10 who P”i 2

2= procedural ¥ir]Fe] disto] HiFet =, 24 12 WS
2z Agste
A practically impossible?t 7-9E
HF (alternative approach)7t 1+.2.7]

Ao 1 dls

ok

o ¢

> o

X
X| Al 7|HHknowledge-based) g}
Data-oriented g

A

u =
|

(machine learning)1t data mining

Boinics

e Xda 7

Rdof tisto] ©

28 2E7A] Proceduraldt HAFH

gugZo] tiste] Amrgrth skx|qt 0|3t procedural
o Eo] Qlt}. webA], olglst BAIS sZslr] 95t procedural algorithm of Tt thetd

cheat 2.

Shérg sk 1
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vHisty HEE WS

hkim64@gmail.com
e gl 2ag Fol 1AL eAHoR ey 1
algorithm> 2% #A4] glo]A+= unsolvable oF

S

ﬂd
r'E
m

=9 }A] ESle] Bz},

¢

Machine is...

W (arya "i)

S22 sliF=

Computing Machine is...

A
Cilo]E,
Iy

S22 SiFE 71917t
QUM EHo{!

AU ZZ0j!

Zxpa @

71AI7¢

Computing Machine is...

HolE, ae “*’é”‘* SR HolEd,
=
(1,4,5) @
y=2%x Computlng Model J

C
e LSemputer Program y

main() {
intx,y;

v > [

printf(“%d \n"y); -

) L J a8
L
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Computing Machine is...

Hore, (e @rzya mx |

r Computing Model B
1
Computer Program )

oloJE,
L)

25 ALE0]
BHAHSIA &
Of st= A!

g, 7 AU 5 e BA SiE S AHor A & Fo, “EAE A AYE BHEHoR e w2
T A" 71A7E AsHA sk 8 oL Ao BASS sfAstey AL stglct shAR, oldt AxtA AHEH
(procedural computing approach)= $ ﬂ—l FHO b HtE AAAATI Y717 A RE BAE 128 &+ e

Can He Compute Everything?

W (AT ®%
TiolE, g (aFgat >R HolE],
3= e
Computing Model
(2a2|E)
UL olxg 25
2
@, Q.d
48Li7 B2 ol 2 SHT W, 7

|

Computing Machine is...

g (ata ®xh)

GIOJE], lO]E],
e g
Computing Model
(¢32E)
e MAY/TIR/AN Y, B8l BT AN

MISHILE, 2|A OHE

Why is He Dead?

* Procedural algorithm2 A}25ICHH,
. 0fil{st 2XE2
- Computing0| E7}= s171Lt
—Practically Impossible to Compute (in
your life time)

= WA Ao AT 4 gk ABS AA ANRER A7 HAT 5 YAW, T3A RF AEL o/ AN
2 SoiA
L 4 ohn G ARte] 9F A4E BAA ARY BER?
et 4 ohn gt F22 WY PHY BIRY
A7 s Qe ]

#23} EA (optimization) A

v
v
voosEE
v
v Aol AelE? AFHL?

o

S
=

Z1 7}o

e s LA

1

rr

of Ho
)

A staziet Soted o o 1

If my house puppy falls on Hakgyogatda it is Yeppeunganga
bruise bruise bruise that is seductive and glad bruise bruise bruise
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olefst BAISO] AHelols Sk Qzke] “A%A” Heo] AFHT AAT 4 Utk ‘A%"o] aTHE AL of

computing model2 THE ZQ17}2799

2% (intelligence) 0|7+ F31Q171?
“A7} BEot o intelligentstot et @ of, £9-g 72| 18

inj

A

" olgh Folqlztel digk o] tistel B 27 ABAE AASe] wuskch 1 Fo] T b ool dhste] stz

1. Turing test
— A test proposed in 1950 by Alan Turing

— A human “A” can communicate with source “B” & “C”

- One source is said to be human and the other is a machine

- “A” must decide which source is human and which is the machine.

—  If he can not tell, the machine can be said to be “intelligent”.
- Example) 7] Q1FAs T2 F Mycinolzh= &4 g

We Agslo] e s AA o4 1008elA4 e Ag ARE Wasiel,

AV o 46t 1 Z2 WL intelligent2t & 4 QL)

2. Chinese Room
—  Chinese Roomeo|gt= Ho|

of e AR HAT i v 4 Qlh
A

AL, 2l I ool Folo] leAl & Rttt ohek IR 9ol QoA 92

ma o] Q. & 2 #@% golge] tate] 1 =z

rir

~ &Ao] o ol® Holq Yol W FA T 7} FAIHE 1 ole] folrt Aal EA} Fol thect.

— 11 Chinese room- intelligentSt7}?

ok
=2

2330 5ol e e v

49l “Z5olekn @ A7k, ofy® A% A WHOR A% PPE She AL “ABToltn T
Zel7k
ex) H|347], glo]g#|o] 2, Deep Blue, Aibo
Computing Approaches Machine Learning :
) Computing Machine that Learns!
« Procedural Algorithms
- Elegant Algorithms to solve general but . . .
fundamental problems » Machine Learning is the study of
+ Knowledge-Based Approaches computer algorithms that improve
— Use of KnoWledge in addition to Data and automatlca”y through experience
Information . : . o
. R —Machine Learning, Tom Mitchell, McGraw Hill,
- Bottleneck in knowledge acquisition 1997-
- Data-Driven Approaches
— Computing model made of experiences
(observed data)
— Machine Learning
3/12
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. - . Computing Machine that
Machine Learning : P Legams___

Computing Machine that Learns!
g
L= ¢3S

¥ (Z5E HolE)
& sajoi!

» Machine Learning is the study of
computer algorithms that improve

automatically through experience.
—Machine Learning, Tom Mitchell, McGraw Hill,
1997-

Machine Learning Abstraction of ML-based
Algorithms Computing

Computing Model

Data-driven approach
- Non-parametric approach L) output
Human flavor to knowledge u Y
representation (structure)

Can deal with missing and noisy
data, and uncertainty

Machine Learning Algorithms

Domain Experiences
(Observed Data)

Abstraction of ML-based
Computing

Computing Model

- Classification

* Prediction
Input -] ', L - Clustering
New Data H « Association

» Dimension Reduction

Machine Learning Algorithms

Domain Data
Data Bas

Data Mining ML/DM Strategies
- Efficient Extraction of implicit, - Classification
previously unknown, and » Clustering
potentially useful - Association
information/patterns from data . Etc.

ks
ina
o
o
£
o
i
I3
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Classification

Decision Tree

Neural Networks (MLP)
Support Vector Machine

Rule Induction

Domain
atiributes, class

Classlifler

Clustering

+ A way to segment data into groups that are

not previously defined.

- Euclidean Distance
— Non-Euclidean Distance

+ Distance-based Clustering

+ Probability-based Clustering

Decision Tree

New Data
)

MLP
svm

Domain Data

Clusters

Class A

(Attril

Rules

Clustering

Class B Algorithms

)
5

Available Data
(attributes, class,

Association

- Comes from Market Basket Analysis
* Frequent ltemset
« Association Rule

suoljoesues]

Transaction Data

Items

Association
Algorithm

" Frequent Itemset

Association Rules
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2HEY

Decision tree ¢112]E F 7P 5 A2 ofmtk 1983d9] ID3 4 Zo|th. 1 o]%o] 2 W dugEL BF o] ID3E
ZI9to &2 siA 274 ¥y = Aolth
ofgf o] dnejE o F HA AHELEE oFA}

iy

bt
T ( \f(w” O
D3 Geanlam 1983, 1286(2)

@ Select & yomdom 9>u‘65?5t W { windo) From Fis 'ﬁw}u?; cat-
® bile] o decisivg free 74)//1\& c e terxolon
s Select He best Fectore— wtich Wh/"f»'-/}é; Lom
%élﬁp:]: —ﬁ/w\c‘["fh\ H
H= 2l fy
P/'Dé ajraq}./-aa/ b [th G/A;;

o Cofeyon briame slamces ofo Boudoete by 7L
7 (e J o3
s
ﬁpf.eavf— vnds/
o e L’é@#ﬁ;;&i ﬁfﬁﬁulo%w'zéfZLDT
~ @ /7&6% pms Fomdd, TRt Some of Wt Mo W cnd

eott ’57‘ 2- .
©x 'lol o decrs, b c[o&s; f 'H'*— il 91’f¢¢f’! .
)EW &9 lass g i3 'FT}'?‘ C"M gmrﬁi
/4 {Moﬂ }é//w S;nmzd
g dn & HMed Roof Y
L A Mol % S
’ A Bro- Rowpty
8 Moy vy S,
B el e S

d& WA HEE o4A
37H9] feature (Z attribute) size, color, surface® 7FA|2 1 7Y instancef] classE ZAAAE classification model& THEI1A;
Sttt Size= 3709] F, color: 2709 g, surface® 2709] 3 7HA|AL QQeE R BT 3*2*2=12709] possible combination ©]
7Fsstet. olZe] o] mH|Qle] A A7|o|t}. Training dataZtE $19] 67H7F FAH L, ©] 6719 instanced 71X EFEHS
atEh Aol

AAELE W5 o= 7P WA Elo] RELEE Rolog 3 AQIVyL Fa3 EAolth FAlo] Aztelrlel, 919 371A]
attributeZol| A o] Ao] 7P F Q3% (&, o]k AHo] 2~ AB | £2) attributed ZAolgtl AZ5=71 2Hx5)
BHA Az Hel Colorg 7FAX SHH, redo|d B% A 22, yellowo]® 7o B 247 "ot & surfaces EH
smoothd woll= A9 whgto 2 o] 217] wfiZe] 712 Ego] d 7 27 @t

oA Zt feature=ol t|A 1 feature’} classification ©f Guht E&o] HErtE AFAH o7 AA) F= Aol Qs 7o)
oh. Jefjof 708 olb A nodeR FY ZAJAE AWAHCRE T £ oS Aotk 99 ID3 galEol= 7 features
9] entropyE AAISHATH

o] entropyS AW3t7| Ao, WA decision tree2] 7]& ofo|tjolE 25| & & gl

= shc

L

25370 A

of AU o Aol o oh2 Afgto] AT 9] yes/no AR &Aoo Flo] A

ol Azt = 1 = o] AYelA] domaine 72 EFHo|tt, o] Al HE

Z1o] o] domaino] Eoi7ith. FE2 7FsstEz, shte] ARom Erdld olsE & 47t
d

wetd I S F5 Wbl ffsteM e AEe] mi¢ maFololof et mazolete w2 I Aol oste] =

O i
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= i Wol AAY 4= Slojof drte Aotk

AL SolA, $27F &3] she A WA AE2 Aol de AYuZ oItk yesthd FAEEL BF FAFINA AAAA
HE £7F QA nottd e 2 BT ol ATAA WE et ot &, a2l deelRte A2 I 2] 9
sto] wrl F3HE BT 2719 F e Fxrer o5 2 AF & Sl Aot wrefo] Aol "AAA EHdyz? et
=09, 183 fige] no@eH 11 2 =HQl FlA & 5] itemt ALt UM n-19] F3& 7R oA A 5
of sh= Ao S AZS sk @Rt Aot

grebol] ARo] HeolA FMFIE 258 4 Qlvka Fobd, 2089 ARl oste] fEl HA| FIHE 27{201=1,048,576
= Hnle) g2 2719 2Zto g Uw 4 vk Zolth ool ¥t i) EAF FolA HAE Adst AldE AEs
A, AEe A @2 FAEE ol Eske Zoletal ftrhd, I wink) F9] sho] 23S WEA] e the A BA

iae

%2 otol(6dh) sh= AlYE olob] o Hol=% sl

1oflA 20742 522k Foll A st Aztsiut. Az giol .

108t Z47 .

150]7¢°4? ot 8.

130]o14? oy (& &9 11,12,13F59] st Z)

9. 12Ho 347 (ofF st #4oR) ofya. (Id 11 ofyd 129 |ets)

a9 1247 R4 =2t) |l

ofgA 5§ whof grel 7} Qlrt. o7 log 2(20) = 4.%** o] HBER ARG 25w AAUNTH o SHcte] sRltte A
< Bt 1099 2ES & 4 ok b 27{10}=10240]| B2 ofololA] 10| 10247k2]2] 52t FolAl oFF-AY s
3

olg%, AT HAFE AUt 2 td 5 e G Aolojor k. AAER = of2et AR} HRRt Ao,
training datag ¥4 7P EE&AQ ARl Flolofof strte D & ofoF dtrh D3 AR 11 71F, = entropye]

dste] A5l B o,

oAl entropy®ll tiste] dob Hetoy, thAl ddHolE 2 FolrpE A,

Entropy ©] A4k o2t Zrh
Entropy(pl, p2,--, pn) = —pl*log_pl —p2*log_p2—------.—pn*log_pn.

AE E°l,

Size=med 9| entropyE AXTIEA}. Size=mede] &Jste] dFote diole 47 270 SEiA AR, O E 27iE S84 BE Y
Hol A, Size=medzte= FE 9] entropy=

Entropy([2,2]) = -(2/4)*log_(2/4) - (2/4)*log_(2/4) = 1/2+1/2 = 1bit.

b 139,
sizeB= attribute?] entropyx o187 & ZA7F? sizeB= attribute= 37141 9] valued 7HAtH & small, med 18] big. Z}
Z+9] entropyE ot SHEE= instanced] ol HEHE FEA weight# 0 &2 Fo-S FotH Hrh

o] IAo] Bt Fof, training window Holl U= TFE training set2 2 HIAE 35}0] exceptions ZobA treed TEE HHA-S

ohA) g
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) elass GigA—
wik e HMedl {ng; Ly
Lo A M=ot & s
A Eig- e -*5»4
2 Mey v s
B Meef 4 s

7’# “f’ﬁ&;mg’f e‘wﬁ’??})-n"é .
Pyt = (-7 /?vj})*é(ﬁ»i“; 7h7)

D tm 5 Sl e G BE] sl (A a5
14 +‘5!(—;Ll07_7) =0, Qb2
&t L YT
N s TPAN e
L= T LT 3 P . \6 3 3
Colov H Z 5,; /31, 3 A
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gvny‘FLCL H = O.A'L

Cf/{rva] —C—.ﬂr_@/ &/\2"’9/'}7}— W?\.;ﬁn&m_/

e

7{,//7 “Reof
tolv=Red 7l ™ML Sabrpe ok O o/ EF 45 A4,
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ID3 selects the features which minimize the entropy function and thus best discriminates among the training instances.

ID39] BAH

- RE attribute values°] tF Q1e]ofF §tt}. No missing values.

- =2 discrete (Z, nominal or categorical) grolojoF gtrt,

- Domain size®} dimension®] @WetA] treeQ] sizeZ7} AAUA A =74 4= 9t
Enhancement from ID3

- CART, C4.5, C5.0 etc.

22HT

K-Means €1138&

- o] &A1 2]&2 real-valued Hlo]E AT ALESE 4= QIt}, WeFa categorical attribute”t QITFA 1 attributesE W1l

ALgotAY B2 RS 4] 3oz HEste] ALEolofof ittt olE E°], colorgt= attribute®] red, blue, green,
brown®] Zro] Utiil skAf H7HA] W2 dolo] 2] FS ZF colordll st F= AJH o7|dx= oY 71

w4Hsol AUtk

- el wEelA Hi Feise] Afel sigeh: e WA Adsielol stiul, mer vt @
A B9E IA ST EAL Bk o G4E AIG WA PYE A2 A8 K Fo2 4 2
St 2906, o|gA o] of Holelel ¥ Al FeliEsl 9 AAA W WL wL

Aole}.

- K-Means &a12]E2 dlolg] Qe S@2HEC] Bl 2719 of 7P ATl Frh o] ZfolM= e optima

O

solution 0] T2 F7|9] SFHAEHR TIHPH K-Means &1 &L 71 =
- ZYAEHIT wEAREY F8% attributes 7F ol= ZIdA] Ad
attributes ] E0]7HA] HolA HA(optima) 27HS w5 Yt A q
- WSOl SR 2E9 EAo digk Yoy siAlS Shr|vt eV "Wl F TAE Aol et sfiAe
Ho] WAtk SHR|9E supervised dHoJEmtold TR E  ALES|o] unsuperv1sed clustering algorithms ©
S B4 dig ors siE v AUrh

17

].

o mot
4>
m&" %0 o
O

Ha

o =A%e

B Transactional data

®  Support, confidence

®  Application: Market basket Analysis g1 &4
®  Complexity

®  Interestingness 1]

i e o

solution & &z 23t 7PsAo] =r}

Hol @itk old olfre ¥k gle

[*]

—

o
X3
=

_4
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Transaction Frequent Association
Items Items Rules

By
-Minimum support

-Confidence E

If A, then C
Generale it e then A
If Aand B, then C
ITB and C, then Aand D

Expensive Simple and If A, then B and C
Straight ...
| ——
Transaction Frequent Association
Items Items Rules

- Minimum support: 2
— Confidence: 50%

If 1, then 3

Generate
{1.3} (conf. 66%)

L C
1{1,2,3} Or Aand D
2{1,4} Expensive Simple and If 3, then 1
] - 0,
3{1,3} A—Priori Algorithm Straight (conf. 100%)

4{2.5. 6} |PCY(DHP) Algorithm

If 7|, then B =

 2F-

—_ 1"

1. 7|5 e gt A/ xT
2. XAt UF=E Hel upz AL
3. 1™ gF elsl, s g olAt

If M ZF then 7| A F# ?27?

Complexity 24|

®  Size29?l itemsetZ 2= complexity=?
®  Size32?

®  Sized=7?
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] n n
Ti> | Trems A-Priori Algorithm
100 ACD
c, L,
200 B CE
300 ABCE ek Itemset | Sup. " - 3
400 | BE D A 2 femset Sup.
(L] A -
- B 3 A
B} 3
i 3
iIC} «©) 3
mnt
£} 3
c C, L,
Itemset Itemset | Sup. ltemset | Sup.
{ A B} 1 T ]
(A Bj Scan {:\ (‘: s wCy| 2
A C) | i [ -
D ) B C) 2
B C} - BCyl 2 CE)| 2
B E} BE}| 3
C E} 1C E} 2
c, . L
Scan
Itemsets L Itemset Sup. Item set Sup.
sets n
B C El BCE] 2 BCEj 2
[} | —
Applications
Market Basket Analysis7F Z|9 @o] ARESEAL QIAIRE 21 Llofe of2] 742 ojEgA o] o] AT 47} SlTh
qd& E°l,

®  Basket=documents; items=word?l =2

®  Basket=web pages; items=link ] “d-%+=? Frequent items maybe pages about the same topic.

Interestingness

® Zrob anitemset?] iteme< FY associatedE o] Q=TT

® 943 associated® Z-2 opdr}?

o ofF o] ¢l ruled obd7F?

o ofFA wIT A7t

A& So ot & A <Z1AZIeF WF) A & ] (A association®] Y7k ofUW, @A I o] TtE
AU}

U FYShE item2 Zropd A¥FAlo] BE uEhdt

olAE item7ke] Aoty wEE 4= lE=7F Support®t confidence® W =715

Interestingness& 2851},
®  Correlation/lift

®  Conviction
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Measures for rule (A—>8)

« Support(XIXIE) : P(A, B)
« Confidence(&I2IE) : P(B|A)

More measures for A—>B

« Correlation (Lift)
- P(A, B)/(P(A)*P(B))
—-AQIBII SSHQ AIHY HL P(AB) =
P(A)*P(B)
- Lift=1 tells M2 S X
- Lift>1 tells & & (positive) H2td
- Lift<1 tells £ & (negative) A2t A

More measures for A—>B

« Conviction (B4 E)

- P(A)*P(~B)/P(A. ~B)

- Logicl M A->B 2 (~A or B)2t SX
- A->B
- ~AorB
« ~(A, ~B)
- ~[P(A,~B)/(P(A)*xP(~B))
= P(A)*P(~B)/P(A, ~B)

AU RAGIA AGH ABTFE Yol AP 5 9k AeE Hold BA HE sun,

s
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