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import tensorflow as tf
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def create_model(): \T
return m = tf.keras.models.Sequential([
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558 (X relu

tf.keras.layers.Dense(units=64, input_dim=4, activation='"relu’'),
tf.keras.layers.Dense(units=3, activation='softmax’)

)
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history = m.fit(x:x_train;/////////////////””//////

y=y_train,
epochs=EPOCHS,

val idation_data=(x_test, y_test),

cal Ibacks=[tensorb
verbose=2)

rd_cal Iback],
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Epoch 1/200

1/1 = 1s — loss: 1.2898 — accuracy: 0.2000 — val_loss: 1.3929 - val_accuracy: 0.0000e+00 - 870ms/epoch — 870ms/step
Epoch 2/200

1/1 - 0s - loss: 1.2638 - accuracy: 0.2000 - val_loss: 1.3274 - val_accuracy: 0.0000e+00 - 51ms/epoch — 51ms/step
Epoch 3/200

1/1 - 0s — loss: 1.2283 - accuracy: 0.2000 - val_loss: 1.2487 - val_accuracy: 0.0000e+00 - 59ms/epoch — 59ms/step
Epoch 4/200
1/1 - 0s — loss: 1.1864 - accuracy: 0.2000 - val_loss: 1.1619 — val_accuracy: 0.0000e+00 - 56ms/epoch — 56ms/step
Epoch 5/200
1/1 - 0s - loss: 1.1409 - accuracy: 0.4000 - val_loss: 1.0714 - val_accuracy: 0.0000e+00 - 74ms/epoch - 74ms/step

Epoch 6/200

1/1 = 0s - loss: 1.0937 - accuracy: 0.4667 - val_loss: 0.9818 - val_accuracy: 0.0000e+00 - 70ms/epoch — 70ms/step
Epoch 7/200

1/1 - 0s — loss: 1.0473 - accuracy: 0.5333 - val_loss: 0.8945 - val_accuracy: 1.0000 - 51ms/epoch - 51D§fstep
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