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Polynomial regression
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Chapter 4: Clustering
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Hierarchical Clustering Dendrogram
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K-Means

.
.
.

lcls
Ocls
2cls

k-Means

0
(b) Dataset 1

»

0.5

-1.5

25

(d) Dataset 3

K-Means

-

0.5

05

0.5

-1.5

15

Dataset 5

(f)

ifferent datasets

[14]

oyt d
0“ . -
T
-
B

o
b 3
I3

K-Means

k-Means

0
(a) Dataset 0

(c) Dataset 2

K-Means

0.5

05

Dataset 4

)

e

(

K-Means clustering algorithm on d

. > "
(] F -
Ty et

i o~
.

bl

-1.5




Hierarchical
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Spectral clustering
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Agglomerative clustering
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Graph Newman clustering
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Graph clustering Graph clustering
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Chapter 5: Anomaly Detection
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Isolation Forest
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One Class SVM
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Chapter 6: Dimensionality Reduction
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Kernel PCA
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Multidimensional Scaling
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Chapter 7: Classification
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Chapter 9: Ensemble Learning
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Shogun Gradient Boosting
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Shogun Gradient Boosting
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Shogun Random Forest
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Chapter 10: Neural Networks for Image
Classification
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Chapter 11: Sentiment Analysis with

Recurrent Neural Networks

L

Rt

e
St

St

[73]




W
Whh

o=hs

WS

> —>

o= hia

Wha: ‘

L1 (yt+1 S Y1 ) = Liota (y, ﬁ)

\ 4

o= hyy

[74]




This output can be used
for calculating

(m)

Yt A
Ci1
() >(2) > G
TJ Bk @
f
¢ F’f O,
|
(o3 (o3 tanh
A
hi1
> ht
X >

[75]




he_1 X >(+) > Iy
>(?
Tt 2t l~zt
_— o — o tanh
T ! T T
(=)
e ittt el > —h;—>
- (€ - D G et I EEEEEEEE b <-hyy---
_ht_l_) » » »
A A A A
T1 T2 T3 T4

[76]




—hi_—>

[
I

[77 ]



Chapter 13: Deploying Models on Mobile
and Cloud Platforms
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