Chapter 1: Getting Started with Deep Learning
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Layer 1: The computer identifies

pixels of light and dark.

Layer 2: The computer learns
to identify edges and simple shapes.

Layer 3: The computer learns
to identify more complex shapes

and objects.

Layer 4: The computer learns
which shapes and objects can be
used to define a human face.
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Framework programming materials - ) Usability
languages community capability capability support
Ample CNN tutorials and Ample RNN tutorials and Modular
Theano Python, C++ t prebuilt models prebuilt models architecture No
Neon Python + Fastest tools for CNN Mininmal resources anu\ar No
architecture
- Ample RNN tutorials and Modular
Torch Lua, Python + Mininmal resources prebuilt models architecture Yes
. Creating
Caffe C++ ++ Amplg CNN tutorials and Mininmal resources layers Yes
prebuilt models .
takes time
MXNet R.Python,Julia, Scala ++ Amplg CNN Uitorials and Mininmal resources Mod_u\ar Yes
prebuilt models architecture
CNTK O+ 4 Amplg CNN tutorials and Amplg RNN tutorials and Mody\ar Yes
prebuilt models prebuilt models architecture
Ample RNN tutorials and Ample RNN tutorials and Modular
TensorFlow Python, C++ At prebuilt models prebuilt models architecture Yes
. . Ample RNN tutorials and Ample RNN tutorials and Modular
Deep Learningd] Java, Scala e prebuilt models prebuilt models architecture Ves
Keras Python ot Ample RNN tutorials and Ample RNN tutorials and Modular Yes

prebuilt models

prebuilt models

architecture




Chapter 2: A First Look at TensorFlow
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/S Execute Subgraph
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Client: construct graph Master: execute operations

(based on your code)

x= tf.placeholder(tf.float32,[None,784])
w = tf.Variable(tf.zeros([784,15]))

b = tf.Variable(tf,zeros([15]))

(based on TensorFlow’s code)

return executed result
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sess.run(train_step,feed_dict={x:batch_xs, y_:batch_ys})
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Chapter 3: Feed-Forward Neural Networks with TensorFlow
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Cross entropy loss per iteration
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Accuracy on the training set

0.96 ‘

0.94 - ’ III 'I ‘ ',‘

0.92 +

| "‘ q:lgrllll‘L l:l"l

. 0901 | I 5 [ | 1 1 )
: T MY 11 I\
€ ossd 1a\ ! |l“ V.1 | s /) ||
5 0.88 ' 'l I l I
g v |l |I' Il I L II "

0.86 - v ' II I

‘l | I

0.84 i

0.82 4

0.80 mm  Accuracy on the training set

E] 2 [I]"[] 4EI]'(] ﬁ[l}ﬂ E[I]'D lDIDCI
lteration
/ RBM
Hidden
layers T
Directed

h' belief nets

P(v,h',h%,...h') = P(v|h")P(h' | h?)...P(h'” | )P(h'™ ')




Output

( Hidden 3 ) Hidden 3

(Hidden 2 ) (Hidden 27)
[ [

Hidden 1 Hidden 1 Hidden 1
anut Iayea anut IayeD anut Iayea anut IayeD

+ t t
C Unlabeled data ) (Labeled data)

Unsupervised {e.g., autoencoders} supervised (backprop)

—Grain layerl Train layerl Train layerl Train output IayeD—D

&: fine-tune top layers

COOOOOC ),

RBM

QOO0 COOOOOO)H,

] j

COCOOOODH QOQOOOOOON COOOOOOH,

o] j i

QOCOOODx OOOOOOOx COOOOOD)x




g loss per iteration

== SGD fine tunin

SGD fine tuning loss per iteration

lllllllll

ssssssss
7777777
ssssssss
l m " momom
ooooooo

s50| Bulun) Ul 495
I




relu

-2.0

2.0

5

1

0

1

5

0

0

S 0.

-0

0

-1

5

-1

(0]

-2

cost

accuracy

20.0

1.00

16.0

0.980

12.0

8.00

0.960

4.00

0.00

0.940

1.500k 3.000k 4 500k

.000

0

00k

4.5

3.000k

1.500k

0.000




(a) Standard Neural Network (b) Neural Net with Dropout
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Chapter 4. Convolutional Neural Networks
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Chapter 5: Optimizing TensorFlow Autoencoders
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Training loss

---- Training AUC
---- Training loss
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Fraud score (mse) distribution for non-fraud cases
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Chapter 6: Recurrent Neural Networks
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Dataset title
Last updated

Last updated by
source

Provider
Provider source
Source URL
Units

Dataset metrics
Time granularity
Time range
Language
License

License summary

Description

International airline passengers: monthly totals in thousands. Jan 49 — Dec 60

1 Feb 2014, 19:52
20 Jun 2012

Time Series Data Library

Box & Jenkins (1976)
http://datamarket.com/data/list/?q=provider:tsdl
Thousands of passengers

144 fact values in 1 timeseries.

Month

Jan 1949 — Dec 1960

English

Default open license

This data release is licensed as follows: You may copy and redistribute the data. You may make

derivative works from the data. You may use the data for commercial purposes. You may not sublicense
the data when redistributing it. You may not redistribute the data under a ditferent license. Source

attribution on any use of this data: Must refer source.

Transport and tourism, Source: Box & Jenkins (1976), in file: data/airpass, Description: International
airline passengers: monthly totals in thousands. Jan 49 — Dec 60
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Normalized time series
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-=UCI_HAR_Dataset
-(=test
-=Inertial Signals

body_acc_x_test.txt
body_acc_y_test.txt
body_acc_z_test.txt
body_gyro_x_test.txt
body_gyro_y_test.txt
body_gyro_z_test.txt
total_acc_x_test.txt
total_acc_y_test.txt
total_acc_z_test.txt
y_test.txt

-(=train

-=Inertial Signals

body_acc_x_train.txt
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body_gyro_y_train.txt
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Training session's progress over iterations
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Chapter 7: Heterogeneous and Distributed Computing
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Chapter 8: Advanced TensorFlow Programming
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Chapter 9: Recommendation Systems using Factorization
Machines

Factorization Machines Based Recommendation (i.e.using FM, AFM, NFM)

Model Based Recommendation (i.e. using LDA,SVD)

Social, Interest and Graph Based Recommendation
(i.e. Facebook, LinkedIn)
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Movie rating Distrbution
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Count of users

Distribution of users (by ages)
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2.81 4

2.80 4

2.79 4

2.78 4

2.77

training errar
= 7H wvalidation error
[+] 10 20 30 40

Epoch

Clusters of similar movies using K-means

—B0 4

cluster 0
cluster 1
cluster 2
cluster 3
cluster 4

T T T
—25 0 25 50 75 100 125 150

T
175




Feature vector x Targety
X|{1]0/|0 1,0/, 0| 0 0.3/0.3/0.3| 0 13§o(o0 0|0 T Y,
Xx|1]0/f0 o1/ 0] 0 0.3/0.3/0.3] 0 141(00 |0 T Y,
X 1 0|0 0| 0] 1 0 0.3/ 0.3/0.3] 0 16§ 0 | 1 0|0 T y3
Xx,J]0| 1]0 o|o0| 1|0 0| 0|0.5/0.5 540000 4.y,
Xx.|{0o| 1|0 0| 0| 0] 1 0| 0(0.5/0.5 s8jojoj|1]|o0 5y
X110 0|1 1,0/ 0|0 0.5/ 0|05/ 0 9jJojo0j|0 |0 1Y,
X, |0] 01 o, 0|10 0.5/ 0|05 0 12§1{0 (0|0 5,

A B C TI NH SW ST Il NH SW ST . TI NH SW ST ..
User Movie N\ Other Movie rated imgl Last Movie rated )
users

{1]2[3]4]5/6/7/8|910]...|n
4 Eaan, men
2l 1]

User Item Categories Quantity
x| 1 0 |1 0 |1 0 1 12 |3 3 y1
x [0 0 |1 1 0 1 8 |9 [6 7 y2
xs |0 |1 1 1 0 0 5 |2 |7 9 ¥
x 1 [0 |1 11 2 [4 |6 8 Y




Split Data (80:20)

Construct TF
Model

Trained Model

l

Predicting buying
event in a session

I

Retrieving
item IDs purchased
using predicted
event

Remove historical
data

Session ID Timestamp  Item ID Category Quantity
0 420374.0 2014-04-06T18:44:58.3147Z 214537888.0 12462 1
1 420374.0 2014-04-06T18:44:58.3257 214537856.0 10471 1
2 281626.0 2014-04-06T09:40:13.032Z 214535648.0 1883 1
3 420368.0 2014-04-04T06:13:28.8487Z 214530576.0 6073 1
4 420368.0 2014-04-04T06:13:28.858Z 214835024.0 2617 1

(1150753, 5)
R




Session ID Timestamp Item ID Category
0 1 2014-04-07T10:51:09.277Z 214536502
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2 1 2014-04-07T10:54:46.9987 214536506
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4 2 2014-04-07T13:56:37.614Z 214662742
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Session ID
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FM training loss per epoch

FM validation loss per epoch
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Test loss

NFM test loss per epoch

== NFM test loss per epoch
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Chapter 10: Reinforcement Learning
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Total Reward
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