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Keras: The Python Deep Learning library

. Keras

You have just found Keras.
Keras is a high-level neural networks API, written in Python and capable of running on top of TensorFlow, CNTK, or
Theano. It was developed 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.
Use Keras if you need a deep learning library that:

* Allows for easy and fast prototyping (through user friendliness, modularity, and extensibility).

e Supports both convolutional networks and recurrent networks, as well as combinations of the two.

e Runs seamlessly on CPU and GPU.

Read the documentation at Keras.io.

Keras is compatible with: Python 2.7-3.6.




TensorFlow ™ Q  Cerca SIRLE

An open source machine learning
framework for everyone

GET STARTED

Get started with TensorFlow TensorFlow 1.10 is here! Announcing TensorFlow.js
There are new tutorials to get started with TensorFlow 1.10 is available, see the Learn about our JavaScript library for
Tensorflow using tf keras and eager release notes for the latest updates. machine learning in the browser.
execution. Run the Colab notebooks directly

in the browser.
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Theano is a Python library that allows you to define, optimize, and evaluate mathematical
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expressions involving multi-dimensional arrays efficiently. Theano features:

tight integration with NumPy - Use numpy.ndarray in Theano-compiled functions.
« transparent use of a GPU - Perform data-intensive computations much faster thanon a CPU.

efficient symbolic differentiation - Theano does your derivatives for functions with one or many
inputs.

speed and stability optimizations - Get the right answer for 1og(1+x) evenwhen x isreally
tiny.

dynamic C code generation - Evaluate expressions faster.

extensive unit-testing and self-verification - Detect and diagnose many types of errors.

Theano has been powering large-scale computationally intensive scientific investigations since
2007. But it is also approachable enough to be used in the classroom (University of Montreal's deep
learning/machine learning classes).

News

2017/11/15: Release of Theano 1.0.0. Everybody is encouraged to update.
2017/10/30: Release of Theano 1.0.0rc1, new features and many bugfixes, final release to
coming.

2017/10/16: Release of Theano 0.10.0beta4, new features and many bugfixes, release candidate
to coming.
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The Microsoft Cognitive
Toolkit

A free, easy-to-use, open-source, commercial-grade toolkit that
trains deep learning algorithms to learn like the human brain.

GET STARTED >

Unlock deeper learning with the new Microsoft Cognitive Tool... 4
Unlock deeper learning with the
new Microsoft Cognitive Toolkit

The Microsoft Cognitive Toolkit—previously known as CNTK—empowers
you to harness the intelligence within massive datasets through deep
learning by providing uncompromised scaling, speed, and accuracy with
commercial-grade quality and compatibility with the programming
languages and algorithms you already use. Hear about the team that
developed the Cogpnitive Toolkit, or read more below.
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Layer (type) output Shape Param #

dense_1 (Dense) (None, 32) 3232

dense_2 (Dense) (None, 1) 33

Total params: 3,265
Trainable params: 3,265
Non-trainable params: 0O




Layer (type) output Shape Param #

input_1l (InputLayer) (None, 100) O

dense_1 (Dense) (None, 10) 1010

dense_2 (Dense) (None, 20) 220

dense_3 (Dense) (None, 1) 21

Total params: 1,251
Trainable params: 1,251
Non-trainable params: 0
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crim n indus chas nox rm age dis rad tax ptratio black 1lstat medv

] ©.60632 18.0 2.31 e ©.538 6.575 65.2 4.090 1 296.0 15.3 3%6.906 4.98 24.8
1 ©.82731 0.6 7.97 6 ©.469 6.421 78.9 4.9671 2 242.6 17.8 3%6.906 9.14 21.6
2 9.02729 9.0 7.97 e ©0.469 7.185 61.1 4.9671 2 242.6 17.8 392.83 4.93 34.7
3 9.e3237 2.e 2.18 e ©0.458 6.998 45.8 6.0622 3 222.0 18.7 384.63 2.94 33.4
4 ©.66905 9.8 2.18 e ©.458 7.147 54.2 6.8622 3 222.0 18.7 3%6.90 5.33 36.2
5 ©.02985 9.0 2.18 © ©.458 6.430 58.7 6.0622 3 222.0 18.7 394.12 5.21 28.7
6 ©.e8829 12.5 7.87 e 0.524 e6.e12 66.6 5.5605 5 311.e 15.2 385.ee 12.43 22.9
7 ©.14455 12.5 7.87 e ©.524 6.172 96.1 5.9565 5 311.8 15.2 3%6.%6 19.15 27.1
8 ©.21124 12.5 7.87 6 ©.524 5.631 100.6 6.8821 5 311.e 15.2 386.63 29.93 16.5
9 ©.17ee4 12.5 7.87 e 0.524 6.004 85.9 6.5921 5 311.e 15.2 386.71 17.1@ 18.9
10 ©.22489 12.5 7.87 e 0.524 6.377 94.3 6.3467 5 311.e 15.2 392.52 20.45 15.e
11 ©.11747 12.5 7.87 e ©.524 6.ee9 82.9 6.2267 5 311.8 15.2 3%6.90 13.27 18.9
12 ©.e9378 12.5 7.87 © ©.524 5.889 39.0 5.4509 5 311.0 15.2 399.56 15.71 21.7
13 ©.62976 e.e 8.14 e ©.538 5.949 61.8 4.7075 4 307.0 21.@ 3%6.90@ 8.26 20.4
14 ©.63796 2.e 8.14 e ©.538 6.6% 84.5 4.4619 4 307.9 21.0 380.02 10.26 18.2
15 ©.62739 9.6 8.14 © ©.538 5.834 56.5 4.4986 4 307.0 21.8 385.62 8.47 19.9
16 1.85393 9.6 38.14 @ ©.538 5.935 29.3 4.4986 4 307.9 21.9 386.85 6.58 23.1
17 ©.78420 9.e 8.14 e ©.538 5.99% 81.7 4.2579 4 307.9 21.@ 386.75 14.67 17.5
18 ©.88271 9.0 8.14 e ©.538 5.456 36.6 3.7965 4 307.0 21.6 288.99 11.69 20.2
19 ©.72580 ©.0 8.14 © ©.538 5.727 69.5 3.7965 4 307.9 21.9 399.95 11.28 18.2
count mean std min 25% 5% 75% max

crim 506.0 3.613524 8.601545 8.60632 ©.0882045 ©.25651 3.677682 88.9762
zn 506.8 11.363636  23.322453 ©.60000 ©.000000 ©.00800 12.500000 100.0080
indus 506.8 11.13677S 6.868353 ©.46000 5.196600 S.69600 18.100000  27.7480
chas 566.8 8.069170 9.253994 ©.60000 ©.0600000 ©.00000 ©.600000 1.e000
nox 566.0 ©.554695 ©.115878 ©.38560 0.449000 ©.53800 ©.624000 0.8710
rm 566.0 6.284634 0.762617 3.56100 5.885500 6.20850 6.623500 8.7860
age 506.8 68.574901  28.148861 2.90000 45.025000 77.50000 94.6756000 100.0000
dis 586.0 3.795e43 2.1657180 1.12960 2.10e175 3.20745 5.188425 12.1265
rad 586.0 9.549407 8.7067259 1.00000 4 .0000800 5.00008 24.000080 24.8000
tax 586.8 4©8.237154 168.537116 187.00000 279.000000 330.00000 666.000000 711.0000
ptratio 506.89 18.455534 2.164946 12.60000 17.400800 19.95000 20.200000 22.08000
black 506.0 356.674832 91.294864 ©.32000 375.377500 391.44868 396.2250008 396.9000
1stat 506.8  12.653063 7.141062 1.73000 6.950000 11.36068  16.955000 37.9760
medv 506.8  22.532806 9.1971e4 5.60060 17.025000 21.20000 25.000000 50.0000
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crim 1.
zZn -0
indus 0.
chas -9
nox 9.
rm -8
age Q.
dis -0
rad a.
tax 0.
ptratio ©.
black -9.
1stat a.
medv -9.
crim -9.
zZn 9.
indus -9.
chas -9.
nox -9.
rm 9.
age -0.
dis 1.
rad -9.
tax -9.
ptratio -@.
black 9.
1stat -9.

medv a.

crim
000000

.200469

406583

.955892

420972

.219247

352734

.379670

625505
582764
289946
3856064
455621
388365

dis
3796706
664408
708027
899176
769230
285246
747881
800068
494588
534432
232471
291512
496996
249929

Zn
-0.200469
1.000000
-9.533828
-0.042697
-0.516604
6.311991
-9.569537
0.664408
-9.311948
-9.314563
-0.391679
©.175520
-9.412995
0.360445

rad
©.625585
-9.311948
©.595129
-9.0087368
9.611441
-9.289847
9.456822
-8.494588
1.0060000
9.918228
9.464741
-9.444413
9.488676
-9.381626

indus
©.406583
-8.533828
1.0800060
9.862938
8.763651
-8.391676
9.644779
-8.76e8027
9.595129
9.720760
9.383248
-8.356977
©.603800
-8.483725

tax
©.582764
-9.314563
9.720760
-9.0835587
0.668023
-9.292848
8.506456
-9.534432
8.910228
1.000000
9.460853
-9.441808
9.543993
-9.468536

chas
-9.655892
-8.842697
9.862938
1.000000
9.891263
8.e91251
©.886518
-8.6899176
-8.087368
-9.835587
-8.121515
©.848788
-8.853929
9.175260

ptratio
©.289946
-9.391679
©.383248
-9.121515
©.188933
-9.355501
9.261515
-90.232471
0.464741
©.460853
1.000600
-9.177383
©.374044
-0.587787

nox
©.420972
-0.516604
©.763651
©.091203
1.000000
-6.302188
©.73147@
-8.769230
©.611441
©.668023
©.188933
-9.380051
©.590879
-0.427321

black
-0.385064
8.175520
-9.356977
9.848788
-9.380051
9.128869
-9.273534
©.291512
-9.444413
-0.441808
-9.177383
1.000000
-9.366087
9.333461

rm
-9.219247
0.311991
-9.391676
©.091251
-9.302188
1.600000
-0.240265
0.205246
-0.209847
-9.292048
-9.355501
©.128069
-9.613808
©.695360

1stat
©.455621
-8.412995
©.603800
-8.853929
©.598879
-8.613888
9.6062339
-8.496896
9.488676
©.543993
9.374844
-0.366087
1.000000
-8.737663

age
9.352734
-9.569537
0.644779
©.086518
©.73147@
-0.2408265
1.000000
-0.747881
©.456022
9.566456
0.261515
-9.273534
©.602339
-9.376955

medv
-8.388365
9.3608445
-0.483725
9.175260
-9.427321
9.695360
-8.376955
@.24992%8
-8.381626
-8.468536
-8.587787
9.333461
-8.737663
1.000060
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Predicted values

Keras Neural Network Model

SKLearn Linear Regression Model
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Chapter 3: Heart Disease Classification with

Neural Networks

A

Parametric
- Naive Bayes

- Mixture Gaussian

- Linear Oiscriminant
Analysis

Nonparametric

- NearestNeighbors
- NeuralNetwork

- SupportVVectar
Machine
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age
count 302.000000 302
mean 54.410596 @
std 9.040163 2]
min 29.000000 (%]
25% 48.000000 7]
50% 55.500000 1
75% 61.000000 1
max 77 .000000 1
restecg
count 302.000000 302
mean ©.986755 149.
std 0.994916 22
min ©.000000 71
25% ©.000000 133.
50% ©.500000 153
75% 2.000000 166
max 2.000000 202.
HeartDisease
count 302.000000
mean 0.460265
std ©.499246
min ©.000000
25% ©.000000
50% ©.000000
75% 1.000000
max 1.000000

sex
. 000000
.678808
.467709
.000000
. 000000
.000000
.000000e
. 000000

thalach
. 000000
605960
.912959
. 000000
250000
. 000000
. 000000
P00

cp
302.000000
3.165563
©.953612
1.000000
3.000000
3.000000
4,000000
4.000000

exang
302.000000
©.327815
0.4701%6
©.000000
©.000000
©.000000
1.000000
1.000000

trestbps
302.000000
131.645695
17.612202
94.000000
120.000000
130.000000
140 .000000
200.000000

oldpeak
302.000000
.035430
.160723
.00
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. 800000
.600000
. 200000
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738411
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(2]%]%15]%1%]
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000000
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000000
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. 000000
. 000000
. 000000
. 000000
. 000000
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.145695
.353386
.000000
. 000000
.000000
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age sex cp trestbps chol fbs \
count 302.000000 302.000000 302.000000 302.000000 302.000000 302.000000
mean 54.4106596 0.678808 3.165563 131.645695 246.738411 9.145695
std 9.040163 0.467709 0.953612 17.612282 51.856829 ©.353386
min 29.0600600 0.000000 1.000000 94.000000 126.000000 ©.000000
25% 48.000000 ©.000000 3.000000 120.000000 211.000000 ©.000000
50% 55.500000 1.000000 3.000000 130.000000 241.500000 ©.000000
75% 61.000000 1.000000 4.000000 140.000000 275.000000 ©.000000
max 77 .000000 1.000000 4.000000 200.000000 564.000000 1.000000
restecg thalach exang oldpeak slope ca \
count 302.000000 302.000000 302.000000 302.000000 302.000000 298.000000
mean 0.986755 149.605960 ©.327815 1.035430 1.596026 0.674497
std 8.994916  22.912959 0.470196 1.1608723 ©.611939 ©.938202
min ©.000000 71.000000 ©.000000 ©.000000 1.000000 ©.000000
25% ©.000000 133.250000 ©.000000 ©.000000 1.000000 ©.000000
50% ©.500000 153.000000 ©.000000 ©.800000 2.000000 ©.000000
75% 2.000000 166.000000 1.000000 1.600000 2.000000 1.000000
max 2.000000 202.000000 1.000000 6.200000 3.000000 3.000000
hal HeartDisease
count 300.000000 302.000000
mean 4.730000 9.460265
std 1.941563 9.499246
min 3.000000 ©.000000
25% 3.000000 ©.000000
50% 3.000000 ©.000000
75% 7 .000000 1.000000
max 7 .000000 1.000000
count mean std min 25% 50% 75% max
age 296.0 -2.550512e-16 1.001693 -2.823438 -0.720814 0.164501 0.717823 2.488454
sex 296.0 6.001206e-18 1.001693 -1.443376 -1.443376 ©0.692820 0.692820 ©.692820
cp 296.0 1.860374e-16 1.001693 -2.263690 -0.173043 -0.173043 0.872280 0.872280
trestbps 296.0 1.920386e-16 1.001693 -2.121540 -0.656413 -0.092903 0.470607 3.851669
chol 296.0 6.601326e-17 1.001693 -2.334999 -0.700097 -0.084604 ©0.554931 6.089557
fbs 296.0 2.700542e-17 1.001693 -0.406638 -0.406638 -0.406638 -0.406638 2.459191
restecg 296.0 -4.800964e-17 1.001693 -1.000046 -1.000046 ©0.006803 1.013652 1.013652
thalach 296.0 2.160434e-16 1.001693 -3.426010 -0.723490 0.148291 ©0.714949 2.284154
exang 296.0 1.342770e-16 1.001693 -0.698167 -0.698167 -0.698167 1.432322 1.432322
oldpeak 296.0 6.001206e-17 1.001693 -0.903324 -0.903324 -0.215962 ©0.471400 4.423733
slope 296.0 -6.901386e-17 1.001693 -0.975788 -0.975788 0.656038 0.656038 2.287865
ca 296.0 1.200241e-17 1.001693 -0.723832 -0.723832 -0.723832 ©0.342110 2.473994
hal 296.0 -1.800362e-16 1.001693 -0.891149 -0.891149 -0.891149 1.173666 1.173666
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age

age 1.000000
sex -0.094802
cp 0.118743
trestbps 0.288805
chol 0.203846
fbs 0.125821
restecg 0.147193
thalach -0.395204
exang 0.098919
oldpeak 0.194405
slope 0.153807
ca 0.365356
hal 0.124787
restecg

age 0.147193
sex 0.031618
cp 0.072291
trestbps 0.147075
chol 0.166298
fbs 0.061255
restecg 1.000000
thalach -0.072474
exang 0.084466
oldpeak 0.110482
slope 0.128753
ca 0.131828
hal 0.016598

sex
-0.094802
1.000000
0.014272
-0.068212
-0.197629
0.033539
0.031618
0.060586
0.145444
0.104357
0.028328
0.093769
0.382707

thalach
-0.395204
-0.060586
-0.342089
-0.049199
-0.000058
-0.008067
-0.072474
1.000000
-0.384642
-0.348376
-0.392858
-0.268921
-0.275070
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C
.118743
.014272
.000000
.031599
.070606
.040004
.072291
.342089
.375759
.213564
.171151
.232361
.276014

p

exang

.098919
.145444
.375759
.068578
.058744
.004878
.084466
.384642
.000000
.292629
.258355
.146783
.328979

[slelslelelelelele]

[slele]l Jelelslelelelsls]le]

t

restbps

0.288805
-0.068212
-0.031599

.000000
.132380
.176636
.147075
.049199
.068578
.189078
.116556
.099967
.136750

oldpeak
.194405
.104357
.213564
.189078
.039676
.000472
.110482
.348376
.292629
.000000
.576984
.297897
.343520

COO0CO0OO0OOOHOOOO

OCOHOOOOOOOOOO

chol

.203846
.197629
.070606
.132380
.000000
.015132
.166298
.000058
.058744
.039676
.007164
.115387
.011481

slope

.153807
.028328
.171151
.116556
.007164
.029783
.128753
.392858
.258355
.576984
.000000
.116398
.277282

OCOO0OOO0OOHOOOO0O

OHOOOOO0OO0OOOO000

fbs

.125821
.033539
.040004
.176636
.015132
.000000
.061255
.008067
.004878
.000472
.029783
.159755
.057441

ca

.365356
.093769
.232361
.099967
.115387
.159755
.131828
.268921
.146783
.297897
.116398
.000000
.258398

HOOOOOOOOOOOOo

\

hal

.124787
. 382707
.276014
.136750
.011481
.057441
.016598
.275070
.328979
.343520
.277282
.258398
.000000
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Epoch

207/20

Epoch

207/20
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207/20

Epoch

207 /207 [
Epoch 1000/1000
207 /207 [

990/1000
7 [

991/1000

99%/1000

993/1000

994/1000

995/1000

996/1000
7 [

?97/1000

998/1000
7 [

?99/1000

T T i i S

Os
Os
Os
Os
Os
Os
Os
Os
Os
Os
Os

101lus/step - loss:

2.0041e-04 - acc:

1.0000

106us/step - loss: 1.9977e-04 - acc: 1.0000

97us/step
97us/step
97us/step
87us/step
97us /step

loss:
loss:
loss:
loss:

loss:

1.9886e-04
1.9743e-04
1.9678e-04
1.9598e-04
1.9558e-04

acc:

acc:

acc:

acc:

acc:

1.0000
1.0000
1.0000
1.0000
1.0000

101lus/step - loss: 1.9407e-04 - acc: 1.0000
82us/step - Tloss: 1.9327e-04 - acc: 1.0000
97us/step - Tloss: 1.9223e-04 - acc: 1.0000

87us/step - loss:

1.9132e-04 - acc:

1.0000




Chapter 4: Concrete Quality Prediction
Using Deep Neural Networks
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Layers




Cement BFS FLA Wwater SP CA FA Age CcCs
0 540.0 0.0 0.0 162.0 2.5 1055.0 676.0 28 61.887366
1 332.5 142.5 0.0 228.0 0.0 932.0 594.0 270 40.269535
2 332.5 142.5 0.0 228.0 0.0 932.0 594.0 365 41.052780
3 198.6 132.4 0.0 192.0 0.0 978.4 825.5 360 44.296075
4 266.0 114.0 0.0 228.0 0.0 932.0 670.0 90 47.029847
5 380.0 95.0 0.0 228.0 0.0 932.0 594.0 365 43.698299
6 380.0 95.0 0.0 228.0 0.0 932.0 594.0 28 36.447770
7 266.0 114.0 0.0 228.0 0.0 932.0 670.0 28 45.854291
8 475.0 0.0 0.0 228.0 0.0 932.0 594.0 28 39.289790
9 198.6 132.4 0.0 192.0 0.0 978.4 825.5 90 38.074244
10 198.6 132.4 0.0 192.0 0.0 978.4 825.5 28 28.021684
11 427.5 47.5 0.0 228.0 0.0 932.0 594.0 270 43.012960
12 190.0 190.0 0.0 228.0 0.0 932.0 670.0 90 42.326932
13 304.0 76.0 0.0 228.0 0.0 932.0 670.0 28 47.813782
14 380.0 0.0 0.0 228.0 0.0 932.0 670.0 90 52.908320
15 139.6 209.4 0.0 192.0 0.0 1047.0 806.9 90 39.358048
16 342.0 38.0 0.0 228.0 0.0 932.0 670.0 365 56.141962
17 380.0 95.0 0.0 228.0 0.0 932.0 594.0 90 40.563252
18 475.0 0.0 0.0 228.0 0.0 932.0 594.0 180 42.620648
19 427.5 47.5 0.0 228.0 0.0 932.0 594.0 180 41.836714




count
mean
std
min
25%
50%
75%
max

count
mean
std
min
25%
50%
75%
max

Cement
1029.000000
280.914091
104.245542
102.000000
192.000000
272.800000
350.000000
540.000000

CA
1029.000000
972.853401
77.763459
801.000000
932.000000
968.000000
1029.400000
1145.000000

BFS
1029.000000
73.967298
86.290255
0.000000
0.000000
22.000000
143.000000
359.400000

FA
1029.000000
773.673712
80.156602
594.000000
732.600000
779.700000
824.000000
992.600000

FLA
1029.000000
54.239796
64.005258
0.000000
0.000000
0.000000
118.270000
200.100000

Age
1029.000000
45.679300
63.198226
1.000000
7.000000
28.000000
56.000000
365.000000

water
1029.000000
181.585374
21.357226
121.750000
164.900000
185.000000
192.000000
247.000000

CCs
1029.000000
35.774912
16.656880
2.331808
23.696601
34.397958
45.939786
82.599225

SP
1029.000000
6.206710
5.975279
0.000000
0.000000
6.350000
10.160000
32.200000
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icount

ean
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25%
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Fax

Cement
count 1029.000000

0.408480
0.238004
0.000000
0.205479
0.389954
0.566210
1.000000

CA

1029.000000

0.499574
0.226057
0.000000
0.380814
0.485465
0.663953
1.000000

BFS
1029.000000
0.205808
0.240095
0.000000
0.000000
0.061213
0.397885
1.000000

FA
1029.000000
0.450762
0.201095
0.000000
0.347717
0.465881
0.577020
1.000000

FLA
1029.000000
0.271063
0.319866
0.000000
0.000000
0.000000
0.591054
1.000000

Age
1029.000000
0.122745
0.173621
0.000000
0.016484
0.074176
0.151099
1.000000

water

sP\

1029.000000 1029.000000

0.477728
0.170517
0.000000
0.344511
0.504990
0.560878
1.000000

CCs
1029.000000
0.416646
0.207517
0.000000
0.266170
0.399491
0.543284
1.000000

0.192755
0.185568
0.000000
0.000000
0.197205
0.315528
1.000000




084

T
Cement

T
BFS

FLA E CA FA Age ccs
Epoch 990/1000
720/720 [ ] Os 68us/step loss: 0.0024 - acc: 0.0014
Epoch 991/1000
720/720 [ ] Os 65us/step loss: 0.0025 - acc: 0.0014
Epoch 992/1000
720/720 [ ] Os 69us/step - loss: 0.0024 - acc: 0.0014
Epoch 993/1000
720/720 [ ] Os 69us/step loss: 0.0025 - acc: 0.0014
Epoch 994/1000
720/720 [ 1 Os 68us/step loss: 0.0024 - acc: 0.0014
Epoch 995/1000
720/720 [ ] Os 69us/step loss: 0.0024 - acc: 0.0014
Epoch 996/1000
720/720 [ ] Os 68us/step loss: 0.0025 - acc: 0.0014
Epoch 997/1000
720/720 [ ] Os 67us/step loss: 0.0024 - acc: 0.0014
Epoch 998/1000
720/720 [ ] O0s 7lus/step loss: 0.0025 - acc: 0.0014
Epoch 999/1000
720/720 [ ] Os 68us/step - loss: 0.0025 - acc: 0.0014
Epoch 1000/1000
720/720 [ ] 0s 67us/step loss: 0.0025 - acc: 0.0014




Data with outliers

0.8 -

0.8

Data without outliers

T
- L $
4 - e -

Cement BFS FLA Water SP CA FA Age CCS Cement BFS FLA Water SP CA FA  Age CCS
Epoch 990/1000
647/647 [ 1 Os 70us/step - loss: 0.0022 - acc: 0.0015
Epoch 991/1000
647/647 [ ] Os 70us/step - loss: 0.0022 acc: 0.0015
Epoch 992/1000
647/647 [ ] Os 65us/step - loss: 0.0021 - acc: 0.0015
Epoch 993/1000
647/647 [ ] Os 7lus/step - loss: 0.0021 - acc: 0.0015
Epoch 994/1000
647/647 [ ] Os 66us/step - loss: 0.0022 acc: 0.0015
Epoch 995/1000
647/647 [ 1 Os 65us/step - loss: 0.0022 - acc: 0.0015
Epoch 996/1000
647/647 [ 1 Os 68us/step - loss: 0.0023 acc: 0.0015
Epoch 997/1000
647/647 [ ] Os 65us/step - loss: 0.0023 acc: 0.0015
Epoch 998/1000
647/647 [ 1 Os 7lus/step - loss: 0.0022 - acc: 0.0015
Epoch 999/1000
647/647 [ 1 Os 65us/step - loss: 0.0021 - acc: 0.0015
Epoch 1000/1000
647/647 [ ] Os 63us/step - loss: 0.0022 acc: 0.0015
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Chapter 5: Fashion Article Recognition
Using Convolutional Neural Networks
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(Object: Pullover)







s ¥ [ &

o | i i
wm - @& U I
T k= o -

Tohit ArkieBoot Sondal Sona Sheater
4 | I

o

Layer (type) output Shape Param #
conv2d_20 (Conv2D) (None, 1, 28, 32) 3616
activation_6 (Activation) (None, 1, 28, 32) 0
max_pooling2d_14 (MaxPooling (None, 1, 14, 32) 0
conv2d_21 (Conv2D) (None, 1, 14, 64) 8256
activation_7 (Activation) (None, 1, 14, 64) 0
max_pooling2d_15 (MaxPooling (None, 1, 7, 64) 0
flatten_7 (Flatten) (None, 448) 0
dense_13 (Dense) (None, 128) 57472
dense_14 (Dense) (None, 10) 1290

Total params: 70,634

Trainable params: 70,634
Non-trainable params: 0




Epoch 990/1000

60000/60000 [
Epoch 991/1000

60000/60000 [
Epoch 992/1000
60000/60000 [

Epoch 993/1000
60000/60000 [

Epoch 994/1000
60000/60000 [

Epoch 995/1000
60000/60000 [

Epoch 996/1000

60000/60000 [
Epoch 997/1000

60000/60000 [
Epoch 998/1000
60000/60000 [

Epoch 999/1000
60000/60000 [

Epoch 1000/1000
60000/60000 [

T T T T [l Y Sl i}

17s
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17s
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16s
17s
17s

275us/step
277us/step
277us/step
275us/step
276us/step
276us/step
276us/step
275us/step
275us/step
275us/step
276us/step

loss:
Toss:
loss:
loss:
loss:
Toss:
loss:
loss:
loss:
Toss:

loss:

O O O O O O O O o o o
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acc:

O O O O O O o o o o o

9955
9951

.9949
.9949
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9958

.9946
.9950

9944
9954
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Chapter 6: Movie Reviews Sentiment
Analysis Using Recurrent Neural Networks
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YTrain data YTest data

12000 12000

10000 - 10000 A
w w
[ Q
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@ 8000 @ 8000
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o o
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o o
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S 6000 A S 6000+
o =
[ @
Qo a
£ £
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4 z

4000 A 4000 +

2000 A 2000 +

0- T T T T 0- T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Classes Classes

[1, 14, 22, 16, 43, 530, 973, 1622, 1385, 65, 458, 4468, 66, 3941, 4, 173, 36, 256, 5,
25, 100, 43, 838, 112, 50, 670, 22665, 9, 35, 480, 284, 5, 150, 4, 172, 112, 167, 21631,
336, 385, 39, 4, 172, 4536, 1111, 17, 546, 38, 13, 447, 4, 192, 50, 16, 6, 147, 2025, 19,
14, 22, 4, 1920, 4613, 469, 4, 22, 71, 87, 12, 16, 43, 530, 38, 76, 15, 13, 1247, 4, 22,
17, 515, 17, 12, 16, 626, 18, 19193, 5, 62, 386, 12, 8, 316, 8, 106, 5, 4, 2223, 5244,
16, 480, 66, 3785, 33, 4, 130, 12, 16, 38, 619, 5, 25, 124, 51, 36, 135, 48, 25, 1415,
33, 6, 22, 12, 215, 28, 77, 52, 5, 14, 407, 16, 82, 10311, &, 4, 107, 117, 5952, 15, 256,
4, 31050, 7, 3766, 5, 723, 36, 71, 43, 530, 476, 26, 400, 317, 46, 7, 4, 12118, 1029, 13,
104, 88, 4, 381, 15, 297, 98, 32, 2071, 56, 26, 141, 6, 194, 7486, 18, 4, 226, 22, 21,
134, 476, 26, 480, 5, 144, 30, 5535, 18, 51, 36, 28, 224, 92, 25, 104, 4, 226, 65, 16,
38, 1334, 88|, 12, 16, 283, 5, 16, 4472, 113, 103, 32, 15, 16, 5345, 19, 178, 32]




dict_items([('fawn', 34701), ('tsukino', 52006), ('nunnery', 52007), ('sonja', 16816), ('vani', 63951), ('woods', 1408),
('spiders', 16115), ('hanging', 2345), ('woody', 2289), ('trawling', 52008), ("hold's", 52009), ("comically', 11307),
('localized", 40830), ('disobeying', 30568), ("'royale", 52010), ("harpo's", 40831), ('canet’, 52011), ('aileen', 19313),
(‘'acurately', 52012), ("diplomat's", 52013), ('rickman®, 25242), (‘'arranged', 6746), ('rumbustious', 52014),
('familiarness', 52015), ("spider'", 52016), ('hahahah', 68804), ("wood'", 52017), ('transvestism', 40833),
("hangin'", 34702), ('bringing', 2338), ('seamier', 40834), ('wooded', 34703), ('bravora', 52018), ('grueling’', 16817),
('wooden', 1636), ('wednesday', 16818), ("'prix", 52019), (‘'altagracia’, 34764), ('circuitry’, 52020), ('crotch', 11585),
('busybody', 57766), ("tart'n'tangy", 52021), ('burgade', 14129), ('thrace', 52023), ("tom's", 11038), ('snuggles', 52025),
('francesco', 29114), ('complainers', 52027), ('templarios', 52125), ('272', 40835), ('273', 52028), ('zaniacs', 521390),
('275', 34706), ('consenting', 27631), ('snuggled’, 4@836), ('inanimate', 15492), ('uality', 52030), ('bronte', 11926),
('errors', 4010), ('dialogs’, 323@), ("yomada's", 52031), ("madman's", 34707), ('dialoge', 30585), ('usenet', 52033),
('videodrome', 40837), ("kid'", 26338), ('pawed', 52034), ("'girlfriend'", 30569), ("'pleasure", 52035), ("'reloaded'", 52036)
('mailings', 52038), ('brainwashed', 11927), ('mcanally', 16819), ("tom''", 52039), ('kurupt®', 25243), ('affiliated', 21905),
('babaganoosh’, 52048), (“"noe's", 40840), ('quart', 40841), ('kids', 359), ('uplifting’, 5@34), ('controversy', 7693),
('kida", 219@6), ('kidd', 23379), ("error'", 52041), ('neurologist', 52042), ('spotty', 18510), ('cobblers', 30570),
('projection', 9878), ('fastforwarding', 40842), ('sters', 52043), ("eggar's", 52044), ('etherything', 52045),
('gateshead', 40843), ('airball', 347@8), ('unsinkable', 25244), ('stern', 7180), ("cervi's", 52046), ('dnd', 40844),
('dna‘', 11586), ('insecurity', 20598), ("'reboot'", 52047), ('trelkovsky', 11037), ('jaekel', 52048), ('sidebars', 52049),
("sforza's", 52050), (‘'distortions', 17633), ('mutinies', 52051), ('sermons', 30602), ('7ft', 40846), ('boobage', 52052),
("o'bannon's", 52053), ('populations', 23380), ('chulak', 52054), ('mesmerize', 27633), ('quinnell', 52055), ('yahoo', 10307),
('meteorologist’, 52057), ('beswick', 42577), ('boorman', 15493), ('voicework', 4@847), ("ster'", 52058),
('blustering', 22922), ('hj", 52059), ('intake', 27634), ('morally', 5621), ('jumbling', 40849), ('bowersock®', 52060),
("'porky's'", 52061), ('gershon', 16821), ('ludicrosity', 40850), ('coprophilia', 52062), ('expressively', 40851),
("india's", 19500), ("post's", 34710), ('wana', 52063), ('wang', 5283), ('wand', 3@571), ('wane', 25245), ('edgeways', 52321),
('titanium®, 34711), ('pinta’, 40852), ('want’', 178), ('pinto', 3@572), ('whoopdedoodles', 52065), ('tchaikovsky', 21908),
('travel', 2103), ("'victory'", 52066), ('copious’, 11928), ('gouge', 22433), (“"chapters'", 52067), ('barbra‘’, 6702),
‘uselessness', 30573), ("wan'", 52068), ('assimilated', 27635), ('petiot', 16116), ('most\x85and', 52069),
dinosaurs’, 3938), ('wrong', 352), ('seda', 52070), ('stollen', 52071), ('sentencing', 34712), ('ouroboros', 40853),
assimilates', 40854), ('colorfully', 40855), ('glenne’, 27636), ('dongen', 52072), ('subplots’', 4760), ('kiloton', 52073),
chandon', 23381), ("effect'", 34713), ('snugly', 27637), ('kuei', 40856), ('welcomed®, 9092), ("dishonor', 30071),

A~~~

I this film was just brilliant casting location scenery story direction everyone's really suited the part they
played and you could just imagine being there robert redford's is an amazing actor and now the same being
director norman's father came from the same scottish island as myself so i loved the fact there was a real
connection with this film the witty remarks throughout the film were great it was just brilliant so much
that i bought the film as soon as it was released for retail and would recommend it to everyone to watch
and the fly fishing was amazing really cried at the end it was so sad and you know what they say if you
cry at a film it must have been good and this definitely was also congratulations to the two

little boy's that played the part's of norman and paul they were just brilliant children are

often left out of the praising list i think because the stars that play them all grown up are

such a big profile for the whole film but these children are amazing and should be praised

For what they have done don't you think the whole story was so lovely because it was

true and was someone's life after all that was shared with us

[ 0 0 (%] 0 0 0 (%) (%] () 0 0 0 0 0
0 0 (4] 0 0 0 () (%) () (<) (4 (4] 0 0

0 0 (%] 0 0 0 (%) 0 (Y 0 (] 0 0 0

0 0 (4] 0 0 0 (4 () 0 0 0 (] 0 0

0 1 778 128 74 12 630 163 15 4 1766 7982 1051 2

32 85 156 45 40 148 139 121 664 665 10 16 1361 173

4 749 2 16 3804 8 4 226 65 12 43 127 24 2




Layer (type)

Output Shape Param #

embedding_15 (Embedding) (None, 100, 32) 320000
simple _rnn_15 (SimpleRNN) (None, 32) 2080
dense_22 (Dense) (None, 1) 33

Total params: 322,113
Trainable params: 322,113
Non-trainable params: ©

Train on 25000 samples, validate on 25000 samples

Epoch 1/3

259@9/25969 [:=========:=========:====
- val_loss: ©.4697 - val_acc: 0.7800
Epoch 2/3

25000/25000 [========z====z====z====z=====
- val_loss: ©0.3983 - val_acc: 0.8194
Epoch 3/3

25000/25000 [========================

- val _loss: ©.3938 - val_acc: ©.8435

=====] - 13s 538us/step - loss: ©.5606 - acc: 0.6901

=====] - 12s 465us/step - loss: ©.3440 - acc: 0.8558

======] - 12s 470us/step - loss: ©.2659 - acc: 0.8933




Chapter 7: Stock Volatility Forecasting
Using Long Short-Term Memory
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FINANCE

Amazon.com, Inc. (AMZN) Oute Lookin
NasdaqGsS - NasdagGS Real Time Price. Currency in USD

1,438.74 0478 (+7.05%)

As of 1:53PM EST. Market open.

Summary  Chart  Conversations  Statistics = Historical Data  Profile  Financials ~ Analysis ~ Options ~ Holders  Sustainability

=

Time Period: Dec 26, 2017 - Dec 26, 2018 v Show: Historical Prices Frequency: Daily v Apply Symbol Last Price Change % Change
FB 132.36 4830 +6.69%
Facebook, Inc.
<, Download Data
Currency in USD = GooG 101811 +4189  +429%
Alphabet Inc.
Date Open High Low Close™ Adj Close™ Volume
AAPL 153.03 4620 +4.22%
Dec 26, 2018 1368.89 143933 136301 143359 143359 6,556,168 Apple inc
Dec 24, 2018 1346.00 1396.03 1,307.00 134396 1343.96 7220000 NFLX 24519 3T +484%
Dec 21,2018 146499 148000 136396 137745 137745 13640300  TSLA 31188 +1649  +5.58%
Tesla, Inc.
Dec 20, 2018 1484.00 1509.50 143269 146083 146083 9,991,800
Dec 19, 2018 1543.05 158453 1483.18 149508 1,495.08 8,792,200
Dec 18, 2018 1)540.00 1567.55 152301 155148 155148 6,523,000
Dec 17,2018 1566.00 157613 150501 152091 152091 8,829,800
Dec 14, 2018 1,638.00 164257 1,585.00 1591.91 159191 6,367,200
Dec 13,2018 1,680.00 169212 164150 1658.38 1658.38 5.271,300
Dec 12,2018 1,669.00 1704.99 166027 166354 166354 6,598,000
2000 1
1750 A
1500 A
1250 A
1000 A
750 A
500 -
250
o -

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018




0.3 1

0.2 4

0.1

0.0

-0.31
T T T T T T T T T
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018

Layer (type) output Shape Param #
1stm_9 (LSTM) (None, 256) 264192

dense_10 (Dense) (None, 1) 257

Total params: 264,449
Trainable params: 264,449
Non-trainable params: 0
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Chapter 8: Reconstruction of Handwritten
Digit Images Using Autoencoders
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Layer (type) Output Shape Param #

input_1 (InputLayer) (None, 784) (%]
dense_1 (Dense) (None, 32) 25120
dense_2 (Dense) (None, 784) 25872

Total params: 50,992
Trainable params: 50,992
Non-trainable params: ©

Epoch 90/100

60000/60000 [ ==== ================ 1 - 4s 62us/step - loss: ©.0985 - val _loss: 0.0969
Epoch 91/100
60000/60000 [ ==== ================ ] - 4s 65us/step - loss: ©.0984 - val_loss: 0.0968
Epoch 92/100
60000/60000 [===== ==== ================ ] - 4s 66us/step - loss: 0.0984 - val_loss: ©.0968
Epoch 93/100
60000/60000 [===== ==== ================ ] - 4s 64us/step - loss: 0.0983 - val_loss: 0.0967
Epoch 94/160
60000/60000 [ SSES e S ] - 4s 63us/step - loss: ©.0983 - val_loss: ©.0967
Epoch 95/100
60000/60000 [ ==== S=s=sssss=ssssss ] - 4s 6lus/step - loss: ©.0982 - val loss: 0.0967
Epoch 96/100
60000/60000 [ ==== S=====s=s==s===== ] - 4s 6lus/step - loss: ©.0982 - val loss: 0.0967
Epoch 97/100
60000/60000 [ ==== ================ ] - 4s 6lus/step - loss: 0.0982 - val_loss: ©.0966
Epoch 98/100
60000/60000 [===== ==== ================ ] - 4s 63us/step - loss: 0.0981 - val_loss: ©.0966
Epoch 99/100
60000/60000 [===== ==== ================ ] - 4s 62us/step - loss: ©.0981 - val_loss: ©.0965

Epoch 100/100
60000/60000 [===== ==== ================ ] - 4s 62us/step - loss: ©.0981 - val_loss: ©.0965




Autoencoder Model loss
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Chapter 9: Robot Control System Using
Deep Reinforcement Learning
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Layer (type) Output Shape Param #

flatten_ 3 (Flatten) (None, 4) %]
dense_9 (Dense) (None, 16) 80
activation_9 (Activation) (None, 16) %]
dense_10 (Dense) (None, 16) 272
activation_10 (Activation) (None, 16) %]
dense_11 (Dense) (None, 16) 272
activation_11 (Activation) (None, 16) 0
dense_12 (Dense) (None, 2) 34
activation_12 (Activation) (None, 2) 0

Total params: 658
Trainable params: 658
Non-trainable params: ©

Chapter 10: Reuters Newswire Topics
Classifier in Keras



C:\pythonscript\KDL>pip install nltk
Collecting nltk

Downloading https://files.pythonhosted.org/packages/6f/ed/9c755d357d33bc1931e157F537721efb5b88d2c583fe593cc09603076cc3/nltk-3
.4.zip (1.4MB)

100% | | 1.4MB 1.3MB/s

Requirement already satisfied: six in c:\python36\lib\site-packages (from nltk) (1.11.9)
Collecting singledispatch (from nltk)

Downloading https://files.pythonhosted.org/packages/c5/18/369f50bcd4621b263927b0al15199872a04383d4a98Fb18438042ad410cF88/single
dispatch-3.4.0.3-py2.py3-none-any.whl
Building wheels for collected packages: nltk

Running setup.py bdist_wheel for nltk ... done

Stored in directory: C:\Users\lavoro\AppData\Local\pip\Cache\wheels\4b\c8\24\b2343664bcceb7147efeb21c@b23703a05b23fcfeaceaa2a
1le
Successfully built nltk
Installing collected packages: singledispatch, nltk
Successfully installed nltk-3.4 singledispatch-3.4.0.3

C:\pythonscript\KDL>_

¢ NLTK Downloader - [m] X

File View Sort Help

Identifier Size

Status

n/a not installed
all-corpora All the corpora n/a not installed
all-nltk All packages available on nitk_data gh-pages branch n/a not installed
book Everything used in the NLTK Book nfa not installed
popular Popular packages n/a not installed
tests Packages for running tests nfa not installed
third-party Third-party data packages n/a not installed

Download Refresh

Serverindex https://raw.githubusercontent.com/nltk/nltk data/gh-pages/index.xml
Download Directory:|C : \Users\lavoro\AppData\Roaming\nltk_data




WPS+BEZ: WH-pronoun, nominative + verb 'to be', present, 3rd person singular

that's who's

WPS+HVD: WH-pronoun, nominative + verb 'to have', past tense
who'd

WPS+HVZ: WH-pronoun, nominative + verb 'to have', present tense, 3rd person singular
who's that's

WPS+MD: WH-pronoun, nominative + modal auxillary
who'll that'd who'd that'll
WQL: WH-qualifier
however how
WRB: WH-adverb
however when where why whereby wherever how whenever whereon wherein
wherewith wheare wherefore whereof howsabout
WRB+BER: WH-adverb + verb 'to be', present, 2nd person singular or all persons plural
where're
WRB+BEZ: WH-adverb + verb 'to be', present, 3rd person singular
how's where's
WRB+DO: WH-adverb + verb 'to do', present, not 3rd person singular
howda
WRB+DOD: WH-adverb + verb 'to do', past tense
where'd how'd
WRB+DOD*: WH-adverb + verb 'to do', past tense, negated

whyn't

WRB+DOZ: WH-adverb + verb 'to do', present tense, 3rd person singular
how's

WRB+IN: WH-adverb + preposition
why 'n

WRB+MD: WH-adverb + modal auxillary
where'd




Number of occurrences

2500 4

2000 4
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2500
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1500
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Layer (type) Output Shape Param #
dense_1 (Dense)  (Nome, 512)  sizesiz
activation_1 (Activation) (None, 512) 0
dropout_1 (Dropout) (None, 512) %]

dense_2 (Dense) (None, 46) 23598
activation_2 (Activation) (None, 46) (%]

Total params: 5,144,110
Trainable params: 5,144,110
Non-trainable params: ©




Train on 7859 samples, validate on 3369 samples

Epoch 1/10
7859/7859 [
Epoch 2/10
7859/7859 [
Epoch 3/10
7859/7859 [
Epoch 4/10
7859/7859 [
Epoch 5/10
7859/7859 [
Epoch 6/10
7859/7859 [
Epoch 7/10
7859/7859 [
Epoch 8/10
7859/7859 [
Epoch 9/10
7859/7859 [
Epoch 10/10
7859/7859 [

19s

18s

17s

16s

18s

18s

17s

17s

18s

17s

2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step
2ms/step

2ms/step

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

1.4667

0.5885

0.3219

0.2250

0.1814

0.1648

0.1618

0.1544

0.1580

0.1487

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

acc:

0.

0.

0.

0.

0.

0.

0.

0.

6894

.8717

9284

9471

9542

9550

9588

9580

9578

9588

val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:
val_loss:

val_loss:

0.

0.

0.

0.

0.

0.

0.

0.

0.

1.

9782

8391

8517

8998

9417

9280

9567

9763

9762

0146

val_acc:
val_acc:
val_acc:
val_acc:
val_acc:
val_acc:
val_acc:
val_acc:
val_acc:

val_acc:

0.

0.

0.

0.

0.

0.

0.

0.

0.

0.

7815

8088

8071

8020

7985

8059

8017

8014

8074

7991




Chapter 11: What is Next?
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GitHub
s‘ 3.9k Stars - 534 Forks
Auto-Keras H ome Table of contents
Home Installation
Getting Started Example
Getting Started with Docker Community

Contributing Guide I/A\ Citing this work
Documentation ¥ g AUTO KE RAS Support Auto-Keras
About DISCLAIMER

Acknowledgements

build | passing pypi package |0.35

Auto-Keras is an open source software library for automated machine learning (AutoML). It is
developed by DATA Lab at Texas A&M University and community contributors. The ultimate goal
of AutoML is 1o provide easily accessible deep learning tools to domain experts with limited data
science or machine learning background. Auto-Keras provides functions to automatically search
for architecture and hyperparameters of deep learning models.

Google Cloud Platform

DASHBOARD ACTIVITY /’ CUSTOMIZE
:o Project info H API APIs H & Google Cloud Platform status H
Project name Requests (requests/sec) Al services normal
MainProject
1.0
Project ID
progetto-1-191608 0e -> Go to Cloud status dashboard
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0 & Billing H
> Go to project settings Estimated charges EUR €0.00
02 For the billing period Dec 1 - 26,2018
0
& Resources H e e o o > View detailed charges
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4 buckets

-> Go to APIs overview 69 Error Reporting ;




= Microsoft Azure Machine Learning Studio @ L © sonm

Welcome to Azure
Machine Learning

Try it for free

No Azure subscription? No credit card? No

~ problem! Choose anonymous Guest Access,
AZ ure or sign in with your work or school account,
or a Microsoft account.

Machine Learnin :
service Preview ’

Not an Azure ML user?
Sign up here

I o 3 Pricing & FAQ
Try it today! = o
St W By using this free version, you agree to be bound by

the Microsoft Azure Website Terms of Use.

-

g AWS ~ Services v

& Amazon Machine Learning -~

Get started with Amazon Machine Learning

Standard setup

Start creating your first ML model. If you don't have your

data ready, you can use our sample dataset
Amazon Machine Learning Tutorial

Dashboard View Dachboard
E 1ew vashboar

Skip straight to the Amazon Machine Learning dashboard
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