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TensorFlow

TensorFlow™ is an open source software library for numerical computation using data flow graphs.

Originally developed (for internal use) by researchers and engineers working on the \
Google Brain Team for the purposes of conducting machine learning and deep R
neural networks research.

Tensor

It was released under the Apache 2.0 open source license on November 2015.
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What is a Tensor?

Tensor
a typed multi-dimensional array.

i.e. a mini-batch of images

a 4-D array of floating point numbers with dimensions [batch_size, height, width, channels]

Operation
takes zero or more Tensors, performs some computation, and produces zero or more Tensors

h = ReLU(Wz + b)

Data flow graph
* Nodes in the graph represent operations A
. ] : ( Add )
- Edges are directed and represent passing the result of an operation (a tensor) A
as an operand to another operation
MatMul
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TensorFlow architecture

TensorFlow Experiment

High-level, OOP API TensorFlow Estimators

Libraries for common model components tf.layers, tf.losses, tf.metrics

Python TensorFlow

Lower-level
APls

C++ TensorFlow

CPU GPU

TensorFlow consists of the following two components:
* agraph prototype

a computation specification.

- aruntime that executes the (distributed) graph
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TensorFlow architecture

TensorFlow Experiment

High-level, OOP API TensorFlow Estimators

Libraries for common model components tf.layers, tf.losses, tf.metrics

Python TensorFlow Today
Lower-level — =S

APls
C++ TensorFlow

CPU GPU

TensorFlow consists of the following two components:
* agraph prototype

a computation specification.

- aruntime that executes the (distributed) graph
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MNIST: Handwritten digits recognition

Righteously identified as the Hello World of machine learning.

- 60K labeled examples

label: 5 label: O label: 4 label: 1

- 28x28 pixel

grayscale image 1-ch intensity matrix
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A case of multilabel classification

We know that every image in MNIST is a handwritten digit between zero and nine: 10 classes

We want to be able to look at an image and know the probabilities for it being each digit.
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A case of multilabel classification

We know that every image in MNIST is a handwritten digit between zero and nine: 10 classes

We want to be able to look at an image and know the probabilities for it being each digit.

Example 8. Label: 5

5 - — 0 1. 5 6 ... 9

10 0.02 0.01 0.5 045 0.01

15 A

20 1

25 1
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A case of multilabel classification

We know that every image in MNIST is a handwritten digit between zero and nine: 10 classes

We want to be able to look at an image and know the probabilities for it being each digit.

Example 8. Label: 5

5 - — 0 1. 5 6 ... 9

10 0.02 0.01 0.5 045 0.01

15 A

20 1

25 1

0 5 0 15 2 25
unwrap 784 pixels ——
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A case of multilabel classification

We know that every image in MNIST is a handwritten digit between zero and nine: 10 classes

We want to be able to look at an image and know the probabilities for it being each digit.

Example 8. Label: 5

5 - — 0 1. 5 6 ... 9

10 0.02 0.01 0.5 0.45 0.01
15
20 |

25 1

0 5 0 15 2 25
unwrap 784 pixels ——

. . .. Input
Evidence for a class i .
L,,; — Wz JLj + bz

J weight bias

one per pixel one per class
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Softmax regression for MLC

&
o>~ 3 -0
®

Probability distribution
of class belonging

- > | t01| — —
PNEWG | -
s,

W3,3 —|—bg = = @

L;

le®|

L; = Z Wz‘,jflfj + b; softmax(L;) = c
J

Our promise: build a neural network that achieves 99% accuracy in this task




1-Layer simple NN for MLC

784 pixels ——
28%x28 p/X

pixels
B

10 neurons (1 per class) ? CP @ Q softmax
0 1 2 9

Activation function: a function (in this case softmax, yet also sigmoid, Rel u,...) that takes in the weighted sum of all of
the inputs from the previous layer and then generates and passes an output value (typically nonlinear) to the next layer.
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Working on a batch

— ___—— 10 columns — ]
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Working on a batch

X100 images,
one per line, Q"r

Alottened
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Working on a batch

X100 images,
one per (ine,
Hottened
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Softmax over a batch of images

Fredictions Imoges Wejght=  Biases
Y100, 10] x(i00, 7841  W[784/01  b[I0]

N,
Y = softmax(X. W + b)

/ L s

a/ppz/ed Z/'//?é Mﬂ/%f/')( /’V/MZ%/pZ)/ B 61,([ Z/-nég
b)/ line
tensor shapes in [ ]
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...in TensorFlow (Python)

tensor shapes. X(100, 7841  W[74%,/0]1  bl/10]

NS/

Y = tf.nn.softmax(tf.matmul(X, W) + b)

moArix MMZ*/PZ)/ \br’&&d&ﬁé*

on oLl (ines




A loss function for MLC

- MNIST: 60K images train, 10K test

Labeled instances | © %) 0 %) %) % 1 % (%) 0

actuod probobilities, "one—hot" encoded

/

C Ent = __ / .
ross Entropy E Yz . log(Y;)
/ this is a "¢
aon///)o(%éd pr obobilities )

NN output ©0.1//0.2/10.1/|0.3//10.2 0.1/ 0.9 \?.2 0.1//10.1

- 0 1 2z x4 5\ ¢ )7 7 9
Training

minimize CE, across
all training examples

Q8 SAPIENZA

UNIVERSITA DI ROMA



Demo: mnist_1.0 _softmax.py

Accuracy Cross entropy loss Training images (current batch)
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Demo: mnist_1.0 _softmax.py

Accuracy Cross entropy loss Training images (current batch)
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TensorFlow: init

74 D
L!) Low level TF APIs

tAis will become +he botch size, 100

/

import tensorflow as tf

X = tf.placeholder(tf.float32, [None, 28, 28, 1])
W = tf.Variable(tf.zeros([784, 10])) \
b = tf.Variable(tf.zeros([10]))

25 x Lftgrgysaaze Im109es

init = tf.initialize all variables()

77&/17/1@ - &OM/DM%//@ variobles W and b
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£ w%%en/nj m1049¢5

# model //
Y = tf.nn.softmax(tf.matmul(tf.reshape(X, [-1, 784]), W) + b)
# placeholder for correct answers

Y = tf.placeholder(tf.float32, [None, 10])
N "one—hot' encoded

# Loss function

cross_entropy = -tf.reduce_sum(Y_ * tf.log(Y))

. "one—Ahot" deacd/'nj
# % of correct answers found in batch

is correct = tf.equal(tf.argmax(Y,1), tf.argmax(Y ,1))
accuracy = tf.reduce mean(tf.cast(is correct, tf.float32))
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Optimizer

learning rofe

/

optimizer = tf.train.GradientDescentOptimizer(0.003)
train_step = optimizer.minimize(cross_entropy)

\

(055 Furniction
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TF: full python code

11041504700

import tensorflow as tf

X = tf.placeholder(tf.float32, [None, 28, 28, 1])
W = tf.variable(tf.zeros([784, 10]))
b = tf.variable(tf.zeros([10]))

wiodel

init = tf.initialize all variables()

# model
Y=tf.nn.softmax(tf.matmul(tf.reshape(X,[-1, 784]), W) + b)

# placeholder for correct answers
Y_ = tf.placeholder(tf.float32, [None, 10])

| success metrics
# Loss function

cross_entropy = -tf.reduce_sum(Y_ * tf.log(Y))

# % of correct answers found in batch
is correct = tf.equal(tf.argmax(Y,1), tf.argmax(Y_,1))
accuracy = tf.reduce _mean(tf.cast(is_correct,tf.float32))

UNIVERSITA DI ROMA

/ 11 Q4111479 57‘ep

optimizer = tf.train.GradientDescentOptimizer(0.003)
train_step = optimizer.minimize(cross_entropy)

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

for i in range(10000):
# Lload batch of images and correct answers
batch_ X, batch_Y = mnist.train.next_batch(100)
train_data={X: batch X, Y _: batch Y}

# train
sess.run(train_step, feed dict=train_data) —— ff?(/?

# success ? add code to print 1it /////
a,c = sess.run([accuracy, cross_entropy], feed=train_data)

# success on test data ?
test data={X:mnist.test.images, Y _:mnist.test.labels}
a,c sess.run([accuracy, cross_entropy], feed=test data)




Go deep! 5-layer NN
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Vad

200

100 0V49Af§ initiodised
60 with rondomnt vodlues
= 30

tf.Variable(tf.truncated normal([28%28, K] ,stddev=0.1))
tf.Variable(tf.zeros([K]))

= tf.Variable(tf.truncated _normal([K, L], stddev=0.1))
= tf.Variable(tf.zeros([L]))

tf.vVariable(tf.truncated normal([L, M], stddev=0.1))
tf.Variable(tf.zeros([M]))
tf.Variable(tf.truncated normal([M, N], stddev=0.1))
tf.Variable(tf.zeros([N]))
tf.vVariable(tf.truncated normal([N, 10], stddev=0.1))
tf.Variable(tf.zeros([10]))
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our previous
unique layer

Y1l
Y2
Y3
Y4

tf.
tf.
tf.
tf.

nn.

nn

nn.

sigmoid

.S1gmoic
nn.

sigmoic

sigmoic

(tf.
(tf.
(tf.
(tf.

wejghts and biases

X = tf.reshape(X, [-1, 28%*287) /\
.. yet with a different activation function

matmul (X, W1l) + Bl)

matmul(Y1l, W2) + B2)
matmul(Y2, W3) + B3)
matmul(Y3, W4) + B4)

Y = tf.nn.softmax(tf.matmul(Y4, W5) + B5)




Demo: mnist_2.0_f1ive_layers_sigmoid.py
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Demo: mnist_2.0_f1ive_layers_sigmoid.py

3 0

QONN O MN

NOUORRNSeON U

waﬂm0&$mm
\\Q\I\IN

- Accuracy o6 Cross entropy loss Training images (current batch)
—— training loss !94!3'33 “Q'“'),,,ZSS'“Q“,&'HQ,
- . - test loss 55"“2,_“5“3 ] 8“6‘.; “954,4_“_3"
227 275,752
. 5.3.5.4.7.7.4.9.6.6
5 w0,k
8

QWQsWwWpP

0.4 Al | 40

—— training accuracy

0.2 =-— testjaccuracy 20

0
9
3
(o
6

L OoN =
N s O
~~Dgowo
—-NNE0

0
500 1000 1500 0 500 1000 1500
Weights range Biases range Test |mages

100% sogaws

0.2 Ll

¢i234,

(.,’"..‘f.z.&

1 o, hEALE

98% gshtnsw .

AaANeS,

0.0 §232%
e Ridly ,9.5,4,333? r.&ws&iisi'f-’w*u Hu\
0 96% ii ,43,;‘;.3 a.é.‘b.':.' S G ALA T B Y Ee bR AN ¢
0 475, 1524043260 A0 MGZ 42 E20 125437
-‘,,a', AN TGP TARR AN AT 183203
—-0.2 69 A R R el L I
3 kb ‘iﬂ'ﬂﬁs‘.&u‘11.!.,».‘-,,5,5&“
_1 940 fé. ‘)?S’.,n ,o*"}"':,'*kl'a.b'lti
O, SRS SIS AT R RN S55T2
’5.&. rl,sr'\|"?5"l "1“‘7,!7“?'!'30\
-0.4 "33, SAEIRLEAAERAS PRRR RS AR LN

sls 'I’l lg ]l‘l“l L I?llalllitl l‘lhlq
2 92% gt a2 SRS ST A2 RN
= e 7f?ou$6 2'h 7;5\5”#3 PR !*.,.qsw.,‘(,u.l!(
Y, 3}." "n) ‘l ‘Rlsld:l!.’"\’|§ 51"".’ 'l" 7-‘3- ‘:‘Iussls-hlJI] : Jl?l "-’
-0.6 ‘12\11,7 l-'“lT.JN“"‘T'"a“’?.rH'f SEN eS8 042
: ERA R IR SERS AR AL RARTARETRAS 4 SRR AR AT
90% 5. AR 5.\ o AR ESNRETH S LA SRR T Y
0 500 1000 1500 0 500 1000 1500

UNIVERSITA DI ROMA




Slow convergence

1
0.9+
0.8}
0.7+
0.6f
0.5¢
0.4}
0.3
0.2

0 i ) \
-10 -5 0 5 10

descending a flat curve

0.1

sigmioid Function
F(z)

 1l4e®
Vanishing gradients problem

1.If the gradient at each step is too small, then greater repetitions will be needed until convergence,
because the weight is not changing enough at each iteration.

2.In deep networks, computing these gradients can involve taking the product of many small terms.
and when you do so repeatedly, neuron outputs and their gradients can vanish entirely starting
from the first layers (close to input).

The ReLU activation function can help prevent vanishing gradients.
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How to use RelLU

Simply swap tf.nn.sigmoid with tf.nn.relu in code.

Biases initialization with small positive weights (just for ReLUs)

=
1

tf.Variable(tf.truncated_normal([K,L], stddev=0.1))

B = tf.Variable(tf.ones([L])/10)
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A better optimizer

In very high dimensional spaces like here - we have in the order of 10K weights and biases - "saddle points"
are frequent.

These are points that are not local minima but where the gradient is nevertheless zero and the gradient
descent optimizer stays stuck there.

TensorFlow has a full array of available optimizers, including some that work with an amount of inertia and will safely
sail past saddle points.

e.d.,

You can replace tf.train.GradientDescentOptimiser witha tf.train.AdamOptimizer
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From sigmoid to RelLU

First 300 iterations

1.0

0.8

0.6

0.4

.

),

:72/
O’)f:;

VM

Accuracy Cross entropy loss
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—< thRaining loss
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80 '
60
40
20
— training accuracy
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0
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From sigmoid to RelLU

First 300 iterations

Accuracy
1.0 —\
. = ;/ ".‘\‘ll ’/rﬁ‘ 4 ;
N

0.8
0.6
0.4
0.2

— training accuracy

- test accuracy
0.0

0 50 100 150 200 250 300
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Noisy accuracy

Accuracy Cross entropy loss
| 29
0.985 | —— training loss
— test loss
20 ’
0.980
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0.970 ’ l ’
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Learning rate decay

If we reduce the learning rate, say by a factor of 10, we might slow down our learning by a factor of 10.

Right approach
Start fast, then decay.
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Learning rate decay

If we reduce the learning rate, say by a factor of 10, we might slow down our learning by a factor of 10.

Right approach
Start fast, then decay.

Accuracy Cross entropy loss

1.00 20
— training loss
0.99 ” ‘ ‘ l - test loss
0.98 | ‘ I . ~M H ,“ l : |
I |l| ul
0.97
Wi

0.96 ‘l
0.95 —

— training accuracy

- fest accuracy |
0.94 . 0 '

0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

Fixed learning rate Ir = 0.003 (no decay)




Learning rate decay

If we reduce the learning rate, say by a factor of 10, we might slow down our learning by a factor of 10.

Right approach
Start fast, then decay.

Accuracy Cross entropy loss

| II ‘ “l l )
0.99
I 2 B
0.98

0.97

1.00

— training loss
- test loss

10

NS

0.96

Il |\
5 '
0.95 —
— training accuracy
- test accuracy

0.94 . 0 I
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

Start with Ir=0.003 then drop exponentially to 0.0001 lr = Trmin+(lrmax-Tlrmin)*exp(-1/2000)
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Overfitting?

Cross entropy loss
20
— training loss

- test loss

8 £

d

M

0 2000 4000 6000 8000 10000

JNN/M 'y

The system is getting better and better on training data but performance on test data is not improving anymore

ML handbook solution: regularization
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Dropout: shooting neurons

X

At each iteration:
X drop fraction (1-pkeep)
of neurons (with all their
weights and biases)

(boosting the output of remaining neurons)

Tvaining TesSt
Pkeep = 0.7% Tkeep = (.0

When testing, all neurons are put back in

effect: those weights will not change for that iteration

TF code
pkeep = tf.Placeholder (float32)
Yf = tf.nn.relu(tf.matmul(X, W) + B)
Y = tf.nn.dropout(Yf, pkeep) applied after each layer
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All progress we have made so far

Accuracy Cross entropy loss
1.00 pl |
— training loss
0.99 - test loss
0.98 ‘ DL 7 |
| \
| i
0.97 | 10 1 r ,' ‘ |
0.96
5
0.95 o
— training accuracy
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0.94 0 ' |
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

S@Mmd, learning rote = 0.003
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All progress we have made so far
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All progress we have made so far

Accuracy Cross entropy loss
1.00 20
| I‘ ‘ I ‘ i m ‘ — training loss
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0.98 ||| 98.2.7
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0.96 |
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0.95 —
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0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

RELU, decaying leorning rate 0005 => 0.000/
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All progress we have made so far

Accuracy Cross entropy loss
1.00 20

| ‘ m — training loss
_— | ‘l I u i '“ — test loss
0.98 J v ' 'H ‘ | | ?X.L/ \

I I | ’ sustoined
0.97 i 10 | | >
‘ "l ' | W‘M \4
0.96 & | i |
5
0.95 {} -
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' — test accuracy L
0.94 0
0 2000 4000 6000 8000 10000 0 2000 4000 6000 8000 10000

RELU, decaying learning rote 0.00% => 0000/ and dropout 0.75
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Causes of overfitting

Cross entropy loss
20

— training loss
— test loss

15

Overfitting: the system is getting better and better on training data but
m"”/ performance on test data is not improving anymore.

]

[ |§
y'f
0
0 2000 4000 6000 8000 10000

At its core overfitting happens when you have too many degrees of freedom (weights and biases) for the problem at
hand.
Questions:
1.too few data? (no)
2.too many layers? (maybe)

3. faulty design?

At the present state, apparently by some faulty design our NN is not capable to constrain the d.o.f. and extract the
structure we need. In other words it cannot learn categories in a sufficient way to generalize well to data it has never seen

before.
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Causes of overfitting

Cross entropy loss
20

— training loss
— test loss

15

Overfitting: the system is getting better and better on training data but
m"”/ performance on test data is not improving anymore.
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At its core overfitting happens when you have too many degrees of freedom (weights and biases) for the problem at
hand.
Questions:
1.too few data? (no)
2.too many layers? (maybe)

3. faulty design?

At the present state, apparently by some faulty design our NN is not capable to constrain the d.o.f. and extract the
structure we need. In other words it cannot learn categories in a sufficient way to generalize well to data it has never seen

before.

Why?
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Causes of overfitting

Cross entropy loss
20

— training loss
— test loss

15

Overfitting: the system is getting better and better on training data but
m"”/ performance on test data is not improving anymore.

]
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0
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At its core overfitting happens when you have too many degrees of freedom (weights and biases) for the problem at
hand.
Questions:
1.too few data? (no)
2.too many layers? (maybe)

3. faulty design?

At the present state, apparently by some faulty design our NN is not capable to constrain the d.o.f. and extract the
structure we need. In other words it cannot learn categories in a sufficient way to generalize well to data it has never seen

before.

Why?
Hint: We did something very stupid
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Causes of overfitting

Cross entropy loss
20

— training loss
— test loss

15

Overfitting: the system is getting better and better on training data but
m"”/ performance on test data is not improving anymore.

]

[ |§ H
0
0 2000 4000 6000 8000 10000

At its core overfitting happens when you have too many degrees of freedom (weights and biases) for the problem at
hand.
Questions:
1.too few data? (no)
2.too many layers? (maybe)

3. faulty design?

At the present state, apparently by some faulty design our NN is not capable to constrain the d.o.f. and extract the
structure we need. In other words it cannot learn categories in a sufficient way to generalize well to data it has never seen

before.

Why?
Hint: We did something very stupid with the input.
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When shape matters

Remember how we are using our images, all pixels flattened into a single long vector ?

That was a really bad idea.

Handwritten digits are made of shapes and we discarded the shape information when we flattened the pixels.

However, there is a type of neural network that can take advantage of shape information: convolutional networks.

These network are specifically designed for > 1D datasets (images) where shape information (locality) is important.
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Getting up 98% accuracy: CNN

RGB pixels




Getting up 98% accuracy: CNN

RGB pixels




Getting up 98% accuracy: CNN
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Getting up 98% accuracy: CNN

RGB pixels
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Convolutional Neural Networks




Convolutional Neural Networks

shape of one convolutional layer
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W[4, 4, 5] WY, 4, 2, 2]
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Convolutional Neural Networks

shape of one convolutional layer

i, & 2]
W[4, 4, 5] WY, 4, 2, 2]

/

£ilter /npu% oufpa%
S/ 28 chonnels chonnels

]
[

W4, 4, 2]
— W[4, 4, 2]




Piping information down

Traditional approach: “max pooling”

convolutionod
' M&LX'/OOOZ
convolutionod
, M&LX'/OOOZ
convolutionod

mix—pPool
l Y

subsample the neuron outputs
by keeping only outputs where the

signal is strongest

An alternative way that allows using only convolutional layers:
Directly slide the patches across the image with a stride of

2 pixels instead of 1: this allows to retain less outputs

This approach has proven just as effective and today's convolutional
networks use convolutional layers only (see next slide)
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Piping information down

Traditional approach: “max pooling”

convolutionod
' M&LX'/OOOZ
+p AAAi 1 79 convolutionod
e
, M&LX'/OOOZ
convolutionod

mix—pPool
l Y

stride

subsample the neuron outputs
by keeping only outputs where the

signal is strongest

An alternative way that allows using only convolutional layers:
Directly slide the patches across the image with a stride of

2 pixels instead of 1: this allows to retain less outputs

This approach has proven just as effective and today's convolutional
networks use convolutional layers only (see next slide)
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A CNN for MNIST (all convolutional)

+ bioases on

L wl layers
oy - 4
convolutionad zﬁ er, 4 channels
zZ ~ : pZ :
28 x28 X4 WILo, 2,0) ] Ghide D
g = convolutional layer, & chonnels
/4 x4 X8 - Wzl4, 4, 4, 8] stride 2

convolutionod layer , 12 channels

7XxX7
St Wa(4, 4, & 12] stride 2
\each neuron w.s. all 7x7x12 input using its own weights [“ZZ)/ &Ol’lﬂééf'ed Zﬂ?/”
200 T e WA 7x7x12, 200]
9 EET softmox regdout loyer

W5 200, 10]
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CNN in TF (Init)

//'Z fer /'////D&(f Oo{f‘/ﬁ&(% = number of patches we
K=4 s/ 28 channels chornels  produce in output

N N\

W1l = tf.Var*iable(tf.truncated_normal([5, 5, 1, K] ,stddev=0.1))
Bl = tf.variable(tf.ones([K])/10)
W2 = tf.variable(tf.truncated normal([5, 5, K, L] ,stddev=0.1))
B2 = tf.variable(tf.ones([L])/10)
W3 = tf.variable(tf.truncated normal([4, 4, L, M] ,stddev=0.1))
B3 = tf.variable(tf.ones([M])/10)
wejghts initiodised

N=200 with rondom vodues
W4 = tf.Variable(tf.truncated normal([7*7*M, N] ,stddev=0.1))

B4 = tf.Variable(tf.ones([N])/10)

W5 = tf.Variable(tf.truncated normal([N, 10] ,stddev=0.1))

B5 = tf.Variable(tf.zeros([10])/10)
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CNN in TF (Model)

conv2d: you give it batch of input values (images), a set of weights, it will scan

input in both directions and produce the weighted sums

mput inmoge botfch wejghts stride bioses

x(100, 28, 28, /] \ \ \
activation functions \\\\\\\\\\\
Y1 = tf.nn.relu(tf.nn.conv2d(X, W1, strides=[1, 1, 1, 1], padding="'SAME') + B1)

Y2 = tf.nn.relu(tf.nn.conv2d(Y1l, W2, strides=[1, 2, 2, 1], padding="SAME') + B2)
Y3 = tf.nn.relu(tf.nn.conv2d(Y2, W3, strides=[1, 2, 2, 1], padding="SAME') + B3)

_ - * *

YY = tf.reshape(Y3, shape=[-1, 7 * 7 * M]) — Y5 (100, 7, 7, 12]
FHotten all volues for

Y4 = tf.nn.relu(tf.matmul(YY, W4) + B4) %&ay CAWELEA Wy Wl ]

Y = tf.nn.softmax(tf.matmul(Y4, W5) + B5) i Ve
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Demo: mnist_3.0_convolutional.py

Accuracy Cross entropy loss Training images (current batch)
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Results -CNN
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Results -CNN
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Demo: mni st_3.1_convolutional_bigger_dropout.py
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Success?

Our model now misses only 72 out of the 10,000 test digits, with 99.3% accuracy

The world record, which you can find on the MNIST website is around 99.7%.
We are only 0.4 percentage points away from it with our model built with 100 lines of Python / TensorFlow.

Another technique that we didn't mention is batch normalization, that can lead us up to 99.5 accuracy.
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TF.Learn, TF High level APIs

Tensorflow higher-level APls
too called ff.learn.

Simple but constrained.

Example: DNNRegressor

SAPIENZA

UNIVERSITA DI ROMA

TensorFlow ™

L.culiuiv.ayers

tf.contrib.learn

Overview

BaseEstimator
binary_svm_head
build_parsing_serving_input_fn
DNNClassifier

DNNEstimator
DNNLinearCombinedClassifier
DNNLinearCombinedEstimator
DNNLinearCombinedRegressor
DNNRegressor
DynamicRnnEstimator
Estimator

Evaluable

evaluate

Experiment

ExportStrategy
extract_dask_data
extract_dask_labels
extract_pandas_data
extract_pandas_labels
extract_pandas_matrix

Head

infer

infer_real_valued_columns_fro...

infer_real_valued_columns_fro...

InputFnOps
KMeansClustering
LinearClassifier
LinearEstimator
LinearRegressor
LogisticRegressor

make_export_strategy

Develop API 1.4 Deploy Extend Community Versions

Class DNNRegressor

Inherits From: Estimator

Defined in tensorflow/contrib/learn/python/learn/estimators/dnn.py .
See the guide: Learn (contrib) > Estimators

A regressor for TensorFlow DNN models.

Example:

sparse_feature_a = sparse_column_with_hash_bucket(...)
sparse_feature_b = sparse_column_with_hash_bucket(...)

sparse_feature_a_emb = embedding_column(sparse_id_column=sparse_feature_a,

-)

sparse_feature_b_emb = embedding_column(sparse_id_column=sparse_feature_b,

-)

estimator = DNNRegressor (
feature_columns=[sparse_feature_a, sparse_feature_b],
hidden_units=[1024, 512, 256])

# Or estimator using the ProximalAdagradOptimizer optimizer with
# regularization.
estimator = DNNRegressor (
feature_columns=[sparse_feature_a, sparse_feature_b],
hidden_units=[1024, 512, 256],
optimizer=tf.train.ProximalAdagradOptimizer (
learning_rate=0.1,
11_regularization_strength=0.001

))

# Input builders

def input_fn_train: # returns x, y
pass

estimator.fit(input_fn=input_fn_train)



https://www.tensorflow.org/tutorials/tflearn/

References and pointers

Code

git clone https://github.com/maruscia/tensorflow—-mnist-tutorial

. largely (and aggressively) borrowed by work by Martin Gérner

. https://cloud.google.com/blog/big-data/2017/01/learn-tensorflow-and-deep-learning-without-a-phd

* Deep Learning: Advanced machine learning course on neural networks, with extensive coverage of image and text models
* Rules of ML: Best practices for machine learning engineering
 deeplearn.js: Open-source toolkit for interactive model training and inference in the browser
* distill.pub: Web journal presenting recent research in ML & Al in a divulgative way (reactive diagrams, visualizations, mind diagrams)
* colah.github.io: Blog by Chris Olah, (Google Brain team, also editor at distill)
- In particular check out this blog post for (quite old, yet still very informative) visualizations of the MNIST

TensorFlow resources

* TensorFlow Programmer's Guide: In-depth guides to key TensorFlow features, including variables, threading, and debugging
* TensorFlow Dev Summit 2017: Series of tech talks and demos highlighting TensorFlow APIs and real-world applications
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https://cloud.google.com/blog/big-data/2017/01/learn-tensorflow-and-deep-learning-without-a-phd
https://www.udacity.com/course/deep-learning--ud730
https://developers.google.com/machine-learning/rules-of-ml?authuser=1
https://pair-code.github.io/deeplearnjs/
http://colah.github.io/posts/2014-10-Visualizing-MNIST/
https://www.tensorflow.org/programmers_guide/
http://www.apple.com
https://github.com/maruscia/tensorflow-mnist-tutorial

