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Definition of Deep Learning
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Deep Neural Network
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Start with Neurons
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Logistic (a.k.a Soft step) : . f(;) = = Flz) = f(l)(l — f(l))
.
TanH pertit f(x) = tanh(z) = - -1 f'(z)=1- f(z)
== l4e = a
ArcTan // 2 f(r) = ta,n—l(,r) f'(l) — !
pewes g x? + 1
_ —— _
4 0 for <0 0 for <0
= : : (7] o) = "(1) =
Rectified Linear Unit (ReLU) WEE // f(x) { * for >0 f'(x) { 1 for 23>0
Parameteric Rectified Linear Unit / f(z) = ar for x<0 Plz) = a for x <0
(PReLU)®] // i - x for >0 - 1 for >0 ‘ Al DISCOVERY
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Typical Deep Model
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CNN
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Max pooling
2x2 pooling, stride 2

Feature Map
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Tensorflow
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Tensorflow

tensorflow tf
a = tf.constant([
b = tf.constant(]
result = tf.add(a,b)
(result)

ml = tf.constant([[ 11)

m2 = tf.constant([[ 1, [ 11)

product = tf.matmul(ml,m2)
(product)

tf.Session() sess:
add_result=sess.run(result)
(add_result)

sess=tf.Session()

product_res =sess.run(product)
(product_res)

sess.close()

iR
Tensor("Add:0", shape=(2,), dtype=float32)
|| || I
TRE B0 4 —4 ZuEkE
wmHh E 84
KE2

Tensor("MatMul:0", shape=(1, 1), dtype=float32)

[[15.]]
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HEitiEAR add/multiply/mod/sqrt/sin/trace/fft/argmin

HAEZE size/rank/split/reverse/cast/one_hot/quantize

¥R clip by wvalue/clip by norm/clip by global norm

IR H|FNE,  identity/logical and/equal/less/is finite/is nan

RIS enqueue/dequeue/size/take grad/apply grad/

Maa Rk zeros_initializer/random normal initializer/orthogonal initializer

HEZMNEIZE convolution/pool/bias add/softmax/dropout/erosion2d

iz random normal/random _shuffle/multinomial/random gamma
FHEREE string to hash bucket/reduce join/substr/encode base64

ERAAIRIEE encode png/resize images/rot90/hsv_to rgb/adjust gamma



Tensorflow

tensorflow

tf.Variable([
tf.constant([

tf.subtract(x
tf.add(x, sub)

init = tf.global variables initializer()
tf.Session() sess:
sess.run(init)
(sess.run(sub))
(sess.run(add))

state = tf.Variable(
new value = tf.add(state

update = tf.assign(state, new_value)
init = tf.global variables initializer()

tf.Session() sess:
sess.run(init)
(sess.run(state))
_ (5):
sess.run(update)
(sess.run(state))
Output:




Tensorflow Fetch % Feed

inputl = tf.constant(

input2 = tf.constant( )
input3 = tf.constant( )

add = tf.add(input2, input3)
mul = tf.multiply(inputl, add)

tf.Session() Sess:
result = sess.run([mul, add])

(result)

Output:
[21.0, 7.0]

inputl = tf.placeholder(tf.float32)
input2 = tf.placeholder(tf.float32)

output = tf.multiply(inputl
input2)

tf.Session() Sess:

(sess.run(output
={inputl: [7.], input2: [2.]}))

Output:
[14.0]




Tensorflow

tensorflow tf
numpy np

X_data np.random.rand( )
y_data X_data * +

tf.Variable(9.)
tf.Variable(0.)
k * x data + b

loss = tf.reduce_mean(tf.square(y_data - y))
optimizer = tf.train.GradientDescentOptimizer( )

train = optimizer.minimize(loss)

init = tf.global variables_initializer()

tf.Session() sess:
sess.run(init)
step ( ):
sess.run(train)
step % == 0:
(step, sess.run([k, b]))

0 [0.044449475, 0.09701918]
20 [0.095833234, 0.20189862]
40 [0.097567454, 0.20110859]
60 [0.09857984, 0.2006472]

80 [0.099170886, 0.20037785]
100 [0.099515945, 0.20022058]
120 [0.099717416, 0.20012878]
140 [0.099835016, 0.20007518]
160 [0.09990368, 0.2000439]
180 [0.09994376, 0.20002563]
200 [0.09996716, 0.20001496]
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x = tf.placeholder(tf.float32
y = tf.placeholder(tf.float32

weight variable(shape):
initial = tf.truncated normal(shape
tf.Variable(initial)

bias_variable(shape):
initial = tf.constant( =shape)
tf.Variable(initial)

conv2d(x, W):
tf.nn.conv2d(x

max_pool 2x2(x):
tf.nn.max_pool(x
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X_image

W _convl
b _convl
h_convl

h_pooll

W _conv2
b _conv2
h_conv2

h _pool2

W fcl
b fcl =
h _pool2
h fcl =

keep_pro
h fcl dr

W fc2
b fc2

y_conv=t

tf.reshape(x, [- 1)

= weight_variable([ 1)

= bias_variable([32])

= tf.nn.relu(conv2d(x_image, W _convl) + b_convl)
= max_pool_2x2(h_convl)

= weight_variable([ 1)

= bias_variable([64])

= tf.nn.relu(conv2d(h_pooll, W conv2) + b conv2)

= max_pool 2x2(h _conv2)

weight variable([7 * v 1)
bias_variable([ 1)

flat = tf.reshape(h_pool2, [- *7*%641])
tf.nn.relu(tf.matmul(h_pool2 flat, W fcl) + b _fcl)
b = tf.placeholder( )

op = tf.nn.dropout(h_fcl, keep_prob)

weight variable(] 1)
bias_variable([10])

f.nn.softmax(tf.matmul(h_fcl drop, W fc2) + b_fc2)
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cross_entropy = -tf.reduce sum(y_ *tf.log(y conv))
train_step = tf.train.AdamOptimizer( ) .minimize(cross_entropy)
correct _prediction = tf.equal(tf.argmax(y _conv,1), tf.argmax(y ,1))

accuracy = tf.reduce_mean(tf.cast(correct prediction ))
saver = tf.train.Saver()

tf.Session() sess:
sess.run(tf.global variables initializer())
i ( ):
batch = mnist.train.next_batch(50)
i% ——
train_accuracy = accuracy.eval( ={x:batch[0@], y : batch[1], keep_ prob:
( %(1, train_accuracy))

train_step.run( ={x: batch[@], y : batch[1], keep_ prob: 1)
saver.save(sess )
( %accuracy.eval( ={x: mnist.test.images [0O:
mnist.test.labels [O: ], keep_prob: 1))
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img = Image.open( )
reIm = img.resize(( ), Image.ANTIALIAS)
im_arr = np.array(relm.convert( ))

threshold =

i (28):
J (28):
im _arr[i][]j] =
(im_arr[i][]]
im_arr[i][7]

- im_arr[i][]]
threshold):

A

im_arr[i][j]

img ready = np.multiply(im_arr / )

..... T+ _ cuv~ nAanAvr nAaclkhAawA/T T\

tf.Session() sess:
sess.run(tf.global variables initializer())
saver.restore(sess )
prediction = tf.argmax(y_conv,1)

predint = prediction.eval( ={x: [result],keep prob:

=Sess)
( %predint[0])

recognize result: 3
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train_clean, train_labels = clean_text(train.values ) # XARFE KBRLTNES

tokenizer
tokenizer = Tokenizer()
tokenizer.fit on_texts(train_clean)
word _index = tokenizer.word_ index
train_seq = tokenizer.texts to sequences(train_clean)

max_review length =
train_pad = pad_sequences(train_seq =max_review length)
review lengths longer than pad =
seq train_seq:
(seq) > max_review length:
review lengths longer than pad = review lengths longer than pad +
x_train, x test, y train, y test = train_test split(train_pad, train_labels
x_test, x valid, y test, y valid = train_test split(x_test, y test

# RESULT DEMO
With all this stuff going down at the moment with MJ i've started listening to his music, watching the odd documentary here and there,

stuff going moment mj ve started listening music watching odd documentary,

[ 10, 511, 4097, 173, 22, 219,
595, 2354, 1210, 11270, 76, 4849, 76, 650, 2, 262, 75, 11, 312, 1682, 499, 1158, 3286, 8839, 422, 809, 3363, 17, 452, 614, 1519, 15, 52,
4446, 1871, 1013, 154, 353, 1459, 759, 2443, 4,,,, 1374]
[ 10 511 4097 173 22 219 595 2354 1210 11270 76 4849
76 650 2 262 75 11 312 1682 499 1158 8839
422 809 3363 17 452 614 1519 15 52 4446 1013

154 353 1459 759 2443 4 8839 429 75 652 245
101 7449 614 3460 8839 37276 1883 1 353 256
3 880 16 42 1506 1012 2354 12 50 733
6944 12 41 16 166 373 4416 92 449
216 263 3 18716 18717 327
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datas_placeholder = tf.placeholder(tf.int32, [ max_document_length])
labels placeholder = tf.placeholder(tf.int32, [ 1)

embeddings = tf.get variable( [vocab size, embedding size]
=tf.truncated normal initializer)

embedded = tf.nn.embedding lookup(embeddings, datas placeholder)

rnn_input = tf.unstack(embedded, max_document length =1)
1stm cell = BasicLSTMCell( =1.0)
rnn_outputs, rnn_states = static rnn(lstm _cell, rnn_input =tf.float32)

logits = tf.layers.dense(rnn_outputs[-1], num_classes)

predicted_labels = tf.argmax(logits =1)
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losses= tf.nn.softmax_cross_entropy with logits(

=tf.one_hot(labels placeholder, num_classes)

=logits)
mean_loss = tf.reduce_mean(losses)
optimizer = tf.train.AdamOptimizer(
tf.Session() sess:

sess.run(tf.global variables initializer())

feed dict = {
datas_placeholder: datas
labels placeholder: labels}

_ ) .minimize(mean_loss)

( )
step ( ):
mean_loss _val = sess.run([optimizer, mean_loss]
step % == 0.
( .format(step
( )

predicted labels val = sess.run(predicted labels

Predicted ‘“truly masterful movie' as:
Good mowvie

Process finished with exit code @

=feed dict)
mean_loss _val))

=feed dict)
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