754e-05, 4.42476623e-04,

I~

[9%]

. 70431371e-04, 8.79353706e-07,
.02956597e-04, 8.99282895e-05,

—

— —
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S . P
@;"'@,/m_— model.fit[x_traiﬁ, v train, epocha @ i?_\ 20(/\_5 %%xz

Epoch 1/20

| I

IR T

x_test, v test, wverbose=7)

@) loss D HETEDIYE % HEFR
@ ;i;?__f E mode | .evaluatel

313/313 - 0s - IDSS:l0.0QEQ —|accuracy: 0.9798
[0.09222090244793213, U.9/49/0489858856201 ]

25



ES W) 5.

(4&.:5%) —1—0O>%8% 128 "5 1000 [CRX
& RER>ZENTDINE,

@ ;'_E,Tj_— Eﬂ@del = tf.keras.models.Sequential ([
tf.keras. layers.Flatteg(ingut shape=(28, 28)),
tf . keras. lavers. Denseactlvatlon— relu’),
tf . keras. lavers. Dropout E] 2]

])tf.keras layvers.Dense( @ i —a_ 1000 : g }ﬁ%z\_

edicti = % train[:1]).n ° mode | .evaluate(x_test, v_test, verbose=2)
D R L
ﬂ )b % a /\o tf.nn. ns) . numpy ()
~

L /_
% /[T ° loss_fn = tf.keras.losses.SparseCategoricalCrossentropy(from_logits=True)
n

[6] loss_fnly_train[:1], predictions).numpy()

° mode | .compile(optimizer="adam’,
oEEE

=t (1) |oss 0D A E D BB & HESD

° mode|.evaluate(x_test, v _test, wverbose=27)

313/313 - 1= —Iloss: 0. 1065 ! accuracy: 0.98%b
[0.10647593196 == 00166893005 ]
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import numpy as np

import matplotlib.pyplot as plt 7 ’ |_7 \/ '\

print (tf. _version_) KRS EEE
ANDAESD
- J7vZ3a>MNIST>—4tw boO— R
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° mode| = keras. Sequential ([
keras. layers. Flatten (input_shape=(28, 28)),
keras. layers. Dense (128, activation="relu ),
keras. layers. Dense (10, activation=" softmax’)

1)
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[14] model.fit(train_images, train labels, epochs=5)

Epoch 1/5

1875/1875 [
Epoch 2/5

1875/1875 [
Epoch 3/5

1875/1875 [
Epoch 4/5

1875/1875 [
Epoch 5/5

1875/1875 [

] - 3s 2ms/step
] - 3s 2ms/step
1 - 3s 2ms/step
1 - 4s 2ms/step

1 - 3s 2ms/step

loss

loss

loss

loss

loss

{tensorflow. python. keras. cal Ibacks. History at Ox/f43d53c1e48>

e DI U

O

22 : 50

Dalibuse ok

: 0.5026 - accuracy: 0.8225
: 0.3774 - accuracy: 0.8638
. 0.3413 - accuracy: 0.8754
. 0.3162 - accuracy: 0.8845

: 0.2960 - accuracy: 0.8907

1 DIR U DIZNIERED RS (loss DEEDEYE)
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