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1. Overview



Machine Learning Taxonomy il

1. OVERVIEW

Highlight on important approaches /\

Supervised Unsupervised

e e s

Line ar No Ill l near K-Means EM  Self-Organizing

Linear Logistic  Perceptron /\

Maps

Regression Regression

Single Combined

/
Bagging Boosting Random

Easy to lnterpret — Hard to Interpret Hotpets

/‘ / \ [\
Decision Rule Naive k-Nearest Multi-Layer SVM
Trees Learning Bayes Neighbours Perceptron




2. Rule-based Machine Learning



A Perfect World for Rule Based ML KASAN

& Perfect world

» Training Data

= Error-free, Noise-free

— No observation error, No inconsistent observation
» Target Function

=  Deterministic

— No stochastic elements

= Contained in hypotheses set

— Full information to regenerate the system

€ Real world

> Noise

> Inconsistence
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FA(Function Approximation) el

2. Rule-based ML

€ Example : EnjoySport

Feature O L abel Y
Sunny Warm Normal Strong Warm Same Yes
Sunny Warm High Strong Warm Same Yes
Rainy Cold High Strong Warm Change No

i_ Sunny Warm High Strong Cool Change Yes

o Instance X
Training dataset D

Target Function C Approximation Hypothesis H
C(X) : X—>Y H(X) : X=YinD

7/43



Graphical Representation of FA KASAN

on your side

2. Rule-based ML

& Hypotheses H

» conjunction of constraints on features

Assumption : Hypotheses Space H includes Target Function C!

Instances X Hypotheses H Specific

a C
%

\_/.

Xwith_mjr

X,: <Sunny, Warm, Normal, Strong, Warm, Same> h;: <Sunny, ?, ?, 72, Warm, ?> General

X,: <Sunny, Warm, Normal, Light, Warm, Same> h,: <Sunny, 7, 7, 7, Warm, Same>

X3: <Sunny, Warm, Normal, Strong, Warm, Change> h;: <Sunny, 7, 7, Strong, Warm, 7>

8/43



Find-S Algorithm il

2. Rule-based ML

€ Find-S

» Objective :- Finding a Maximally Specific Hypothesis

» Method :- Search Hypotheses Space in General-to-Specific order

Initialize h to the most specific in H // < @, &, &, O, O>

FOR instance x in D {
IF x is positive {
FOR feature f in O
IF £, in h == f;, in x
Do nothing

ELSE

£f,in h=f, in h U f, in x

RETURN h
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Find-S Algorithm (1/2)

KASAN

on your side

2. Rule-based ML

Instances X

€ Example
Step Instance x Hypotheses h
0 |- <0,0,0, 0, 0>
1| X2 :<Sunny, Warm, Normal, h, : <Sunny, Warm, Normal, Strong,

Strong, Warm, Same>

Warm, Same>

X, : <Sunny, Warm, Normal, Light,

h, , :<Sunny, Warm, Normal, ?, Warm,

Hypotheses H \

2
Warm, Same> Same>
_ _ h; , 5 :<Sunny, Warm, Normal, ?,
3 X5 : hegative — do nothing -
Warm, Same>
4 | Xa: <Sunny, Warm, Normal, hy 234 :<Sunny, Warm, Normal, ?,

Strong, Warm, Change>

Warm, ?>
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Find-S Algorithm (2/2) Haloh.

2. Rule-based ML

& Properties

> Ignores every negative example
» Guaranteed to output the most specific hypothesis consistent with the positive

training examples (for conjunctive hypothesis space)

€ Problems

» Converged to the correct target concept ?
— No way to know whether the solution is unique
» Why prefer the most specific hypothesis?

How about the most general hypothesis?
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Version Space ekl

2. Rule-based ML

&€ Version Space

» Many hypotheses possible, and No way to find the convergence

— Setup the perimeter of the possible hypotheses

> Definition :- set of the possible hypotheses
= General Boundary G, Specific Boundary, S
= Every hypothesis, h satisfies
VSyp={hEH|dsES, dgEG, g>h>s}

where x > y means x is more general or equal to y
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CEA(Candidate Elimination Algorithm) KASAN

2. Rule-based ML

Initialize S to maximally specific h in H // SO : {(< 0, @, @, O, 0>}
Initialize G to maximally general h in H // GO: {?, ?, 2?2, 2, 2, ?>}

FOR instance x in D
(A) IF y of x is positive // special - general
(A-1) Generalize S as much as needed to cover o in x

(A-2) Remove any h in G, for which h(o)# y
(B) IF y of x is negative // general - special

(B-1) Specialize G as much as needed to exclude o in x
(B-2) Remove any h in S, for which h(o)=y

Generate h that satisfiesdsEs, dgy&s6, g2 /£ 2 s
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CEA Examples (1/4)

X1_>
)(2_>
)(3_>

X4_>

sunny

Sunny

Warm

Warm

Normal

High

Strong Warm
Strong Warm
(A-1) | X,
(A-1) | X,
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Same

Same

KASAN

on your side

2. Rule-based ML

Yes

Yes




CEA Examples (2/4)

X1_>
)(2_>
)(3_>

X4_>

KASAN

on your side

2. Rule-based ML

Rainy

Cold

High

Strong

Warm

Change

No

(A-1) | X,

(A1) | X,

(B-1) + X,
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CEA Examples (3/4) KASAN

2. Rule-based ML

X1_>
)(2_>

)(3_>

Xy —> saunny warm High Strong Cool Change : Yes

(A-1) v+ X,

(A-L)v X,

A-1 X

(AL ¢ conflict
— — r —=
T B " e

(B-2) X,

1
(B-T1)4 X,
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CEA Examples (4/4)

€ How to classify

No.

Instance x

<Sunny, Warm, Normal, Strong, Cool, Change>

Classification Result

KASAN

on your side

2. Rule-based ML

<Rainy, Cold, Normal, Light, Warm, Same>

AD
™

<Sunny, Warm, Normal,

Light,

Warm, Same>

??7?
(—peed more experience)

<Version Space>
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Pros and Cons or Limitations of CEA KASAN

2. Rule-based ML

€ Pros and Cons

» Don't have to store in memory every rule consistent with the examples - only the S
and G sets
» Performs an exhaustive search of the space of all possible classification rules

» Not robust to any noise

€ Limitations

» Will the candidate elimination algorithm converge to the correct hypothesis?

= Given the assumption of the Perfect World

= Converge? — Yes

= Correct? — Yes

» Correct h can be removed by the noise in the Real World
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Related Patent

KASAN

on your side

2. Rule-based ML
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3. Decision Tree



Motivation

& Decision Tree

» Need a better learning method
More robust to noise

Rainy

Rainy Sunny

Feature

Sunny

Cold Warm

Light Strong

<Example of Decision Tree>
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3. Decision Tree



Training Dataset Sl

3. Decision Tree

& Credit Approval

> http://archive.ics.uci.edu/ml/datasets/Credit+Approval

= 690 instances total
v 307 positive instances
v 383 negative instances

Al: b, a.

A2: continuous.

A3: continuous.

Ad: u,y, |t

A3: g, p, 99.

A6:c,d, cc,i, |, k,m, 1, q,w, X, e, aa, ff.
A7:v, h, bb, |, n, z, dd, ff, o.

A8: continuous.

= Considering Al
v 98 positive when a
v 112 negative when a
v 206 positive when b
v 262 negative when b

A9: L f. v' 3 positive when ?
Al0: t, f. v 9 negative when ?
All: continuous. ? .
Al2:t,f. ideri

ALS: 6. b, 5. Considering A9

v’ 284 positive when t
v' 77 negative when t
v 23 positive when f
v 306 negative when f

Al4: continuous.
A15: continuous.
C: +,- (class attribute)
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Shannon Entropy (1/3) el

3. Decision Tree

& Entropy

» Measure of unpredictability(or uncertainty) of information content

» Measure of the average amount of information

Entropy 50-50 class split
Maximum disorder
1.0
0.5

All positive
Pure distribution

.00

.50
% of getting head in coin flip
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Shannon Entropy (2/3)

3. Decision Tree

& Entropy

High entropy

Low entropy
Good

No
Better
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Shannon Entropy (3/3)

el

& Entropy of a Random Variable

VH(X) == L,P(X) log,P(X= x)

& Conditional Entropy

3. Decision Tree

v H(Y|X) = XP(X=x)H(Y|X=x)

= 2 P(X=x){~ 2, P(Y=y|X= x)log,P(Y= y|X=x)}

H(X) =— P(X=+) log,P(X= +)

— P(X="-) log,P(X="-)

H(Y|AL) = 2 Al=a b
{— P(Y=+|Al)log, P(Y=+|Al)
— P(Y=-|Al)log, P(Y=-|Al) }
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|G(Information Gain) Sy

3. Decision Tree

¢ 1G

» Measure of expected reduction in entropy

vIG(Y,A)=H(Y)— H(Y|A)

Entropy Before Decision Node

T O

Entropy After Decision Node A1l Entropy After Decision Node A9

IG(Y, A1) < IG(Y, A2)
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KASAN

Top-Down Induction Algorithm (1/3)

3. Decision Tree

& Variations

» TDIDT(Top Down Induction of Decision Trees)
> |ID3(lterative Dichotomiser 3), CART..

& 1D3 Algorithm

Create an initial open node
Put instances in the initial node
Repeat until no open node
Select an open node to split
Select a best variable to split // utilize IG, greedy approach

FOR values of the selected variable
Sort instances with the value of the selected variable
Put the sorted items under the branch of the value of the
variable
IF the sorted items are all in one Class
Close the leaf node of the branch

27/43



Top-Down Induction Algorithm (2/3) il

3. Decision Tree

& Result of ID3 Algorithm

t f
3 3. b2
b
21 . OO
Class+ O Class- Class-  Class-
Class+ Q
Class+
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Top-Down Induction Algorithm (3/3) il

3. Decision Tree

& Result of ID3 Algorithm

f

t

a b ? a’ b2

f Class+ Class# Class- Class-  Class-

t
Class+ t f
Class+ gg g p

Class+ Class-
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Pros and Cons or Limitations KASAN

3. Decision Tree

€ Pros and Cons

» Robust to noise
» Easy to interpret

» Prone to overfitting, need pruning techniques

€ Limitations

» DT is overfit when exists another DT’ and

= DT has smaller error on training examples, but 085 | —
= DT has bigger error on test examples . ;B - | |

> Causes of overfitting / / \
= Noise k=
= |nconsistence ,

L A L L 'l L | 'l L
0 10 0 30 40 S0 ] o 80 20 100
Size of tree (number of nodes)

» Solutions
= Reduced error pruning

= Early stopping
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Related Patent KASAN

3. Decision Tree
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4. Linear Regression



Halloh.

4. Linear Regression

What Is Regression?

& Regression

— Predict

Regressor —

— . Predict
— real #

—— Classifier category

Inputs
Inputs

& Linear Regression

> Predict height from age v
> Predict weight price height
» Variable o o

* |ndependent variable X o

= Dependent variable Y °
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Hypothesis of LR(Linear Regression)

Haloh.

&4 Simple LR

VRf(x;0) =0, + 0,x

€ Multiple LR

» Linearly weighted sum
— assumption, can not modify
» Parameter 6

4. Linear Regression

— approximation factor, need to find better one

Vhf(x; 0) = 05+ Ti 02, = Yieofixi(30 = 1)
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Finding 8 in LR (1/3) S,

4. Linear Regression

€ Cost function

» Or Loss function

» Represent how close predicted values from hypothesis is to corresponding value

» Utilize least square method

veost(0) = 1/m Yo (f (x;; 0) -yW)?

Y
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Finding 8 in LR (2/3) S,

4. Linear Regression

4 Normal Equation

» One of methods to find 8 minimizing cost

v o= (XTX)'XTY

» Represent x, 6 using matrix format
h: f(x;0) =3 ,0;x; > f = X6

Dummy value

Instance

> Find 6 that minimizes cost

0 = argming(f — )%= argming (Y — X6)?

= argming (Y — X0)T (Y — X0) = argming (Y — X0)T (Y — X0)
= argming(87X"X0 — 26TXTY + YTYlb = argming(0TXTX0 — 207 X"TY)

» Find dusing derivative
Ve (8TXTX0 — 207XTY)=0
2XTX0 —2XTY =0
0 =X"X)"XxTy 36/43



Finding 8 in LR (3/3) S,

4. Linear Regression

& Gradient Decent Algorithm

» One of methods to find 8 minimizing cost

T

1 : .
cost(W) = — Z(EV:E(’*’) — y{))?
m
i=1

9,
v W =W--— aWcost(VV)

o

o
ha
(5]
e - —
o
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Overfitting problem of LR

Sne,

4. Linear Regression

& Overfitting

» Similar problem as Decision Tree

Price

Size

9() . 91.1?

High bias
(underfit)

X
Size

(90 -+-(9].F ‘F“%zJ'Q

“Just right”
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High variance
(overfit)



c
=
»
0
(<))
S
o
Q
@
S
9]
]
=
4
<

FAIESl =2 SA
39/43

g0

Ml 4 CHA:

—

—

2 445}

H Kio s ojnu
o) Ll oju Jjo
T I
ol oF xMﬂ KIr
B M o [=)
¢ ® Z B
10 KIr KO j0
y v B A
K- ofn i -
ofu Kl = o]
o < S,
80 or Mﬂ___ =
J — - -
= o _.- d Kl
G B
- = ol Kr e
S
= = =
0 oo = B g
= S JJ 1o
ST uu [
ol iy <4 3 —
ol = T Klo S
N [y palll
31 _ﬂ_ o ﬁ._AE ml _._.___”_
. B H = o
~~ = ~ T o H i S
S 5 - I K Kt
q — W ol 1l ol == = <
e <0 or = .- @ 1 2 s
+ o = < W = w_. w._m ) =0
n =1 : EL ==
3 I3 o — © ol o
) o o jol we = . Ol U
-+ « == 100 & ol =1 < KIr
© of S = O g ® T
al RE o ok SO T T mx
5O < B AT EF ST S
D x oK DKREFRER
: BRI P X
O ® A A A Bomzgz TiAT
a'd




4. Linear Regression
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