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Deep Lea rning

Features learned from training on different object classes.
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Deep Learning Training
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TensorFlow
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TensorFlow [ 1] 1s an interface for expressing machine learn-

ing algorithms, and an implementation for executing such al-

gorithms. A computation expressed using lensorkFlow can be
executed with little or no change on a wide variety of hetero-
geneous systems, ranging from mobile devices such as phones
and tablets up to large-scale distributed systems of hundreds

of machines and thousands of computational devices such as

GPU cards. The system 1s flexible and can be used to express
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Figure 3: Single machine and distributed system structure
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Figure |: Example TensorkFlow code fragment
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# Import the library
import tensorflow as tf

# Deftine the graph

hello op = tf.constant( 'Hello, Tensorflow!"')
a = tf.constant(19)

b = tf.constant(32)

compute op = t¥.add(a, b)

# Deftine the session to run graph

with tf.Session() as sess:
print(sess.run(he.lo op))
print(sess.run(conpute op))
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Se5S:

summary op = tf.merge all summaries()
writer = tf.train.SummarywWriter(tensorboard dir,
sess.run{(init op)

sess.run(tf.initialize local variables())

train” or mode
rain from
rain.get checkpoint state(checkpoint dir)
ckpt.model checkpoint path:
\tinue training from the model format(
model checkpoint

saver.restore(sess, ckpt, checxkpolint path)

Continues Learning TensorBoard
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DQN - Deep Q-Network

Deep Q-Network Algorithm
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DQN - Deep Q-Network
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