TENSORFLOW




L
What is TensorFlow?

- TensorFlow is a deep learning library open-sourced by Google.

- TensorFlow provides primitives for defining functions on
tensors and automatically computing their derivatives.

- Tensor is a multidimensional array of numbers

?TensorFIow



(SMALL) DATASET
EXAMPLES




MNIST dataset

- handwritten digits

- a training set of 60,000 examples

- 24x24 images
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. CLASSIFIER PREPROCESSING TEST ERROR Reference -

RATE (%)

Linear Classifiers

linear classifier (1-layer NN) none 12.0||LeCun et al. 1998
linear classifier (1-layer NN) deskewing 84| LeCun et al. 1998
pairwise linear classifier deskewing 7.6||LeCun et al. 1998

Non-Linear Classifiers
40 PCA + quadratic classifier none 3.3||LeCun et al. 1998
1000 RBF + linear classifier none 3.6||LeCun et al. 1998

SVMs

SVM, Gaussian Kernel Hnone ” 1.4H
‘SVM deg 4 polynomial Hdeskewing ” l.lH LeCun et al. 1998 ‘
‘Reduced Set SVM deg 5 polynomial Hdeskewing ” l.OH LeCun et al. 1998 ‘
‘Vir‘tual SVM deg-9 poly [distortions] Hnone ” O.SH LeCun et al. 1998 ‘
‘Vir‘tual SVM, deg-9 poly, 1-pixel jittered Hnone ” 0.68H DeCoste and Scholkopf, MU 2002 ‘
‘Vir‘tual SVM, deg-9 poly, 1-pixel jittered Hdeskewing ” O.BSH DeCoste and Scholkopf, MU 2002 ‘
‘Vir‘tual SVM, deg-9 poly, 2-pixel jittered Hdeskewing ” O.SGH DeCoste and Scholkopf, MU 2002 ‘
‘ Neural Nets ‘
‘2-|ayer NN, 300 hidden units, mean square error Hnone ” 4.7’H LeCun et al. 1998 ‘
|2-layer NN, 300 HU, MSE, [distortions] | none | 36)|LeCun et al. 1998 |
|2-layer NN, 300 HU | deskewing | 16)|LeCun et al. 1998 |
‘2—|ayer NN, 1000 hidden units Hnone ” 4.5H LeCun et al. 1998 ‘
|2-layer NN, 1000 HU, [distortions] |none | 3.8)|LeCun et al. 1998 |
3-layer NN, 300+100 hidden units none 3.05(||LeCun et al. 1998
3-layer NN, 300+100 HU [distortions] none 2.5||LeCun et al. 1998
3-layer NN, 500+150 hidden units none 2.95(|LeCun et al. 1998
3-layer NN, 500+150 HU [distortions] none 2.45| LeCun et al. 1998
3-layer NN, 500+300 HU, softmax, cross entropy, weight hone 1.53 || Hinton, unpublished, 2005
decay
2-layer NN, 800 HU, Cross-Entropy Loss none 1.6||Simard et al., ICDAR 2003
2-layer NN, 800 HU, cross-entropy [affine distortions] none 1.1||Simard et al., ICDAR 2003

2-layer NN, 800 HU, MSE [elastic distortions] none 0.9 Simard et al. ICDAR 2003




| Convolutional nets ‘
|Convo|utiona| net LeNet-1 Hsubsampling to 16x16 pixels ” 1.7||LeCun et al. 1998 ‘
|Conv0|utiona| net LeNet-4 Hnone ” l.l”LeCun et al. 1998 ‘
Convolutional net LeNet-4 with K-NN instead of last none 110 Lecun ot &l 1998

layer -

Convolutional net LeNet-4 with local learning instead of none 110l Lecun ot al 1998

last layer -

Convolutional net LeNet-5, [no distortions] none 0.95||LeCun et al. 1998

|Convo|utiona| net LeNet-5, [huge distortions] Hnone ” 0.85||L9Cun et al. 1998 ‘
|Conv0|utiona| net LeNet-5, [distortions] Hnone ” O.8||LeCun et al. 1998 ‘
|Conv0|utiona| net Boosted LeNet-4, [distortions] Hnone ” O.?”LeCun et al. 1998 ‘
Trainable feature extractor + SVMs [no distortions] none 0.83||Lauer et al. Pattern Recognition 40-6, 2007
Trainable feature extractor + SVMs [elastic distortions] none 0.56||Lauer et al., Pattern Recognition 40-6, 2007
Trainable feature extractor + SVMs [affine distortions] none 0.54||Lauer et al., Pattern Recognition 40-6, 2007
unsupervised sparse features + SVM, [no distortions] none 0.59||Labusch et al., IEEE TNN 2008

|Convo|utiona| net, cross-entropy [affine distortions] Hnone ” 0.6||Simard et al, ICDAR 2003 ‘
|Convo|utiona| net, cross-entropy [elastic distortions] Hnone ” O.4||Simard et al, ICDAR 2003 ‘
||arge conv. net, random features [no distortions] Hnone ” 0.89||Ranzato et al., C\VPR 2007 ‘
||arge conv. net, unsup features [no distortions] Hnone ” D.62||Ranzato et al, CVPR 2007 ‘
large conv. net, unsup pretraining [no distortions] none 0.60||Ranzato et al., NIPS 2006

large conv. net, unsup pretraining [elastic distortions] none 0.39|(Ranzato et al, NIPS 2006

large conv. net, unsup pretraining [no distortions] none 0.53||Jarrett et al., ICCY 2009

Iargefldee.p conv. net, 1-20-40-60-80-100-120-120-10 none 035l Ciresan et al. DCAI 2011

[elastic distortions]

committee of 7 conv. net, 1-20-P-40-P-150-10 [elastic |z o oalization 0.27 +-0.02||Ciresan et al. ICDAR 2011

distartions]

cc.Jmml.ttee of 35 conv. net, 1-20-P-40-P-150-10 [elastic width normalization 0.23||Ciresan et al. CVPR 2012

distortions]




D
CIFAR-10 dataset

- CIFAR-10

- A labeled subset of the 80 million tiny images dataset
- Collected by Alex Krizhevsky, Vinod Nair, and Geoffrey Hinton
- Available at http://www.cs.toronto.edu/~kriz/cifar.html

- Consisting of 60000 32x32 color images in 10 classes, with 6000 images
per class.

- 50000 training images and 10000 test images.



http://www.cs.toronto.edu/~kriz/cifar.html
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TENSORFLOW INTRODUCTION




What we should design/choose/prepare

- Input output formats

- Network structures
- The mathematical relationship between inputs and outputs
- Variables + Functions

- Loss function
- Training data

- Optimization schedule
- Optimization methods
- Hyper-parameters



TENSORFLOW BASICS




L
TF basics

- Hello World...
- mul=11*(i12+5)

- Linear Regression

- Code Examples



TF_linear_regression_example.html

L
TF basics

- Session

- InteractiveSession
- Session examples



TF_basics_sessions.html

TENSORFLOW
NEURAL NETWORKS EXAMPLE




R - :
A2 E=-1

- import input_datamnist = input_data.read_data_sets(MNIST _data’, one_hot = True)
- import tensorflow as tf

- x = tf.placeholder(tf.float32, [None, 784])

- W =tf.Variable(tf.zeros([784,10]))

- b = tf.Variable(tf.zeros([10]))

-y = tf.nn.softmax(tf.add(tf. matmul(x,W),b))
- y_=tf.placeholder(tf.float32, [None,10])

- cross_entropy = tf.reduce_mean( -tf.reduce_sum(y_ * tf.log(y), reduction_indices=[1]))
- optimizer = tf.train.GradientDescentOptimizer(0.5)

- train_step = optimizer.minimize(cross_entropy)

- correct_prediction = tf.equal(tf.argmax(y,1), tf.argmax(y_,1))

- accuracy = tf.reduce_mean(tf.cast(correct_prediction,tf.float32))



R - :
AR ZE-1

init = tf.initialize_all _variables()
sess = tf.Session()
sess.run(init)

for i in range(1000):
batch_xs, batch_ys = mnist.train.next_batch(100)
sess.run(train_step,feed_dict={x:batch_xs, y_:batch_ys})
if i%2100 == 0:
print sess.run(accuracy,feed_dict={x:mnist.test.images,y_:mnist.test.labels})

print(sess.run(accuracy,feed_dict={x:mnist.test.images,y _:mnist.test.labels}))
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Tensorboard
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R - :
IHZ2E-2

- x = tf.placeholder(tf.float32, [None, 784])

- W1 = tf.Variable(tf.zeros([784,30]))

- bl = tf.Variable(tf.ones([30]))

- y1 = tf.nn.relu(tf.add(tf. matmul(x,W1),b1))

- W2 = tf.Variable(tf.zeros([30,10]))

- b2 = tf.Variable(tf.ones([10]))

- y_=tf.placeholder(tf.float32, [None,10])

-y = tf.nn.softmax(tf.add(tf.matmul(y1,W2),b2))



Tensorboard

Mean

Mean 1

Variable
gradients :
Variable 2
Variable 3

Variable 777775
Variable_1 €700

init

Variable 2 €110
Variable 3 0107

gradients










x)l=

12 x = tf.placeholder(tf.float32, [Hone, IMAGE PIXELS])
13 W1l = tf.Variable( tf.zeros([IMAGE PIXELS5, NUM NODE1]))
14 bl = tf.Variable (tf.ones ([NUM NODEL]))

15| vl = tf.nn.relu(tf.add(tf.matmal (x,W1l),b1l))

16

17 W2 = tf.Variable( tf.zeros([NUM NODE1l, NUM NODEZ]))
18 b2 = tf.Variable (tf.ones([NOHM HNODEZ]) )

19| v2 = tf.nn.relu(tf.add(tf. matmual (v1,W2), b2))

20

21 W3 = tf.Variable| tf.zeros([NUM NODEZ, NUM HNODE3]))
22 b3 = tf.Variable(tf.ones([NUM NODEZ]))

23 v = tf.nn.softmax (tf.add(tf.matmal (vZ,W3) ,b3))

24

25|y = tf.placeholder(tf.float32, [Hone,l10])




T2t HE

12
13
14

15|

16
17
18
19
20
21
22

X
Wl
bl

Wz
b2

W

23 v

24

25| v

tf.placeholder(tf.float32, [k
tf.Variakble(tf.truncated normal (]

lone, IMAGE PIXELS])
IMAGE PIXELS,NUM NODE1], stddev=1.0

tf.Variakle (tf.ones ([NUM HMCDEL]))

tf.nn.relu(tf.add(tf.matmul (x,Wl),bl))

tf.Variakble(tf.ones ([HIM NCDEZ]))

tf.nn.relu(tf.add({tf.matmnml (v1,W2),b2))

tf.Variakle| tf.truncated normal ([HUM HODEZ, NUM HODES]

tf.Variakle (tf.ones ( [HUM HC

)
tf.nn.softmax(tf.add(tf.matmal (vZ,W3) ,b3))

tf.placeholder(tf.float3z,

3]
EZ

[Hone, 10]

= tf.Variable( tf.truncated normal ([ [NUM NODE1l, NUM NODEZ],

r

stddev=1.0 /

stddev=1.0

math.sgrt (float (IMAGE PIXELS

math.sgrt (float (NUM NODEL) )} )

math.sgrt (float (NUH HCODEZ) ) ) )










H 2

6| IMAGE PIXELS = 784
7| NUM_NOD = 50
8 |NUM NOD 40
S| NUM NOD! = 10

12 |(x = tf.placeholder (tf.float32, [None,
13|Wl = tf.Variable (tf.truncated normal ([T
14 kb1 = tf.Variable(tf.ones([NUM NCDEL]))

15|(vl = tf.nn.relu(tf.add(tf.matmul (x,W1l),bl))

5,NUM NODE1], stddev=1.0 / math.sgrt(float (IMAGE PIXELS))))

17 |W2 = tf.Variable( tf.truncated normal ([NUM NODE1l,NUM NODEZ], stddev=1.0 / math.sgrt (float (NUM NODEL})})
= tf.Variable (tf.ones([NUM NCDEZ]))
= tf.nn.relui(tf.add(cf.matmnal (v1,W2) ,b2))

21 |W3 = tf.Variable( tf.truncated normal ([NUM NODEZ,NUM NODE3], stddev=1.0 / math.sgrt(float (NUM NODEZ})))
22 b3 = tf.Variable(tf.ones ([NUM NCDEZ]))
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IMAGE PIXELS = T84
NOM MODEL1 = 1

6
7
§ NUM NODEZ
9|NUM NODES = 10

12 x = tf.placeholder(tf.flcat3Z, [None, IMRGE P
13 Wl = tf.Variahle (tf.truncated normal ([IMAGE P
14 bl = tf.Variable (tf.ones([NUM NODE1l]))

15|yl = tf.nn.reluitf.add(tf.matmul (x,W1l) ,bl))

IX
IXE

OO NODEL], stddev=1.0 / math.sqgrt(float (IMAGE PIXELS))))

17 W2 = tf.Variable( tf.truncated normal ([NUM NODE1l, NUM NODEZ], stddev=1.0 / math.sgrt(flcac (NOM NODEL))}))
18 b2 = tf.Variable (tf.ones([NUM NODEZ]))
19|\v2 = tf.nn.relu(tf.add (tf.matmml (yv1,W2) . b2))

21 W3 = tf.Variable( <tf.truncated normal ([NUM NODEZ,NUM NODE3], =tddev=1.0 / math.=sgrt(float (NUM NODEZ2))})
22 b3 = tf.Variable (tf.ones ([N NODE




