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Deep Learning
Foundations:
Neural Networks



Deep Learning and
Neural Networks

Input Layer Hidden Layer Output Layer
(X) (H) (Y)

X1

X2
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Deep Learning and

Neural Networks

Input Layer Hidden Layer Output Layer
(X) (H) (Y)




Input Layer
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Deep Learning and
Neural Networks

Hidden Layers
(H)

Deep Neural Networks
Deep Learning
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Deep Learning
and
Deep Neural Networks



LeCun, Yann,
Yoshua Bengio,
and Geoffrey Hinton.

-‘Deep learning:

Nature 521, no. 7553 (2015): 436-
444.



REVIEW

doi:10.1038/nature14539

Deep learning

Yann LeCun'?, Yoshua Bengio® & Geoffrey Hinton"*

Deep learning allows computational models that are composed of multiple processing layers to learn representations of
data with multiple levels of abstraction. These methods have dramatically improved the state-of-the-art in speech rec-
ognition, visual object recognition, object detection and many other domains such as drug discovery and genomics. Deep
learning discovers intricate structure in large data sets by using the backpropagation algorithm to indicate how a machine
should change its internal parameters that are used to compute the representation in each layer from the representation in
the previous layer. Deep convolutional nets have brought about breakthroughs in processing images, video, speech and
audio, whereas recurrent nets have shone light on sequential data such as text and speech.

society: from web searches to content filtering on social net-

works to recommendations on e-commerce websites, and

it is increasingly present in consumer products such as cameras and

smartphones. Machine-learning systems are used to identify objects

in images, transcribe speech into text, match news items, posts or

products with users’ interests, and select relevant results of search.

Increasingly, these applications make use of a class of techniques called
deep learning.

Conventional machine-learning techniques were limited in their

ability to process natural data in their raw form. For decades, con-

M achine-learning technology powers many aspects of modern

intricate structures in high-dimensional data and is therefore applica-
ble to many domains of science, business and government. In addition
to beating records in image recognition' " and speech recognition”’, it
has beaten other machine-learning techniques at predicting the activ-
ity of potential drug molecules®, analysing particle accelerator data™"’,
reconstructing brain circuits"', and predicting the effects of mutations
in non-coding DNA on gene expression and disease’*"’. Perhaps more
surprisingly, deep learning has produced extremely promising results
for various tasks in natural language understanding'’, particularly
topic classification, sentiment analysis, question answering" and lan-

guage translation'*".
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Deep Learning

* A powerful class of machine learning model

* Modern reincarnation of artificial neural networks

e Collection of simple,
trainable mathematical functions

 Compatible with many variants of machine learning
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What is Deep Learning?

e Loosely based on
(what little) we know
about the brain
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Neural
Networks
(NN)

. Backfed Input Cell

() Input cel

g Noisy Input Cell

@ tiddenceu

© rrobablistic Hidden Cell
@ spiking Hidden Cell

@ outputcelt

@ Watch input Output Cell
. Recurrent Cell

@ wemoryceu

@ oifferent Memory Cell
. Kernel

. Convolution or Pool

A mostly complete chart of

Neural Networks ........

D2076 Fjodor van Veen - asimovinstitute.org

Perceptron (P) Feed Forward (FF)  Radial Basis Network (RBF)
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Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
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Generative Adversarial Network (GAN) Liquid State Machine (LSM) Extreme Learning Machine (ELM) Echo State Network (ESN)

Deep Residual Network (DRN)

e

Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)
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Source: http://www.asimovinstitute.ora/neural-network-zoo/
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6 Backfed Input Cell

. Input Cell

—

A Noisy Input Cell

@ Hidden Cell

© rrobablistic Hidden Cell
. Spiking Hidden Cell

@ output celt

. Match Input Output Cell
. Recurrent Cell

© wemory cell

. Different Memory Cell

o

Kernel

C Convolution or Pool

A mostly complete chart of

Neural Networks .......os

©2016 Fjodor van Veen - asimovinstitute.org
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Deep Convolutional Network (DCN) Deconvolutional Network (DN) Deep Convolutional Inverse Graphics Network (DCIGN)
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Convolutional Neural Networks
(CNN or Deep Convolutional Neural Networks, DCNN)




Recurrent Neural Networks
(RNN)
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Long / Short Term Memory
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Generative Adversarial Networks
(GAN)
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Support Vector Machines
(SVM)

Cortes, Corinna, and Vladimir Vapnik. “Support-vector networks.” Machine learning 20.3 (1995): 273-297.

Source: http://www.asimovinstitute.org/neural-network-zoo/
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Neural networks
(NN)
1960




X1

X2

Neural Networks

Input Layer
(X)

Hidden Layer
(H)

Output Layer
(Y)
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Multilayer Perceptrons
(MLP)
1985



Support Vector Machine
(SVM)

1995



Hinton presents the

Deep Belief Network
(DBN)

New interests in deep learning
and RBM
State of the art MNIST

2005



Deep

Recurrent Neural Network

(RNN)
2009



Convolutional DBN
2010



Max-Pooling CDBN
2011



Deep Learning

Geoffrey Hinton
Yann LeCun
Yoshua Bengio
Andrew Y. Ng



From image to text

Vision Language
Deep CNN Generating RNN
. - A group of pecple
- 0 } shopping at an cutdoor
@ ~eo Pl market.
® - There are many
® vegetables at the
L fruit stand.

A stop sign is on & road with a
mountain in the background

A little girl sitting on a bed with a teddy bear. A group of people sitting on a beat in the water. A giraffe standing in a forest with
trees in the background.
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From image to text

Image: deep convolution neural network (CNN)
Text: recurrent neural network (RNN)

A group of people sitting on a boat in the water.
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Convolutional
Neural Networks

(CNN)



Convolutional Neural Networks
(CNN)

C3: f. maps 16@10x10
C1: feature maps S4: f. maps 16@5x5

INPUT 6@28x28
32x32 S2: f. maps C5: layer T
: : OUTPU
6@14x14 120 'i& layer 10

|
’ | Full conAection | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

Architecture of LeNet-5 (7 Layers)
(LeCun et al., 1998)

Source: http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

Source: LeCun, Yann, Léon Bottou, Yoshua Bengio, and Patrick Haffner. a1
"Gradient-based learning applied to document recognition." Proceedings of the IEEE 86, no. 11 (1998): 2278-2324.



Convolutional Neural Networks
(CNN)

* Convolution
* Pooling
e Fully Connection (FC) (Flattening)

42



A friendly introduction to

Convolutional Neural Networks and Image Recognition

+ | - 4 1-4 '
- |+ 414
1(-1]1
101 -1
1)-1]1 \
- |+ 414
T 1 | ——

Convolution Layer  Pooling Layer

https://www.youtube.com/watch?v=2-017ZBOMmU
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https://www.youtube.com/watch?v=2-Ol7ZB0MmU

1 1
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-11-111
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|

A friendly introduction to
Convolutional Neural Networks and Image Recognition

)

https://www.youtube.com/watch?v=2-017ZBOMmU

—)
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https://www.youtube.com/watch?v=2-Ol7ZB0MmU

A friendly introduction to
Convolutional Neural Networks and Image Recognition
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Convolution Layer Pooling Layer Fully Connected Layer

Source: Luis Serrano (2017), A friendly introduction to Convolutional Neural Networks and Image Recognition,

https://www.youtube.com/watch?v=2-017ZBOMmU 45



https://www.youtube.com/watch?v=2-Ol7ZB0MmU

A friendly introduction to

Convolutional Neural Networks and Image Recognition

4+

- -
+
7 -+ | +
+

+
Fx
\

Y

+

Convolution Layer Pooling Layer Fully Connected Layer

Source: Luis Serrano (2017), A friendly introduction to Convolutional Neural Networks and Image Recognition,
https://www.youtube.com/watch?v=2-OI7ZBOMmU
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https://www.youtube.com/watch?v=2-Ol7ZB0MmU

Input

CNN Architecture

Conv

Pool

Conv

4
’
’
’
<
~
~
~

Pool

FC

1

FC Softmax
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CNN Convolution Layer

Convolution is a mathematical operation to merge two sets of

3x3 convolution

information

1 1 1
0 [ 1 1
O] 0 [ 1
O] 0 [ 1
0 [ 1 1

Input

11011

O 110

11011
Filter /| Kernel
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CNN Convolution Layer
Input x Filter --> Feature Map

receptive field: 3x3

1x1

1x0

1x1

0

0x0

1x1

1x0

1

Ox1

0x0

1x1

0

0

1

0

1

1

Input x Filter

Feature Map



CNN Convolution Layer
Input x Filter --> Feature Map

receptive field: 3x3

1x1

1x0

Ox1

0

1x0

1x1

1x0

0

Ox1

1x0

1x1

1

0

1

1

1

1

0

Input x Filter

Feature Map
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CNN Convolution Layer

1x1

1x0

1x1

0x0

1x1

1x0

Ox1

0x0

1x1

Example convolution operation shown in 2D using a 3x3
filter



32

CNN Convolution Layer

10 different filters 10 feature maps of size 32x32x1

V=

5x5x3

32

\
————+0
1x1x1
32x32x1
10

32

final output of the convolution layer:

a volume of size 32x32x10

32
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CNN Convolution Layer
Sliding operation at 4 locations

L/;—o




CNN Convolution Layer

two feature maps

/
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CNN Convolution Layer

Stride specifies how much
we move the convolution filter at each
step

Stride 1 Feature Map
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CNN Convolution Layer

Stride specifies how much
we move the convolution filter at each

Step

Stride 2 Feature Map
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CNN Convolution Layer

Strlde 1 with Paddlng

______________________________

_____

_____

_____

_____

_____

_____

______________________________

Stride 1 with Padding

______

_____

_____

—————

—————

—————

—————

______

Feature Map
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CNN Pooling Layer

Max Pooling

max pool with 2x2
window and stride 2

— | W] »i| —~

D DD | O\ | —

W = ]

| O] 0| &
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10

CNN Pooling Layer

32

32

pooling

>

10

16

16
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CNN Architecture
4 convolution + pooling layers,
followed by 2 fully connected layers

Conv + Conv + Conv + Conv +
Tnput Maxpool Maxpool Maxpool Maxpool FC FC Output

60



CNN Architecture
4 convolution + pooling layers,

followed by 2 fully connected layers

model

model.

model.
model.
model.
model.
.add (MaxPooling2D( (2, 2), name='maxpool 3'))
model.
model.
model.
.add(Dropout(0.5))
model.
model.
model.

model

model

https://gist.github.com/ardendertat/0fc5515057c47e7386fe04e9334504e3

= Sequential()

add(Conv2D(32, (3, 3), activation='relu', padding='same', name='conv 1',
input shape=(150, 150, 3)))

add (MaxPooling2D( (2, 2), name='maxpool 1'))

add(Conv2D(64, (3, 3), activation='relu', padding='same', name='conv 2'))

add (MaxPooling2D( (2, 2), name='maxpool 2'))

add(Conv2D(128, (3, 3), activation='relu', padding='same', name='conv 3'))

add(Conv2D(128, (3, 3), activation='relu', padding='same', name='conv 4'))
add (MaxPooling2D( (2, 2), name='maxpool 4'))
add(Flatten())

add(Dense(512, activation='relu', name='dense 1'))
add(Dense (128, activation='relu', name='dense 2'))
add(Dense(1l, activation='sigmoid', name='output'))
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https://gist.github.com/ardendertat/0fc5515057c47e7386fe04e9334504e3

Dropout

Y

X\ X

With Dropout



Model Performance

Train Loss: 0.054, Val Loss: 1.345
14
- Train Loss

12 — Val Loss

Starts Overfitting

1.0
0.8
0.6
0.4
0.2

0.0
0 5 10 15 20 25

Train Accuracy: 0.981, Val Accuracy: 0.732

- Train Acc
- \/al Acc
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Visual Recognition
Image Classification
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Convolutional Neural Networks

(CNNs / ConvNets)

http://cs231n.qgithub.io/convolutional-networks/



http://cs231n.github.io/convolutional-networks/

A regular 3-layer Neural Network

Input layer
hidden layer 1 hidden layer 2

http://cs231n.qgithub.io/convolutional-networks/



http://cs231n.github.io/convolutional-networks/

A ConvNet arranges its neurons in

three dimensions
(width, height, depth)

depth

(SETEEA height

QOOQOK
QOO0 — [
QOLLOOY width

http://cs231n.qgithub.io/convolutional-networks/
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http://cs231n.github.io/convolutional-networks/

The activations of an

example ConvNet architecture.

RELU RELU RELU RELU RELU RELU
CONV lCONVl CONV lCONVl CONV lCONVl FC
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http://cs231n.github.io/convolutional-networks/

32x32x3 CIFAR-10 image

32

%

ConvNets

L

first Convolutional layer

]

=~50000

“

B

http://cs231n.qgithub.io/convolutional-networks/
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http://cs231n.github.io/convolutional-networks/

ConvNets

L Wy
~@ synapse
axon from a neuron S
N woL(
jenjrne\\
( ( \
cell body f (Z"“’ i b)
w1 i

f

output axon

activation
function

sz‘.’ﬂz‘ i b

Wa 9

http://cs231n.qgithub.io/convolutional-networks/ 71



http://cs231n.github.io/convolutional-networks/

Convolution Demo

Input Volume (+pad 1) (7x7x3) Filter WO (3x3x3)
X[:,:,0] wO[:,:,0]
|E"0_||0_0 0 0 0 1][-1o
EEO 2 1 0 1 1]t
E“T"z_z 1 1 0 1o |1
2 2 2 0 1 0 wO[z,:,1]
Trrrr O 99T
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S
1

Bias o' (1x1x1)
b0{:,:,0]
1

Filter W1 (3x3x3)
wl[:,:,0]
1 -1 0

0 1 1
0 -1 1

wl[:,:,1]
-1 1 0

-1 -1 1
0 0 O

wl[:,:,2]
1 0 -1

0 0 -1
1 0 1

Bias bl (1x1x1)
bl[:,:,0]
0

Output Volume (3x3x2)
o[:,:,0]

6|3 6

7 -1 -2
2 3 -2

o[:,:,1]
7 -1 -3

4 3 2
-1 0 -1

toggle movement

http://cs231n.github.io/convolutional-networks/
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http://cs231n.github.io/convolutional-networks/

ConvNets

input volume of size [224x224x64]
is pooled with filter size 2, stride 2
into output volume of size [112x112x64]

224x224x64

112x112x64

pool

e

> e 112
224 downsampling

112
224

http://cs231n.qgithub.io/convolutional-networks/ 73



http://cs231n.github.io/convolutional-networks/

ConvNets

max pooling
Single depth slice

111121 4
SaEeN / | 8
3 | 2 .
1123 | 4

y

max pool with 2x2 filters
and stride 2

>

http://cs231n.qgithub.io/convolutional-networks/
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http://cs231n.github.io/convolutional-networks/

Convolutional Neural Networks (CNN)
(LeNet)

Inpuc layer (S1) 4 feature maps
. 1

1 (C1) 4 feature maps (52) 6 feature maps (C2) 6 feature maps

convolution layer | sub-sampling layer | convolution layer I sub-sampling layer | fully connected MLPl

http://deeplearning.net/tutorial/lenet.html 75



http://deeplearning.net/tutorial/lenet.html

Recurrent
Neural Networks

(RNN)




Recurrent Neural Networks (RNN)

TTrTYTTY

hidden

Input



Recurrent Neural Networks (RNN)
Time Series Forecasting

110 120 130 140 150
Input @

hidden
100 110 120 130 140




Recurrent Neural Networks (RNN)

output

hidden

?
LT




Recurrent Neural Networks (RNN)
Sentiment Analysis W
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Recurrent Neural Networks (RNN)
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CS224d: Deep Learning for
Natural Language Processing

CS224d: Deep Learning for Natural Language Processing

0 )

0
were dry enjoyed ‘0‘/ \'0‘

the lecture

fifteen  minutes

Course Description

Natural language processing (NLP) is one of the most important technologies of the information age. Understanding complex language utterances is also a crucial
part of artificial intelligence. Applications of NLP are everywhere because people communicate most everything in language: web search, advertisement, emails,
customer service, language translation, radiology reports, etc. There are a large variety of underlying tasks and machine learning models powering NLP applications.
Recently, deep learning approaches have obtained very high performance across many different NLP tasks. These models can often be trained with a single end-to-
end model and do not require traditional, task-specific feature engineering. In this spring quarter course students will learn to implement, train, debug, visualize and
invent their own neural network models. The course provides a deep excursion into cutting-edge research in deep learning applied to NLP. The final project will
involve training a complex recurrent neural network and applying it to a large scale NLP problem. On the model side we will cover word vector representations,

http://cs224d.stanford.edu/ 83
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Recurrent Neural Networks (RNNs)
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RNN long-term dependencies
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RNN
Vanishing Gradient problem

Exploding Gradient problem
Error

output
Vv V \'4
W W W
hidden
U U
Input @

if |W| <1 (Vanishing)
if |W| > 1 (Exploding)

89



output

hidden

Input

RNN
Vanishing Gradient problem

Error

0.9

Vv Vv
0.9 0.9
U |U

W = 0.9 <1 (Vanishing)

90



output

hidden

Input

RNN
Exploding Gradient problem

Error

T

=1.1 > 1 (Exploding)

91



RNN

LSTM

RNN LSTM

®
» A
%)

)

v

@ -E—>J> |
|
-Elﬁw
ol
,

—

—



Long Short Term Memory

(LSTM)
D,

T
|

Neural Network

Layer

/

e )
- —® ®
CGanh>
X X
[0 ] [tanh] [o]
BN

)

Pointwise Vector

Operation Transfer

Concatenate

Copy

93



Long Short Term Memory
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Gated Recurrent Unit

(GRU)
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Gated Recurrent Unit

(GRU)
reset update hy
gate gate
hi—1 R o
¥ 't Zt: !ilt
0] (0] tanh
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Inputs: outputs:

Memory from
current block

Memory from @ Output of

Input vector

previous block current block

Output of
previous block

@

Nonlinearities: Vector operations:

@ Sigmoid
Hyperbolic +
tangent

Bias: o

Element-wise
multiplication

Element-wise
Summation /
Concatenation

Source: Shi Yan (2016), Understanding LSTM and its diagrams, https://medium.com/mlireview/understanding-lstm-and-its-diagrams-37e2f46f1714
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LSTM vs GRU
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i, f and o are the input, forget and output

gates, respectively.
c and c” denote the memory cell and the

new memory cell content.

)
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r
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r and z are the reset and update gates,
and h and h™ are the activation and the

candidate activation.

98



Long Short Term Memory

(LSTM)
, T

¢,

L% ©
Ctanh>
Ji I ~ Oy (X)
G

ht-] 0) 0) tanh 0] ht

99



Long Short Term Memory
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LSTM
Memory state (C)



LSTM
forget gate (f)

fe=0(Wy-[h—1, 2] + by)
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LSTM
input gate (i)
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LSTM

Memory state (C)
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LSTM

output gate (o)
Enh> or =0 (Wy [hi—1,2¢] + bo)
Q)

hy = oy * tanh (C})
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LSTM
forget (f), input (i), output (o) gates
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Gated Recurrent Unit

(GRU)

update (z), reset (r) gates

hy

Tt

2z =0 (W, - [hi—1,x¢])
ri =0 (W, - [hi—1,x¢))
he = tanh (W - [ry % hy_1, z4])
he = (1 — 2;) % hy—q + 24 * Iy
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LSTM Recurrent Neural Network

one to one one to many many to one many to many many to many

Traditional Music Sentiment Name Machine
Neural Generation Classification Entity Translation
Network Recognition
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Long Short Term Memory (LSTM)
for Time Series Forecasting
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The Sequence to Sequence model
(seq2seq)

ENCODER Reply
SR Yes, what's __ up? — <END>
- - 1 ! r
J U _ 3
l I I 2 roJ  J  _J
free  tomorrow? ) >

Incoming Email DECODER



Decoder

Sequence to Sequence
(Seq2Seq)

d = d = d — da
| l l l
Knowledge IS power
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The Neuron
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Neuron and Synapse
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The Neuron

>

y=F

F(x)=max(0,x)
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y=max (0,-0.21 *x,+ 0.3 *x,+ 0.7 * x3)

Weights

-0.21

nputs X2 O 0.3 >
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Neural Networks
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Neural Networks

Input Layer
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Output Layer
(Y)
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Neural Networks

Input Layer Hidden Layers Output Layer
(X) (H) (Y)

Deep Neural Networks
Deep Learning
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0000
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Neural Networks

Input Layer Hidden Layer Output Layer
(X) (H) (Y)

» Neuron

X2
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Neural Networks

Input Layer Hidden Layer Output Layer
(X) (H) (Y)

Hours

Sleep
Score
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Neural Networks
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https://www.youtube.com/watch?v=P2HPcj8lRJE&list=PLjJh1vlSEYgvGod9wWiydumYl8hOXixNu&index=2
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Neural Networks

Input Layer
(X)

Hidden Layer
(H)

Output Layer
(Y)

123



X Y

Hours Hours
Sleep Study| Score

3 5 |75
5 1 |82
10 2 |93
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X Y
Hours Hours
Sleep Study| Score
3 5 |75
Training 5 1 82
10 2 |93
Testing; _____ 83 | ?
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WX+b=Y

2.0

1.0

0.1

Scores

=1 0.7

-] 0.2

- 0.1

> Probabilities
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SoftMAX

WX+b=Y

Logits

2.0

1.0

0.1

Scores

=1 0.7
eYi
Zjey] = 0.2
- 0.1

> Probabilities
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Training a Network

Minimize the Cost Function



Training a Network

Minimize the Cost Function
Minimize the Loss Function



Error = Predict Y - Actual Y
Error : Cost : Loss

100

< 2

75

50

25

Test1 Test2 Test3
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Error = Predict Y - Actual Y
Error : Cost : Loss
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Test1 Test2 Test3
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Error = Predict Y - Actual Y
Error : Cost : Loss

100

< 2
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Test1 Test2 Test3
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Functions



Activation Functions

Sigmoid TanH RelLU

(Rectified Linear Unit)

=10F

[0, 1] -1, 1] f) = max(0,
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Activation Functions

Sigmoid TanH RelLU
1.2 15
. 0 for z<0
10 fla) =
z for z>0
0.5
0.0
-05
) -1.0
-0.2 -15 -2
-6 -4 -2 0 2 4 6 -6 -4 -2 0 2 4 6 —© -4 -2 0 2 4 6
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Loss
Function



Binary Classification: 2 Class

Activation Function:
Sigmoid

Loss Function:
Binary Cross-Entropy



Multiple Classification: 10 Class

Activation Function:
SoftMAX

Loss Function:
Categorical Cross-Entropy



Dropout

Dropout: a simple way to prevent neural networks from overfitting

1
AR

QX €‘»¢0«‘
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(b) After applying dropout.

a) Standard Neural Net
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Learning Algorithm

While not done:
Pick a random training example “(input, label)”
Run neural network on “input”
Adjust weights on edges to make output closer to “label”
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y=max (0,-0.21 *x,+ 0.3 *x,+ 0.7 * x3)

Weights

-0.21

nputs X2 O 0.3 >
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Next time:
y=max (0, -0.23 *x,+0.31 *x,+ 0.65 * x3)

a7V WA W 4 / n f\ 04 * A\ W4 | n ’) * \ W4 1 n 7 * A\ W 4 \
y = I1IAA ( v, “U.4L | A1 rU.J /\2 .7 /\3/
Weights

-0.23

Inputs X2 O - > V
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Optimizer:
Stochastic Gradient Descent
(SGD)

J(w) Initial

Global cost
minimum
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This shows a function of 2 variables: real neural nets
are functions of hundreds of millions of variables!
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Neural Network and Deep Learning

28 X 28 = T78&4

>4 “Activation”
“0009@@00@0
11 11 ICl@ ’.OC

Full screen
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https://www.youtube.com/watch?v=aircAruvnKk


https://www.youtube.com/watch?v=aircAruvnKk

Gradient Descent
how neural networks learn

Average cost of What’s the “cos©®
all training data... 18 — 0.00) of this difference?

Q0 Q0
@1 O1
@:> O2
@ O3
Cost of o 8; — 8;1
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@3 @3
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Utter trash g J

https://www.youtube.com/watch?v=IHZwWWFHWa-w


https://www.youtube.com/watch?v=IHZwWFHWa-w

Backpropagation

11 » 4177 73:53

https://www.youtube.com/watch?v=Illg3gGewQ5U


https://www.youtube.com/watch?v=Ilg3gGewQ5U

Learning Algorithm

While not done:
Pick a random training example “(input, label)”
Run neural network on “input”
Adjust weights on edges to make output closer to “label”
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Time Series Data

AAPL

Adj Close
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Time Series Data
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The Quant Finance PyData Stack

@ PyThalesians  zj,jine DX Analytics

PyAlgoTrade
QuantLib

Quantopian

Ehylables Neto

' StatsModlels @&[ SCi k| Es-ima ge

Statistics in Pytlnon w image processing in python

& matplotlib pandas i
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Python in Google Colab

https://colab.research.google.com/drive/1FEG6DnGvwfUbeo4zJ1zTunjMqf2RKCrT

& python101.ipynb
cO pyt py

File Edit View Insert Runtime Tools Help

3 CODE

>

TEXT 4 CELL ¥ CELL

# !pip install pandas_datareader
import pandas as pd

import pandas_datareader.data as web
import matplotlib.pyplot as plt
import seaborn as sns

import datetime as dt

gmatplotlib inline

#Read Stock Data from Yahoo Finance

end = dt.datetime.now()

#start = dt.datetime(end.year-2, end.month, end.day)
start = dt.datetime(2016, 1, 1)

df = web.DataReader("AAPL", 'yahoo',6 start, end)
df.to_csv('AAPL.csv')

df.from csv('AAPL.csv')

df.tail()

df[ 'Adj Close'].plot(legend=True, figsize=(12, 8), title='AAPL', label='Adj Close')
plt.figure(figsize=(12,9))

top = plt.subplot2grid((12,9), (0, 0), rowspan=10, colspan=9)

bottom = plt.subplot2grid((12,9), (10,0), rowspan=2, colspan=9)

top.plot(df.index, df['Adj Close'], color='blue') #df.index gives the dates
bottom.bar(df.index, df['Volume'])

# set the labels
top.axes.get_xaxis().set_visible(False)
top.set_title('AAPL')
top.set_ylabel('Adj Close')
bottom.set_ylabel('Volume')

plt.figure(figsize=(12,9))
sns.distplot(df['Adj Close'].dropna(), bins=50, color='purple')

# simple moving averages

df[ 'MAO5'] = df['Adj Close'].rolling(5).mean() #5 days

df[ 'MA20'] = df['Ad]j Close'].rolling(20).mean() #20 days

df[ 'MA60'] = df['Adj Close'].rolling(60).mean() #60 days

df2 = pd.DataFrame({'Adj Close': df['Adj Close'], 'MAO5': df['MAO5'], 'MA20': df['MA20'],

df2.plot(figsize=(12, 9), legend=True, title='AAPL')
df2.to_csv('AAPL MA.csv')

fig = plt.gcf()

fig.set_size_inches(12, 9)

fig.savefig('AAPL plot.png', dpi=300)

'MAG60': df['MA60']})

Bl COMMENT 2% SHARE 0

+/ CONNECTED ¥

2 EDITING

A
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pandas

Python Data Analysis
Library

providing high-performance, easy-to-use
data structures and data analysis tools
for the Python programming language.
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pandas Ecosystem

Statistics and Machine Learning

— Statsmodels
— sklearn-pandas

Visualization

— Bokeh

— vyhat/ggplot
— Seaborn

— Vincent

— |IPython Vega

— Plotly

— Pandas-Qt

IDE

— |IPython

— quantopian/qgrid
— Spyder

API

— pandas-datareader

quandl/Python

pydatastream
pandaSDMX

fredapi

Domain Specific

Geopandas

xarray

Out-of-core

Dask
Blaze
Odo
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pandas-datareader

# pandas-datareader pandas -datareader

Up to date remote data access for pandas, works for multiple versions of pandas.
pypi [v0.7.0 | build failing | coverage 79% health 95%

What's New

Remote Data Access

Caching queries As of v0.6.0 Yahoo!, Google Options, Google Quotes and EDGAR have been immediately
Other Data Sources deprecated due to large changes in their APl and no stable replacement.

Data Readers

As of v0.6.0 Google finance is still functioning for historical price data, although there are
frequent reports of failures. Failure is frequently encountered when bulk downloading historical

price data.
Take the Python User's Survey and let
us know more about your usage of Usage
Python.
Sponsored - Ads served ethically Starting in 0.19.0, pandas no longer supports pandas.io.data Or pandas.io.wb , SO You must

replace your imports from pandas.io with those from pandas_datareader :

from pandas.io import data, wb # becomes
from pandas_datareader import data, wb

& Read the Docs

Many functions from the data module have been included in the top level API.

https://pandas-datareader.readthedocs.io/en/latest/ 159
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Quand]

ALTERNATIVE DATA FINANCIAL DATA

DOCS & HELP BLOG LOG IN SIGN UP

ALLTOOLS PYTHON EXCEL

Get Financial Data Directly into Python

Get millions of financial and economic datasets from hundreds of publishers directly into Python.

Load Quandl Data Directly Into Python

All the Data You Want

Quandl unifies financial and economic datasets from hundreds of publishers on a

single user-friendly platform.

Directly Into Python

https://www.quandl.com/tools/python 160
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PyDatastream

a Search projects Q Help Donate Login Register

PyDatastream 0.5.1 Y —

p'ip install PyDatastream ] Last released: Nov 17,2017

Python interface to the Thomson Reuters Dataworks Enterprise (Datastream) API

Navigation Project description

= Project description PyDatastream is a Python interface to the Thomson Dataworks Enterprise (DWE) SOAP API (non free), with

some convenience functions for retrieving Datastream data specifically. This package requires valid credentials
D Release history for this API.

For the documentation please refer to README.md inside the package or on the GitHub
(https://github.com/vfilimonov/pydatastream/blob/master/README.md).

X Download files

https://pypi.org/project/PyDatastream/ 161
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pandasSDMX

Table Of contents  P@NdaSDMX: Statistical Data and
masoxsamanes VI€tadata eXchange in Python

and Metadata eXchange in

Python pandaSDMX is an Apache 2.0-licensed Python client to retrieve and acquire statistical
= Supported data providers data and metadata disseminated in S

tions such as statistics offices, central anks, and international organisations. pandaSD-
MX exposes datasets and related structural metadata including dataflows, codelists, and
datastructure definitions as pandas Series or multi-indexed DataFrames. Many other

= Main features

Supported data providers

pandaSDMX ships with built-in support for the following agencies (others may be con-

. figured by the user):
Quick search
o Australian Bureau of Statistics (ABS)
Go « European Central Bank (ECB)
* Eurostat
o French National Institute for Statistics (INSEE)
p « Instituto Nacional de la Estadistica y Geografia - INEGI (Mexico)
 International Monetary Fund (IMF) - SDMX Central only
« International Labour Organization (ILO)
« Italian statistics Office (ISTAT)
Take the Python User's » Norges Bank (Norway)
;i?;ﬁ::f;:ﬁ:i:g;v:f e Organisation for Economic Cooperation and Development (OECD)
Python. o United Nations Statistics Division (UNSD)
« UNESCO (free registration required)
Sponsored - Ads served ethically o World Bank - World Integrated Trade Solution (WITS)

https://pandasdmx.readthedocs.io/en/latest/
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Fred API

REGISTER | SIGN IN

EOONOMIS BIESEAR
FEDERAL RESERVE BANK ST. LOUIS

FREDe Economic Data Information Services Publications Working Papers Economists About St. Louis Fed Home

Home > Developer APl > FRED API
APl Keys | Terms of Use

FRED® API

General Documentation | API | Toolkits

The FRED® API is a web service that allows developers to write programs and build applications that retrieve economic data from the FRED® and ALFRED®
websites hosted by the Economic Research Division of the Federal Reserve Bank of St. Louis. Requests can be customized according to data source, release,
category, series, and other preferences.

General Documentation

= Overview

= What is FRED®?

= What is ALFRED®?

= FRED® versus ALFRED®
= Real-Time Periods

= Errors

API

Categories

= fred/category - Get a category.

= fred/category/children - Get the child categories for a specified parent category.
= fred/category/related - Get the related categories for a category.

= fred/category/series - Get the series in a category.

= fred/category/tags - Get the tags for a category.

= fred/category/related_tags - Get the related tags for a category.

https://research.stlouisfed.org/docs/api/fred/ 163
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pip install pandas datareader

! pip install pandas_datareader

Collecting pandas_datareader
Downloading https://files.pythonhosted.org/packages/cc/5c/ea5b6dcfd0f55c5fble37£fb45335ec0lccecalld9b8a79339137f5ed269e0/pandas_datarea
100% | INEEEEEEEEEEEEEEE | 112kB 2.7MB/s

Collecting 1lxml (from pandas_datareader)

100% | || 5.8MB 7.5MB/s

Requirement
Requirement
Requirement
Requirement
Requirement
Requirement
Requirement
Requirement
Requirement
Requirement
Requirement

already
already
already
already
already
already
already
already
already
already
already

satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:
satisfied:

Installing collected packages:
Successfully installed 1xml-4.2.5 pandas-datareader-0.7.0

pandas>=0.19.2 in /usr/local/lib/python3.6/dist-packages (from pandas_datareader) (0.22.0)
requests>=2.3.0 in /usr/local/lib/python3.6/dist-packages (from pandas_datareader) (2.18.4)

wrapt in /usr/local/lib/python3.6/dist-packages (from pandas_datareader) (1.10.11)
python-dateutil>=2 in /usr/local/lib/python3.6/dist-packages (from pandas>=0.19.2->pandas_datareader) (2
numpy>=1.9.0 in /usr/local/lib/python3.6/dist-packages (from pandas>=0.19.2->pandas_datareader) (1.14.6)

pytz>=2011lk in /usr/local/lib/python3.6/dist-packages (from pandas>=0.19.2->pandas_datareader) (2018.5)
idna<2.7,>=2.5 in /usr/local/lib/python3.6/dist-packages (from requests>=2.3.0->pandas_datareader) (2.6)
chardet<3.1.0,>=3.0.2 in /usr/local/lib/python3.6/dist-packages (from requests>=2.3.0->pandas_datareader
certifi>=2017.4.17 in /usr/local/lib/python3.6/dist-packages (from requests>=2.3.0->pandas_datareader) (
urllib3<1.23,>=1.21.1 in /usr/local/lib/python3.6/dist-packages (from requests>=2.3.0->pandas_datareader
six>=1.5 in /usr/local/lib/python3.6/dist-packages (from python-dateutil>=2->pandas>=0.19.2->pandas_data
1xml, pandas-datareader
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conda install pandas-datareader

® O 73 imyday — -bash — 80x24
iMyday-MacBook-Pro:~ imyday$ conda install pandas—-datareader L]
Fetching package metadata ...........

Solving package specifications:
Package plan for installation in environment /Users/imyday/anaconda:
The following NEW packages will be INSTALLED:

pandas—datareader: 0.2.1-py36_0
requests—-file: 1.4.1-py36_0

Proceed ([yl/n)? vy

requests—file— 100% |#H####HH#H#LHHHBHHHBHHHBBHHHBHH###E| Time: 0:00:00 1.55 MB/s
pandas—datarea 100% |#######H#H#H#SHHHBHHHBHHHBRHHBRHH##E| Time: 0:00:00 409.66 kB/s
iMyday-MacBook-Pro:~ imyday$ conda list

# packages in environment at /Users/imyday/anaconda:

#

_license 1.1 py36_1
alabaster 0.7.9 py36_0
anaconda 4.3.1 nplllpy36_90
anaconda-client 1.6.0 py36_0
anaconda-navigator 1.5.0 py36_0
anaconda-project 0.4.1 py36_0
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Finance Data from Yahoo Finance




# !pip install pandas datareader
import pandas as pd

import pandas datareader.data as web
import matplotlib.pyplot as plt
import seaborn as sns

import datetime as dt

$matplotlib inline

#Read Stock Data from Yahoo Finance
end = dt.datetime.now()

#start = dt.datetime(end.year-2, end.month,

end.day)
start = dt.datetime(2016, 1, 1)

df = web.DataReader("AAPL", 'yahoo',6 start,

df.to csv('AAPL.csv')
df.from csv( 'AAPL.csv')
df.tail()

end)
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plt.figure(figsize=(12,9))

top = plt.subplot2grid((12,9), (0, 0),
rowspan=10, colspan=9)

bottom = plt.subplot2grid((12,9), (10,0),
rowspan=2, colspan=9)

top.plot(df.index, df[ 'Adj Close'],
color="'blue') #df.index gives the dates
bottom.bar(df.index, df[ 'Volume'])
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# simple moving averages

df[ '"MAO5"'] = df[ 'Adj Close'].rolling(5).mean()
#5 days

df[ 'MA20'] = df[ 'Adj]
Close'].rolling(20).mean() #20 days

df[ 'MA60'] = df[ 'Ad]
Close'].rolling(60).mean() #60 days

df2 = pd.DataFrame({'Adj Close': df[ 'Adj
Close'], '"MAO5': df[ 'MAO5"'], '"MA20': df[ 'MA20'],
'MA60': df[ 'MA60']})

df2.plot(figsize=(12, 9), legend=True,
title='AAPL')

df2.to csv('AAPL MA.csv')

fig = plt.gcf ()

fig.set size inches(12, 9)

fig.savefig('AAPL plot.png', dpi=300)
plt.show()
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# lpip install pandas_datareader
import pandas as pd

import pandas_datareader.data as web
import matplotlib.pyplot as plt
import seaborn as sns

import datetime as dt

gmatplotlib inline

#Read Stock Data from Yahoo Finance

end = dt.datetime.now()

#start = dt.datetime(end.year-2, end.month, end.day)
start = dt.datetime(2016, 1, 1)

df = web.DataReader ("AAPL", 'yahoo', start, end)
df.to _csv('AAPL.csv')

df.from csv('AAPL.csv')

df.tail()

df[ 'Adj Close'].plot(legend=True, figsize=(12, 8), title='AAPL', label='Adj
plt.figure(figsize=(12,9))

top = plt.subplot2grid((12,9), (0, 0), rowspan=10, colspan=9)

bottom = plt.subplot2grid((12,9), (10,0), rowspan=2, colspan=9)
top.plot(df.index, df['Adj Close'], color='blue') #df.index gives the dates
bottom.bar (df.index, df['Volume'])

# set the labels

top.axes.get xaxis().set_visible(False)
top.set _title('AAPL')

top.set _ylabel('Adj Close')

bottom.set ylabel( 'Volume')

plt.figure(figsize=(12,9))
sns.distplot(df[ 'Adj Close'].dropna(), bins=50, color='purple')

# simple moving averages

df[ 'MAO5'] = df['Ad]j Close'].rolling(5).mean() #5 days
df['MA20'] = df['Adj Close'].rolling(20).mean() #20 days
df['MA60'] = df['Adj Close'].rolling(60).mean() #60 days

df2 = pd.DataFrame({'Adj Close': df['Adj Close'], 'MAO5': df[ 'MAO5'], 'MA20':
df2.plot(figsize=(12, 9), legend=True, title='AAPL')

df2.to_csv('AAPL MA.csv')

fig = plt.gcf()

fig.set_size_inches (12, 9)

fig.savefig('AAPL plot.png', dpi=300)

plt.show()

Close')

df['MA20'],

'MA60':

df['MA60']})



# !pip install pandas_datareader|
import pandas as pd

import pandas_datareader.data as web
import matplotlib.pyplot as plt
import seaborn as sns

import datetime as dt

$matplotlib inline

#Read Stock Data from Yahoo Finance

end = dt.datetime.now()

#start = dt.datetime(end.year-2, end.month, end.day)
start = dt.datetime(2016, 1, 1)

df = web.DataReader("AAPL", 'yahoo', start, end)
df.to_csv('AAPL.csv')

df.from csv('AAPL.csv')

df.tail()

df[ 'Adj Close'].plot(legend=True, figsize=(12, 8), title='AAPL', label='Adj Close')
plt.figure(figsize=(12,9))

top = plt.subplot2grid((12,9), (0, 0), rowspan=10, colspan=9)

bottom = plt.subplot2grid((12,9), (10,0), rowspan=2, colspan=9)

top.plot(df.index, df[ 'Adj Close'], color='blue') #df.index gives the dates
bottom.bar(df.index, df['Volume'])

# set the labels
top.axes.get_xaxis().set_visible(False)
top.set_title('AAPL')
top.set_ylabel('Adj Close')
bottom.set_ylabel('Volume')

plt.figure(figsize=(12,9))
sns.distplot(df[ 'Adj Close'].dropna(), bins=50, color='purple')

# simple moving averages

df[ 'MAO5'] = df['Adj Close'].rolling(5).mean() #5 days
df[ 'MA20'] = df['Ad]j Close'].rolling(20).mean() #20 days
df[ 'MA60'] = df['Adj Close'].rolling(60).mean() #60 days

df2 = pd.DataFrame({'Adj Close': df['Adj Close'], 'MAO5': df[ 'MAO5'], 'MA20': df[ 'MA20'], 'MA60': df['MA60']})
df2.plot(figsize=(12, 9), legend=True, title='AAPL')
df2.to _csv('AAPL MA.csv')
fig = plt.gcf()
fig.set_size_inches(12, 9)
fig.savefig('AAPL plot.png', dpi=300)
plt.show()
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Finance Data from Quandl

# ! pip install quandl

import quandl
# quandl.ApiConfig.api key = "YOURAPIKEY"

df = quandl.get ("WIKI/AAPL", start date="2016-01-
01", end date="2017-12-31")

df.to _csv('AAPL.csvVv')

df.from csv( AAPL.csvVv')

df.tail()

# | pip install quandl

import quandl

# quandl.ApiConfig.api key = "YOURAPIKEY"

df = quandl.get("WIKI/AAPL", start_date="2016-01-01", end date="2017-12-31")
df.to_csv('AAPL.csv')

df.from csv('AAPL.csv')

df.tail()

/usr/local/lib/python3.6/dist-packages/ipykernel launcher.py:5: FutureWarning: from csv is deprecated. Please use read csv(...) instead

Open High Low Close Volume Ex-Dividend Split Ratio Adj. Open Adj. High Adj. Low Adj. Close Adj. Volume
Date

2017-12-22 174.68 175.424 174500 175.01 16052615.0 0.0 1.0 174.68 175.424 174.500 175.01 16052615.0

2017-12-26 170.80 171.470 169.679 170.57 32968167.0 0.0 1.0 170.80 171.470 169.679 170.57 32968167.0

2017-12-27 170.10 170.780 169.710 170.60 21672062.0 0.0 1.0 170.10 170.780 169.710 170.60 21672062.0

2017-12-28 171.00 171.850 170.480 171.08 15997739.0 0.0 1.0 171.00 171.850 170.480 171.08 15997739.0

2017-12-29 170.52 170.590 169.220 169.23 25643711.0 0.0 1.0 170.52 170.590 169.220 169.23 25643711.0

https://www.quandl.com/tools/python 179
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TensorFlow

TensorFIOW ™ Install Develop Community APl = Resources ¥ Q Search GITHUB

An open source machine learning
framework for everyone

GET STARTED

¢ 2

Get started with TensorFlow 1.12 is here! Announcing TensorFlow.js
TensorFlow o
TensorFlow 1.12 is available, see the Learn about our JavaScript library for
release notes for the latest updates. machine learning in the browser.

There are new tutorials to get started
with Tensorflow using tf.keras and
eager execution. Run the Colab
notebooks directly in the browser.

https://www.tensorflow.org/ 181
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Deep Learning Software

TensorFlow

— TensorFlow™ is an open source software library
for high performance numerical computation.

Keras
— Deep Learning library for TensorFlow, CNTK

PyTorch

— An open source deep learning platform that
provides a seamless path from research
prototyping to production deployment.

CNTK
— Computational Network Toolkit by Microsoft Research
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tf.keras

Keras:
High-level API
for TensorFlow




Keras

‘ I< ‘ Keras Documentation Docs » Home O Edit on GitHub

Home

Keras: The Python Deep Learning library

. Keras

You have just found Keras.

Keras: The Python Deep Learning
library

You have just found Keras.
Guiding principles
Getting started: 30 seconds to Keras

Installation

Configuring your Keras backend
Support
Why this name, Keras?

Activations Keras is a high-level neural networks API, written in Python and capable of running on top of TensorFlow, CNTK, or
Applications Theano. It was developed with a focus on enabling fast experimentation. Being able to go from idea to result with the

Backend least possible delay is key to doing good research.

Callback: . . .
aibacs Use Keras if you need a deep learning library that:

Constraints
Contributing o Allows for easy and fast prototyping (through user friendliness, modularity, and extensibility).
Datasets e Supports both convolutional networks and recurrent networks, as well as combinations of the two.

B e Runs seamlessly on CPU and GPU.
Initializers

Losses . .
Read the documentation at Keras.io.

Metrics

O GitHub Keras is compatible with: Python 2.7-3.6.

http://keras.io/ 184
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PyTorch

PyTO rch Get Started Features Ecosystem Blog Tutorials Docs Resources GitHub

FROM
RESEARCH TO
PRODUCTION

e deep learning platform that provides a seamless path from
esear ch prototyping to production deployment.

Get Started >

KEY FEATURES &
CAPABILITIES

http://pytorch.org/


http://pytorch.org/
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Keras

Keras is a high-level neural networks API

Written in Python and capable of running on

top of Tensor

It was develo

-low, CNTK, or Theano.

oed with a focus on enabling fast

experimentation.

Being able to

go from idea to result with the

least possible delay is key to doing good

research.
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TensorFlow

Source: https://github.com/tensorflow/tensorflow 188



Google TensorFlow

TenSOI'Flow e GET STARTED TUTORIALS HOWTO APl RESOURCES ABOUT

TensorFlow is an Open Source Software

Library for Machine Intelligence

About TensorFlow

TensorFlow™ is an open source software library for numerical

[ensorFlow: Open source machine learning o »

computation using data flow graphs. Nodes in the graph
represent mathematical operations, while the graph edges
represent the multidimensicnal data arrays (tensors)
communicated between them. The flexible architecture allows
you to deploy computation to one or more CPUs or GPUs ina

desktop, server, or mobile device with a single API.
=

https://www.tensorflow.org/ 189
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) TensorFlow Playground

Tinker With a Neural Network Right Here in Your Browser.

Don't Worry, You Can't Break It. We Promise.

O [terations Learning rate Activation Regularization Regularization rate Problem type
>l
000,582 0.03 v Tanh v None v 0 v Classification

DATA INPUT + — 3 HIDDEN LAYERS OUTPUT
Which dataset do Which properties lest loss 0.000
you want to use? :._ ; ‘ ’ ant to + - b @ + - Iraining loss 0.000
ﬁ 4 neurons 2 neurons 2 neurons
X, S ¢ =~ ( -
P "~ &
» Y
- g :I 0'
b b ’_.." S ~---- .
Ratio of trainir
test data: 50% 4 B
—e
Noise: (
@
Batch size: 10
—

httb://playground.tensorﬂow.org/ 190
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TensorFlow

IS an

Open Source
Software Library

for

Machine Intelligence

https://www.tensorflow.org/
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numerical computation
using data flow graphs

https://www.tensorflow.org/
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Tensor

Tensor

e 3

— # arank O tensor; this is a scalar with shape []
e [1.,2.,3.]

— # arank 1 tensor; this is a vector with shape [3]
* [[1., 2., 3.], [4., 5., 6.]]

— # a rank 2 tensor; a matrix with shape [2, 3]

- [ll1., 2., 3.]], [[7., 8., 9.]]
— # a rank 3 tensor with shape [2, 1, 3]

https://www.tensorflow.org/ 193
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Scalar 80

Vector [50 60 70]
Matrix 50 60 70
55 65 75

. [50 60 70] [70 80 90]
ensor [55 65 75] [75 85 95]
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Nodes:

mathematical operations

edges:

multidimensional data arrays
(tensors)
communicated between nodes



Computation is a Dataflow Graph

Graph of Nodes,
also called Operations or ops.

| bias I

| weights m @
(Matiu> C_Xent

|examp|es

| labels I
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Computation is a Dataflow Graph

Edges are N-dimensional arrays: Tensors

| bias I

| weights m @
(Matiu> C_xent

| inputs

| targets |
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Logistic Regression as Dataflow Graph

@perationD

bl bias I

W | weights m @
(Mathu C_Xent

X | inputs

Yl targets I

Edges are N-dimensional arrays: Tensors
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Computation is a Dataflow Graph

with state

‘Biases’ is a variable

Some ops compute gradients

| biases -= updates biases

learning
rate

199



X, Data Flow Graph

W [N N ]
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l e ste - 1000 ”
-
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Source: https://lwww.tensorflow.org/ 200
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L

TensorFlow

Data Flow
Graph

Source: https://lwww.tensorflow.org/ 201
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L

TensorFlow

SGD Trainer

Upsate W,

Data Flow l
Graph lparmng_rate = (001
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L2
Tensorflow Te n S o r B O a rd

TensorBoard EVENTS IMAGES GRAPHS HISTOGRAMS

[  Fittoscreen Main Graph Auxiliary nodes
¥  Download PNG
Run train -
(1) I trai cross_en... |
input -
Session - predieti..
runs (0) e
Upload ChooseFle ]

Color @ structure

O Device g
color: same substructure
gray: unique substructure

Graph  (* = expandable)

Namespace*
OpNode
Unconnected series*
Connected series*

Constant

= K€

Summary

Dataflow edge
Control dependency edge
< Reference edge

https://www.tensorflow.org/tensorboard/index.html#graphs 204
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Getting Started with TensorFlow

TensorFIow i Install Develop API 1.4 Deploy Extend Community VES S Q Search GITHUB

Develop

GET STARTED PROGRAMMER'S GUIDE TUTORIALS PERFORMANCE MOBILE

Gettng Started Getting Started With TensorFlow S~

TensorFlow Core tutorial
Getting Started With TensorFlow :
Importing TensorFlow

MNIST For ML Beginners This guide gets you started programming in TensorFlow. Before using this guide, install TensorFlow. The Computational
Deep MNIST for Experts To get the most out of this guide, you should know the following: Graph
TensorFlow Mechanics 101 tf.train API

e How to program in Python.

tf.estimator Quickstart Complete program

Building Input Functions with tf. e At least a little bit about arrays. tf.estimator
estimator

e |deally, something about machine learning. However, if you know little or nothing about machine Basicinsags

learning, then this is still the first guide you should read.

TensorBoard: Visualizing Learning A custom model

TensorBoard: Graph Visualization Next steps

Lensomoard kistegramibashtoard TensorFlow provides multiple APIs. The lowest level API-TensorFlow Core- provides you with
complete programming control. We recommend TensorFlow Core for machine learning researchers
and others who require fine levels of control over their models. The higher level APls are built on top
of TensorFlow Core. These higher level APIs are typically easier to learn and use than TensorFlow
Core. In addition, the higher level APls make repetitive tasks easier and more consistent between
different users. A high-level API like tf.estimator helps you manage data sets, estimators, training and

inference.

TensorFlow Versions

This guide begins with a tutorial on TensorFlow Core. Later, we demonstrate how to implement the
same model in tf.estimator. Knowing TensorFlow Core principles will give you a great mental model of
how things are working internally when you use the more compact higher level API.

Source: https://lwww.tensorflow.org/get started/get started 205
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Try your first TensorFlow

s python

>>>
>>>

>>>

>>>

import tensorflow as tf

hello = tf.constant('Hello, TensorFlow!"')
sess = tf.Session()

sess.run(hello)

'Hello, TensorFlow!'

>>>
>>>
>>>

42

>>>

a = tf.constant(10)
b = tf.constant(32)
sess.run(a+b)

https://github.com/tensorflow/tensorflow
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Hello TensorFlow

import tensorflow as tf

hello = tf.constant('Hello, TensorFlow! ')
sess = tf.Session()

sess.run(hello)

b'Hello, TensorFlow!'

https://github.com/tensorflow/tensorflow 207
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tf.Session()
sess.run()

import tensorflow as tf
sess = tf.Session()

a = tf.constant(10)

b = tE.constant(32)
sess.run(a+b)

42

https://github.com/tensorflow/tensorflow
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Linear Regression Model

import tensorflow as tf

# Model parameters

W = tf.variable([.3], dtype=tf.float32)
b = tf.vVariable([-.3], dtype=tf.float32)
# Model input and output

x = tf.placeholder(tf.float32)

linear model = W*x + b

y = tf.placeholder(tf.float32)

# loss

loss = tf.reduce sum(tf.square(linear model - y)) # sum of the squares
# optimizer

optimizer = tf.train.GradientDescentOptimizer(0.01)

train = optimizer.minimize(loss)

# training data
x train = J1, 2,3, 4]
y_train = [0, -1, -2, -3]
# training loop
init = tf.global variables initializer()
sess = tf.Session()
sess.run(init) # reset values to wrong
for i in range(1000):
sess.run(train, {x: x train, y: y_train})

# evaluate training accuracy
curr W, curr b, curr loss = sess.run([W, b, loss], {x: x _train, y: y train})
print("W: %s b: %s loss: %s"%(curr_W, curr b, curr_loss))

W: [-0.9999969] b: [ 0.99999082] loss: 5.69997e-11

https://www.tensorflow.org/get started/get started
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tf.estimator

import numpy as np
import tensorflow as tf

feature columns = [tf.feature column.numeric column("x", shape=[1])]
estimator = tf.estimator.LinearRegressor(feature columns=feature columns)

X train = np.array([l., 2., 3., 4.])
y_train = np.array([0., -1., -2., =3.])
X eval = np.array([2., 5., 8., 1.])
y eval = np.array([-1.01], -4.1, -7, 0.])
input fn = tf.estimator.inputs.numpy input fn(
"x": x_train}, y train, batch_size=4, num epochs=None, shuffle=True)

train input fn = tf.estimator.inputs.numpy input fn(

{"x": x train}, y train, batch size=4, num epochs=1000, shuffle=False)
eval input fn = tf.estimator.inputs.numpy input fn(

{"x": x_eval}, y eval, batch _size=4, num _epochs=1000, shuffle=False)

estimator.train(input fn=input fn, steps=1000)

train metrics = estimator.evaluate(input fn=train input fn)
eval metrics = estimator.evaluate(input fn=eval input fn)
print("train metrics: %r"% train metrics)

print("eval metrics: %r"% eval metrics)

train metrics: {'average loss': 2.7210228e-07, 'loss': 1.0884091le-06, 'global step': 1000}
eval metrics: {'average loss': 0.0025725411, 'loss': 0.010290165, 'global step': 1000}

https://www.tensorflow.org/get started/get started
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Deep Learning
for
Financial Market Prediction
Stock Market Prediction
Stock Price Prediction
Time Series Prediction



Time Series Data

df[ 'Adj Close'].plot(legend=True, figsize=(12, 8), title='AAPL', label='Adj Close')
<matplotlib.axes. subplots.AxesSubplot at 0x1150bac88>

AAPL
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Time Series Data
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Long Short Term Memory (LSTM)
for Time Series Forecasting

TIITT
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Financial Time Series Forecasting

https://colab.research.google.com/drive/1aEK0eSev8Q-YOnNNY32geFk7CB8pVgSQM

Deep Learning for

CO & Deep_Learning_for_Financial_Time_Series_Forecasting.ipynb 77

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL

o

>

Source: https://machinelearningmastery.com/how-to-develop-Istm-models-for-time-series-forecasting/

1 # univariate data preparation

2 from numpy import array

3 # split a univariate sequence into samples
4 def split_sequence(sequence, n_steps):

5 X, y = list(), list()

6 for i in range(len(sequence)):

7 # find the end of this pattern

8 end_ix = i + n_steps

9 # check if we are beyond the sequence

10 if end_ix > len(sequence)-1:

11 break

12 # gather input and output parts of the pattern
13 seq_X, seq y = sequence[i:end_ix], sequence[end_ix]
14 X.append(seq_x)

15 y.append(seq_y)

16 return array(X), array(y)

17 # define input sequence

18 raw_seq = [10, 20, 30, 40, 50, 60, 70, 80, 90]
19 # choose a number of time steps

20 n_steps = 3

21 # split into samples

22 X, y = split_sequence(raw_seq, n_steps)

23 # summarize the data

24 for i in range(len(X)):

25 print(X[i], y[i])

[10 20 30] 40
[20 30 40] 50
[30 40 50] 60
[40 50 60] 70
[50 60 70] 80
[60 70 80] 90
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& Deep_Learning_for_Financial_Time_Series_Forecasting.ipynb 7
P- g-for- - - - 9-1py Bl COMMENT 2% SHARE 0
File Edit View Insert Runtime Tools Help
CODE TEXT 4 CELL ¥ CELL / CONNECTED + /’ EDITING A
§ -~ LSTM for Time Series Forecasting
° # univariate lstm example E

[

from numpy import array

from keras.models import Sequential
from keras.layers import LSTM

from keras.layers import Dense
import matplotlib.pyplot as plt
gmatplotlib inline

# define dataset

X = array([[100, 110, 120], [110, 120, 130], [120, 130, 140], [130, 140, 150], [140, 150, 1601])
y = array([130, 140, 150, 160, 170])

# reshape from [samples, timesteps] into [samples, timesteps, features]
X = X.reshape((X.shape[0], X.shape[l], 1))

# define model

model = Sequential()

model.add(LSTM(50, activation='relu', input_shape=(3, 1)))
model.add(Dense(1l))

model.compile(optimizer="'adam', loss='mse')

# fit model

history = model.fit(X, y, epochs=2000, verbose=0)

# demonstrate prediction

x_input = array([150, 160, 170])

x_input = x input.reshape((1l, 3, 1))

yhat = model.predict(x_input, verbose=0)

print('yhat', yhat)

print (model.summary())

# list all data in history

print(history.history.keys())

# summarize history for loss

print('loss:', '%f'shistory.history['loss'][-1])
print('loss:', history.history['loss'][-1])
plt.plot(history.history['loss'])

plt.title('model loss')

plt.ylabel('loss')

plt.xlabel('epoch')

plt.show()

yhat [[181.34615]]

Source: https://machinelearningmastery.com/how-to-develop-Istm-models-for-time-series-forecasting/ 218
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A,

& Deep_Learning_for_Financial_Time_Series_Forecasting.ipynb ¢

File Edit View Insert Runtime Tools Help

Bl COMMENT 2% SHARE e

CODE TEXT 4 CELL ¥ CELL / CONNECTED 2 EDITING /
1 B univariate lstm example :
° 2 from numpy import array
3 from keras.models import Sequential
4 from keras.layers import LSTM
5 from keras.layers import Dense
6 import matplotlib.pyplot as plt
7 %matplotlib inline
8 # split a univariate sequence into samples
9 def split_sequence(sequence, n_steps):

10 X, y = list(), list()

11 for i in range(len(sequence)):

12 # find the end of this pattern

13 end_ix = i + n_steps

14 # check if we are beyond the sequence

15 if end_ix > len(sequence)-1:

16 break

17 # gather input and output parts of the pattern
18 seq_x, seq y = sequence[i:end_ix], sequence[end_ix]
19 X.append(seq_x)

20 y.append(seq_y)

21 return array(X), array(y)

22 # define input sequence

23 raw_seq = [10, 20, 30, 40, 50, 60, 70, 80, 90]

24 # choose a number of time steps

25 n_steps = 3

26 # split into samples

27 X, y = split_sequence(raw_seq, n_steps)

28 # reshape from [samples, timesteps] into [samples, timesteps, features]
29 n_features =1

30 X = X.reshape((X.shape[0], X.shape[l], n_features))
31 # define model

32 model = Sequential()

33 model.add(LSTM(50, activation='relu', input shape=(n_steps, n_features)))
34 model.add(Dense(1l))

35 model.compile(optimizer='adam', loss='mse')

36 # fit model

37 history = model.fit(X, y, epochs=500, verbose=0)

38 # demonstrate prediction

39 x_input = array([70, 80, 90])

40 x_input = x_input.reshape((1l, n_steps, n_features))
41 yhat = model.predict(x_input, verbose=0)

42 print(yhat)

43 print('yhat', yhat)

44 print(model.summary())

Source: https://machinelearningmastery.com/how-to-develop-Istm-models-for-time-series-forecasting/ 219
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Using TensorFlow backend.
[[102.31296]]
yhat [[102.31296]]

Layer (type) Output Shape Param #
l1stm_1 (LSTM) (None, 50) 10400
dense_1 (Dense) (None, 1) 51

Total params: 10,451
Trainable params: 10,451
Non-trainable params: 0

None

dict_keys(['loss'])

loss: 0.000000

loss: 1.2578432517784677e-07

model loss
4000
3000
8
200
1000
0
0 100 200 300 400 500
epoch

Source: https://machinelearningmastery.com/how-to-develop-Istm-models-for-time-series-forecasting/ 220
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Source: https://github.com/yash-1337/AAPL_LSTM_Stock Predictor/blob/master/AAPL_daily LSTM_stock predictor.ipynb 221
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TensorFlow Models

M1: Basic Classification (Image Classification) (65 Seconds)

— https://colab.research.google.com/github/tensorflow/docs/blob/master/site/en/tutorials/
keras/basic_classification.ipynb

M?2: Basic Text Classification (Text Classification) (46 Seconds)
— https://colab.research.google.com/github/tensorflow/docs/blob/master/site/en/tutorials/

keras/basic text classification.ipynb
M3: Basic Regression (Predict House Prices) (43 Seconds)

— https://colab.research.google.com/github/tensorflow/docs/blob/master/site/en/tutorials/
keras/basic _regression.ipynb

M4: Pix2Pix Eager (Option) (7-8 Hours)

— https://colab.research.google.com/github/tensorflow/tensorflow/blob/master/tensorflow
/contrib/eager/python/examples/pix2pix/pix2pix_eager.ipynb

M5. NMT with Attention (Option) (20-30 minutes)

— https://colab.research.google.com/github/tensorflow/tensorflow/blob/master/tensorflow
/contrib/eager/python/examples/nmt_with attention/nmt_with attention.ipynb
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Basic Classification
Fashion MINIST Image Classification

https://colab.research.google.com/drive/19PJOJi1vn1kjcutlzZNHjRSLbeVI4kd5z

& tf01_basic_classification.ipynb s E] COMMENT 2% SHARE c

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL CONNECT + 2 EDITING A

Table of contents Code snippets Filess X

) Copyright 2018 The TensorFlow Authors.

Copyright 2018 The TensorFlow Authors.
Pyrg L 2 cells hidden

Licensed under the Apache License, Version 2.0
(the "License");

~ Train your first neural network: basic classification

MIT License

Train your first neural network: basic classification .r O
View on TensorFlow.org Run in Google Colab View source on GitHub

Import the Fashion MNIST dataset
This guide trains a neural network model to classify images of clothing, like sneakers and shirts. It's okay if you don't understand all

Explore the data the details, this is a fast-paced overview of a complete TensorFlow program with the details explained as we go.

This guide uses tf.keras, a high-level API to build and train models in TensorFlow.
Preprocess the data

# memory footprint support libraries/code e
!1ln -sf /opt/bin/nvidia-smi /usr/bin/nvidia-smi

!pip install gputil

!pip install psutil

Build the model (> ) !

3

4

5 lpip install humanize
6

7

8

Setup the layers

import psutil
import humanize
import os
. 9 import GPUtil as GPU
Train the model 10 GPUs = GPU.getGPUs()
11 gpu = GPUs[0]
12 def printm():

Compile the model

Evaluate accuracy

13 process = psutil.Process(os.getpid())

14 print("Gen RAM Free: " + humanize.naturalsize( psutil.virtual memory().available ), " | Pro
Make predictions 15 print("GPU RAM Free: {0:.0f}MB | Used: {1:.0f}MB | Util {2:3.0£f}% | Total {3:.0f}MB".format

16 printm()

SECTION

https://colab.research.google.com/qgithub/tensorflow/docs/blob/master/site/en/tutorials/keras/basic classification.ipynb 225
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Text Classification
IMDB Movie Reviews
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& tf02_basic-text-classification.ipynb 5
Bl COMMENT 2% SHARE o

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL CONNECT ~ 2 EDITING A

Table of contents Code snippets Files X

) Copyright 2018 The TensorFlow Authors.
Copyright 2018 The TensorFlow Authors. .
5 2 cells hidden
Licensed under the Apache License,
Version 2.0 (the "License");

~ Text classification with movie reviews

MIT License

Text classification with movie reviews N O
‘ View on TensorFlow.org Run in Google Colab View source on GitHub

Download the IMDB dataset
This notebook classifies movie reviews as positive or negative using the text of the review. This is an example of binary—or two-class—

Explore the data classification, an important and widely applicable kind of machine learning problem.

We'll use the IMDB dataset that contains the text of 50,000 movie reviews from the Internet Movie Database. These are split into 25,000
reviews for training and 25,000 reviews for testing. The training and testing sets are balanced, meaning they contain an equal number of
positive and negative reviews.

Convert the integers back to
words

Prepare the data This notebook uses tf.keras, a high-level API to build and train models in TensorFlow. For a more advanced text classification tutorial using
tf.keras, see the MLCC Text Classification Guide.

Build the model

# memory footprint support libraries/code :
!ln -sf /opt/bin/nvidia-smi /usr/bin/nvidia-smi

!pip install gputil

!pip install psutil

Hidden units ° ;
<
4
5 l!pip install humanize
6
7
8

Loss function and optimizer

import psutil
import humanize
import os
9 import GPUtil as GPU
Train the model 10 GPUs = GPU.getGPUs()
11 gpu = GPUs[0]
Evaluate the model 12def BEAN) o r et mar

https://colab.research.google.com/qgithub/tensorflow/docs/blob/master/site/en/tutorials/keras/basic text classification.ipynb 226
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Basic Regression
Predict House Prices

https://colab.research.google.com/drive/1v4c8ZHTnRtgd2 25K AURjR6SCVBRAI]

CO & tf03_basic-regression.ipynb B COMMENT &% SHARE 0

File Edit View Insert Runtime Tools Help

CODE TEXT 4 CELL ¥ CELL CONNECT + 2 EDITING A

Table of contents Code snippets Files X

» Copyright 2018 The TensorFlow Authors.

Copyright 2018 The TensorFlow Authors. .
L 2 cells hidden

Predict house prices: regression

The Boston Housing Prices dataset - Predict house prices: regression

Examples and features

* O
Labels b View on TensorFlow.org Run in Google Colab View source on GitHub
Normalize features In a regression problem, we aim to predict the output of a continuous value, like a price or a probability. Contrast this with a classification
problem, where we aim to predict a discrete label (for example, where a picture contains an apple or an orange).
Create the model This notebook builds a model to predict the median price of homes in a Boston suburb during the mid-1970s. To do this, we'll provide the

. model with some data points about the suburb, such as the crime rate and the local property tax rate.
Train the model
This example uses the tf.keras AP, see this guide for details.

Predict

1 # memory footprint support libraries/code
2 1ln -sf /opt/bin/nvidia-smi /usr/bin/nvidia-smi
3 lpip install gputil
4 lpip install psutil

SECTION 5 !pip install humanize
6
7
8

Conclusion

import psutil
import humanize
import os
9 import GPUtil as GPU
10 GPUs = GPU.getGPUs()
11 gpu = GPUs[0]
12 def printm():

13 process = psutil.Process(os.getpid())
14 print("Gen RAM Free: " + humanize.naturalsize( psutil.virtual memory().available ), " | Proc size: "
15 print("GPU RAM Free: {0:.0f}MB | Used: {1:.0f}MB | Util {2:3.0£f}% | Total {3:.0f}MB".format(gpu.memo

https://colab.research.google.com/github/tensorflow/docs/blob/master/site/en/tutorials/keras/basic_regression.ipynb 227
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Al+VDI POC

ISAC+TKU Test
* Al+VDI POC Folder (3+1 ipynb) (v3.0.20181120)

— https://drive.google.com/open?id=1gHOemktbEmUz-ot8eFxIKbGwlvXIrjtc

* run3models.ipynb

— https://colab.research.google.com/drive/1HQ1GrlgQUUPCct7 AVgoMwMrhOUgMmOf
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