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Chapter 1: Data Science - A Birds' Eye View
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Chapter 2: Data Modeling in Action - The
Titanic Example
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Passengerld Survived Pclass Name Sex Age SibSp Parch Ticket Fare Cabin Embarked
500 501 0 3 Calic. Mr. Petar  male 17.0 0 0 315086 8.6625 NaN s
501 502 0 3 Canavan, Miss. Mary female 21.0 o 0 364846 77500 NaN Q
502 503 0 3 O'Sullivan, Miss. Bridget Mary female NaN o] 0 330809 76292  NaN Q
502 504 0 3 Laitinen, Miss. Kristina Sofia female 37.0 0 0 4135 95875 NaN S
504 505 1 1 Maioni, Miss. Roberta female 16.0 0 0 110152  &6.5000 B79 8
505 506 0 1 Penasco y Castellana, Mr. Victor de Satode  male 18.0 1 0 PC17758 1089000 CB5 c
506 507 1 2 Quick, Mrs. Frederick Charles (Jane Richards) female 33.0 0 2 26360 26.0000 NaN 5
507 508 1 1 Bradley, Mr. George ("George Arthur Brayton”) male NaMN ] 0 111427 265500 NaN s
508 509 0 3 Qlsen, Mr. Henry Margide  male 28.0 0 0 C4001 225250 NaN 5
509 510 1 3 Lang.Mr.Fang male 26.0 0 0 1601 564858 NaN s
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Gender analysis of survivals (raw value counts)

mmm Male
- Female

Gender analysis of survivals

mmm Male
. Female

Logit Regression Results
Dep. Variable: Survived No. Observations: 712
Model: Logit Df Residuals: 704
Method: MLE Df Model: 7
Date: Sun, 20 Dec2015 Pseudo R-squ.: 03414
Time: 112733 Log-Likelihood: -316.40
converged: True LL-Mull: -480.45
LLR p-value: 5.992e-67
coef stderr z P>[z] [95.0% Conf.Int]
Intercept 4.5423 0474 9583 0.000 36135471
C(Pclass)[T.2] -1.2673 0299 -4245 0.000 -1.852 -0.682
C(Pclass)[T.3] -2.4966 0296 -8422 0.000 -3.076-1.916
C(Sex)[Tmale] -2.6233 0218 -12.060 0.000 -3.050-2197
C(Embarked)[T.Q] -0.8351 0597 -1.398 0.162 -2.006 0.335
C(Embarked)[T.5] -0.4254 0271 -1572 0.116 -0.956 0.105
Age -0.0436 0008 -5264 0.000 -0.060 -0.027
SbSp -0.3697 0123 -3.004 0.003 -0611-0.129
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Chapter 3: Feature Engineering and Model
Complexity — The Titanic Example Revisited
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Chapter 4: Get Up and Running with
TensorFlow

ahmed@ahmed-Inspiron-7559:~% lspci | grep -i nvidia
02:00.0 3D controller: Corporation GM187M [GeForce GTX 960M] (rev a
ahmed@ahmed-Inspiron-7559:~$% I

ahmed@ahmed-Inspiron-7559: C /procfdriver/nvidia/version

at
64 Kernel Module 375.26 Thu Dec 8 18:36:43 PST

S
NVRM version: NVIDIA UNIX x86_
2016
GCC version: gcc version 5.4.0 20160609 (Ubuntu 5.4.0-6ubuntul~16.084.4)
ahmed@ahmed-Inspiron-7559:~5 ||

lect Target Platf

Click on the green buttons that describe your target platform. Only supported platforms will be shawn.

Operating System m
Architecture @
Version m

Download Installers for Linux Ubuntu 16.04 x86_64

The base installer is available for download below.

There is 1 patch available. This patch requires the base installer to be installed first.

» Base Installer Download (1.9 GB] &

Installation Instructions:

1. "sudo dpkg -i cuda-repo-ubuntu1604-8-0-local-ga2_8.0.61-
1_amdé4.deb’

2. "sudo apt-get update’

3. "sudo apt-get install cuda’
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ahmed@ahmed-Inspiron-7559:~5% nvcc -V

nvcc: NVIDIA (R) Cuda compiler driver
Copyright (c) 2005-2016 NVIDIA Corporation
Built on Tue Jan 10 13:22:03 CST 2017

Cuda compilation tools, release 8.0, V8.0.61
ahmed@ahmed-Inspiron-7559:~$ ||

ahmed@ahmed-Inspiron-7559:~$ python3

Python 3.6.0 |Anaconda 4.3.0 (64-bit)| (default, Dec 23 2016, 12:22:00)

[GCC 4.4.7 20120313 (Red Hat 4.4.7-1)] on linux

Type "help", "copyright", "credits" or "license" for more information.

>>> import tensorflow as tf
tensorflow/stream_executor/dso_loader.cc:128] successfully opened CUDA library libcublas.so locally
tensorflow/stream_executor/dso_loader.cc:128] successfully opened CUDA library libcudnn.so locally
tensorflow/stream_executor/dso_loader.cc:128] successfully opened CUDA library libcufft.so locally
tensorflow/stream executor/dso loader.cc:128] successfully opened CUDA library libcuda.so.1 locally
tensorflow/stream_executor/dso_loader.cc:128] successfully opened CUDA library libcurand.so locally

= tf.constant(5)

= tf.constant(g)

ss = tf.Session()

orflow/stream_executor/cuda/cuda_gpu_executor.cc:937] successful NUMA node read from SysFS had

negative value (-1), but there must be at least one NUMA node, so returning NUMA node zero

I tensorflow/core/common_ runtime/gpu/gpu device.cc:885] Found device ® with properties:

name: GeForce GTX 960M

major: 5 minor: @ memoryClockRate (GHz) 1.176

pciBusID 0000:02:00.0

Total memory: 3.95GiB

Free memory: 3.43G1iB

I tensorflow/core/common_runtime/gpu/gpu_device.cc:906] DMA: @

I tensorflow/core/common_runtime/gpu/gpu_device.cc:916] @: Y

I tensorflow/core/common runtime/gpu/gpu device.cc:975] Creating TensorFlow device (/gpu:®) -> (devic

a

b

se
S
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ahmed@ahmed-Inspiron-7559:~$ python3
Python 3.6.0 |Anaconda 4.3.0 (64-bit)| (default, Dec 23 2016, 12:22:08)
[GCC 4.4.7 20120313 (Red Hat 4.4.7-1)] on linux
Type "help", "copyright", "credits" or "license" for more information.
>>> import tensorflow as tf

a = tf.constant(s)

b tf.constant(6)

5

»>>> sess = tf.Session()
2017-09-11 15:39:50.792072: W tensorflow/core/platform/cpu_feature_guard.cc:45] The TensorFlow librar
y wasn't compiled to use SSE4.1 instructions, but these are available on your machine and could speed
up CPU computations.
2017-09-11 15:39:50.792125: W tensorflow/core/platform/cpu feature guard.cc:45] The TensorFlow librar
y wasn't compiled to use SSE4.2 instructions, but these are available on your machine and could speed
up CPU computations.
2817-89-11 15:39:50.792143: W tensorflow/core/platform/cpu_feature_guard.cc:45] The TensorFlow librar
y wasn't compiled to use AVX instructions, but these are available on your machine and could speed up
CPU computations.
2017-09-11 15:39:50.792158: W tensorflow/core/platform/cpu_feature_guard.cc:45] The TensorFlow librar
y wasn't compiled to use AVX2 instructions, but these are available on your machine and could speed u
p CPU computations.
2017-09-11 15:39:50.792177: W tensorflow/core/platform/cpu_feature_guard.cc:45] The TensorFlow librar
y wasn't compiled to use FMA instructions, but these are available on your machine and could speed up
CPU computations.

sess.run(a+b)

Programs (2)
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EX cmd.exe
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Microsoft O |

‘?_,‘ Run as administrator
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= !
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O e . .
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e
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e Copy
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ahmed@ahmed-Inspiron-7559:~5 python3
Python 3.6.8 |Anaconda 4.3.0 (64-bit)| (default, Dec 23 2016, 12:22:00)
[GCC 4.4.7 20120313 (Red Hat 4.4.7-1)] on linux
Type "help", "copyright", "credits" or "license" for more information.
>>> # import TensorFlow package
.. import tensorflow as tf
>> build a TensorFlow variable b taking in initial zeros of size 100
e ( a vector of 100 values)
= tf.Variable(tf.zeros((100,)))
TensorFlow variable uniformly distributed values between -1 and 1
of shape 784 by 100
= tf.variable(tf.random_uniform((784, 100),-1,1))
TensorFlow placeholder for our input data that doesn't take 1in
any initial values, it just takes a data type 32 bit floats as
well as its shape
= tf.placeholder(tf.float32, (100, 784))
express h as Tensorflow RelLU of the TensorFlow matrix
#Multiplication of x and W and we add b
h = tf.nn.relu(tf.matmul(x,W) + b )
print(W)
.Variable 'Variable 1:0' shape=(784, 100) dtype=float32 ref>
print(b)
.Variable 'Variable:®' shape=(180,) dtype=float32_ ref>

[ Y
-V e

TtV
-V

>
>
>

v
Y]

# importing the numpy package for generating random variables for
. # our placeholder x
import numpy as np
# build a TensorFlow session object which takes a default execution
. # environment which will be most likely a CPU
sess = tf.Session()
# calling the run function of the sess object to initialize all the
. # variables.
sess.run(tf.global_wvariables_initializer())
# calling the run function on the node that we are interested 1in,
. # the h, and we feed in our second argument which is a dictionary
. # for our placeholder x with the values that we are interested 1in.
sess.run(h, {x: np.random.random( (100, ?84))})
array([[ 4.95583916, ©0.13156724, 0. 5
0.

]
[ 0. , 0.
0. ]J
[ 0. »
0. 1
[ 2.81067681, B8.28696823,
©.55022001, ©O. ]
[ e. 6.67730427,
4, 28411198 3. 10559845],
[ 1.92718267, ©. , 0. e,
0. , o. 11, dtype= float32)

0.

]
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Chapter 5: TensorFlow in Action - Some
Basic Examples
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Chapter 6: Deep Feed-forward Neural
Networks - Implementing Digit Classification

4

output

output layer

Mdd en layers
—_—
\\

input layer

[28]



mnist.train.xs

2l

784]

55000

mnist.train.ys

55000

[29]




Y1 Wiiz1s + Wigsxe + Wisxs + by
Y2 | = softmax |Wa 121 + Waoxa + Wasxs + b

Y3 Wai21 + Waawe + Wazxs + b3
Y1 Wii Wia Wis| |21 by
Y2 | = softmax | |Wa1 Waao Was|-|Za| + by
Ys Ws1 Wsa Wisz| |23 bs
Label 0 1 2 3 4 5 6 7
Array [[ O, 0, 0, 0, 0, 0, 0, 1,
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Chapter 8: Object Detection — CIFAR-10
Example
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Chapter 9: Object Detection — Transfer
Learning with CNNs
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Chapter 10: Recurrent-Type Neural Networks
- Language Modeling
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target chars: “¢” Slg “| “gn

1.0 05 0.1 0.2
2.2 03 0.5 -1.5
output layer 30 1.0 1.9 -0.1
4.1 12 -1.1 2.2
[ S A
0.3 1.0 0.1 |w hn|-0-3
hidden layer | -0.1 0.3 -05 —— 0L8)
0.9 0.1 -0.3 0.7
T T T TW_xh
1 0 0 0
; 0 1 0 0
input layer 0 0 1 1
0 0 0 0

m..

input chars:  “h”

4] “»

Starting sequence:
[1234567 89 10 11 12]

Batch size = 2
[1 23 4506]
[7 8 9 10 11 12]

Sequence length = 3

[1 2345 6]
5 [7 8 9|10 11 12]
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Chapter 11: Representation Learning -
Implementing Word Embeddings

baseball
»®

My friends told me that they

The relatives

taking long walks on the beach.
popcorn.

the baby’s cute face.
his sense of humor.

English Wikipedia Corpus

The Annuzl Reminder continued through July 4, 1959, This fins!
Annual Reminder ook place less than 2 week after the June

28 Stonewall ricts, in which the patrons of the Stonewall Inn, = gay
bar in Graenwich Village, fought sgsinst police who raided the

bar. Rodwell received several telephone calls threstening him and
the other New York participants, but he was sble to srrange for
palice protection for the chartered bus 21l the way to Philadelphia.
About 45 people participated, including the deputy mayer of
Philzdelphia and his wife. The drass code was stillin effect st the
Reminder, but two women from the New York contingent broke
fram the single-file picket line and held hands. When Ksmeny tried
0 brezk them apars, Redwell furiously denounced him to onlocking
members of the press.

Following the 1968 Annuel Reminder, there was = sense, particularly
amene the youngsr znd more radical participants, that the time for
silent pickating had passed. Dissent and dissatisfaction had bagun to
take new and mere emphatic forms in society. “The confersnce
passed 3 resolution drafted by Rodwell, his partner Fred Sargeant,
Broidy and Linds Rhodes to mave the demanstratian from July 4 in
Philzdelphia to the last weekend in June in New York City, as well a5
propasing to "other organizations throughout the country...
suggesting that they hold parallel demonstratiens on that day” to
commemarate the Stonewall rict. ...

Embedding Matrix

D-dimensional vector

aardvark
apple

) E

Word2Vec

700 (0000000000000 0
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Tokenize

heart : 958

958

100s hidden units

embedding dimension
e

10,000s
words

Lookup Table

A ‘1" in the position

corresponding to the —

word “ants”

Hidden Layer

Output Layer
Softmax Classifier

Probability that the word at a

Linear Neurons —— randomly chosen, nearby

Input Vector

o] .
0
o)
0
o]
o | >
F
10
0]
' A
10,000
positions

300 neurons

position is “abandon”

——= .. “ability”

—— .. "able”

—— . “zone"

10,000
heurons

[561]



301

201

10 1

=101

-20 4

januar, ‘e\igiWian ¢ s
gistory Mr It
ulture

f)fterl‘@.!fersmcial ﬁit ‘enturyégry
dist Jnks gel ghort
Uil dast gh . entral
ce gimes Giside s
@rticle @ody ﬂ%ﬁit‘c‘” evestern
dorm éorms &very . rocess gvest gouth
edeBesednijlion e 6gh&w P ]

&puncil

gelevision orth
@9ain &c g

. arth
gurther ng]thxer ‘ive data ‘ocalc gmage gmerica

ork

o @nigontrol Ole“awd‘?am%ular e S ix mgryhder
ew ) ﬁeverg j #al ‘argest‘ourt diver N
@ énain @ g ough eccoghound &ight &N @ovighinion

$egan pul
e e W et
d@@‘%rsangﬁ o vingged®iF? evorld, B

ged he’ gollowing EVLEGah ie @vater gow ‘ﬁattle

&chool ) & @od da enen
X r gneans
- ""“"w‘é%?%a:r::::e“ it g T e
‘gW’é'W &ide " j't rgﬁ% ‘lsuigw ‘hen gorthern ‘ﬁﬁtﬁfom‘
;nd reged cluded‘o@mtant ‘V ‘evelo nited . N
aﬂement ‘ertalwna Opost  gs 90Wﬁut o ﬁdak [ ‘hé}ﬁﬁfélgrfeﬁh‘}?'éfer
oY j

T engor® H‘J’H'd dmve re‘érlLCIe%Panese overnment

glevel % \ffe.t_;gt pace‘vou W ¢ @metican 0‘1
b7 one gamed Poher  gelgnds

gesearch ere @nany ctor
hile  gther 310 @ou yvords maff &nﬂ#s'dent

éystems ¢l cargo ,ﬂﬂmwacaﬂﬂd gﬂaﬂooﬁzhat‘ Same ;nﬁll::rr'lnd
elo deague 6P
“E:?t‘f/ be ﬁi‘iodem tﬂass Mﬁtggr ﬁgﬁé‘ble aicd® o dames ‘M‘mm
gharacter & gxawng dike, gleat erson ‘i\ed MQWV’@ elay
dlack ue feen @éupport d till rﬁetmrféld @layed
C ésed  gid

Jeﬂlhlte suficrs ﬂene?h”t gommemon goday
ivallab\e o ognoeye ss
éltnter ;cuntrleﬁsﬁrhe

gystem

‘H]EFEn damily gouse @ame

& éjgimegion
@ ‘Oﬂ:ﬁfﬁ@ﬁﬁ& ghange
&econ‘gme%'gn ¢

¢
reat art:
‘?ﬁﬁt ¢ s & @ight ey

‘l:je "uibe“r%gﬁ ﬁther ‘l dptind gocial
. . dorce ért golitical
giBeiooram gociety ilitar
M s gp&rcgs
@oainst
@ublished ﬂiﬁEe ‘i'?e
Rk ﬁﬁ%vare

@
gumber "ﬁ ‘l
ol
&
[

gam: n evh
d"heriws, (g wﬁﬁ%ﬂy"g%‘ hyenr © &«m z?fgrmaéloﬂd guropean
mtgr é° S 69“0”@“ JEWW“’ atioqperio danguagenguage

=30 =20 =10 0 10 20

30

[571




Chapter 12: Neural Sentiment Analysis

Raw Text

* "This is not a good movie!"

Tokenizer

Converts text to integer-tokens

[11, 6, 21, 3, 49, 17]

Embedding

Converts integer-tokens
to real-valued vectors.

[[0.67, 0.36, ..., 0.39],
[0.76, 0.61, ..., 0.70], ...]

Y

Y
Recurrent Neural Network

Process sequences of arbitrary length

Y
Sigmoid

Dense output layer to predict class

0.0 (Negative) 1.0 (Positive)

¥

Gate |—»| New State

{ [o1d state
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Chapter 13: Autoencoders - Feature
Extraction and Denoising

Encoder *E Decoder

Input Code Output
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Chapter 14: Generative Adversarial
Networks

Training set tl/ / Discriminator
—L N\ Real
{ j @ — 4{ Fake

Fake image

Sample data

Discriminator

Latent sample

Generator
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Chapter 15: Face Generation and Handling

Missing Labels
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