import tensorflow as tf
import numpy as np
import matplotlib.pyplot as plt

cifar=tf.keras.datasets.cifarl0@

(training images,training labels), (testing images,testing labels)=cifar.load data()

names=['airplane', 'automobile', 'bird', 'cat', 'deer','dog', 'frog', 'horse','ship', 'truck"']

training images.shape

(50000, 32, 32, 3)

training_labels.shape

(50000, 1)

training images=training images/255.0
testing images=testing images/255.0

model=tf.keras.Sequential([
tf.keras.layers.Flatten(input shape=(32,32,3)),
tf.keras.layers.Dense(128,activation="'relu'),
tf.keras.layers.Dense(128,activation="'relu'),
tf.keras.layers.Dense(10,activation="'softmax")
1)

model.compile(optimizer='adam',loss="'sparse categorical crossentropy',metrics=["'accuracy'])

model.fit(training images,training labels,epochs=100)
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<keras.src.callbacks.History at 0x2eb36cfc9do>

test loss,test acc=model.evaluate(testing images,testing labels)
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print("Test accuracy:",test acc)
Test accuracy: 0.4724000096321106
predictions=model.predict(testing images)
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