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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
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: 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
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