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In [30]: £from __ future  import absolute_import, division, print_function, unicode_literals
import tensorflow as tf

In [31]: mnist = 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
In [32]: x_train.shape
Out[32]: (60000, 28, 28)
In [33]:  %matplotlib inline
import matplotlib.pyplot as plt
print('This first picture in training set is %x' % y_train[0])
plt.figure()
plt.imshow(x_train[0])
plt.show()

This first picture in training set is 5

0

s -

In [34]: model = 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, activation='softmax')

1)

model.compile(optimizer="adam',

loss='sparse_categorical crossentropy',
metrics=[ 'accuracy'])

In [35]: model.fit(x_train, y_train, epochs=5)
model.evaluate(x_test, y test, verbose=2)

Train on 60000 samples

Epoch 1/5
60000/60000 [ 1 - 2s 4lus/sample - loss: 0.2968 - accuracy: 0.9133
Epoch 2/5
60000/60000 [ 1 - 2s 39us/sample - loss: 0.1445 - accuracy: 0.9567
Epoch 3/5
60000/60000 [ 1 - 2s 37us/sample - loss: 0.1058 - accuracy: 0.9676
Epoch 4/5
60000/60000 [ ] - 2s 4lus/sample - loss: 0.0875 - accuracy: 0.9729
Epoch 5/5
60000/60000 [ 1 - 2s 39us/sample - loss: 0.0736 - accuracy: 0.9764

10000/1 - 0s - loss: 0.0448 - accuracy: 0.9787

Out[35]: [0.07673446817761287, 0.9787]
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In [36]:

In [37]:

print('This predicted value of first picture in test set is %x'
print('This real value of first picture in test set is %x'

plt.figure()
plt.imshow(x_test[0])
plt.show()

This predicted value of first picture in test set is 7

This real value of first picture in test set is 7

0

10

15

25

model.summary ()

Model: "sequential_ 1"

% model.predict_classes(x_test[:1])[0])

% y_test[0])

Layer (type) Output Shape Param #
flatten_1 (Flatten) (None, 784) 0
dense_ 2 (Dense) (None, 128) 100480
dropout_1 (Dropout) (None, 128) 0
dense_ 3 (Dense) (None, 10) 1290

Total params: 101,770
Trainable params: 101,770
Non-trainable params: 0
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I [38]:

In [39]:

In [40]:

model.save( 'minist.h5")

saved model = tf.keras.models.load model('minist.h5")
saved_model.summary()

Model: "sequential 1"

Layer (type) Output Shape Param #
flatten_ 1 (Flatten) (None, 784) 0
dense_2 (Dense) (None, 128) 100480
dropout_1 (Dropout) (None, 128) 0
dense_3 (Dense) (None, 10) 1290

Total params: 101,770
Trainable params: 101,770
Non-trainable params: 0

print('This predicted value of first picture in test set is %x' % saved model.predict_classes(x_test[:1])[0])
print('This real value of first picture in test set is %x' % y test[0])

plt.figure()

plt.imshow(x test[0])

plt.show()

This predicted value of first picture in test set is 7
This real value of first picture in test set is 7

0

10
15
20

25
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to Build Intelligent Systems

oW

[ ] import temsorflow as tf
print(tf._version_)

@ 2.0.0

TensorFlow 2.0 + Keras Overview for Deep Learning Researchers
@fchollet, October 2019

This document serves as an introduction, crash course, and quick API reference for TensorFlow 2.0.

TensorFlow and Keras were both released over four years ago (March 2015 for Keras and November 2015 for TensorFlow). That's a long time in deep learning years!

In the old days, TensorFlow 1.x + Keras had a number of known issues:

+ Using meant ing static graphs, which would feel awkward and difficult to programmers used to imperative styles of
coding

+ While the TensorFlow APl was very powerful and flexible, it lacked polish and was often confusing or difficult to use.

+ While Keras was very productive and easy to use, it would often lack flexibility for research use cases.

.
Japyter
*

2.0isan ive redesign of and Keras that takes into account over four years of user feedback and technical
progress. It fixes the issues above in a big way.

It's a machine learning platform from the future.

TensorFlow 2.0 is built on the following ke ideas:

« Let users run their computation eagerly, lie they would in Numpy. This makes TensorFlow 2.0 programming intuitive and Pythonic.

Preserve the considerable advantages of compiled graphs (for and “This makes TensorFlow fast, scalable, and

production-ready.

+ Leverage Keras as its high-level deep learing API, making TensorFlow approachable and highly productive.

- Extend Keras into a spectrum of workflows ranging from the very high-level (easier to use, less flexible) to the very low-level (requires more expertise, but
provides great flexibility).

~ Part 1: TensorFlow basics
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