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import tensorflow as tf SEMEA(EBIZRZ relu
m = tf.keras.models.Sequential([

tf.keras.layers.Flatten(input_shape=(28, 28)),
tf.keras.layers.Dense(units=128, activation="relu’),
tf.keras.layers.Dense(units=10, activation="'softmax')

)
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EPOCHS=20
history = m. fit(x=ds_train[0],
y=ds_train[1],
epochs=EPOCHS,
validation_data=(ds_test[0], ds_test[1]),
callbaé&ij[tensorboardcallback], verbose=2)
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FEOEBDIRUAZITS IO 5
PO RL &I, WETF—RERET—2ICTT2 7
FERIERENER RTINS

" log_dir = “logs/fit/” + datetine.datetine.now().stritime "5y SmEd-EHEMES")
tensorboard_cal lback = tf.keras.callbacks.TensorBoard{loz_dir=loz_dir, histogram_frea=1)

EPDCHE=20

\\_
history = m.fit{x=ds_trainl0], [::]
v=ds_train(l],

epochs=EPOCHS,
validation_data=ids_test[0], ds_test[1]}.
cal lbacks=[tensorboard_cal lback], verbose=2)

n.evaluate(ds_test [0], d=_test[1], werboge=2)

C» Epoch 1/20

1875/1875 - 85 - loss: 0.2589 - accuracy: 0.9282 - val _loss: 0.1427 - val_accuracy: 0.9534 - Ss/epoch - Sms/step
Epach 2/20
1875/1875 - 45 - loss: 0.1191 - accuracy: 0.9BB% - val_loss: 0.0944 - val_accuracy: 0.9713 - 4s/epoch - Zms/fstep
Epoch 3/20
1875/1875 - 45 - loss: 0.0778 - accuracy: 0.9783 - wal_loss: 0.0808 - val_accuracy: 0.9736 - 4s/epoch - Zms/step
Enoch 4420

1875/1875 - 45 - loss: 0.0973 - accuracy: 0.9828 - val_loss: 0.0786 - val_accuracy: 0.9795 - 4s/epoch - Zms/step

Epach 5/20 e Il o
1875/1875 - 45 - loss: 0.0450 - accuracy: 0.9859 - wal_loss: 0.0743 - val_accuracy: 0.9765 - ds/epoch - Zms/step %/[ \
Epoch 6/70 ] ne

=
=]
=]
=

=
=]
=]
=

1875/1875 - 45 - loss: 0.0343 - accuracy: 0.9892 - val_loss: 0.0762 - val_accuracy: 0.9736 - 4s/epoch - Zms/step
Enach 7/20
1875/1875 - 45 - loss: 0.0285 - accuracy: 0.9912 - wal_loss: 0.0720 - val_accuracy: 0.9791 - ds/epoch - Zms/step
Epach 8/20
1875/1875 - 45 - loss: 0.0226 - accuracy: 0.9931 - wal_loss: 0.0770 - val_accuracy: 0.9785 - 4s/epoch - Zmsfstep
Epoch 8/20
1875/1875 - 45 - loss: 0.0183 - accuracy: 0.9943 - wal_loss: 0.0774 - val_accuracy: 0.9792 - ds/epoch - Zmsfstep
Epach 10/20
1875/1875 - 45 - loss: 0.0180 - accuracy: 0.9955 - wal_loss: 0.0787 - val_accuracy: 0.9784 - ds/epoch - Zmsfstep
Epach 11,20
1875/1875 - 4s - loss: 0.00141 - accuracy: 0.9956 - wal_loss: 0.0828 - val_accuracy: 0.9764 - 4s/epoch - Zms/step
Epach 12/20
1875/1875 - 4s - loss: 0.0107 - accuracy: 0.9965 - val_loss: 0.0821 - val_accuracy: 0.9786 - 4s/epoch - Zms/step
Epach 13/20
187941879 - 45 - loss: 0.0108 - accuracy: 0.99687 - val_loss: 0.0914 - val_accuracy: 0.9774 - 4s/epoch - Zmsistep
Epach 14,20
187541875 - 45 - loss: 0.0085 - accuracy: 0.9974 - wal_loss: 0.0931 - val_accuracy: 0.9766 - 4s/epoch - Zmsdstep
Epach 15/20
1875/1875 - 45 - loss: 0.0068 - accuracy: 0.9981 - wal_loss: 0.0915 - val_accuracy: 0.9781 - 4s/epoch - Zmsfstep
Epach 16/20
1875/1875 - 45 - loss: 0.007B - accuracy: 0.9977 - val_loss: 0.0885 - val_accuracy: 0.9788 - 4s/epoch - Zmsfstep
Epach 17/20
1875/1875 - Bs - loss: 0.00B5 - accuracy: 0.9980 - val_loss: 0.0865 - val_accuracy: 0.9792 - 9s/epoch - 3ms/step
Epach 18/20
1875/1875 - 85 - loss: 0.0080 - accuracy: 0.9981 - wal_loss: 0.0836 - val_accuracy: 0.9785 - 9s/epoch - 3ms/step
Epoch 18/20

1875/1875 - 45 - loss: 0.00B3 - accuracy: 0.9981 - wal_loss: 0.1017 - val_accuracy:
Epoch 20420
1875/1875 - 45 - loss: 0.0043 - accuracy: 0.9987 - wal_loss: 0.1108 - val_accuracy: 0.9781 - 4s/epoch - Zms/step

313/13 - 0s - loss: 0.1105 - accuracy: 0.9761 - 394ms/epoch - Ims/sten
[0.1105121374130249, 0.9761000275611877]

=

L9784 - ds/epoch - Znsstep

=
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[15] m.zet weights()[2]

array ([[-0.062063158, 0.08728163, 0.1853286 , ..., 0.40357363,
-0.693988 , 0.42249945],
[ 0.45693907, 0.37475308, -0.7932407 , ..., -0.00343985,
-0.01348854, 0.42884104],
[ 0.5918742 , O0.11614478, -0.8738301 , ..., -0.2826R747,
0.29315227, 0.2310630117,
[-0.59012157, 0.43835085, -0.8013934 , ..., -0.48010653,
-1.2864426 , 0.44753826],
[ 0.2R20216F, -0.098R1455, 0.178G6256, ..., O0.14542R23,
-0.5842476 , 0.12834718],
[ 0.19861923, -0.34796983, -0.37779674, ..., 0.10915083,

0.23459822, 0.02567334]]1, divee=float32)
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BRI FRFS R OMEER

Dalibuse ok

4 D0 1%%/\*

PHEFR 1 0EOHE (FREDZ1—Ov#EhronHN)

[2.82898581e-20 2. 11713194e-20<1._00000000e+00 1. 01542401e-08 2
3.07505820e-18 6. 13309550e-19 1. 73079867e-17 3. 75218205e-16

2. 25546036e-12 1.27005634e-19]
11. 00000000e+000. 00000000e+00 7. 43346550e-24 7.99614704e-31
1.60335865e-35 7.09844889%¢e-24 1. 09644683e-16 3. 93163016e-20

4.51085197e-28 9.15929917e-33]
[4.02610817e-21 5.27186802e-21 1.43940942e-19 6. 05407705e-22

1.00000000e+00>1. 87728168e-24 1.43710434e-20 5. 10361284e-13 4
1. 50390224e-20 5.03197449e-11]

[1. 593573076 06 3.12464854e-09 4.91066432e-09 9. 94732474e-09
1.01848738e-11 1.25744277e-08 1.01212549¢-08 3. 50234806e-11 8
9. 9999833]8 01>2. 44763920e-09] 40
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TensorFlow Core

TensorFlow Core
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(a) Standard Neural Net

Nitish Srivastava, Geoffrey Hinton, Alex Krizhevsky, llya Sutskever, Ruslan Salakhutdinov. Dropout: A Simple Way to Prevent Neural
Networks from Overfitting. The Journal of Machine Learning Research, Volume 15 Issue 1, January 2014 Pages 1929-1958
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