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3. TensorFlow ZZ1zjal
3.1 7la

TensorFlow T2 1ef4oA] AA] ARt 1= 722
FHs) agzollx] === ops (operations)e]] =™,
opt YH FOE tensorS WolEa] nlg] Fod ARks
P& 7, 29 HeE oA tensorE WEONITE 714
tensord EFqlo] “gold vixbl widolet. ol S0, E A
o] oA HelHE FolelE “mini-batch”2ta
training/test ZZXog AREE H9 29
(dimension)©] 4°2]([batch, height, width, channels]) T}x}
A wiolrt.

TensorFlowol|d] A2k Sessions 3l AdP=l=d],
Session-S A18Y5}312} = TP opsE tiHlo]yCPU &=
= GPU)dl| 23l k.

tensor=

3.2 “Hello World”> =213

import tensorflow as tf
hello=tf constant('Hello, TensorFlow')
s=tf Session()

print s run(hello)

9] FToi WA £ “Hello, TensorFlow E1-8-0
2 3= 5 899l BlME wk= the, Session Ao
TensorFlow ops(¢] 7% hello)E Hgsl t}s A8k

a = tf constant

[1,2 3, 4,5, 6], shape=[2, 3))
[7, 8,9, 10, 11, 12], shape=[3, 2]
with tf Session() as sess:

b = tf constant

print sess,run(tf matmul(a,b))

§) FEE 34 EiRle] BNE T, “wk(shape) S
AR vk YEel F AE

import tensorflow as tf
import numpy as np
x = tf placeholder("float", shape=(1024, 1024))

y = tf.matmul(x, x)

with tf Session() as sess:
rand_array = np.random rand(1024, 1024)
print sess.run(y, feed_dict={x: rand_array})

9 Fe= sess.run] F WA ¢l feed dictE ARgE}R]
HIA] 7ke] oWEtold(x %k W) sht}. 1024*%1024<] ¥
< A 5 F B & AR

ol oM WS x, yi= ElXo] feedingEhie tidoln
dtype2 32H|E A, 2pe1& 2*29] mE- 2o}, wl2bA] ¢
A2 2Pt u)l feeding == 24| €A placeholderol]
A Aelgh 21t BUslA 7hS AelFHk it o2 5
Bl x= 1809] ghol [2,2], 2889] Fkol [3,3]¢] 2%2 &o]
=

# tensor 'x' is [[2, 2]], 3, 3]
x = tf placeholder("int32", shape=(2, 2))
# tensor 'y' is [[8, 16], [2, 3]
y = tf placeholder("int32", shape=(2, 2)

c=tf pow(x, y)
with tf Session() as sess:
print sess,run(c, feed dict={x: [[2, 2], [3, 3]],y:[[8, 16], [2, 3]}
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1 import tensorflow as tf
2 import numpy as np

4 # Make 100 phony data points in NumPy.

5 x_data = np.float32(np.random.rand(2, 100)) # Random input
6 y data = np.dot([0.100, 0.200], x data) + 0.300
I/
8 # Construct a linear model.
9 b = tf.Variable(tf.zeros([1]))
10 W = tf.vVariable(tf.random uniform([1l, 2], -1.0, 1.0))
11 y = tf.matmul (W, x data) + b

# Minimize the squared errors.

W N R

14 loss = tf.reduce mean(tf.square(y - y_data))

15 optimizer = tf.train.GradientDescentOptimizer(0.5)

16 train = optimizer.minimize(loss)

18 # For initializing the variables.
19 init = tf.initialize all_variables()

21 # Launch the graph
22 sess = tf.Session()
23 sess.run(init)

25 # Fit the plane.

26 for step in xrange(0, 201):
27 sess.run(train)

28 if step % 20 == 0:

29 print step, sess.run(W), sess.run(b)

31 # Learns best fit is W: [[0.100

0.200]], b:

[0.300]

2] 2. TensorFlow AM&dEE! offx|

3.1 4% =4

a3 2= 7P T8k A3(linear) FElS ARS3E ofA|o]
t}. o] ellxlellx] S5 WA dlo|E] F¥(training £ 2] T
oJH)), loss function 2], train W*He| o], sessionS 5
gk Ao R o]Fofziet. gl Selx] 731 [0, 1]Atele] 3he
2 Zol7} 221 column HE] 10071E 72912 whso]dick
2ol 6ol = 712] g [0.1, 0.2]TS} bias 0.3S AMa3}
o] Bl Fho & o]2017l row WEY(1¥100)S vHESoich &}
219, 100X+ trainingHAlo =98 A3 29l sleja|E]
wol bE 273l 2Rl 1ok 8 Fh(x_data)ol] =}
uE] wek bE H83te] ol 3t yE AR o] % loss
function2 (y-y_data)20 2 o]}, 2}l 159114 learning
rate 0.59] gradient descent 223} HPH-S A olJc).

g}el 1694 loss function HAslE A3t the, el
2744 trainingS =8Itk 200 39| v T@AIE 43
Sland 9 slehale] w HE 2 be] 4 3k [0.10001153,
0.200008791T, 0.29998931¢]c}.

2% 32 MNIST vlo[El& ARESH dlAolth 2il 4eilx,
A zpdo] 28+282] handwritten o|n]A] &7} |50 Zo]
7842] WlElE FHIC) 9 100X 71ER]ol sidshe
784*10 =712] 3YZE& FH]3Ic}. handwritten ©|P]#] S5
& HF(classification)ol] s|F=™ wlgbA] 194 107442
S 208 GES AR "t oAk AMeE 2E
2 softmax2A] Hlold x7t S92 id g&S vehlin o
2] &ejo|rt.

221 99llA x, w, bE ARESte] RdlS Aot x+= 2t
Q1 2404 AA] Ake & ), feedingS E&l MNIST to]
EE A93H] Hvt. SoftmaxE AME3t ERAGES e
73%- cross-entropy = loss function© 2 s E=d| 2kl
139] s+t 2}l 14904 learning rateE 0.012 A 2J3t
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import input_data

import tensorflow as tf

x = tf.placeholder("float",
W = tf.variable(tf.zeros([784,10]))
b = tf.Variable(tf.zeros([10]))
#

1D W N

[None, 784])

ur

o L

~

placeholder (dtype, shape=none, name=none)

mnist = input_data.read_data_sets("MNIST data/", one_hot=True)

batch_ys})

mnist.test.labels})

9 y = tf.nn.softmax(tf.matmul(x,W) + b)

10 # softmax(logits, name=none)

11

12 y_ = tf.placeholder("float", [None,10])

13 cross_entropy = -tf.reduce_ sum(y *tf.log(y))

14 train step = tf.train.GradientDescentOptimizer(0.01).minimize(cross_entropy)
15 init = tf.initialize all variables()

16 sess = tf.Session()

17 sess.run(init)

18 for i in range(1000):

19 batch_xs, batch_ys = mnist.train.next_batch(100)

20 sess.run(train_step, feed dict={x: batch_xs, y_:

21

22 correct_prediction = tf.equal(tf.argmax(y,l), tf.argmax(y_,1))
23 accuracy = tf.reduce_mean(tf.cast(correct_prediction, "float"))
24 print sess.run(accuracy, feed_dict={x: mnist.test.images, y_:
25

Ozl 4. Softmax 25 Ofid|

o2, 2l 19914 =7] 1002] wHix|(batch)E <IFct
2l 2204 afF o] A7} s s SeAleh Rllol 4
3 S| HlaE B8 Fe=E ARt

4. Mz

TensorFlow 2188873904 client:= session SIE]H0]AE
A}83ke] mastere} B8k} & 7)) o) 2] worker ZEA~
= CPUL GPU tilelze] WE Sl o 9
master’} AEe T1PE =g ARl 1Y 5 3x). A
332 A Y(local) 37 9 3k o= e, Ao &
ZJolgk client, master, worker7} 2.5 dhke] tiajo| A Aol
Al AdEle s deh

ol9} whHo| Eak 4L client, master, worker7} TR
tutolx o] thE ZRAZA Hsls 2 el
TensorFlowelx] tlalo] = ol Z83h 94%1d] ZH2te]
tlutolzelli= tjutel2 BljIF} ofFo] Id=o] itk tinp
o] o] Bof ¥3u= AR 2= tlulolx Bl worker T2
Al ) 19l gk aefal Tk 35| - worker Z2A|
229] job, task olo]t7} EFEHLE AE S0, “/job:loca

lhost/device:cpu:0” H= “/job:worker/task:17/device:gp
w377} 2 Aol Z7ke] ol A ol v
welel 97 9 alA, A9 ) 5o Ale Ba

. 3
single process
' client \—— master
Mmoo S session \_ _________ :
run
execute
subgraph
' worker
% (Gpu) [GP0] (=) [@] K
\ J
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