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Model Dealer
4523 Civic 2002 Blue MN $18,000
3476 Corolla 1999 White IL $15,000
7623 Camry 2001 Green NY $21,000
9834 Prius 2001 Green CA $18,000
6734 Civic 2001 White OR $17,000
5342 Altima 2001 Green FL $19,000
3845 Maxima 2001 Blue NY $22,000
8354 Accord 2000 Green VT $18,000
4395 Civic 2001 Red CA $17,000
7352 Civic 2002 Red WA $18,000
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YearEvolution / Progress
2002-2003 Work on Nutch was started by Doug Cutting and Mike Cafarella

2003 - 2004 Google published work on GFS and MapReduce
2004 Doug Cutting added suport for GFS and MapReduce to Nutc
2006 Hadoop spins out of Nutch when Yahoo hired Doug Cutting
2007 NY Times converts 4TB of image archives over 100 EC2s

Facebook launched Hive, an SQL support for Hadoop

2008 F3stest sort over 910 nodes taking 3.5 mins

Cloudera founded

First Hadoop Summit with 750 attendeed

2009
Doug Cutting joined Cloudera
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=] Hadoop Command Line |- [

Czwnappssdist hadoop-2.4.8.2.1.3.8-1948hadoop £z
Usage: hadoop fs [generic options]
[-appendToFile <localsec> ... <dst>]
[-cat [-ignoreCre] <sre> ...]
[-checksum <src? ...]
[-chgrp [-R] GROUF PATH...]
[=chmod [=R] {MODEL.MODE]l... ! OCTALMODE> PATH...1]
[-chown [-R]1 [OWNERIL: [GROUPI]1 PATH...1
[-copyFronlocal [-§] [-pl <localsvc? ... <dst>]

[-copyToLocal [-pl [-ignoweCerc] [-crcd] <spcr ... <localdst>]
[—eount [-¢gl <path> ...]
[-ep [-F] [-p] <sre> ... <dstl]

[createSnapshot <snapshotDir? [{snapshotName>]1]
[= du]uteﬁnagahnt <sna¥shutnir) <znapzhotName>]
[- hl [{path> ...11
[—du [—=]1 [-h]l <path> ...1]
[-expunge ]
[-get [-pl] [-ignoreCrc] [-erel <sre> ... <localdst>]
[-getfncl [-R1 <pathX*]
tn:rg: [-nl] <src? <localdst>]
f [cmd ...1]
-d]l [-h]l [-R] [{path> ...1]1
[—nkd;r [-pl <path> ...1
[-moveFromlocal <localsrc? ... <dst>]
[-moveToLocal <s»c> {localdstX>]
[-my <sre> ... <dst>]
[-put [-f1 [-pl] <localsrc> ... <dst>]
[-renameSnapshot <znapshotDir> <oldHame?> <newNane>]
[-»m [-f]1 [-p¢i-R] [—=skipIrazhl]l <seec> ...1
[-pmdir [——ignore—Ffail-on—non—emptyl] <dir> .__.]
h>12 [-setfacl [-R] [{-bi-k¥ {-mi-x <acl_specr} <pathrlil--set <acl_spec? <pa
t
-setref [-R] [-wl {r¢p> <¥uth} |
[-stat [Format] £ e
[-tail [-F1 <File ]
[-test —[defsz] <path>]
[-text [-ignoreCrc] {spc> ...]
[-touchz <pathr ...1]
[~usage [cmd ...]

Generic options supported are

—conf <configuration Filel BPHGiF{ an application configuration file

-D {property=value} uze value for given property

—fz {local inamenode >port? specify a namenode

—jt <localljobtracker:port’ specify a job tracker

~files <comma separated list of Files>? specify comma separated files to be co
pied to the map reduce cluster

=libjars <{conma separated list of jars) specify comma separated jar Filez to
include in the classpath.

—archives <{comma separated list of archives? specify comma separated archives

to be unarchived on the compute machines.

ienerul command line syntax is
h1n/ adoop command [genericOptions] [commandOptions]

Civappssdistshadoop-2.4.8.2.1.3.8-1948>_
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Select a directony 1o search for existing Eclipse projects.

) Select root directory: | Users/sunila/Doc
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) select archive file:

Projects:

1

' mahout-buildtooks [Users/sunis/ Doc
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E mezhepust-mesth [Lbﬂ:.ur:urﬁ.urﬂn-r

P T i

bttt bt

0.8/ buildtooks)

e Sk I oo rt-dictrib Lt

0.9/ core )

b rb-dietribrti

e MM orh I}
F
T

ooaf
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] Copy projects into workspace
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File Edit View Terminal Help

maven-source-plugin:2.2.1:jar-no-fork (attach

- maven-install-plugin:2.5:install (default-install)

] Installing /home/abdulbasit/Softwares/Apache Mahout/e:
sitory/org/apache/mahout/mahout-examples/0.9-SNAPSHOT /mahou £5-0.9-SNAPSHOT.
[INFO] Installing /home/abdulbasit/Softwa fApache Mahout/examples/pom.xml to /root/.m2/repository/org/apache/mahout/mahout
examples/0.9-SNAPSHOT/mahout -examples-0.9-SNAPSHOT . pon
[INFO) Installing /home/abdulbasit/Softwares/Apache Mahout/examples/target/mahout-examples-8.9-SNAPSHOT-job.jar to /root/.m2/
repository/org/apache/mahout/mahout -examples/0.9-SNAPSHOT/mahout -examples-0.9-SNAPSHOT- job. jar
[INFO] Installing /home/abdulbasit/Softwares/Apache Mahout/examples/target/mahout-examples-8.9-SNAPSHOT-sources.jar to /root/
.m2/repository/org/apache/mahout/mahout -examples/0.9-SNAPSHOT /mahout -examples-0.9-SNAPSHOT -sources. jar
[INFO)
[INFO] =-vvvvvene=-
[INFO] Building M

- maven-assembly-plugin:2.4:single (bin-assembly) @ m t-distribution ---
mblies have been skipped per configuration of the skipAssembly parameter.

maven-assembly-plugin:2.4:single (src-assembly) @ mahout-distribution
] Assemblies have been skipped per configuration of the skipAssembly parameter.

- maven-install-plugin:2.5:install (default-install) @ mahout-distribution ---
oftwares/Apache Mahout/distribution/pom.xml to /root/.m2/repository/org/apache/mahout/mah

[INFO]
[INFO] Mahout e .... SUCCESS [3.332s]
[INFO] Apache s : : : .. SUCCESS [0.6355]
[INFO] Mahout | ; : : : .. SUCCESS [1:31.6165]
{INFO] Mahout Core . .... SUCCESS [10:58.361s)
Mahout s .... SUCCESS [59.877s]
Mahout Les s : ; : . SUCCESS [19.840s)
] Mahout ; : A .. SUCCESS [0.0665]

13:53.340s
34M/335M

root@it:~/Softwares/Ap

lications

Evolutionary | Classification | Clustering Recommenders | Regression Dimension
Algorithms Reduction

Utilies Math Collections Hadoop
Lucene/Vectorizer Vectors/ Matrics/SVD (Primitives)




Vectors Implementation
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Dense Vectors

Sparse Vectors

Random Access
Sparse Vectors
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=l Access Sparse
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ELEROEDE

ISBN 3-900051-07-0
Platform: 1386-pc-mingw32/1386 (32-bit)

R is free software and comes with ABSOLUTELY NO WARRANTY.
You are welcome to redistribute it under certain conditions.
Type 'license()' or ‘'licence()' for distribuctiocn details.

N : 8 upport but running in an English locale

R is a collaborative project with many contributors.
Type ‘contributors()' for more information and
‘citation()' on how to cite R or R packages in publications.

Type ‘demo()' for some demos, 'help()' for on-line help, or
'help.starc()' for an HTML browser interface to help.
Type ‘q()' te quit R.

Loading required package: rcom

Loading required package: rscproxy

Warning messages:

1: package ‘rcom’ was built under R version 2.15.2

2: package ‘racproxy’ was built under R version 2.15.2
[Previcusly saved workspace restored]

> |




g ARy
'‘aAckanses

Edt View Misc Windows _ Help

EEE v L
Set CRAN mirror...
ISBN 3-900051-07-0 ci :
Platform: 1386-pc-mi a
Install package(s)...
R is free software a Update packages...
You are welcome tOo T pns.
Type 'licenmse()' or Install package(s) from local zip files...

Natural language support but running in an English locale

[ TusmT srvoem LAMTICTIISITEN MIIFIFWIY T SIITT  TIIFIFISIFINY ITI ML S TIOT S Y WP 4 O s e

B 13

) Canenl

R File Edt View Msc Packages Windows Help

=]ee] >[a]o] [e][s]

R version 2.15.1 (2012-06-22) —-- "Roasted Marshmallows"

Copyright (C) 2012 The R Foundation for Statistical Computing
ISBN 3-900051-07-0
c G o i s s Argentina (La Plata)
Platform: 1386-pc-mingw32/1386 (32-bit) i'nn(M )
R 13 free software and comes with ABSOLUTELY NO WARRANTY. m:%mmgq
You are welcome to redistribute it under certain conditioms. Austris
Type 'license()' or 'licence()' for distribution details. Belgium
Brazil (PR)
Natural language suppeort but running in an English locale Brazil (R)
Brazil (SP 1)
R is a collaborative project with many contributors. Brazil (SP 2)
Type 'contributors()' for more information and Canada (8Q)
*citation()' on how teo cite R or R packages in publications. Canada (NS)
Canada (ON)
Type 'demo()' for some demos, 'help()' for on-line help, or Canada (QC1)
*help.starct()' for an HIML browser interface to help. C"‘“‘ Qcy
Type 'q()' to quit R. E::(Beiml)
Loading required package: rcom c:lhf“ anpngl) )
Loading required package: Iscproxy China (M-)g
Warning messages: China (Xiamen)
1: package ‘rcom’ was built under R version 2.15.2 Colombia (Bogota)
2: package ‘rscproxy’ was built under R version 2.15.2 Colombia (Cali)
[Previcusly saved workspace restored] Denmark
Ecuador
> chooseCRANmirror () France (Lyon 1)
France (Lyon 2)
France (Montpellier)
France (Pans 1)
France (Pans 2) ]
Germany (Berlin) (=
[ ok || Concet |




o=

Warning mesasages:

1: package ‘rcom’ was built under R version 2.15.2

2: package ‘rscproxy’ was built under R version 2.15.2
[Previocously saved workspace restored])

> chooseCRANmirror|()
> 12

(1) 3

> 1leg(10)

[1]) 2.302588
> 142

[1) 3
>a=232

> a

1) 2

> a <~2

> a

[1] 2

> a <~-10

> a

[1) 10

> b <~§

>b

[1)] 8

> |

f <- function(xl,yl) (1-x1)"2 + 100¢(vi - x1*{|

optim( c(0,0), £ )Spar
'ror in yl - %172 : 'yl' is missing

f <- function(x) (1-x{1})"2 + 100" (xf2)}-x[1}"|

optim( c(0,0), £ )Spar
] 0.9999564 0.9999085

£ <~ function(xl,yl) (%212 « ¥1 -~ 11)"2 + (x1
X <~ seq(~4.5,4.5,by~.2)

Yy <~ seq(-4.5,4.5,by=.2)

2z <- outer(x,y,f)

pe:sp(l,y,x,pha--as,:heta-is,col-‘yellov',ahaJ

1+2

a = 2

a <=2

a <-10
b <-5

c<-a+




3 The Julia Language Setup

{
Installing

Please wait while The Julia Language is being installed.

=101]

Extract: mailmap. bt

I

Julliz @34

Extract:
Extract:
: Extract:
Extract:
Extract:
Extract:
Extract:
! Extract:
Extract:
Extract:

gitweb, twt
gitwarkflows, html
gitwarkflows, tet
glossary-content. bt
howto-index. himl
howto-index. tet
i18n.txt

index. hitml
line-range-format. txt
mailmap. tit

A fresh approach to technical computing
Documentation: http:-//docs.julialang.ory
Tupe "help<>" for help.

Uersion B.3.4 (2814-12-26 18:42 UTC>
Official http:---julialang.orgy/ release
i6B6—wbed—mingwl2




mandelbrot.jI*

function mandel(z)
cC=2
maxiter = 80
for n = l:maxiter
abs(z) = 2 & return n-1
Z2=2"2+¢C

return max|
maxad
maxiter
mandel(0) SEVIEY &

maximum
mandel(x, y)EybXduliinl

maxintfloat
function man

<« C' # [ https://juliabox.org

&

JuliaBox

The Julia community is doing amazing things.

We want you in on it!
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RealTime Function RealTime View

........ . Batch view

Batch view
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Lamas ey e e

| runBatchLayer() {
| while(true) recomputeFunctions()

Batch view
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CHAPTER 5

Classifying data
=

-
-~

~
A T
T Prediction
——_attribute lsele:tlon lnd'[me
e Termination Criteria
‘___ — —

- - |
[ DeCiSion TrEESJ— —“EEG\/ [ Pessimistic pruning
- types”
Spec ——has . \\\

Advanced
| o
4 —types [Cost complexity prumngJ
e
) o — . [
| Evolutionary Tr'eesJ ||' | Hetlingner TreesJ
@
que Trees } : i :
(s)e " | 7 ws)

—types—

*_____ H*-:HAID

[‘ Decision Stump




Root Node

Branch Branch

Condition Check Condition Check

Leaf Node(Decision Point)

Leaf Node(Decision Point)

Decision Trees

To Predict

| |

Response variable has Response variable has Response variable is
only two categories multiple categories continuous
Use standard Use cd.5 Nonlinear relationships

between predictors

between predictorsand
and response

response

classification tree implementation

‘ Linear relationships

Use standard

- Use c4.5
Regression tree

implementation

Source: hitp://www.simafore.com/blog /bid/62482/2-main-differences-between-classification-and-regression-trees



ID Age | Experience | Income Family CCAvg | Personal Loan
1 25 1 49 4 1.60 0
2 45 19 34 3 1.50 0
3 39 15 11 1 1.00 0
4 35 9 100 1 2.70 0
5 35 8 45 4 1.00 0
6 37 13 29 4 0.40 0

10 34 9 180 1 8.90 1

17 38 14 130 4 4.70 1

19 46 21 193 2 8.10 1

30 38 13 119 1 3.30 1

39 42 18 141 3 5.00 1

43 32 7 132 4 1.10 1

48 37 12 194 4 0.20 1

8 Records

(6-No & 2-
Yes)

13 Records

(6-No & 7-
Yes)

3 Records
(3-Yes)

2 Records
(2-Yes)

S Records
(5-No)

2 Records

(1-No & 1-
Yes)




13 Records
{6-No & 7-Yes)

4 Records 1 Records 2 Records 6 Records
(2-No & 2-Yes) (1-Yes) (1- No & 1-Yes) {3-No & 3-Yes)
hS A e o N o h o N
4 Records 0 o
(2-No & 2-Yes) Records

Total entropy

12

0.8

0.6

0.4

0.2

H}(/_,,X”

0.2 0.4 0.6 08



E=-— Z pilog.(p;)
=1

w

E e
’ ZD (D)

ID Age | Income Family CCAvg Personal Loan

1 | Young Low 4 | Low 0

2 | Old Low 3 | Low 0

3 | Middle Low 1| Low 0

4 | Middle Medium 1| Low 0

5 | Middle Low 4 | Low 0

6 | Middle Low 4 | Low 0

10 | Middle High 1 | High 1

17 | Middle Medium 4 | Medium 1

19 | old High 2 | High 1

30 | Middle Medium 1 | Medium 1

39 | Old Medium 3 | Medium 1

43 | Young Medium 4 | Low 1

48 | Middle High 4 | Low 1

—Zlog, (f—a) — Zlog,(Z) = 0.995727
CCAvg
Fraction Loan=No | Loan=Yes | Entropy

Low 0.615385 | 0.25 0.75 0.81
Medium | 0.230769 | 0.00 1.00 0.00
High 0.153846 | 0.00 1.00 0.00
Entropy | 0.499248




8
ENntropyccavg = 13 E(6,2) +

13

3 2
E(0,3) + = E(02) = 0499248

Iecavg = 0.995727 — 0.499248 = 0.496479

Iramity = 0.995727 — 0.923077 = 0.07265

)+ @)

CCAvg
Fraction Loan=No Loan=Yes | Gini
Low 0.615385 | 0.250000 | 0.750000 0.625
Medium 0.230769 | 0.000000 1.000000 1.000
High 0.153846 | 0.000000 1.000000 1.000
Gini Index 0.769231
Family
Fraction Loan=No Loan=Yes Entropy
1 0.307692 | 0.5 0.5 0.5
2 0.076923 | O 1 1
3 0.153846 | 0.50 0.50 0.5
4 0.461538 | 0.50 0.50 0.5
Gini Index 0.538462
Men Female
Number Age Married Number Age Married
Man 1 1 No Woman 1 41 Yes
Man 2 2 No Woman 2 42 Yes
-h-/-lan 40 40 i\.l-o .\}\-loman 59 99 §’-es
Woman 60 99 No




Partition D into D4, (training / “growing”), Dyaidation(validation / “pruning”)
Build complete tree T on Dyqin

UNTIL accuracy on Dyajidation decreases DO

FOR each non-leaf node candidate in T

Temp[candidate] «Prune (T, candidate)

Accuracy[candidate] «Test (Temp[candidate], Dyaiidation)

T« T eTemp with best value of Accuracy (best increase; greedy)

RETURN (pruned)
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Income=1,2 . Income=3
/ -
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-
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Family=1,2 ‘~~\Family=3,4
/
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’ -
Ccavg=2

/

/
0
0 -~
Family=3 - Family=4
i \\
Age=1



1
! 2 3
2/ 3 4
Terminal Terminal
node node
2 -- 3 4
I3 6l 7
Terminal Terminal
node node
1 2| 3 1 3
8 gl { 10 116 17
Terminal Terminal Terminal Terminal Terminal
node node node Age node node
1 2 3
. 13 . 14 1 15
Terminal Terminal Terminal
node node node
1
Axis—-Parallel Tree Associated Decision Boundaries
Comp 2 < ~0.370309
. 2 _
- 4 444411 4 ity
Comp.3 < |-0.495977 Comp 3 <|0. 451766 g o |* “5 # 4 f "
8 4 g az;-'1 oo 1 ‘
Complg_q:_-l 130916 . R ;:éi . LR
— o [ = 1
4 [ 22 ¥F b 111
4 el
23 2 ]
Comp.2 = 0.4492 Comp.3 ¢ 0.80047 T e
3 3 1°
T T T T T
Comp.2 <|0.149344 -z -1 a 2
—Cemp2<0.336762



1D 2D 3D

Oblique Tree Associated Decision Boundaries

1.51+11.19Comp.2-15.07Comp.3<0

Comp.3
]

29 24220 72Comp|2+44 06Comp.3<0 —3.07+7.18Comp|2-0.52Comp 3<0 v

=2




Data Universe

Data Subset 1 for
Decision Tree 1

Data Subset 3 for
Decision Tree 3 Data Subset 2 for

Decision Tree 2



“

1 X1
X1, X2,X3
2 X2 variable set for
Decision Tree 1
3 X3
X3, X4, X5
a i variable set for
Decision Tree 2
5 X5
Xa, Xb, Xn
variable set for
M ¥n Decision Tree 3

MSE| 1, (p) |= 0[%4)]

m

Dimensionality | Required Sample Size
1 4
2 19
5 786
7 10,700
10 842,000

d,,<P<m,P<x>)=\/z(JP<Y.»IXf)—JP<Y X))

eV

High Low 0

=

High High




CHAPTER 6

[Deep learning based (ANN) ]

[Regresslon analysls based ]

Clusterlng methods based ]

[ Ensemble methods based]

[Dlmensionallw Reductlon based

Dedsion Trees based ]

[Assoclatlon Rules based ]

[Baveslan methods based ]

[Radim basis functions )—categoized under—p| eager learning

_‘alguﬂthm/_—:[ Case based reasoning ]
‘R“-u.
/ [ Mearest Neighbor implemeantation ——'P-
[ Locally Weighed Regression )“\c;t\ehﬁ‘orlzed und er—lr
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D(x,x’): Z

|2
Xy —xd|
D(xx)=3 1, .

Feature 2

- -
—

p:n:

1
]
|
Ll
1
i

p-:

ca=d

Feature 1



Learn

o Case

k

matching o Matched

Retain

Cases

Case
Base

Knowledge and
Adaptation rules

Closest Reuse Revise

Case

o Suggest
solution

\,/
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N
a— E Aty
i—0
N

1=0



w,=1-8a 3a+1-8a=-1
Sa=2



> X

K K N
A A .
A A

A ‘1‘

Ak -

> X




Minimize : ®(w) = %wrw
Subjectto : d,(w'x,+b)>1 Vi

v

Introduce slack variables & =0

v

Minimize : ®(w)= %wrw
Subjectto : d,(w'x,+b)>1-&, Vi

Polynomial:

Radial Basis Function
(RBF) or Gaussian:

Hyperbolic Tangent:

K,(X.Y)=(1+XeY)

e

K, (X,Y)=e 2°

Ix-y;

K, (X,Y)=tanh( S, XY + f3)




CHAPTER 7

(e s )

.

frq(X.Y)

Confidence =
frq(X)

Support
Supp (X )x Supp(Y')

Lift =



Proportion of transactions
in the data set that is of
interest

Overall Support over the
support for individual
attributes

Support

Lt = S opt0) % Supp)

The frequency of different
attributes contributing to

_ frq(X.Y) .
Corgitindes Srg(X) Confldence the purpose of a single
attribute in isolation




Number of rules
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C,: Candidate itemset of size k
L, : frequent itemset of size k

L, = {frequent items};
for (k= 1; L, '=@; k++) do begin
C,., = candidates generated from L,;
for each transaction ¢in database do
increment the count of all candidates in C,,,
that are contained in ¢
L,,; = candidates in C,,, with min_support
end
return v, L,;

ABCD=>{ }

Low -
Rule £ Yy

,' BCO=>A = ~ _ ACD=B ABD=>C ABC=>D
~
!

!

I

!

| Cco=>A8 BD=>AC = BC=>AD | AD=>8C  AC=>8D AB=>CD
\

\
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Data grouped into Clusters

> @2

Clustering

! y
Hierarchical Partitional
Clustering Clustering
agglomerative divisive
Similarity
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CHAPTER 9

( Association rule based

' - .
P | >
(Decision tree based ) | | Ensemble method based |

|
| S :
\ [ Y | Deep learning based (ANN) J

RRTS) - GS) i

e N *[ﬂ Clustering method basedJ
- SN T :
a— SN\ T~

[Dimensionallt\a reduction based J / | N, . .

/ \\[ Regression analysis based J
[ Bayesian method hnsod] AN

N,

- \\

[._ Kermel based J Instance based )

P —

YD P(X =xand ¥ = y)=1

P(X=x)=ZP(X=x,Y=y)=ZP(X=x|Y:y)P(Y=y)



10

10
11

10
11

12

X2 Y (X1+X2) | Z (X1-X2)

X1




Y
2 3 4 5 6 7 8 9 10 11 12 Marginal
Z
- 10 0 0 0 0 1/36 | 0 0 0 0 0 1/36
5
- 1/36 1/36 1/18
4
- 1/36 1/36 1/36 1/12
3
- 1/36 1/36 1/36 1/36 1/9
2
Z 1/36 1/36 1/36 1/36 1/36 5/36
1
0] 1/36 1/36 1/36 1/36 1/36 1/36 | 1/6
1 1/36 1/36 1/36 1/36 1/36 5/36
2 1/36 1/36 1/36 1/36 1/9
3 1/36 1/36 1/36 1/12
4 1/36 1/36 1/18
5 1/36 1/36
1/'.36 1/18 1/12 1/9 _5/36 1/6 5/36 | 1/9 1/12 | 1/18 | 1/36
Discrete Continuous
Barnouli Mormal
Binomial T distribution
Negative binomial Gamma
Geometric Chi Square
Poisson Expanential
Weibull
F Distribution
Possible demand X | Number of days Probability [P(X)]
3 3 0.06
4 7 0.14
5 12 0.24
6 14 0.28
7 10 0.2
8 4 0.08




Possible demand X | Probability [P(X)] | Weighted Value [XP(X)]
3 0.06 0.18
4 0.14 0.56
5 0.24 1.2
6 0.28 1.68
7/ 0.2 1.4
8 0.08 0.64
1 E(X) = 5.66
Possible demand X | Probability [P(X)] | Weighted Value [XP(X)] | Squared demand (X2) | Weighted Square [X2P(X)]
3 0.06 0.18 9 0.54
4 0.14 0.56 16 2.24
5 0.24 1.2 25 6
6 0.28 1.68 36 10.08
7 0.2 1.4 49 9.8
8 0.08 0.64 64 5.12
1 E(X) =5.66 E(X2) =33.78

lime! (ij [ 1 ij
n>o "\ p n

' A7
) n!
lim —
n—> r!(/z—/')! n

A

n

jl’ r
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10

Frequency

035
I

0.0
l

This is called Bernoulli trial

Flip the coin a number of
times

Increase the number of times the
coinis flipped, you geta
continuous similar to normal.
Increase the flips but
simultaneouslyreduce the
probability of success, you get
Poisson

Instead of looking at the
number of successes, if you ask
how much time, space it takes
to look at the first success, you
get a continuous function

Simple coin
toss

Binomial
distribution

Normal Poisson

Exponential




_ p(A)p(B|4)

PR = )
_p(H)p(D|H)
p(110)== p]ZD)
Prior

Probability Likelihood
\ /
_ p(H) p(D|H)

(H|D)=
P p(D)
Posterlgr Evidénce
Probability

TRAINMULTINOMIALNB(C, D)
1 V « EXTRACTVOCABULARY(ID)
2 N « CouNTtDocs(D)
3 for eachceC
4 do N, «+ COUNTDOCSINCLASS(ID, c)

5 prior[c|] < Nc/N
6 text; «— CONCATENATETEXTOFALLDOCSINCLASS(ID, ¢)
7 for eacht € V
8 do T, «— COUNTTOKENSOFTERM(fexf,, t)
9 for eacht €V
10 do condprob|t][c] «— —<ttl

Y (T u+1)
11 return V, prior, condprob

APPLYMULTINOMIALNB(C, V, prior, condprob,d)
1 W — EXTRACTTOKENSFROMDOC(V,d)

2 for eachceC

3 do score|c] «— log prior|c]

4 for eacht e W

5 do score|c| += logcondproblt||c|

6 return arg max,. score[c|



TRAINBERNOULLINB(C, D)
V «— EXTRACTVOCABULARY(D)
N «— CouNnTDoOCs(D)
for eachc e C
do N; « COUNTDOCSINCLASS(ID, ¢)
prior[c|] < N./N
for eachte V
do Nt — COUNTDOCSINCLASSCONTAININGTERM(DD, ¢, t)
condprob|t][c] «— (Ng +1)/(N.+2)
return V, prior, condprob

O RN W=

APPLYBERNOULLINB(C, V, prior, condprob,d)
1 Vi «— EXTRACTTERMSFROMDOC(V,d)
2 for eachceC

3 do score|c] < log prior|c|
+ for eachte V

5 doifteV

6 then score[c| += log condproblt|[c]

7 else score[c| += log(1 — condprob|t]|c])
8 return arg max, - score|c|

d =<t1,...,tk,...,tnd>,tk eV

dz(el,...,ei,...,eM>,

eie{O,l}
P(X =t|c)
P(U,=e|c)

p(c)HlﬁkSnd IS(thk |C)
f’(c)]_[,ie,, f’(U,. =g |e)
P(X =the|c)~0.05

P(U,, =1|c)~1.0



CHAPTER 10

[Association rules based ]

A
| [ Ensemble method based |

T INT—

-~ / | [Clusterlng methods based ]
[ Dimensionality reduction based ] ,*'J

fﬁ ‘ [Rngrudon Analysis based ]

[Ba‘;eslan method based]

Independent Variable(IV)

Dependent Variable (DV)

T e
categorical |#—of the types assessed{ for —»{ Bias |

Confoundin,

between I .
[Suparvlsid learning technique ] variables [ Quartites, deciles & percentiles l

Multicollinearity and | T definds

— - " inclidé: Correlation study
[‘Accuracy of data ]‘ singularity ‘T N Statistical & Algebric concepts \

employs

Fssimes Regression Analysis
eg vs! [ ANOVA & F ratio )
Theory of Hypotheses
ota dstation—{ pormal ) Zomv i)
[' Linearity l wpesr—\w

Expectation & Probability

| outliers

[Gananlllud Linear Model(GLM)

. ) [ Murtipre )
types—»{ Simple Logistic regression )
Multiple Logistic regression

generalizes

data distribution
works on

data distribution

| Bernouli '
)

Variance & co-variance

[' Quartiles, deciles & percentiles J

Correlation study
[ ROQI'ESSN-'"'I Aﬂﬂlvﬂs ]‘empluys—b[ Statistical & Algebric concepts ]—Include
_ T —a

[ Expectation & Probability - Odds Ratic]

[ AMOVA & F ratio

Theory of Hypotheses




Symetric Distribution Right-Skewed Distribution Left-Skewed Distribution

A A A

Mean = Median Median Mean Mean Median

Txi=%)(yi—y)
n

pxy:

Cor(x,y) = Px/0x0y



b
Variance = g% = fa x?P(x)dx



Company A|Company B (Company C
498.3 2437 250.15
515.25 245.75 250.25
5064 2427 250.25
504.8 244.65 253.55
536.95 250.95 236.8|.
512.55 2274 219.1
525.65 2403 206.5
538.95 2438 21645
51045 23525 217.9
503 238.35 2153
500.75 2314 218.15
496.45 228.15 217.55
4923 219.7 21515
496.6 218 205.4
Company A |Company B | Company C|A (returns) (B (returns) |C (returns)
498.3 243.7 250.15
515.25 24575 250.25| 0.0340157| 0.008412 0.0004
506.4 242.7 250.25| -0.017176| -0.012411 0
504.8 244.65 253.55| -0.00316| 0.0080346 0.013187
536.95 250.95 236.8| 0.0636886| 0.0257511 -0.06606
512.55 227.4 219.1| -0.045442| -0.0938434 -0.07475
515.65 240.3 206.5| 0.0255585| 0.0567282 -0.05751
538.95 2438 216.45| 0.025302| 0.0145651 0.048184
51045 23525 217.9| -0.052881| -0.0350697 0.006699
503 238.35 215.3| -0.014595| 0.0131775 -0.01193
500.75 231.4 218.15| -0.004473| -0.0291588 0.013237
496.45 228.15 217.55| -0.008587| -0.0140449 -0.00275
4923 219.7 215.15| -0.008359| -0.037037 -0.01103
496.6 218 205.4| 0.0087345| -0.0077378 -0.04532




A (returms) | B (returms) |C (returns)

0.0340157 0.008412 0.0004

-0.017176( -0.012411 0

-0.00316| 0.0080346 0013187

00636886 0.0257511 -0.06606

-0.045442( -0.0938434 -0.07475

0.0255585| 00567282 -0.05751

0.025302( 00145651 0048184

-0.052881| -0.0350697 0.006699

-0.014595( 00131775 -0.01193

-0.004473( -0.0291588 0.013237

-0.008587|( -0.0140449 -0.00275

-0.008359( -0.037037 -0.01103

0.0087345| -0.0077378 -0.04552
Sum 0.0026265| -0.1026342 -0.18764
Mean 0.000202| -0.0078949 -0.01443

A (returns) (B (returns) (C (returns)

-0.05288 -0.09324 -0.07475

-0.04544 -0.03704 -0.06606

-0.01718 -0.03507 -0.05751

-0.01459 -0.02916 -0.04532

-0.00859 -0.01404 -0.01193

|Median -0.00447 -0.00774 -0.00275
-0.00316 0.008035 0

0.008735 0.008412 0.0004

0.025302 0.013177 0.006699

0.025558 0.014565 0.013187

0.034016 0.025751 0.013237

0.063689 0.056728 0.048184




A (returms) |B (returns) |C (returns) |Cov(A,B) |Cov(B,C)

-0.0528806| -0.093843 -0.07475| 0.004562| 0.005184
-0.0454419| -0.103097 0.00133| 0.001505

-0.0171761| -0.03507 -0.05751| 0.000472| 0.001171
-0.014595| -0.029159 -0.04532| 0.000315| 0.000657
-0.0085871| -0.014045 -0.01193| 5.41E-05| -1.50E-05
-0.0083594| -0.012411 -0.01103| 3.87E-05| -1.50E-05

A (returns) |B (returns) |C (returmns) (Cov(A,B) |Cov(B,C)
-0.0044732| -0.007738 -0.00275| -7.30E-07| -1.84E-06
-0.0031596| 0.0080346 0| -5.40E-05 0.00023
0.0087345| 0.008412 0.0004| 0.000139| 0.000242
0.025302| 0.0131775 0.006699| 0.000529| 0.000445
0.0255585| 0.0145651 0.013187 0.00057 0.00062
0.0340157| 0.0257511 0.013237| 0.001138| 0.000931
0.0636886| 0.0567282 0.048184| 0.004103| 0.004047
Covariance 0.001015| 0.001154
Correlation| 0.939734| 0.942151

E(QQi—ia;x;) =

vy, a;X; = Y aiv(x)+2 XY a;a;cov (x;,x;)

i—1 G E(x;)

Gold IT Bank
Returns 15 25 17
SD 5 15 10
Gold IT Bank
Gold 1 -1 -0.5
IT -1 1 0.5
Bank -0.5 0.5 1
Portfoliol 0 1 0 25
Portfolio2 0 0.9 0.1 24.2
Portfolio3 0 0.8 0.2 234
Portfolio4 0 0.7 0.3 22.6
Portfolio5 0 0.6 0.4 21.8




SD

15

14.03

13.11

12.28

wh

0.1

0.2
0.3

0.4 11.53

wi

0.9
0.8
0.7
0.6

wg




Variation DOF
Total 30(8(mn-1)
Within 6|6(m(n-1)
Between 24{2(m-1)
N
Null hypothesis: N

Ho:p1 =tz = 3 —

Direct path way

We want to measure
if smoking has any

direct effect on
coronary heart
diseases

Heart
Disease

Smoking

And that Non-
smokers are
younger

Age P AR



min: 5:1
atleast: 20:1
vaTue
]

| Number of cases

| Multicollinearity and |
singularity

| Accuracy of data

( Wkey ass”mpunns-‘ Regression Analysis ]
| outliers
_J Homoscedastncnty l

| Normaility ’ | Linearity '

200

100 -

Std. Dev=13.33
Mean = 504

M=1207.00

200 300 400 500 GO0 700 8OO 90.0
2650 350 450 550 BSO0  750 850

Age fyears)



Scafterplot

Dependent Variable: Age (years)
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Fegression Standardized Predicted Value

| Generalized Linear Model(GLM)

wpes____b[:ﬂmpie regression J
/T

data distribution

| Poisson l

|, Polynomial regression ] | Multiple regression ]

data distrlbutlnn—H’ Mormal I

types—| Simple Logistic regression J

| Multiple Logistic regression J
data distribution "

| Bemoulli.l

WOrks on

Probability &

Odds ratio

Trons # | Commision (%)
5000

17000

11000

8000

14000

5000

Gh [ | W s




18000

17000
16000 /A\
14000 / \ /\14099
12000
[ N /N
10000
2000 / \/SGDG \ Commission (%)
oo 1 \
I 5000 \ 5000
4000
2000
0
1 2 3 4 5]
Trons # | Commision (8)
1 5000
2 17000
3 11000
4 3000
5 14000
5] 5000
Mean 10000
18000
17000
16000 /A\
14000 / \ /\14909
12000
_/ \IDDD / \ The "best" fit
10000 _——
2000 / \78838 \ Commision ($)
oo ] \
I 5000 \ 5000
4000
2000
0
1 2 3 4 6




Truns # | Commision ($) error
1 5000 -5000
2 17000 7000|
3 11000 1000|
4 8000 -2000
5 14000 4000
6 5000 -5000(
Total Error 0}
18000
16000 Al?[}[}[}

14000 / \

12000 _/ \
11000 / \ The "best" fit

10000 \ S

2000 —— / \78000 \ — Commission (5)

/ 5000 \ 5000
4000
2000
0]
1 2 3 4 5 6
Trons # | Commision () error error A 2
1 5000 -5000( 25000000
2 17000 7000( 49000000
3 11000 1000 1000000
4 8000 -2000( 4000000
5 14000 4000 16000000
6 5000 -5000( 25000000
SSE 120000000




Transaction (S§) | Commision (S)
34000 5000
108000 17000
64000 11000
88000 8000
99000 14000
51000 5000

18000
16000
14000
12000
10000
8000
6000
4000
2000

& Commission (3)

*

*

T
50000 100000 150000




18000

16000
14000
12000
10000
8000 @ Commission ($)
6000
4000
2000
0 T T T 1
60000 80000 100000 120000
Transaction ($)| Commision (%)
34000 5000
108000 17000
64000 11000
88000 8000
99000 14000
51000 5000
74000 10000
18000
*
16000
14000 L 4
12000
10000 CENTROID (74000, 10000)
2000 E . # Commission (5)
1
6000 :
1
4000 :
1
2000 :
1
D T I T T 1

60000 80000 100000 120000




X = mean of theindependent variable

¥ =meanof thedependent variable

1

¥, =b, +bx,

B > (%-%)(»-7)

2 (%

Py

%)

x, = value of independent variable

v, =valueof dependentvariable

Transaction ($)| Commision (3)| Txn Deviation[Comm Deviatiol] Dev Product |Square Txn Dey|

34000 5000 -40000 -5000( 200000000 1600000000

108000 17000 34000 7000( 238000000 1156000000

64000 11000 -10000 1000 -10000000 100000000

88000 8000 14000 -2000( -28000000 196000000

99000 14000 25000 4000| 100000000 625000000

51000 5000 -23000 -5000( 115000000 529000000

Mean 74000 10000 Sum 615000000 4206000000

LR R

Vi = by + b1 x;

= =

bo

=(0

.8188

intercept

OR

b, = 0.1462

—0.8188 + 0.1462x
0.1462x — 0.8188

slope



18000

16000

14000

12000

10000

8000

6000

4000

2000

-

CENTROID (74000, 10000)

*

20000

40000

60000

80000

100000

120000

# Commission ()




Yy =|Bo + B1X1 + Paxy + - Bpxp|tH€E

linear parameters error

E(®) = Bo + B1x1 + B2xz + -+ BpXy

error term assumed to be zero

y = by + byx1 + byxy + -+ byxy,
by, by, b, ... b, are the estimates of S, 1, B2, ... Bp

y = predicted value of the dependent variable

120
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100 A
50 4

B0 A E
o

40 4 B é

20
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pPi =

120 -
HAPPINESS B

100 A

alenofulalenle na]

B0 Dgn E

E 3
B0 - B g
40 H E 5
:
20 . E
2 0 2 4 B g 10 12 14

FRIENDS

17 o= (atbx)) (This is called the logistic response function)
e

log - = a+bx;
g
1-p;
Pi — ec’i+5xi
1-p;
L €ﬁ+ﬁxl
p!’ — 1+eﬁ+5xl
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CHAPTER 11

( Association rules based |

3
Decision tree based | W (Ensemble method based}

[Dlmenslonallty reduction based)]

(auswing methods based)]

(Regrsslon Analysis based)l

(Bayeslan method based]J
T (intane boed )

( Kernel method based |

Hul:ﬂ! brn::gwav Deep Belief Network (DBN)
Geoffrey Hinton | ;' [Suppon Vector Madine]/'
Machine learning
(Fongo i) ine "o [ .

key Contributors, /‘:jT;___'[—]
-~ 4—1 Max-Pocling CDBN
3] mlE——y

Deep Recurrent Neural Natwurk]

[Mullllaver Permmnsiﬂ[ Convolutional DBN |

problem

chara nsth
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Terminal branches of axon
(form junctions with other cells)

Dendrites AV
(receive messages '
from other cells)

- Axon

_ (passes messages away

7 from the cell body to
Cell body other neurons, »,
(the cell’s life- muscles, or glands i *
support center; » A

Myelin sheath
(covers the axon of some
neurons and helps speed

A . Neural impulse neural impulses)

\ (electrical signal traveling
down the axon)

Signal Flow Direction

L
® 9
o
@ ®
® L J
[
®
Axon Synapse

Dendrite

v
g




Y

y=b+ i(wixi)
i=1

z = b+2x{-wf-
i

{Z if z >0

0 otherwise




—

output

threshold
weighted input —

z :b+i(w,.xi)
i=1

Sigmoid

T —




Y
0 |
- —>
input
variables
X1 variable
weights
w .
X L.
neuron j
W), J
activation output
3 s z function Yj
eg: RelU, sigmoid
an



% g % output layer

input layer
hidden layer

\
o0

\

W
»

tput layer
input layer

hidden layer 1 hidden layer 2




3 hidden neurons 6 hidden neurons 20 hidden neurons

Image/Video
Pixels

Simple
Classifier

Feature representation

3rd layer

Input data “Objects”

2nd layer
“Object parts”

1st layer
”Edges"
Lee et al., ICML 2009;

CACM 2011 .
Pixels




Elmamn Networks R i

' Hopfield Networks
" Multilayer Fully Connected Feedforward Networks MLP

Neural Networks)—tvm—————P (Multilayer Perceptron)

) \ , | Radial Bias Function Neywork (l;F)J
| Jordan Networks ' ;

" Dynamic Learning Vector Quantization (DLVQ) Netwodtsj

Input 1st hidden 2nd higden Output
layer layer layer layer

C = o 3 lu(a) - a(@)|?
C = %E;E Cy

Co = 5lly — a®|?



cost C' = C(a®)

1 1
C= EH’U— a"||* = EZ(% —aj)’
J

9C/0w', and HC /b,

o 9C

j I
sz

Measures how the
activation function
changes at the current
position in the network

Measures how the cost
function changes based
on the jth activation
output



5l — (l+1)

Transpose of the weight Hadamard product, this
matrix at 1 +1, this moves the error

moves the error backward through the
backwards through the activation layer |
network

BEINEIBH RN

9C _ 5t
o,

o 0

2l = wla" ! + b and o' = o(2)

AR

depth
SRR e
- - :.:.:.:o:.::. -
0.0.0.0.0,
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CHAPTER 12

learning from based on actual
interaction experiences
Autonomic computing
Elevator scheduling \ / oles (oo
olicy (Solution’
Network packet routing is Decision making _
Reward

Cell phone channel allocation [#4——USe cases
primary”goal Functianal Approxlmatlon
key attnbutes

Partially Observable
MDP (POMDP)

basis
[ Reinforcement Iearnlng 15— special cases

Markav Decislon Process (MDP) )_— “—‘b
H f; | 4——basic RL model \
Agent-Environment Interface methods . properties |

learning tvpes
OMNLY present matters!

‘--. Off-policy learning

Certainity Equivalence] Direct \earnmgl

Dynamic
programming

[ Eligibility Traces]

compaosition

> Monte Carlo methods

LOn policy learning ]

Indirect learning

Policy Gradient

Perception [ Simple Decision theory]

Temporal Difference (TD)
) )

Learning
Subfields

~

Supervised Learning
Unsupervised Learning
Reinforcement Learning
Semi-supervised Learning
Deep Learning




Supervised .
learning

f\ =
Unsupervised \ \ \
learning / 4 4
L/ _______ P o —

Reinforcement /-’:( F—\. D

learning

Policy

- Action
Reward M
Environment

13 23 3.3 43

1.2 2,2 3,2 42

1.1 21 3.1 41



up

LEFT & —> RIGHT

¥

DOWN

Start




state reward action
: r, a
3

b
' s., | Environment |"—

Agent and environment interact at discrete time steps : =01, 2, ...
Agent observes state at step 7: 5, €S
produces action at step ¢: a € A(s,)
gets resulting reward : 7, ER

and resulting next state : s, ;

Tt 41 2/ ) YO
S L S L S -
4 L+l +1 @at+2 @at{%

o

T += argmax T (E [Z r'R( s, ) /]

=0

R(s)#Ux(s)=E [}, T'R(s)/m, 5o = 5]

5l

U(s)=R(s) + ymaxmn E [Z T(s,a,s1)U(s1)]



- -
VZ(s) — max Q" (s,a)
ac A(s)
S§1=S8, a¢=a}
o0
= maxEﬁ-{E Vo reri+1 st=s,a¢=a}
a
k=0
o0
— max E K - -
= MAX figs Tt41 Y ) Y Tirk+2 | St=8, @ =a
k=0

— max E {ry + YV (st41) | se=5, a4 =a}

= max E,,-{ R,

— Pa [Rey + V().
o240 2 o R +9V(s)
1. Initialization

V(s) € R and = (s) € A(s) arbitrarily for all s € S

2. Policy Evaluation
Repeat
A0
For each s € S:
v — V(s)
V(s) = T, PO [RIP +9V(e)] =
A — max(A, |[v — V(s)|)
until A < # (a small positive number)

3. Policy Improvement
policy-stable « true
For each s € S:
b — m(s)
m(s) « argmax, »__, P2, ['Rgs, + '*,'V(s’)]
If b # 7(s), then policy-stable «— false
If policy-stable. then stop: else go to 2



Initialize V arbitrarily, e.g..V(s) =0, for all s € ST

Repeat
A0
For each s € S:
v V(s)
V(s) «— max, Y, P% (R + V()]
A — max(A, |v—V(s)|)
until A < @ (a small positive number)

Output a deterministic policy, 7, such that
7(s) = argmax, ), P2, [Rgs, + 'yV(s’)]

Ly ¥
Sy Ste12 Gy St+2:Gp42

Qs ar) — Qs ar) + Q[THI +9Q(5¢11. argr) — Q(Shﬂt)]-

Initialize Q(s, a) arbitrarily
Repeat (for each episode):
Initialize s
Choose a from s using policy derived from @ (e.g., e-greedy)
Repeat (for each step of episode):
Take action a, observe r, s
Choose a’ from s' using policy derived from Q (e.g., e-greedy)
Q(s,a) — Q(s,a) + afr +1Q(,a’) — Q(s,a)]
s—s:a—d;

until s is terminal
Qsi,a;) — Qs a4) + [?"f+1 + ’THIEX Q(si11.a) — Q(s4, Gt}] .



Initialize Q(s.a) arbitrarily
Repeat (for each episode):
Initialize s
Repeat (for each step of episode):
Choose a from s using policy derived from @ (e.g., e-greedy)
Take action a, observe r, s
Q(s,a) — Q(s,a) + a [r + vy max,y Q(s',a’) — Q(s, a)]
s — g

until s is terminal

AN
\ .
——— Policy ———
AN
Actor
3y TD
Critic y error
Value :
state — . i
Function action
ra
/
reward

—[ Environment }—f

Initialize p and Q(s,a), for all s, a, arbitrarily
Repeat forever:
§ « current state
Choose action a in s using behavior policy (e.g., e-greedy)
Take action a, observe r, s
Q(s,a) — Q(s,a) + o [r — p+ maxy Q(s',a’) — Q(s,a)]
If Q(s,a) = max, Q(s,a), then:
p—p+ 3 [r — p+ max, Q(s',a’) — max, Q(S,a)]




CHAPTER 13

( Association rules based |

F
G -, )
\

( Reinforcement learning based]

[quswlng methods based)

[negresslon Analysis based )

Bayesian method based
( ]
Instance based

( Kernel method based |




Training dataset

Derived Subset Derived Subset Derived Subset
Step1 dataset dataset dataset
D1 D2 Dn

Step 2

Combined
Classifier

Step 3
P C

Base classifiers:
A test instance:




A wrong prediction

+1

+1

Truth label: -1 [#Precerretyen

error rate: 35%, acc: 65%

3. (3) . .
[.]8’(18)%; =3%x0.35"x0.65+1x0.35x1=0.2817

i—2 \ !

SIER i 25-i _
Y| T lE(1-e)” =0.06

A

=13



Ensemble classifier error

The base classifiers are

09r identical (perfectly correlated)

T

0.8
0.7

0.6

05 +— The base classifiers are independent

041
0.3

T

0.2

T

(I —a—a—a—b

0 0.2 0.4 0.6 0.8 1
Base classifier error

NETFLIX \_ e

Watch Instantly Browse DVDs Your Queue Movies You'll @

Congratulations! Movies we think You will ¥

Add movies to your Queue, or Rate ones you've seen for even better suggestions.

Spider-Man 3 X The Rundown Bad Boys Il

RRRA RRRRY R KRR 1 2 2. 3
Las Vegas: Season 2 Robot Chicken: Season 3

(6-Disc Senes)

(2-Disc Series)




Intensity of vibration (x,)

Non-anomalous case

—> anomalous case

>

Heat generated(x,)

Learning

system

]

Transfer
learning
process

=

Learning

system




Supervised
Learning

Semi-
supervised
Learning

Unsupervised
Learning

SVAM,
Logistic Regressi

Boosting, rule
ensemble, Bayesian
maodel averaging,

Bagging, random
forest, random
decision tree

Semi-superviseq
Learning,
Collective Inferenfe

Multi-view Learning

Consensus
Maximization

K-means,
Spectral Clusteri

Clustering Ensemble

Single

Models

Combine by
learning

Combine by
consensus




Ensemble method for Supervised learning
Combining the “learning” technique

Labelled Data €

v

dataset
D2

Combines

the learning
from the
labelled

data

L

Ensemble
Model

 Unlabeled
data

Prediction

Training
dataset

Testing
dataset



Ensemble method for Supervised learning
Combining the “consensus” technigue

—
Labelled Data
S Training
dataset
Ensemble
Model
~ Unlabeled
data Tasting
dataset
Combines the predictions Final
based on majority voting Prediction

Cl"raining Samp]@ —_— hl

@eighted1_rSamQE — h

2-\_\_\_\_\_‘_‘—‘—&

H

( Weighted Sample )— h




H(x) = ngn(i a,h,(x))

Given (X4, ¥4),-.., (X, ¥,n) Where xeX, yef-1, +1}
Initialise weights D,(i) = 1/m
Iterate t=1,...,T:

=1 Train weak learner using distribution Dt

=1 Get weak classifier: h,: X - R

=1 Choose aeR

0 Update: p,,,(j)= 2D~y (x,)

Z

!

= where Zt is a normalization factor (chosen so that Dt+1 will
be a distribution), and «,

1 l-¢
a,=—In !
£

Output — the final cla}’ssiﬁer
H(x) = sign()_a,h,(x))

=1

>0

e %o - .
@ 0 g} @ O. ® 'Y | Data points class label
..OOOO O ° o @ v:=+1
.. 00 OO O ... O ye=-1
O @) O .. ) Data points weight value
® o _o00




Data points class label

O y:=+1

O yt=-1
Data points weight value
wt=1

Data points class label

@ y:=+1

O y=-1
Weight value updated
wt = wt exp{-yt, H}




Data points class label
@ y:=+1
O y=11

Weight value updated
wt = wt exp{-yt, H}

Data points class label

Weight value updated
wt = wt exp{-yt, H}




BAGGING

Training phase
1. Initialize the parameters
* D =@, the ensemble.
* L, the number of classifiers to train.

2. Fork=1,...,L
« Take a bootstrap sample S; from Z.

» Build a classifier D; using S; as the training set.
* Add the classifier to the current ensemble, D = D U Dy.

3. Return D.

Classification phase
4. Run Dy, ..., D, on the input x.

5. The class with the maximum number of votes is chosen as the label
for x.




the expected

discrepancy
between the | i
-~ is squared
estimated and discrepancy
" true function between averaged
'. estimated and
E[(f(/\’)— ﬁ[f(\ )])-] true function

Expected Error = Variance + Bias eG0)- )]

is expected
divergence of the
estimated
function vs. its
average value

(E[F ) el ()

Index of an instance

/

OriginalData | 1 | 2 | 3 | 4 | 5| 6| 7| 8| 9 |10

Round 1 7 8 10 8 2 5 10 | 10 5 9
Round 2 1 4 9 1 2 3 2 7 3 2
Round 3 1 8 5 5 9 6 3 7

-



Require: [ (an inducer), 7" (the number of iterations), S (the training
set), d (weighting distribution).
Ensure: Mg:t=1,....T
1: t— 1
2: repeat
3: 8¢ « S with random weights drawn from d.
4:  Build classifier M, using I on S;
5 t++
6: until ¢ > T

\ tree

tree At each node:
choose some small subset of variables at random
find a variable (and a value for that variable) which optimizes the split

o
o ay L ajalala)




Algorithm 1 Friedman’s Gradient Boost algorithm

Inputs:

input data (x, y)fi,

number of iterations M

choice of the loss-function W (y, f)
choice of the base-learner model h(x, 0)

Algorithm:

I: initialize fo with a constant
2: fort =1toMdo

- &

4:
5:

6:

compute the negative gradient g;(x)
fit a new base-learner function h(x, 6,)
find the best gradient descent step-size p;:

N -
p; = argmin, Y, W [y,',f,_l(x,') + ph(x;, 9:)]
=]

'update the function estimate:
fr < fi—1 + peh(x, 6;)

7: end for




Ensemble method for Unsupervised learning
Combining the “consensus” technique

Clustering Clustering Clustering
Algorithm 1 Algorithm 2 Algorithm n

\/

- Unlabeled :
data

Combines the partitioning Final
based on consensus —— Clustering

base clustering models

1 i

Cik Ca Cs|C

(331 1 1 1 1

‘ (30 1 2 2 2
objects ‘ Vs 9 1 1 1
V4 2 2 2 2

U5 3 3 3 3

v /3.4 3|3

/- x

they may not represent The goal: get the consensus clustering
the same cluster!



CHAPTER 14

for Machine learning

decoupling visualization from — |‘
analytics store / new generaion architecture paradigms
- T~ e I

‘ Data Architectures J

" facilitates a special case of _— —

??rule based data modeling

Flexible & Extensible data model |
fOntology based Data modeling

If

—_facilitates |

faCHilia[eS’_

faC\IiFa[ES

|
real-time & batch processing

leveraging best of Big Data / NOSQL
& RDBMS data stores

h

Virtualization of querying
- across data stores
co-existence of multiple data store

Shared Disk Data Architecture

I I . Processor
— . Memory

|
| o -

Media

Images, video, audio etc.

— Data Storages

+++| RDBMS, NoSQL, Hadoop, file systems
o) et

Archives

Scanned documents, statements,
medical records, e-mails etc..

o

o

Docs
XLS, PDF, CSV, HTML, JSON etc.

0 [m) [cim

Business Apps

CRM, ERP systems, HR, project
management etc.

+
|

;

Social Networks

Twitter, Facebook, Google+,
Linkedin etc.

Public Web
Wikipedia, news, weather, public
finance etc

HRCN©)

D EX

Machine Log Data

Application logs, event logs, server
data, CDRs, clickstream data etc.

Sensor Data

Smart electric meters, medical
devices, car sensors, road cameras
etc.



UNSTRUCTURED

ST“”"T““E". . [ . . - - [
=

HIGH

MEDIUM

Low

Archives Docs Business Media Social Public Data Machine Sensor
Apps Networks Web Storages Log Data Data
B complexity [ velocity [l Variety Volume

Structured

= P
( | Unstructured |

Semantic Data tc Integrate e

l .

Rewese"tatwn Gl ) I —
Seml-Structured Data Warehouse o [ Descriptive

. o - [NosaL | A : —
should ‘support [ Operational } | \\tvp /S/_; _'" Predictive / O'pt'mizat'o"
| _Data Store %, isiication /,:' b| RDBMS | LA -

t\\f‘p'eé: )

faulltateI building | pata A ation . Real-time
| = [ 99"99 [ Data Storage Data Ingeshun _

_ a J ~ . Batch
[Ex“ad TE::if)orm Load] _c°n5$-';9577-._,_‘ Ieads lo Data Extractlon 7L cnntext ":'

—
| Data Integration

requires \requlres \__ \

—
is a function of O\ N \ |

| N\ ”/ -
AR . ) \ Reporting
" — facili N Data Validation
LELE GIETTST | facmtat'is\ . & Cleansing ‘ \\ \ /
TS0 \\' /-" _,| In-memory/Cache
< key elements—

\ Data TransformatlonJ - |

Data Dlsh1but|nn

[ Data Architectures for l

modern Machine learning




How can we make it happen ?

Prescriptive
Analytics

What will happen?

Predictive
Analytics

Why did it happen?

Value

Diagnostic

Analytics

What happened?

Descriptive
Analytics Evolution of Analytics &

changing perspectives

Complexity



>

Velocity

REAL TIME ‘—-

MIIII >

Volume

— ¥ BaTCH

Semantified Common Data Repository

Data
Ingestion

.

Data Query

Mana gement Management

Low Cost, High Performance Storage
Flexible, Easy-to-Use Data
Organization
Performance-Optimized Analytics
Automation of most manual
Development and Query Activities
Self-Service End-User Features
Intelligent Processing



hardware

operating

system

| DataSources Layer |

Stores

Data
Streams

(i

language model
syntactic
v —— ~+ schema
~ T T 7
. / N _
system | Heterogeneity  structural
~ ™ representation
semantic t
PN /
e A //
scaling & units =~ naming “
‘,-f""'-r ‘H"H..“
synonymy  homonymy
Gata Movement Layer \

Integrated Metadata

S

RDF Stores

Data Semantics
RDF/ RDFS/ OWL/SPARQL

Batch

|

Data Validation

\

DataIntegration

|

Data Quality

Reconciliations

ETL Process

Near-Real

Real-time

Warehouse

m
=
_|
m
X
T
=
n
=
)
=
b
<
0
m
w
=
wn

Analytic
Engines

Reporting
Engines

Visualization ‘

Engines




Availability

CA AP
[RDBMS [Cassandra
Greenplum Riak
Vertica...] CouchDB...]
Consistency Partitioning
cP
[HBase
Redis
MongoDB...]

Speculative Retailers Web Application

Financial Data Shopping Cart Recommendations

Product Catalog Reporting Analytics User activity logs




7

new data

pY

-

batch layer

A

-

serving layer

‘ batch view

-

master dataset ..
batch view I R
— '”,,'
= o
*f 'n\
speed layer e ﬂ

real-time view

real-lime view

e —




