5. Machine Learning

Classification Learning Process

Criteria /\

Primar Synthetic Analytic

Purposye Y | /y\

Type of L.From L.From Example- Specification-
Input Examples Observation Guided Guided

Type of Inductive Deductive

Inference /I\

Role of  Empirical Constructive Multistrategy Constructive  Axiomatic

Prior
Know- | | | | |
ledge iy . _ .
Empirical Abduction Integrated Abstraction Explanation-
generalization _ Empirical & Based
o Constructive EBL Learning(EBL)
Qualitative Generalization
Discovery Analogy Automatic
Program
Conceptal Synthesis
Clustering
Neural Nets

Genetic Algorithm

73



ULNNUD learning

* any process by which a system improves its performance
e the acquisition of explicit knowledge

e skill acquisition

e theory formation, hypothesis formation, inductive inference
Model 2|4 Learning

* AINULINWSN LFILAAY model ABITTUULFAUSAIFL

- Learning Knowledge
Environment )—#» . g Performance
( > Element Element
\ —

~ evironment ‘141 information 119 6‘}ﬁ‘1.| learning element

- learning element 4 information ﬁlﬁﬂ%’w knowledge base

- performance element L knowledge base NN41U

- WA UNNlAg performance element ana feedback NAL
1414 learning element am‘ﬁﬂﬂ%/uﬂgﬁ knowledge base




e Environment -- information /14 ﬂﬁﬂ’]ﬂ’]ﬁﬂlﬁﬁﬂﬁz‘u‘ufﬁ'ﬂug

Wasn i ldlunsvineu

— information NszuLSULENN g 150819 performance
element 4 lALAg (rote learning: ﬂ’\ﬁlfﬁ'ﬂufl:ﬂﬂﬂ'ﬁﬁ’])

- information MszuUFLENAN specific 1AWl szuLFEUS
AAIRS general rules (learning from examples)

- information VILﬂEI'nI@ﬂL**IN analogy ﬂ‘i_N'm‘Vl performance
element ARINITNN FTULARIAT analogy rules
(learning ay analogy)

* Knowledge Base -- representation 424 knowledge base

— predicate calculus

- frame

— decision tree
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5.1 Learning by Simulating Evolution :

Genetic Algorithm

e Genetic algorithmvlﬁ LLIAMAAN individuals, mating,
chromosome crossover, gene mutation, fitness, natural
selection

[~ Py Y, o 9 CYEY. @

e 1ilumsiFaushuunie d9ldannisnuilsuiuas local
maximatungsearch
acy < 1 . (] v @ =

» 38searchN2 bilazuadginlocal maximatunuUAN BWASASUAN
INeNNUAN LA LTI B4 LAY backtrackingWgaparallel search

Alinitial stateVA9 9N 1TWAY wrgenetic algorithmlail«



Chromosomes Determine Hereditary Traits

- wiinzcelluRTtugeuazdndilssnausag 1 nucleus
waznucleushile qjlsznaumauais chromosome

« Chromosomeaz fgened il UM RUAA N U RLAMURIRINTIA

» Chromosomesazasiiilug Taafarlasunnanwauazusiadteas 1

» luanuefichromosomes 2Aa nWauiazsauAULNanARchromo-
somesaNU 1N9ATIazLAncrossover FLilunnsigenesan

chromosomeswaliziunu tnachromosomes l U2
o AuEVcelllLNAIAZLNANSELIWNITchromosome-copying @414
A59 azin1stdagunlasuadgenesdan1gaingenesnauaz Ly

* NsNLingeneN litAadnINawULFENT mutation



The Fittest Survive

* NJ) " evolution through natural selection” U84 Charles Darwin
- AWTIANLUILUNVIAsAUNDAAN UL WLAR LN WA

— G95NTIRAAZNRARRINTIANNANBUSNLARLANATG U NLAN

1
=\

- FNTIANLUNZANNGA (fittest) (RINTIANNANBUSWLAR

=

AassutAnalaninign) duusrlinunasiignuatuannningn
Alaliansan satulszringasliuiaasllniesafivanzan
- Wadaraimiuliuiu g msilasunlasazazanlliZas o
LAzLAA species IUNMRNIZAUINNLINRDN
e Natural selection Lﬁﬂ@’mmﬁtﬂgﬂuttﬂmﬁLfﬂuwﬂ"naﬂcrossover

LA mutation
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Genetic Algorithms Involve Myriad Analogs

(e o eV ﬂyy . . 1
1{2u11 - Mr. Kookie tiluaun1AnnmnadInisoptimize®2 U NANUDS
U 1 P

o o a v Say v & Y
ANUIUTRIUINALASHIN ANNFAIANNTBaIANN N bALT uNeNTY

AINgL o[1]2]3]4]5[4]3]2]1
gl2]3|4]|5]|6]5/4]3]2
7(314|5|6|7]|6|5|4]|3

5 gla|5]6]|7|8|7]6]5]4
Wea 5151617181918 71615
41415|61718|716|5|4
3131415]16]17]61514]3
212131415161514(3]2
111121314151413]2]1
1234567809

wila

Bump Mountain



. ¥ 1 i Qy“ . . s
» KookielupazainuasAnniilyindividual" aagl

5

1

. 7

1UIUWIAA(N.N.)

ATUUR fitness

W

F14Unile(n.n.)

o Lm@‘“"chromosome"ﬂ%‘“’ﬂﬂ‘l_lWJEI 2 "genes
LLﬂuLLMﬂ”"geneS"LﬂumqLﬂ“llGNLLEI 19499

. GenewsNUANANUIULIMA LAY geneNdasuanatuIuLile

e Chromosome

NARAURIANITNAGENIN genes

ﬂ’m’liﬂnﬂﬂﬁ’]wu@’maﬂ M“ll'ﬂﬂgenes %58 crossmgﬁu‘mw

|Qdd

chromosomeARUINHBDE
mm'sngnmutatedmnchromosomeuﬁaﬁﬁ@gﬁmm'sl,ﬂﬁﬂu

geneMINUg

ANNITONA GIgene‘lﬁ/



. Kookieﬁ’mumolﬁ/l,wiazindividualﬁcopy“ll’aﬂchromosomevlﬁ
LNEINAILAE

o Kookieanaadtlumutation®dchromosome Imﬂl,a"aﬂgene‘nﬁﬂ
luchromosomen LU LLIAN uaaLRaUAIRIgenemzNIsLAN
vizaau Tuuugu Tnafipnlafasagszndng 1 8 9

» 5171 5.1.1 uAAYIIAUIN1FIBIchromosome

o Kookieanaadlluicrossoverdadchromosomes Tﬂﬂﬁmﬁﬁﬂﬂa’m
U84 2 chromosomes WAUUARZAIUNFBAY AagLl#l 5.1.2
(lunsainali® chromosomeilsznalifatigenesNINN3N26i9

NNSAALLALNITADALTUTAUEITUY )
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1 1 1 1
y y

2 1 1 2
y Y

3 1 1 3
y Y

4 1 1 4
y \

5 1 2 4

gﬂﬁ 5.1.1 N1527MUINITURIchromosome
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5

5&4 1
—
@

2

gﬂﬁ 5.1.1 Crossoveruadchromosome 5-1 NU chromosome 2-4
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The Standard Method Equates Fitness

. = [ (] al I
e fitnessAadchromosomeA?a ﬂ')’mu’mgLﬂu‘Vlchromosome@::'ag
$aM bdgenerationmia

e Standard method®115UANUIUfitness

d;

i qu

)

Iae¥ fi A fitnessUadchromosomemaN | AINANAEAILE 0 DY 1
gi AA quality1aaANNNENATUUALALIchromosomeAdN |
« aNNFIUsTIINTUSTNAUAIY4 chromosomesAd 1-4,3-1,1-2,1-1

fithessARILBARZchromosomel a9 lalum1s19auusali
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Chromosomes Quality Standard fitness
14 4 0.40
31 3 0.30
12 2 0.20
11 1 0.10

. lunnsfazaraadnatural selection
- #4514 "population(Uszd1ns)" (3uAUAaIN 1 chromosome
- Mutate gene(s)aluchromosome(s)‘lj@‘-gﬁu LLﬂzwamgﬂﬁlﬁ)
QMNimutation
- WANWUSchromosomes LASNARYN
- wngnmAnlvailuilszans

- ﬂ%l’wgenerationulmﬁﬂﬂLa’ﬂﬂchromosomesﬁflf-i’]fitnessesgﬂ
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Genetic Algorithm Generally Involve Many Choices

« Tutlszannsuila gAasazichromosomesaua L le?
saslil Suudlduiilssannslvsiasiianwasuilaununarun
wazcrossovernaz L Nug
annnly azLdsaanAIuI NN

e Mutation ratemasaztiluwinls? denlil ansaulusiaziind
angall generationlinazlaiiNaaLtiasnugenerationtin

e 2aNTUNMSNANNUGUIDIN? DN2DN LADNANANDENDT UAS
crossovern uAasing bs

e ChromosometAganululszainsunile qduanamnalaviala
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It Is Easy to Climb Bump Mountain Without Crossover

. ﬂ&laga’.i’]Kookieﬁ’muﬂn’]ﬁ"i’laﬂﬂLL‘LI‘LI"IIﬂ\‘inaturaI selectionﬁl’m‘ﬁ

- \3na7nchromosome 1-1 LNEINAILASY

- laifichromosomelaninanafalutlssansuiia

= Chromosomes 4 ﬂ’m&‘@u@ﬂﬂmqu'ﬂﬂ%"ﬂﬂvlﬂﬂﬂgeneratlonoluu

- mwaﬂeaﬂmwauﬂuohromosomes"luu LINBNINUA
chromosomes‘vmzﬂgdlugeneratlonﬁl’ﬂvl‘ﬂ

- luusazfaassan iaangeneduilauuuguiVainmutation
dmanlaanmutationsialsitaainas iwsedn 1l wilszgnns

- lsidicrossover

- Chromosomewumg\iqmzagjmm"l,ﬂﬁqgenerationﬁi@"lﬂ

S|

- FafatsaniuaagnidanainchromosomesMIMABLLULIGN
AINATfitness
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¢ AINNISNAABI1000A53 FIUNANNVINLUANINLBRIANNANIER

ANKAaR LugenerationN16lAtLans

Q

e ludnuauil n1snAaaINldARNgANAAchromosomeNANEA L

generationﬁ8
Generation 0: e MNmutation chromosome 1-2 gﬂwam
Chromosome Quality
11 1
Generation 1: * Chromosome 1 Zﬂmﬂwumﬂm 3 uaz1-11lu
Chromosome Quality 1 2sﬁquaﬂLLaq
12 2
11 1
Generation 2: e Chromosome 1 3ﬂmzlwumﬂu1 -4 uaz 2151
Chromosome Quality 2-2 WAaz1-1151142-1 “ﬁ\‘lﬂiu"ﬁ’miﬂ\‘l‘n&lﬂ&lfﬂﬂ’l WAL
13 3 4mgma@n
12 2

11 1 o6



Generation 3:
Chromosome Quality

14 4
13 3
12 2
21 2

Generation 4.
Chromosome Quality

24 o)
14 4
13 3
21 2

Generation 5:
Chromosome Quality
25 6
15 5
23 4
22 3

e R7Nmutation WABchromosomes N3 M2
chromosome quality

24 5
23 4
31 3

* )NchromosomesNANANUGHANGN

* )NchromosomesNAANUTHANGN WAL
chromosome 1-5 ’ﬂglj%"aﬂt’lugeneration‘nﬂ/']
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Generation 6:

Chromosome Quality

35
15
32
14

Generation 7:

Chromosome Quality

45
15
14
31

Generation 8:

Chromosome Quality

556
45
25
21

/

5
4
4

8

W AN O

9

N O

o 3-5nANANUGITU4-5 waz3-21Tlu3-1
dau1-4nananugiilul-5 waz1-518u1-4
chromosome  quality

4 5 8
31 3

a =1 v @ & & o PR PPN
e N9AU 4-5nAnanUaLLus-5TdtuAmnaunangn
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Crossover Enables Genetic Algorithm to Traverse

Obstructing Moats

Q/

Kookiea4N19A731 crossoverluanas1gls 3aMnaasndil

=

o ﬁ’]crossover@’\ﬂchromosomesﬁ’aglj'i@ﬂﬂ’mgenerationmlﬁ’a

c LRANANANNUGLLLFN

* AALIgENeUDILBINSANANNUG WAZHASIChromosomesgn 2612
fchromosomesansislaitpadianas Wiwnidr i luilszans
\Wauasdunazatsanlugenerationyiiin

ANKANITNARDI1000A53 FIUHEANNANGADNKARLUgeneration

al al (=] [ 10y & .
N14lmaranas 139n91bd ldcrossover 2 generation
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510]0181918]0]10]5

9011]12]|3]4|5]4]3|2]1

81210]101010]0]0J0|2

7131010]0J0]0]0]0]3
61410]0]1718]7]0]0]4

UIAA 5

4141010]/718]710]0}4

6 789

5
1il4

Moat Mountain

12 3 4

zuwilamngluu

ATUARIUINIALA

T

4
=

o ANNAMATUNTINUARIANNDL

qQ

=\ 1



. lunsdiis mutationmﬂgenerationﬁ@gjn'\ﬂuaﬂmoat ladgunsn
NarﬁIchromosomeﬁ'ﬂgjﬂ’]ﬂolumoatvlﬁgf LNSIEAchromosomeRsa
nasaziiAilu 0 Aelaianunsnassanlugenerationuiinls

» f14UAchromosomesWaATLUNNEANITY 1-5Uag 5-1 LD
Wcrossover qza’m’lﬁ‘m\lamgﬂﬁi’mmoaﬂﬁ

* AMNNMSNARDI1000A53 IUNANTIANAADNEAR LUgeneration
N1551neLaRe

- AuvAna LN inszInauiichromosomeaznanaiug
fluchromosomesiagivifiam 1-5 wia 5-11u TaaunmA

1 al 1 a & o @
linaunazlilgusanuudiisa
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The Rank Method Links Fitness to Quality Rank

& acaacn ¥ =Y
» Rank methodiiluagn ldAILANNITIARNChromosomes
o Lsigulaquality?anlAnls tWeaAARAIAULFEaAINguality
NNANFIFAAUDIAE A

o v 1 al =) (1 1 (~1 =
e MUUALU p ATAINAIUUS LLUAMNUIAzLL UNChromosome

Q./a.

Aa1AUN2 azgniRanianInagaIauntligniaan

(] I (] alo o o S al o @ o [
wazbiuANNUIAL U UNaIaun3 ﬂxgm@@mu@ﬂ'\ﬂuwﬂug

o < o U 2 o @ Y = o
LR LLﬂgqglﬂuﬂQUQUﬂﬁgﬂﬂﬂﬂﬂ'\ﬂﬂ'&ﬁﬂﬂ'\ﬂsﬁﬂqggﬂLﬂﬂﬂ

WWasaunauuiduligniaanias
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° ’&m\qla'i’] p=0.667 LtazchromosomesﬁLﬁ’muol@'agjﬁﬂ 1-4, 3-1,

1-2, 1-1 wag 7-5 (bunsaiuas moat mountain)

Mﬂﬁﬂﬁﬁﬂudﬂﬂttﬂmﬂrank fithesstNeUNUstandard fithess

Chromosome Quality Rank Standard  Rank
Fitness Fitness
14 4 1 0.40 0.667
13 3 2 0.30 0.222
12 2 3 0.20 0.074
11 1 4 0.10 0.025
/5 0 3 0.00 0.012

* AINUANITNAABI1000AFI FIUNANNANFAQNUAR buigeneration
a a = Y & 1 . 1
N75lAELang  AILAAI LULIIUIrank fitnesstuNIz@NNITstandard
fitness AINNI5 brank fitness AINBEATINANILUMoatAINITARS]

T8 ﬂﬁﬂgeneration‘lﬁﬁ’ﬂﬁ
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Survival of The Most Diverse

. Fitnessnaaastneaulalafansandiversity dasilusiainld
chromosomesi@ndgenessingliainihs LATUanASIlUEITH-
fNANspeciestaaneuzanmnglidannspeciesHfitiUasTHER
fuTnagsanban

The Rank-Space Method Links Fitness to Both Quality Rank and

Diversity Rank

« lun19Nazandiversitynadchromosomeiiids &) M lalagAiuans
1/5282W1NNNRIRDITENINchromosome UL NLichromosomesaud
NaNIaaNLa91 liagsan lugenerationsialll

1
24
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* Nangaunchromosomes 5-1, 1-4, 3-1, 1-2, 1-1 WAz 7-5
AINANAquality§9gAAD 5-1 ANTINATUAINLAAIRIALUBISAY

WA LaglsadnNqualitytaz1/92asu1anIa9gadann 5-1

Chromosome Score  1/d % Diversity Quality
Rank Rank

14 4 0.040 1 1

31 3 0.250 5 2

12 2 0.059 3 3

11 1 0.062 4 4

75 0 0.050 2 3)

Qdd‘l

* 15148l 6ﬂ‘L!ﬂ’]ﬁcombine quality rank N4l diversity rank Ag

& Y v & .
N15UNrankNIFaat1M28nNuLilwcombined rank
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o Lialacombined rank@IAANAqualityllazdiversityb®@? N1FLAAN

o L% e a o . L (]
N5 lANAULANL AN UUAfitnessURIAILSTNLLIU p (A1)

Chromosome Rank Sum Combined Rank Fitness
14 2 1 0.667
3 1 14 4 0.025
12 6 2 0.222
11 8 5 0.012
75 7 3 0.074

P (~{ v o 1
e INA514 L5ILAAN chromosome 1-4 L UAINFRIANDANN 5-1
e URAIANNULTIAZLADNDAN2AMNLUAD LUASIULTIADIATUITUNN

1/5222UNNA3EaY IRgAANI 5-1uaz1-4 (ARN5190 A bl)
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Chromosome 1
257

Diversity Quality Combined Fitness
Rank Rank Rank

31 0.327
12 0.309
11 0.173
73 0.077

4 1 4 0.037
3 2 3 0.074
2 3 2 0.222
1 4 1 0.667

o m\la\qla'iﬁchromosome 7-5gn|,§"an LASNI5LARNchromosome

ganavinbalag 1519 uanal

Chromosome 1
257

Diversity Quality Combined Fitness
Rank Rank Rank

3 1 0.358
12 0.331
11 0.190

3 1 3 0.111
2 2 2 0.222
1 3 1 0.667
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e Rank-space method‘ﬁ WANMAI9aNstandard method‘l?i standard
methodazlNi@an7-51ae We3BN7-51agniRants agiannasi
chromosome 5-1, 1-4, 7-5, 1-1 gnLA@ANANAIAL LaALTlu
standard methodaztaan 5-1, 1-4, 3-1, 1-2AINAAL

e ANNNTNAARI1000A5alaeldrank-space method Mmagp=0.66
L?Ia\l‘-ﬂﬂchromosome 1-1 ﬁ’]ﬁl’ﬂuﬁﬁﬁqmgﬂNamvl,m,ugeneration
N15TneLaas

» Rank-space method@ 1319 AMANRALNANEALAANINIBA
luilsuraasmoat mountain (AA1514)

Mountain Standard Quality Rank
Method Rank  Space

Bump 14 12 12

Moat 155 75 15
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s

e TusuruNINAaae1000a5alaeldrank-space method ATINA

ﬁqm chromosome 5-5Qﬂwam°lugenerationﬁ7

Generation 0: e 7MNmutation chromosome 2-1Qﬂwaﬁl
Chromosome Quality
11 1
Generation 1: o Mutationwamchrgmosome 3-1 d9Ucrossover
Chromosome  Quality 13J§Na"lumtﬁf@Lwaqxdﬂgenesﬁqﬁmwm
21 2 chromosomesV9@a4N AL BAAUN U
11 1
Generation 2: e Mutationtl@fchromosome 4-1ULaz2-2
Chromosome Quality d'mcrossoverﬁ\‘i @ﬂl&iﬁﬂﬂ
31 3 lun1s18anA53U chromosome 2-1lsigniaan
21 2

11 1
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Generation 3: o Mutation@mchromosomes bN3AIAD 5-1, 1-2,

Chromosome Quality 2-3 @7Ucrossovertad2-2ni4-1Ham2-1waL4-2
4 1 4 chromosome quality
31 3 51 )
11 1 12 2
59 0 23 0
2 1 2
4 2 0
Generation 4: e Mutationl@am6-1, 3-2, 2-2, 2-4 @21crossover
Chromosome Quality Nam2-1, 1-1, 5-2, 3-2, 5-3
51 5 chromosome quality
31 3 01 4
32 0
12 2 5 2 0
23 0 54 0
2 1 2
11 1
52 0
32 0
53 0
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Generation 5:
Chromosome Quality

51 o)
31 3
12 2
24 0

Generation 6:
Chromosome Quality

54 8
14 4
31 3
1 2 2

Generation 7:
Chromosome Quality

55 9
14 4
12 2
52 0

= & a Y 1 =< &
« I9miiNAcrossoveruads-1nu2-4La5-449i1lu
Chromosomeﬁ?\dlugenerationﬁﬁ’\

v a v
o uazlumeangn 5-4nananugLilus-5
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Local Maxima Are Easier to Handle when Diversity Is

Maintained

e SearchMna lUdwag NanLagglocal maxima
. . Y ) (] 1
» Genetic algorithmag ludiversityltlud@aulsznauuag
fitness LL@?@N%mindividualsﬁ'agj‘lﬁ"}ﬂ'a'aﬂmr]Iocal maxima
al o, o 1 @ ] 'Y Yy =~ a
o LN@Nlhlelduals’ﬂgWJIocal maximanNAILRI n%u‘l‘,amaw

individualstuaidazuinishilglobal maximalalungn
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5.2 Rote Learning

« Rote leamning 1{luAgnsFausuuudangalng ‘nsan

« tiuAugluaildlu memory uazilafain1aNLNeEaLARS
AMNFUUNTLE unuRazATUIUWEa inference WANNFUY

e 151RINFANDII performance element tTluWsrduRLLAzY
mput pattern (X1, . .. ,Xn) T3l output value (Y1, ...,Ym)
muu rote learning ﬂﬂﬂﬂ’]%‘l,ﬂ‘i_lﬂ@’]ﬂ‘]_l [(X1,...,Xn),(Y1,....,Ym)]

12l memory Mmmnuu LuaLeﬂm'Mﬂﬂﬁm f(x1 .,.Xn)
Avnlagn1sAa (Y1, ....,Ym) mnﬂmﬂuum'\uu
f store
X1, ..., Xn) (Y1, ..., Ym)———sf(X1, . . ., Xn)(Y1, . .., Ym)]
input performance output associated
pattern element value pair
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1
a

wiﬁmﬁmfa‘mﬂumﬁﬁ'\ rote learning

= memory organization : ﬁ’m&ﬁaiﬁﬁmmuflﬁmmgq

— stability of environment : rote learning °l°1i”|,aivlﬁlum‘zﬁ17i
environment 1UagIU (m'mflai valid t1 environmenthiid)

— store-versus-compute trade off : rote learning ARIlNAR
(] = Y v
performance UAA95EUU (cost UABNNITINULRSAIAITNI AR

ANN91 cost ABINITAIUITUUSA inference AINS)
Rote learning L1 Checkers 84 Samuel

(~1 o =y -V
o Checkers tULNNENLIN b WNIFL52U LALNS
a a v & = 40
o pLauMLuldlanaunnly checkers Nuszunne 10
e Checkers program e minimax game-tree search Tunns
LRANANLALASIAD bl
o ‘L static evaluation function (heuristic function) WWalsziiu
ANA (lan1d41us) U89 node bu game-tree dILANT node
LWAMY board position



e Minimax game-tree 1114 tree ﬁiﬂuﬂ’]ﬂdumuﬁ sVl,’&'u 2
AU (player 1 WA player 2) ﬂ’a‘ﬂ‘w 5.2.1

e Player 1 %38 maximizing player L%‘&IL@umﬂ node A mm@
wuld 1 719 1a nodes gnitlu B C %5a D

. 17%!,!,[51'@3 node B C D, player 2 %58 minimizing player LAY 1
M2 1A nodes gIUEF G, H | uaz J K minsa

. ‘Vl@ﬂu L51ANUITU static evaluation function ARILAAES node

* A1UR4 function AzQNn backed up mum"lu node wai Tash
minimizing player WENENHNLABN node ‘me functlon u'aEI‘VI

vdal

qn dlummm maximizing player Lﬂ'ﬂﬂﬂ’)‘l/l&lﬂ’)&l’]ﬂ‘l/l'&ﬂ

maximizing player




AILAUARY program /‘\
- , o 23 3 A\ O
mtmummclmmamm—»/‘\ /\ /\

ATLAUARY program 3 ]\3 ]\12 K 8/’ 17/’\5 ° 6

evaluation function —=1 ?3 éé 10 12 2,8 ’6 17 '2‘3.5 2’6

51l 5.2.2 Aa@g19YB9 minimax game-tree search

Y < . P = a
o L1 A 11l1 board position Zdapa liilumanuaad program
Y a & v Y a
e Program ﬂumvgnmqmﬂu”lﬂ”l,mmwm 3 AMLAY (look-ahead)
al (1 al (~3 I v
Taa? muwgnitduaad program a9 2 HugadegnsItnn uas
= & i S a v : : :
AN 3 L1 UARY program NN 4 static evaluation function

IAANURILERS board postition



o lunsluae ALAWARY program AURY board position ﬁﬁﬁqm
Azn backed-up Fuan il backed-up value U84 node ﬁﬂgj
AIULY LUNTULRY ALARYRIHNERIT N dansetnNazLaan
ALAUNYNIAAN function AANYaaRgavIniazyinle Aa Aaag
board position NueNgAAzANAITUNTLY node NatiAuLIY

- lug1l#1 5.2.2 puAuNANgAUas program Aali B dedhansednm
aziAuldes C waz program aztAuldes D mNaIAL

NNSWEUIATNFINITOURY program

o LFIETNITONAUIAMMNFINITAURS program LWAHLUSLANENIN
WNAULe TAgn1SIANAIUIU look-ahead TRAIDENIAT UL
program A1t look-ahead 3 N17 waza AN tANINLWN LS

A224 function AzEIYNABILNNTULVINUY



e Rote learning l1 checkers program ﬁﬁmuﬁﬂQﬁNﬂﬁuﬂﬁﬂmﬂﬂ
N9 look-ahead TAgIN15AN backed-up value @4 board position

e Program azLAU board position §21914N15LAY AN backed-up
value 17U [A,8] waziila A nnﬁuwuﬁnﬂ%’jﬂu game-tree AR
A %gnL%'zmuﬂ%*lﬁimﬂ”lammmmmiuu (,¥inNw 8)

/\
VAN

AN N KA
/

\

D
51l 5.2.3 rote learning tN1se@NENINARY look-ahead




e NsTslidasAuImAI e A lud ¥l program Hilgzana
MWluNISAN U IR (quﬁu) UANANUULAL ReTidAT
Anasg19bun1g bd backed-up value Aa A1 backed-up value A@4
A HAMANYNABIFINTINITAIUIUAN static evaluation function
URI A LNS1ZINNUFINAG look-ahead 1ImAsl

» ludaas1es1 5.2.3 program fassnduladnazidanmimu
iﬂﬁﬁ position E

e Program AUUIANUU 3 ALAU LRI LT evaluation function
ATUITUAMNAURILARE node LA LUNTAIURY node A ‘AN
backed-up value WNUNITATUITY @ aflumnaae node D)

e L3la program 41A1 backed-up value l3unnvinls AuENUAas

< =1 & < I~
search NAZNINAULNIUY (AN, 3 11w 6 11w 9. . )



] ] i 9/
memory organization il

o ivaLTlung1szudin space 4a9 memory LAANLALILANIZ board
position ARIANLAUUD player 1 %ﬂ board position ﬁtﬁuvlfffﬁ
d'unga ldnulunsalaadg player 2 lalpanng convert

* N19A4 board position N bgnnlalaeld characteristics U4
board (L7 R tEUY board, H king ¥ lNH, . . .)

e AAN19NULSUNURY store-versus compute trade off Toe o
?J%'ﬁl,'iﬂﬂ’n least recently used replacement
- Iusiaz board position MALLIN ae

- YNASIN board position aneINIld  an8ARINUAEINUNST 2

QJQQ

- YNAFINANNFLAL position Tl memory a1gaanN
positions Lﬂ&l@a‘:nﬂu’mﬂ’aﬂ 1

Q./dﬂ

- ﬁl'JVIﬁJ’ﬂ’]EI&I’]ﬂ‘VI’& AASANAUBBANAIN memory
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5.3 Learning by Analyzing Differences

e TUsunsnaag Winston[1975] 15814 structural concept Tu
block world domain LW arch, tent, house

- iflumsBauslnanisiiasizianuuansienlsinglusa
UDIFAAD LTI

e Anatalilsznataag AAaE19UIN WAz AIAENIALILLIL
near miss

- faausadlidatrmusaudasanldifluadefiFasiazen

e Talsunsuazi3au concept Waunla concept talAsUAAENS
WL

- 5171 5.3.1 uAAY AIALNIUIN WAL near miss ABY concept "arch”
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arch

1 L~

near miss

near miss

[

-

-

L~

arch

AN

1__ 1~

51/% 5.3.1 AIBENUINUAL near miss UBN arch

* MNARLNNI 4 TdsunsusaunNgInaslsAa arch

e AatILsNUanlugin arch AaRINLsENaUA9E bricks LUIAS

WAL brick LUINAUNYNTBITULAY bricks LUIA

'Y " P =2 & , a a o 10 1 a o
o AN 2 FILLU near miss AEUNRINLN LT arch : Kanilse

NAUAIE bricks WWIRI WAL brick kuuaudelignsassulae

bricks L1464

LV I a (] ) L% I a (]
e AR89 3 11U near miss LAz _AIaEN9N 4 11U arch



e A1NF2at19N 1 TUsunTNas description (lugiluas semantic
network) emu,ammeﬂ waz gLl initial description

Isa
= (orick)

support

71/71 5.3.2

support

o

left-of

e a1NAaL19N 2 TlsunsuAsI9 description 2R near miss AL

71/%1 5.3.3 O isa ,
O eft-of ’O

« TsunsNuIAMNLANEIY (difference) UBY 2 ALY LAZFI

support links Al udrusu concept arch

17



o TilsunsN4514 links luisida must-supports WNUAN links LAN
NS0l near miss L information §115L require-link heuristic
WALLSIL5eN description TMNNLIAQN evolving model

Isa
= (orick)

must-support

must-support

-

left-of
71/71 5.3.4

. (] (% I ooy v, ] 0 v T
o near-miss L UA2DE199N LA information A1945U specialize
concept
« aNAaE19N 3 Tsunsuas19 description baRdgUA 5.3.5
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[

must-support

7171 5.3.5
must-support

o

left-of

o mneﬂ‘w 5.3.4 LAz 5.3.5 1UsunsnmwiAuLenNselana N
touch links @gilu near miss smme"lﬁ’%’dﬁﬁq?‘mmvlumeﬁ
« Tlsunsanita links L°1|'1'11J°lu evolving model LiNa&419 model

Ty ( g‘ﬂ‘ln 5.3.6) nsais near miss 14 information #1151y

a > 519 5.3.6

must-support

forbid-link heuristic

must-support

left-of

must-not-tou/ ch
must-not-touch




e aMNARENY 4 TusunsNASI9 description baR3gLA 5.3.7

71191 5.3.7

must-support

must-not-tou/ ch
must-not-touch

e WadNdFauMEUNY evolving model Nag)

71l#1 5.3.8 »(brick (block)

must-support /

Isa

must-support

must-not-tou/ ch
must-not-touch
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e 1519519 evolving model lARAINNIFLNUN brick WAL wedge A8l
class 1 general 91 (lunsiNLsIN information AuUllagin9g) WAS
isa link A28 must-be-a link lunsaiilusunsulad climb-tree

heuristic (gﬂ‘ﬁ 5.3.9)
must-be-a
[

must-support

must-support

-
left-of l

must-not-tou/ ch
must-not-touch

71/ 5.3.9

o TungaunNLs LuA information NwARMa classification tree Tusunsa
qz@914 class N "brick-or-wedge" class 2AULND LGN "block"
Tunsaiidlusunsuld enlarge-set heuristic
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e LATDIWININLUNSAUN b3A objects AUDNLAYLNLIULEA brick NL
wedge 1dsungnazan isa link aan lunsalildswunsula drop-

link heuristic

Algorithm ua4lilsunsy

e near-miss MI&1USU specialize model Taglle
= require link heuristic
— forbid link heuristic
e positive example Td@1msu generalize model Taeld
= climb-tree heuristic
— enlarge-set heuristic

— drop-link heuristic
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Specialization :

Specialization to make a model more restrictive,
* Make the evolving model to the example to establish
correspondences among parts
e Determine whether there is a single, most important difference
between the evolving model and the near miss
- If there is a single, most important difference,
(a) If the evolving model has a link that is not in the near
miss, use the require-link heuristic
(b) If the near miss has a link that is not in the model,
use the forbid-link heuristic

- Otherwise, ignore the example
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Generalization :

Generalization to make a model more permissive,
e Match the evolving model to the example to establish
correspondences among parts
e For each difference, determine the difference type:
- If a link points to a class in the evolving model different
from the class to which the link points in the example,
(a) If the classes are part of a classification tree, use the
climb-tree heuristic
(b) If the classes form an exhaustive set, use the drop-link
heuristic
(c) Otherwise, use the enlarge-set heuristic
e |f a link is missing in the example, use the drop-link heuristic

e Otherwise, ignore the difference



5.4 Version Spaces

e Mitchell [1977,1978] t&UR28N19NLFANI version spaces
» 13811 description NAEUNEAIBENNUINEAE INBELNEAIAEN9AY

* 51 5.4.1 A A2RENNLINTAINIFLFLY concept 'Car’ TILAAILAE

frame
Car023

origin : Japan

manufacturer : Honda

color : Blue

decade : 1970

type : Economy

51/ 5.4.1 A3I8£1919NUA concept 'Car’
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a I (1 1 =
 ANNFILGRE slot 2R3 frame LT uAMLARILUgLIN 5.4.2

origin [l { Japan, USA, Britain, Germany, ltaly }

manufacturer [1 { Honda, Toyota, Ford, Chrysler, Jaguar, BMW, Fiat }
color [1 { Bule, Green, Red, White }

decade [1 {1950, 1960, 1970, 1980, 1990, 2000 }

type [1 { Economy, Luxury, Sports }

7191 5.4.2 Nl Tuans

e Concept description u,ﬂm"luﬁﬂmm slots LLag slot values LU
concept AR4 "Japanese economy car” mevl,mmgﬂw 5.4.3

origin : Japan
manufacturer : x1
color : X2
decade : x3
type : Economy
gllﬁ 5.4.3 Concept "Japanese Economy Car"




- flyvrasnsiFauiaa * dvun nnnlduandid (dulusila
5.4.2) WATAIDEUINLIN rfffa'azhmu"lﬁ’(tﬁu"lugﬂﬁ 5.4.1) [9U"
concept description NdaARARINLAIALEY (ABLIEAIALN
UIN WAL lNABUNAD8N9AL) "

e Concept space Ag space ﬁﬁﬂu’]"?mﬂu descriptions Tﬂﬂ‘ﬁ
ﬂm%nmdﬂﬁguﬁ partial ordering (ﬁ")‘ﬁ general nfa'ﬁ%'agimﬁa
F7 specific n1) Aag1li 5.4.4
- Faflaguugn A AAT general NINNHA
- Favlaganedn Aa AN specific NANTIEA (Frasdreuan)
- target concept description ABEHFEUINUUFANUANNEN

e AUUN target concept description Tnad519 hypothesis ﬁtﬂu

([~ 1 = (=] [ = .
iR eaelURY concept space LAZLTENLIARALEIUIT version space
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origin . x1

mfr : X2

color : X3

decade : x4

»w\

origin : Japan origin :
mfr ; X2 mfg:
color: X3 color :
decade : x4 decade :
type : _x5 type :

o wmes o e

origin : Japan

mfr : X2
color : X3
decade : x4
type : Economy

origin : Japan
mfr : Honda
color :  White
decade : 1980
type : Economy

3‘1_/17'1' 5.4.4 Concept Space

X1

X2

X3

x4

Economy
origin : USA
mfr : X2
color: x3
decade : x4
type : Economy
origin : USA

mfr : Chrysler
color . Green
decade : 1970
type : Economy



_ < alay a P =
e \ersion space 1y space NuANTNLL W description A9d2A

ARBINUAIDEN

* NNSWAMY version space WAAIIALLTALRY 2 1R AR G AT S
- ¥im G Usznauans mos;t general descriptions ﬁﬂﬂﬂﬂﬁﬂﬁ

AUFBEN9NLANLNINIRNA

- vim S Usznaunas mos;t specific descriptions ﬁﬂ'ﬂﬂﬂﬁ’m

AUG2aE19NLANLININIRNA

~ version space A¥RUTLUINN G WAT S (@gﬂ‘ﬁ 5.4.5)

Version Space

Null Hypothesis

e
L

Training Examples

N\

/

Concept Space

3‘1_/17'1' 5.4.5 Version Space




* UANNITURY version space AR mnﬂﬁamﬁﬂm%’uﬁqaﬂwmﬂﬁq

Tud 19198914 S general mmlu LL@”%ﬂﬂﬁﬂﬂlﬂ%‘Uﬁl’Jﬂﬂ’Nﬂu
L's'mvwflu G specific NN @u"luwaﬂ S Az G QLUINgAILALT

N ‘Nlﬁﬂﬂ':n target concept description

algorithm : Candidate Elimination
1. G := {null description}
2. S := {first positive example}
3. Accept a new example E
IF E is positive THEN
Remove from G any descriptions that do not cover the example.
Update S to contain the most specific set of descriptions in the
version space that cover the example and the current elements of S.
END ELSE IF E is negative THEN
Remove from S any descriptions that cover the example.
Update G to contain the most genereal set of desciptions in the
version space that do not cover the example.
4. IF S and G are both singleton sets and S = G THEN Output the element
ELSE IF S and G are both singleton sets and S<>G THEN examples were
inconsistent.
ELSE goto 3. 0




AADENNUIDINIFLTEY concept "Japanese economy car”

origin : Japan origin : Japan origin : Japan
mfr : Honda mfr : Toyota mfr : Toyota
color : Blue color :  Green color : Blue
decade : 1980 decade : 1970 decade : 1990
type : Economy type :  Sports type : Econamy
(+) (-) (+)

origin : USA origin : Japan

mfr : Chrysler mfr : Honda

color: Red color :  White

decade : 1980 decade : 1980

type : Economy type : Economy

(-) (+)

e MNAIALINUIN 3 A9 LAZ ADEINAL 2 AIATULYU LSILFHAE
mﬁaé"'m G LAz S AINAAEI9LLSN

= {(x1,x2,x3,x4,x5)}

= {(Japan,Honda,Blue, 1980 ,Economy)}
Tnah (x1,x2,x3,x4,x5) Lﬂummm slot 1 1, 2. 3, 4, 5 AMNAHL



e fnasnedt 2 1flusatteay AatuLe specialize G tialala
version space aaUNEAIR819aLE Tnangilasusauilelsy
FluAraen

G = {(x1,Honda,x3,x4,x5), (x1,x2,Blue,x4,x5),
(x1,x2,x3,1980,x5), (x1,x2,x3,x4,Economy)}
g1 S Tatlasuunilas = {(Japan,Honda,Blue,1980, Economy))
e Aae1e? 3 1iluLan = (Japan,Toyota,Blue,1990,Economy)
1918147 description lu G TilsiganAaasiunlasneil
G = {(x1,x2,Blue,x4,x5), (x1,x2,x3,x4,Economy)}
WAz generalize S l%aaudaasnel
S = {(Japan,x2,Blue,x4,Economy)}
ﬁﬂﬂ‘ﬁtﬁ’ﬂﬁ version space ﬁtmm

1] 1] n 1] >— 1] 1]
Japanese blue economy car”, "blue car" ¥ia "Economy car



° ﬁ%@ﬁiﬁﬂﬁ 4 Lfﬂuﬂu = (USA,Chrysler,Red,1980,Economy)

G = {(x1,x2,Blue,x4,x5), (x1,x2,Blue,x4,Economy),
(Japan,x2,x3,x4,Economy)}

= {(Japan x2,Blue,x4,Economy)}
* Aaat19% 5 1iluuan = (Japan,Honda,White,1980,Economy)
G = {(Japan,x2,x3,x4,Economy)}
= {(Japan,x2,x3,x4,Economy)}

Wmu 1ﬂmf§l'm_l S=G WdmMY "Japanese economy car"
mmﬂmmmnu version space

» algorithm 14 least-commitment algorithm -- Tunsasdunay
version space A¢fN pruned {RYTRA LY space ﬁLgﬂﬂﬂﬁﬂﬂﬁquvi'\
ASlullle sariu faudamragnsuanynmaLily Japanese cars
nmu algorlthm ﬂvaLa\lmﬂﬂq’]Nu’]QvLﬂuw concept a1qE959N
car 'au e]‘I/l\‘] ‘Quﬂﬁv‘VNW‘]JW)'ﬂEI’Nﬂ'U
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° NSTUIUNITAUWLLIWLUL exhaustive breadth-first search :
Hiulaannng update 1ER G AaLUKNLI algorithm H1lssAna-
WAL UNST space Muaining  Feanavinldntulaeld
heuristic LM 1¥N1TAUUN

IR S UsenaumiadinBntNedAILAea LING1291 ARasI9Lan 2
AL 6]aﬁ'\l generalization LNEUTLREN ﬁﬂﬁgu version space
IbNAINTOLTEIY disjunctive concept (concept ﬁﬂgﬂugﬂm'ﬂﬂ
or L "Japanese econamy car or Japanese sport car"

* APBAUANDELINUAY version space AD LNAINITAAANITAU
noisy example (example ﬁﬁ{l’ag@ququﬁmwmﬂ) LiY N
example AT 3 (Japan Toyota Blue 1990 Economy) TRt
class ﬁmfﬂu (-) algorithm azllNAINITDLTEU concept

"Japanese economy car" vlﬁgﬂﬁﬂﬂ
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5.5 ldentification Tree Learning

e |dentification-tree learning Lﬂua%'mﬁt?‘ﬂui/ﬁiﬁ)uﬂﬂﬁqﬁlu
machine learning

» ssuuBaudilszinnil (Fau identification tree A1NFratIUR
ae °) class 249 tree NlALE classify A2D£14

o fhatnerasiioyin : Aasniswidazlshatladaninliauill
AauARANTIENEIA UeAufasAalasuug tan wAtnAu
paslasuanansiruaniniug Tnadayandanalas Ao
LANGANITRY ANN §9uge Uuln 129 ldaunn wazuneAy

Adladu urenunlald
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class

y

attribute —+=| Name Hair Height Weight Lotion Result
~| Sarah blonde average light no sunburned

Dana blonde tall average yes none

Alex  brown short average yes none
value Annie blonde short average no sunburned
Emily red average heavy no sunburned

Pete  brown tall heavy no none

John brown average heavy no none

Katie Dblonde short light yes none

FSINUAANTAYANAUNG LA

« SusdaInsdanlasuneaudllisunauan fAeazlvel
(sunburned) ¥15a b ﬁmq%v‘i'ﬂﬁimﬂLﬁﬂui’@a&mmﬂuﬁu
AuANTINAULY Fepnuinasiiundayaazasluasaiy
8/(3*3*3*2) = 15%  azLfiudn3on i lEIENA
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o identification tree AA decision tree
— WARE node LU tree WAMAY attribute
- link NAANU node LAMY value
- leaf Aa4 tree LLAMY class

* N1SASN tree NIALASI node AUNAL node LA test ATUAN-
UAADIAIDLEN (TAYA) LAILENAIRENAN value URIAIDES
o o @ 1 1 [~1 (-9 1 P 'V
Vl’\@14ﬂ%‘$ﬂﬂﬂ')'ﬂﬂ’]ﬂ°luttmaz leaf Lﬂﬂﬂ')’ﬂﬁl']\'ﬂl'ﬂﬂ class LAgIAINY

al = i . <

o gﬂ‘w 5.5.1 WAAINISLAAN attribule hair color 11 node wsn

NN tree mmwmmnmamﬂﬁlummw hair color 111 red
[~ [~ 1 =

(class t1]4 sunburned) LAz brown (class +1l4 none) wHbUNSE
= ] (7~ % (Y I v ¥ a o I a & &
N hair color 11]u blonde glananNAaLINtNlA (RAB819NLLIUNS

sunburned waz none Uzilunuas)
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blonde red brown
Sarah(+) sunburned: none:
Dana(-)  Emily(+) Alex(-)
Annie(+) Pete(-)
Katie(-) John(-)

37_/‘71' 5.5.1 ﬂ;ﬁﬂ identification tree lagl node mef/u hair color

o~ . (] v 1
o lUNSUN hair color 1111 blonde 157145149 node °l‘|/ml§l’mgﬂ

brown

blonde
sunburned: none:

Emily(+) Alex(-)

yes Pete(-)
John(-)

no

sunburned: none:
Sarah(+) Dana(-)
Annie(+) Katie(-)

57_/17'1' 5.5.2 @594 node 7 2 1§ lotion used
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e identification tree NAAAARAINULADENN BI1AN LANINAIT 1
LU 19181/ tree bARIFL

none: Ssunburned:
Alex(-) Sarah(+)
eavy

blonde Qrown

none:.  sunburned: sunburned: none:
Katie(-) Annie(+) Emily(+)  John(-)

71/9 5.5.3 identification tree NugNEIBE19 1A

LLﬁlZ&Iﬂﬂﬁl@\?ﬁﬂJJﬂ’J’)Nﬁ‘ﬂﬂﬂ@\?ﬂ‘lJ
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e 52U trees 2 AuluAIRENINILAY 151REN 1A tree AULSN

e Occam's razor W UN1984514 identification tree
- identification tree NAUUIALANNGANIAAARDINLAIDENS

11U tree ﬁﬁ‘ﬁqcﬂ

« M5 tree AUTANTEAAzIREAIFagluNTATUINNN AU
asldannsangzyinta lunel Hiis

NISLAANAA test

° UANNIFASIN tree WULIIIAANLNLNNIAAN test node NUEN
sratrutludntas Tnan vnliandndiulualunsazidnsas
T class iRaAUNINAEA

- sratradulugili 554 uaRIHRIBILARE test node Tunsdiaraa
test node 11l hair color #N15auanARENLLY 3 LERtas
[ Fmeiagiusn (blond) NADLN9UDY 2 classes dunuagi AULEn

eineN 2 (red) WAz 3 (brown) HABEN9URY class sunburned WAL
none BALINLALININAIAL
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blonde red hrown short aver age tall
Sarah(+) Emily(+) Alex(-) Alex(-)  Sarah(+) Dana(-)
Dana(-) Pete(-) Annie(+) Emily(+) Pete(-)
Annie(+) John(-) Katie(-)  John(-)

Katie(-)

lotion used

no yes

Sarah(+) Dana(-) Emily(+) Sarah(+) Dana(-)
Katie(-)  Alex(-) Pete(-) Annie(+) Alex(-)
Annie(+) John(-) Emily(+) Katie(-)
Pete(-)
John(-

71/71 5.5.4 HAIBILARE test node :

i o I [~ vy
hair color LEINAIALINABRNLLY class 'lmwm

q
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Prown

Alex(-)
Pete(-)

John(-) blonde hrown

Annie(+) Sarah(+) Dana(-) Alex(-)
Katie(-) Pete(-)
John(-)

Sarah(+) Dana(-)
Katie(-)  Annie(+)

blonde hrown

: Alex(-)
Petel)
no yes John(-)

Sarah(+) Dana(-)
Annie(+) Katie(-)

519 5.5.5 AAUBIUAAL test node MWNNIT 1Y subtree UBIFLIN 5.5.4
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e yRaN 1 nlssandnludndas® 1 aaniilu class sa'lil

« 5171 5.5.5 UAAINIFAIN tree siaaNLAN Tnelsd test node LN
NNLLIY  height, weight Wag lotion used AMNAIAL

* NAURY test node ﬁtfﬂu lotion used AMNITORANAIDEIIDAN
lu class laatneauysal faniiis1meanisadng tree

AAAMNAINITA LUNITHENAIBEN9 L ADENa LS

e [D-3 Lﬂuiﬂ%‘l,m%‘uﬁﬂ%/’m identification tree Tl information
theory LUAIIAAIMNAINITDIUNITHLENAIDENN (gain) ADILE
AL node

Gain(ode) =3 ((2)° (3 - 108, )

Iag ny A ATUIUAIDENUDY link b
Ny A INUIUABEURINN link FANNY
n,, A8 ATUIUADENNUDY class ¢ 9 link b
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e 17U node hair color °lugﬂ17i 5.5.4 3A1 gain s1lu

Gain(hair color) =%(-2log.. 2 -2loq. 2) +1* 0 +3* 0 =05
( )= g( 741992741992 570 "

Q)
Y N

DUFIAIUIIAT Gain BININ node Az lARIi
Gain(hair color) = 0.5 Gain(height) = 0.69
Gain(weight) = 0.94 Gain(lotion) = 0.61
lunsditite1laan node hair color iNS1ZEIAN Gain Yasan
(LenA2aginaaantili class ”lﬁ’ﬁﬁqm)

+ \flaA1ua Gain 299N node lugii 555 axls
Gain(height) = 0.5 Gain(weight) = 1 Gain(lotion) = 0
FILAA997 node lotion ﬁﬁqm

» Gain lagunsigadiuiufantunangaianduniialnsluidu
NUTUAADIADY A
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= I~
n15tUasiuann tree 11U rule

« 11918574 tree (FEUSasUA? 5@ aNTaLAnY tree Mgl
siluaq rule "IF THEN" 1 Tmaingmann path (5usuaIn root
node l1l€l4 leaf node nﬂﬂ?ﬂﬁwu test node LN test node
AuAtaq test 13ludauaas IF uaziilawy leaf node 1ld class
T9ludauaas THEN

» 2N tree Nad1lugil tslFaudiu rules Tagail

(1) IF the person's hair color is blonde (3) IF the person's hair color is red
the person uses lotion THEN the person turns red
THEN nothing happens (4) IF the person's hair color is brown
(2) IF the person's hair color is blonde THEN nothing happens

the person uses no lotion

THEN the person turns red
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e ANTNAURNLARINISIUTELLNEUNIS LT learning tools
(ID-3) wazldld lun19WRIWN expert system

Application No. of |Develop [Maintain | Learning
Rules | (Man Ys) [(Man Ys)| Tools

MYCIN | Medical 400 100 N/A N/A
Diagnosis

XCON | VAX computer 8,000 180 30 N/A
configuration

GASOIL | Hydrocarbon 2,800 1 0.1 | ExpertEase
separtation and Extran7
system
configuration

BMT Configuration 30,000 9 2.0 |1st Class and
of fire-protection Rulemaster
equipment in
buildings

* GASOIL WAz BMT 11lu expert systems Nas9lne learning
tools AIWRIUINIANTLSINSTY ID-3



5.6 Learning by Analogy

« Analogy L HuAENsFauasamilanisldiy

o Huiaassialunsuitlyulusinsalsimany Tneldilszau
nsainaanatudaelunisuitloym

e | earning by analogy Lfﬂumﬂﬁﬂdluﬂ'lﬁ‘tl,ﬁ}ﬁmuu’]ﬁﬁﬁﬂﬂmzﬂé/’]ﬂ
AutfauminisagnAmavlauds  Tnawdladnauinli
danAsasiuilvRiaawUas
- match Ty lutiny iEnuastlaunin iwawrdauluunlng

Aaenuilaynluminnign

- transform AsavrastyuwiMdanls Ivaannaasnuiloy-

vl (Rg1l# 5.6.1)
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mapping

New Previously
O » Solved
Problem Problem
Solution Y Solution
to New [ to Old
Problem transform Problem

57_/171' 5.6.1 Transformational Analogy

Analogy 1uﬁmuﬂ |Q-test

B

1

aadangil X (1, 2, 3, 4 vsa 5) Milei 61 A 1Tlu B uda C aziflu X

A
©
C
O

O




» tlduannnslugii 5.6.1
- 489791 A A2 uwinn waz B A AMAALTDY A
- C Aa daumlna
- w1 npazlstldlunsidaauann A dlu B
= map 70 A ld c
- ldnyuazNanis map mmwngmﬂﬂumsmaﬂu C ilu X
- Tlsunsn ANALOGY iuldlsunsuiannisiutlomil

- 38n15229 ANALOGY Aa asuneliladn A waswilu B laasdnsls
via npazlenldfilfau A v B

. amnmdani i swnnglunisilasuann © dusndanuu
match nlalunsazdadandungnldidasu A flu B uaadan
ng# match laangailunay
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« ANALOGY ldngiitlsznausas 2 dau
- NFAFUE relations $81IN4 objects
above, left of, inside of
- NFABUIe transformations §£143149 objects
be scaled, be rotated, be reflected, be deleted, be added
« ANALOGY laf geometric analogy net (special case UR4 seman-
tic network)
geometric analogy net sznaunas
= node LLAAY object LT 1 dot, circle, triangle, square, rectangle
— link WAMY relation LY above, left of inside of

- link WAMY transformation L1 rotated, expanded, unchanged
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A

B

A\

m

/N [m

unchange
|

above |eft-of

unchange
e

C

2

®Xx

®

®

unchange
|

above left-of

unchange
e
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unchange

1
®X
unchange
above i above

@ X

O

®

unchange

above left-of
unchange



- a1ng17 5.6.2 ANALOGY az@a@4 match objects Uag A-B il
objects Ua4 C-X 11U
- match | Nu x, mﬁﬂy
- %58 match | NU y, m N x
o C-3 Wlumataany match ALl A- B wam 1ma match | NU X
WAZ m AU y F9vinled link @918 o) match nuldwah
e TUNTAINUALIINAITUNANTE relations 214919 objects
(lsiN transformation 'i‘“WJ"N objects)
g1l uans WAAINT N objects Tu A wazwilu B Ing rotation
Fansaii ANOLOGY agidan c-1 \Husmay

A B C 1 C 2 C 3
O 15 B |5 Kl |G B
rotate by 45
rotate by 45 rotate by 45 U unchanged
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n15U5sLNUAIURINIS match NINNAR

o dluﬂﬁ‘tﬁﬁ match W24 relations %58 transformations l{Wam
ANALOGY FRA3ARIEIRaIn)#iasing A-B il C-X udaldan
X MAnuasgraingnlnaiAssiungaas A-B unign

« ANALOGY % weight UR4 relation NINNANARY transformation
1 ‘198 weight 224 retation 1a 913l 1 wazaas transformation
o upniaandn 1

o

INNIINANRBT weight ‘ﬁﬂ‘ﬂ%ﬁﬂ A

unchanged = 0.5, scaled = 0.4, rotated = 0.35, scaled and

rotated = 0.3, reflected = 0.12, scaled and reflected = 0.075,

rotated and reflected=0.05, scaled, rotated and reflected=0.025
« ANALOGY @x19aunilsunaad IQ-test laagngm

153



5.7 Explanation-Based Learning (EBL)

OI,f]:j aa o 9

UABIFEUSFTauanmate NI iemaLAsN
o LMY N19L581Y concept "fork" LWN15LAU chess
white knight attacks both the black king and black queen
lunsdinidhamnaseant@e queen
nfataAe RaEausAe
if any piece x attacks both the opponent's king and another
piece y, then y will be lost.
ol domain-specific knowledge daelungisey
e NgEZUAUNTITURN EBL
- 14 domain knowledge a1 luA2ast1939LTluAYDLN
224 concept LuguaIng
— generalize ﬂ{]ﬁlﬁ Lﬁ@iﬁli’ﬁunﬁcﬁ%‘ﬂﬁ



Input & output AR EBL

Input:
e Training example — AAEN9UAY concept NazL3aU (board
position 1’7‘iu,am fork)
e Goal concept -- concept ﬁ@a‘:l,?ﬂu (concept fork)
» Operational criterion - description Ng N1 LL1ElANUTN
( attack-both(WKn,BK.BQ) tagn1saunliflalanui aasans
lugilaassunidauunszany iy
position(WKn,f7), position(BK,h8), position(BQ,d8) )
» Domain theory — NAANN ALTUARIAMNFNNUSUDS objects
WAz actions 1u domain 1544 (NONI5LAY chess)
Output
e generalization a4 training example e?iuﬁmwaﬁm%’ua%mﬂ
goal concept LASADAAADINL operational criterion



N15L584 concept "cup"

e Training example:
owner(object23,ralph), has-part(object23,concavity12),
isa(concavity12,concavity), is(concavity12,upward-pointing),
has-part(object23,handle16), isa(handle16,handle),
is(object23,light), color(object23,brown), has-part(object23,bottom19),

is(bottom19,bottom), is(bottom19,flat), . . .

e Domain theory
liftable(X), stable(X), open-vessel(X) — cup(X)
is(X,light), has-part(X,Y), isa(Y,handle) — liftable(X)
small(X), made-from(X,Y), low-density(Y) — liftable(X)
has-part(X,Y), isa(Y,bottom), is(Y,flat) — stable(X)
has-part(X,Y), isa(Y,concavity), is(Y,upward-pointing)
— open-vessel(X)
» Goal concept : cup(X)
Xisacupiff Xis Iiftablle, §table and open-vessel.
» Operational criterion : AYVILAAIANHUEIN UDN cup LT

isa, has-part, color
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e AMNAIDLNUINY AN L5I1ABIN15E519 description UBY cup
(1) V4 domain knowledge a8U18971917kH object23 AaLilu cup
#5149 proof tree UR4 object23

cup(object23)
liftable(object23) open-vessel(object23)
stable(object23)
A
is(object23,light) has-part(object23,concavity12)
has-part(object23,handle16) isa(concavity12,concavity)
isa(handle16,handle) is(concavity12,upward-pointing)

has-part(object23,bottom19)
isa(bottom19,bottom)
is(bottom19,flat)

A4LNA91 predicate NbaLNEIURINY concept L owner, color
azluN U proof tree



(2) generalize WAL A predicate il operational criterion NN
#579Ng)
— generalization AN domain knowledge
a1 argument Ua4 predicate Nmg9nulu domain knowledge
< , e | a @ v @
1]y variable NtU@asgw argument Mtilu constant LAty
variable
2l argument Ua4 predicate Nm59nU LU domain knowledge
(~1 % al
11l constant NlsiAadtdasu
o . . S @ .
1Y is(object23,light) tUagutilu is(X,light)
Taaf X wni object23

- A9 predicate ﬁLﬂu operational criterion ma%’wngvlﬁ
is(X,light),has-part(X,H), isa(H,handle), has-part(X,B),
isa(B,bottom), is(B,flat), has-part(X,C), isa(C,concavity),
is(C,upward-pointing) — cup(X) .



5.8 Learning of Logic Programs

e Learning of logic programs or Inductive Logic Programming
(ILP) is a learning that uses logic as knowledge representation
e advantage of ILP
— powerful representation :
first-order or higher-order logic programs
— can use background knowledge
e Quinlan(1990) described the learning system FOIL which
employed information-based heuristic to guide the search

for programs efficiently
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Input & Output

Positive examples Negative exampls Background knowledge

sort([1,0],[0,1]) sort([1,0],[1,0]) insert(X,[ 1,[X]).
sort([1,0,2],[0,1,2]) sort([1,0,2],[0]) insert(X,[Y|Ys],[Y|Zs]) :-
X >Y, insert(X,Ys,Zs).

insert(X,[Y|Ys],[X,Y[|Ys]) :-
Y >= X.
'/

Inductive learning system
Program

sort([ ],[ ]).
sort([X|Xs],Ys) :- sort(Xs,Zs), insert(X,Zs,Ys).




FOIL(Information-Based Heuristic)

e FOIL learns funciton-free Horn clauses from examples in batch

mode

e The system is based on ideas in the attribute-value learning

system, ID-3
e The system employs information-based heuristic to guide the
search efficiently

e |t uses tuples to represent the examples



An Example of 'can-reach’

N

B.K. linked-to(X,Y) : <0,1>, <0,3>, <1,2>, <3,2>, <3,4>,
<4,5>, <4,6>, <6,8>, <7,6>, <7,8>

Program can-reach(X,Y) :- linked-to(X,Y).

can-reach(X,Y) :- linked-to(X,Z), can-reach(Z,Y).



An Example of 'can-reach’

can-reach(X1,X2) :-
positive tupIes,T:: (19 tuples)
<0,1> <0,2> <0,3> <0,4> <0,5>
<3,5> <3,6> <3,8> <4,5> <4,6>
negative tuples,T; : (62 tuples)

<0,0>
<2.0>
<3.1>
<51>
<6,2>
<7.4>
<8,7>

<0,7>
<2,1>
<3,3>
<5,2>
<6,3>
<7,5>
<8.8>

<1,0>
<2,2>
<3,7>
<5,3>
<6,4>
<7,/>

<1,1>
<2,3>
<4.0>
<5.4>
<6,5>
<8,0>

<1,3>
<2.4>
<4.1>
<5.5>
<6.,6>
<8,1>
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<0,6>
<4 8>

<1,4>
<2,5>
<4.2>
<5.6>
<6,7>
<8,2>

<0,8>
<6,8>

<1,5>
<2.6>
<4 3>
<57>
<7,0>
<8,3>

<1.2>
<7.6>

<1,6>
<2, 7>
<4 4>
<5,8>
<7.1>
<8,4>

<3.2>
<7.8>

<1,7>
<2,8>
<4.7>
<6,0>
<7,2>
<8,5>

<3 4>

<1,8>
<3,0>
<5,0>
<6,1>
<7,3>
<8,6>



The Algorithm of FOIL

Outermost level:

e Establish the training set consisting of positive and negative
tuples

e UNTIL there is no positive tuple left DO
- Find a clause the characterizes part of the target relation
- Remove all examples that satisfy the right-hand side of this

clause from the traning set



The Algortihm of FOIL

Inner loop: find a clause of the form
p(X1,X2, ... ,Xk):-L1,L2,...,Ln
where, Liis Xj = Xk, Xj# Xk, q(V1,...,Vn)or-=q(V1,...,Vn)
X], Xk are existing variables, q is a background predicate,
Vi is an existing or new variable
* |nitialize the local traning set Ti to the traning set and let i = 1
 WHILE Ti contains negative tuples:
— Find a background literal Lito add to the right-hand side of
the clause
— Produce a new traning set Ti+1 based on those tuples in Ti
that satisfy Li.

- Increment | and continue



Hypothesis Space of 'can-reach’

can-reach(X1,X2)

can-reach(X1,X2) :-
can-reach(X1,X3)

can-reach(X1,X2) :- can-reach(X1,X2) :-

X1=X2 \ X1#X2

can-reach(X1,X2) :- can-reach(X1,X2) :-
linked-to(X1,X3) linked-to(X1,X2)

N

can-reach(X1,X2) :- can-reach(X1,X2) :- can-reach(X1,X2) :-
linked-to(X1,X3), linked-to(X1,X3), linked-to(X1,X3),
can-reach(X3,X2) linked-to(X3,X2) X2 = X3
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An Example of 'can-reach’

e Suppose that the first literal selected for the right-hand side is
linked-to(X1,X2). The obtained clause is:
can-reach(X1,X2) :- linked-to(X1,X2)
The clause covers no negative example.
* In the second outermost loop, T1 consisting of the remaining
positive tuples

<0,2> <0,4> <0,5> <0,6> <0,8> <3,5> <3,6> <3,8> <4,8>



An Example of 'can-reach’

e If the literal linked-to(X1,X3) is selected, then T2 consists of the

triples:
positive triples, T; : (18)
<0,2,1> <0,2,3> <0,4,1> <0,4,3> <0,5,1> <0,5,3> <0,6,1> <0,6,3> <0,8,1>
<0,8,3> <3,5,2> <3,5,4> <3,6,2> <3,6,4> <3,8,2> <3,8,4> <4,8,5> <4,8,6>
negative triples, T'2 . (54)
<0,0,1> <0,0,3> <0,7,1> <0,7,3> <1,0,2> <1,1,2> <1,3,2> <1,4,2> <1,5,2>
<1,6,2> <1,72> <1,8,2> <3,0,2> <3,0,4> <3,1,2> <3,1,4> <3,3,2> <3,3,4>

<7,5,8> <7,7,6> <7,7,8>
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An Example of 'can-reach’

e If the second literal selected is canreach(X3,X2), then T3
consists of only positive triples (10):
<0,2,1> <0,2,3> <0,4,3> <0,5,3> <0,6,3> <0,8,3> <3,5,4>
<3,6,4> <3,8,4> <4,8,6>
can-reach(X1,X2) :- linked-to(X1,X3), can-reach(X3,X2)
e If ,instead of the second literal above, linked-to(X3,X2) was
selected, then T3 would consist of only 6 positive triples:
<0,2,1> <0,2,3> <0,4,3> <3,5,4> <3,6,4> <4,8,6>

can-reach(X1,X2) :- linked-to(X1,X3), linked-to(X3,X2)



Information-Based Heuristic(Gain)

* The whole purpose of a clause is to characterize a subset of
positive tuples in a relation

* |t seems appropriate to focus on the information provided by
signalling that a tuple is one of the positive kind

e |f the current Ti contains Ti+positive tuples and Ti_negative tuples,
the information required for this signal from Ti is given by

I(Ti) = -logy(Ti / (Ti +Ti))

* If the selection of a literal Li would give rise to a new set Ti+1,

the information given by the same signal is similarly

+ ]
1(Ti+1) = -Iogz(TiI1 [ (Ti+1 + Ti+1))



Information-Based Heuristic(Gain)

++
e Suppose that Ti of the positive tuples in Ti are represented by

one or more tuples in Ti+1. The total information regarding the
positive tuples in Tiis :
Gain(Li) = Ti x ( I(Ti) - I(Ti+1))
e Gain is large if the positive tuples are more concentrated in Ti+1

than in Ti



An Example of 'can-reach’

e Gain(can-reach(X3,X2)) is
10 x ( -logx(18/(18+54)) + logo(10/(10+0))) = 20.0
e Gain(linked-to(X3,X2)) is
6 x ( -log2(18/(18+54)) + logy(6/(6+0))) = 12.0
e That is the clause
can-reach(X1,X2) :- linked-to(X1,X3), can-reach(X3,X2)
Is prefered to

can-reach(X1,X2) :- linked-to(X1,X3), linked-to(X3,X2)



Results

e Learning Family Relationships

Two Family Trees

Christopher = Penelope Andrew = Christine
I I | |
Margaret = Arthur Victoria = James Jannifer = Charles
| I
Colin Charlotte
Roberto =I Maria Pierro =I Francesca
I I I I
Gina = Emilio Lucia = Macro Angela = Tomaso
-
Alfonso Sophia

A =B fiN18049 A LLANNIUNU B
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Background knowledge :

wife(X,Y) husband(X,Y)
mother(X,Y) father(X,Y)
sister(X,Y) brother(X,Y)
aunt(X,Y) uncle(X,Y)
daughter(X,Y) son(X,Y)
niece(X,Y) nephew(X,Y)

Learned concept:

wife(X,Y) :- father(Y,Z), son(Z,X).
wife(X,Y) :- father(Y,Z), daughter(Z,X).
mother(X,Y) :- father(Z,Y), husband(Z,X).
sister(X,Y) :- daughter(X,Z), father(Z,Y).



e Learning Recursive Relations on Lists
— List(X) -- X is a list
Background knowledge:
list(X) : list([ ]), list([a]), list([b,[a],d]), list([[a],d]), list([d]) . . .
null(X) : null([ ])
components(X,Y,Z) :- components([al,a,[ ])
components([b,[a],d],b,[[a],d])
components([[a],d],[al,[d]) ...
Learned concept:
list(A) :- components(A,B,C), list(C).
list(A) :- null(A).
- Append(X,Y,Z) -- appending X to Y gives Z
Background knowledge:
null(X), components(A,B,C)
Learned concept:
append(A,B,C) :- A=C, null(B).
append(A,B,C) :- B=C, null(A).
append(A,B,C) :- components(C,D,B), components(A,D,E), null(E).
append(A,B,C) :- components(C,D,E), components(A,D,F), append(F,B,E).
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e Learning the Concept of an Arch
Background knowledge:
arch(A,B,C) -- A, B and C form an arch with lintel A
supports(A,B) -- A supports B
left-of(A,B) -- A is left of B
touches(A,B) -- the sides of A and B touch
brick(A) -- A is a brick
wedge(A) -- A is a wedge
parallelpiped(A,B) -- A is a brick or a wedge
Learned concept:
arch(A,B,C) :- left-of(B,C), supports(B,A), =touch(B,C)



5.9 Artificial Neural Networks

e Artificial neural networks (ANN) +34N1541889N15NIIULNNEIU
UDIRNDINY el

 Neuron Lﬂuvﬁawﬂﬁvnfaumﬂ nucleus, cell body, dendry, synapse
axon Aanandlugili 5.9.1

dendrites

cell body
dy A%

—
elecirical
spike

gﬂ‘ﬁ 5.9.1 neuron

e ANDITDINY LN neuron dszanme 107 wmaz neuron HanAand
neuron auﬂ'a‘vmm 10" wazdl stW|Ch|ng time Uszao 10° AU
Fetunnidaauntrannaeas (107°3un7) waABI9IULN
ag1alaRNIININ



Perceptrons

e Perceptron 1111 ANN TiAMila dedsznaunlagiinnad(gil 5.9.2)

_ &
e input L1l real-valued vector

e Perceptron ATUATY linear combination A4 input(x) WAZ LU output(o)

[~ U 1 vV a [~ U 1 1 a
11l 1 2RI LALNU threshold waztily -1 a1A1 LAY

O(Xq,..s Xpy) =

1 if wg +wWyXq+--+w,X,>0
|

T 1if wg+wyXy+--+W X, <0

a e 1 ([~ = .
Tma® -wo Aa AN threshold, wi L1lw real-valued constant %458 weight

I @ o Qo @ i ala
°* Wi Lﬂﬂﬁ]qnq%umﬂ')']&lﬂqﬂﬁ"ﬂﬂﬁ Input xi NNFAR output
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o

activation function

gﬂ‘l‘?‘i 5.9.2 Perceptron

o 1% )= WX wsalugduasaninas  g(x)=wX
1=0

1 if g(x)>0
o(Xyyn X)) =0 . . (%)
1 1If g(x)<O

¥ . . . < . i =
o L4 activation function t1lu stepwise bipolar (output = 1 ¥i5a -1)

e lunsiaas 2 inputs Ananalug 5.9.3
9(X) = W, +W;X; +W,X,



e
X1

gﬂ‘ﬁ 5.9.3 decision surface

e LFIAINITONRY perceptron bl hyperplane decision surface
(g(x)=0)°lu n-dimensional surface

¢ LSIFINITOADU perceptron LULENAIAENG (ARIAL input-output)

. Qmﬂmﬁ%ﬁwm perceptronﬁﬂ NN function 17i perceptron d1d150
frurndls sfufisansafiazgnaaulii3au function uuls
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Perceptron Learning Rule

e aaMANTRgINARSENMLEN W 791019 perceptron RVt LY
+1 1/1?@ -1 vl:ﬂﬂﬂﬁl’ﬂ\?ﬂ']“?ﬂﬂﬂﬂ')’ﬂﬂ']ﬂﬂﬂ’ﬂu
e Perceptron learning rule
- BuAUAINNTENANBUNNTEN Wi
- e perceptron ﬁ’uwmﬁhmiwﬁaauﬁmﬁq
LLmLLfﬂmu'mumu@ perceptron LLﬂnm@mmmwmm
—QUﬂqeﬁqﬂuﬂ’Jﬂﬂqﬂﬂﬂ@u ’Q‘Hﬂ?u‘ﬂﬁ perceptron LLﬂﬂﬂrJﬂﬂ'Nvlﬂ
ﬂﬂﬁl’ﬂﬂﬂﬂ“&lﬂ
—umungnﬂﬁumu w, =w, +Aw
Than Aw. =a (t-0)X = O x error X input
t 11U target output,
o 13l output @1n perceptron, @ LTluAIAINLERY learning rate
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~lunsaiN perceptron LeNARENNlANADY
(t-0) azfAanilu 0 aw laidAaunilas
—oluﬂﬁnaiﬁ perceptron dlﬁtﬁ’]ﬁ‘l/!mﬁlu -1 LB target output = 1
\Waazyinlif perceptron LB iwaLTIL 1 duwinsAasgnilsu
ThgunsaRNAI e WK
— 81 x>0, wi azLiNTuLazazyinlif perceptron AN LA
gnﬁ’mﬁiﬁu (Awi = a(t-o)xi > 0)
- 1 xi<0, Wi AZRARILASAZHN b perceptron LENIWE LA
anFasEeay
—dluﬂﬁ‘tﬁﬁ perceptron 1ﬁL§ﬁﬁﬂﬂLﬂu 1 Wel target output = -1
wi 129 x MiluA1uan azanas,

a & I a Q?
wi A9 xi MUUAIRL ASLNNTU



M15199 5.9.1 NM5L5EUUDI Perceptron NUNINTUW AND

(binary activation function (output = 0 ¥i52 1))

Exa m;:ile

Pergeptron Learning E 1 .
Bias Input XD = x1- Loy Alpha = 0.08 o
Input | Input. : Met Sum i Terget |- Actual | Alpha |. Weighl-\r‘aims.
Xt X2 [4.0*We ] X1vw | X w2 [Inpat 0 L Out. | Qut *Error | WD 2| w2
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g] 'npi pagi 000 000 0.16 0 1 005 1 0085 1 010 0.10
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ANSI9% 5.9.2 ANNENENTRY perceptron NazidauNendu XOR

(binary activation function (output = 0 %152 1))

‘Ferceptron Learning Examgle |
. ] £
- { Blag nput .3({}“ S Alpha = 0.80
Input | Input b Het Sum | TFarge! | Actua! | Alpha Weight Values
x X2 10w | gt v | X202 {input Qul Ot Brror | WD W wWe
: .1 0.1 .4
0 al o o000l 000 eJRFeS h! 1}, 020 ] 010 410 010
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1 1 0.9¢ 010 | 080 1,60 & t D050 F - 040 D40

049




AA/NNAURI Perceptron Learning Rule

. concept #3a function wa'm'\'imﬁﬂu"l,m"imﬂ perceptron learning

rule wu azaaaily linearly separable function

e 21 baiLiluuL linearly separable, perceptron azligian (gﬂﬁ 5.9.4)

X2

A

1+ +

- —— X1
0 1

linearly separable examples(AND)

X2

[ 4
[ 4
[ 4
[ 4
[ 4
[ 4
[ 4
'0
1 . -
[ 4
[ 4
[ 4
[ 4
[ 4
[ 4

- +- X1

linearly non-separable examples (XOR)

‘Jﬂ‘w 5.9.4 linearly and linearly non-separable function



Delta Rule (Gradient Descent )

e delta rule ARNEINL perceptron learning rule WAATFLANGAININLU
v = aa o I 1 & .
error YRLNEM Tunsainmagnglutluwuy linearly separable
o ldunannisuas gradient descent INaRIAIAALAIN space U2
¢ o v a & %
lnnasdununntuldle
(~1 & % a .
. Lﬂuwug’lu“n@ﬁﬂaﬂ@ﬁwu Backprogagation
4 . . . | . . = [V -y a
o | activation function 11l linear function mmagwué‘lm (5Un 5.9.5)

A

gﬂ‘ﬁ 5.9.5 linear activation function

eV o — =
o LEMNWAADY perceptron wARAIlAg O(X) = WX
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e U8INN training error (E(w)) E(W) = dz (t, —OOI

Tnad D \Husinuassnasng, td 15U target output AIAIDENS d
od 1ilu output UaY perceptron A1 UMIDELN d

e E(W)11l44 parabolic function AW ‘?ﬂﬁdﬂﬁiﬂ%ﬁﬂdﬁtﬁﬂq

. ﬁT’J’ﬂEi’N“II’af(W) (2 inputs) me"lugﬂﬁ 5.9.6

20-

Wz

‘a“]J‘Vl 5.9.6 Hypothesgs Space of w and E(w)



Derivation of the Delta Rule

e WANNI5UAY delta rule ABWIAT W ALK E (W) ﬁmﬁ’aﬂﬁqﬂ

e (BuANNINLARSINMT NS NAULA2USUAINIARS N MINTIaz i as
°luﬁﬁ1/l’wm17i°ffu17iqm(steepest descent)aayerror surface(gﬂ5.9.6)

. LINLADSNANEANL error surface AUIMlAANAYN USRI E(W)

Wwgunu W (Litniaasiununag DE(W) )
00E 9E  OE O
OE (W)= E@ . B
Wo Wy awnD

L’JﬂLﬂ’ﬂiuLLﬂ AINA LU LL‘L!'J"II‘L! bAN Lﬂ’ﬂ?i’lﬁ\l‘lﬂ FWI’N@Q"NLTJ‘U —{E(W)

» sanunglunisdsudnanimasuinminggy:
W =W+ Aw
Than AW = —n LE(W)

. (1 1 =
n : learning rate LHUAYAINLAALAN
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e Delta rule annsavligulvagluslaasgnndnwaazaale

W, W +AW
o 0E
Taan AW, = -n——
0"E 0E _ 5W
0Wi ow. dw zng(td ~0g)°
1 0
= ow —— (1 Od)2

= ng(td ~0g) (Xjq)
xid ARANITN Xi WRIAIALY d
LAw; =n % (tg =0g) Xig
1D



Delta Rule Algorithm

Delta-Rule(training-examples.I] )
Each training example is a pair(X,t) , where X is the vector of input
values, and t is the target output value. Il is the learing rate.
e |nitialize each wi to some small random value
e Until the termination condition is met, Do
- Initialize each Awi to zero.
-For each<>_<',t> In training-examples, Do
-- Input the instance X to the unit and compute the outputo
-- For each linear unit weight wi, Do
Aw; = Aw; +n (t —0) X;
- For each linear weight wi, Do

Wi =W + AWi
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Multilayer Network and Backpropagation

. perceptron memmﬁmmm"l,mm linear decision surface LN

. Lumﬁnummu (multilayer network) dMN1g0LLAAY nonlinear
decision surface 1A

» FaagnsaImultilayer networkNuamaWendu XORuanslugi 5.9.7
wag decision surface wanglugi 5.9.8

w0=-1.5 gﬂﬁ 5.9.7 multilayer network solving XOR



X2 x1 XOR x2
0

1
1
0

..\ T-» XA

0 \
5119 5.9.8 decision surface U124 network 1ug1# 5.9.7
e Multilayer network i activation function ﬁﬂﬂuﬂﬁnﬁﬂdﬁﬂgﬁuﬂﬁ

L1 sigmoid function (meﬂugﬂ‘?‘i 5.9.9)

A 1

fﬂG(Y) = eV
e
.

- |
519 5.9.9 Sigmoid function




sigmoid function

0 = a(nhet) = 1
— () 1+e e

n
net = ZWiXi
1=0

ﬂ‘ﬁ 5.9.10 Perceptron 17idl°fi) Sigmoid function

)

* AUANLANUIUDY sigmoid function Aa ABYWUSLARIAYbUgLUa

AN A LABLNdNe
do(y)
dy

=a(y) {1-a(y))



Backpropagation Algorithm

« Backpropagation (BP) algorithm t321u4ALANLARSUINUNAINSL
multilayer feedforward network (MLFF) 1meinnsla gradient descent
LNauAANgAIaderrorsEUILETINATaLlALIas Atarget value

e A1 error (E) Henuiilu E(V)) = 1 t . — 2

W=7 ) (i)
dD k[outputs
1A outputs AaLTEALRY output units TuULEALISA,

(] o @
tkd LA Okd LU target value LLag output value AMNAIALURAY output
unit 1 k WAEAIRENN d
* BP AURILINLARTUINUNTLAAN error ANGA WA LUNTOIUDY MLFF

1 o = I P v & o =~ ..
ﬂ']ﬁl"l’éﬁﬂﬂﬁd']ﬂﬂ’)’]‘lﬂuﬂ AYUUAINALURY BP 2911l local minimum
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Backpropagation(training-examples, I, nin,nout,nhidden)

Each training example is a pair(X,T),where X is the input vector, t is the target
output vector, I is the learning rate. nin,nout, Nhidden are number of network inputs,
units in the hidden layer, output units, respectively. The input from unit i into unit j,
and the weight from unit i to unit j are denoted xji and wiji
e Initialize all network weights to small random numbers (e.g., [-0.05..0.05])
e Until the termination condition is met, Do
e For each<7(,f> in training-examples, Do
{Propagate the input forward through the network}
1. Input the instance X to the network, compute the output ou of every unit u.
{Propagate the errors backward through the network}
2. For each network output unit k, calculate its error term Ok
Ok =0k (1 -0k )(tk —0k)
3. For each hidden unit h, calculate its error term Oh
Oh=0n(1-04) ) Wikndk
k [outputs
4. Update each network weight wjii = Wjj = Wj; + Aw;j;

where AWji = [ﬂ]él in
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Derivation of Backpropagation Rule

v 1 - 1 (~1 v %’ % %
e luterroruasusazAlaeing d 1w Ed wadudiuudn wji andsulng Awj
AN gradient descent

J0E
AWji = —h—d
dei
Taa? Ed 11U error 109A20819 d AMUIMSINTIIUNARINRGLNN
output unit 1
N - 2
EaW =2 > (=0
k Coutputs

outputs +1WLTAURY output units, tk WAL ok L1lU target value WAL
output value U84 unit k #11TUAIDENN d AINRIAL

o T9f net; ZW“ jitaazlain 9By _ dEq 9Nty JE,

dWJ' 0netj ﬁWji 0netj

196
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Eq
. 0 net
1 ﬂ‘a‘m‘w unit | iy output unit WAz 2 NSO unit j 1511 hidden unit

a v & =
e NANSTUN AMNANNITNIHAILU 2 ngo;
. ﬂ%‘m‘w 1: training rule ﬂ'me;“i_lu’muﬂ"ll@\‘i output unit
= P 1 [~ a\ 1
LB Wi NHARDLEALISNIALNIUNIG neti

= I & a I D &
LA netj NARN ﬁﬂl:umlqgﬂtﬂﬂﬁ\l']quﬂ Of I(NMUU
0 Eq _ 0 Eq 0"0j
o"netj o"oj o"netj

. dEy
= ATUITY 0.,—0
| aaEd _ad = S (t —0x)?
Oj 0J k Ooutputs
0 Eq4 J 1 2
— - t —0;
00; aoj 2170

LINGIZN auwuﬁmquuau 6']‘I/I K ‘Vll&lL‘Vl’]ﬂ‘Ll J L‘]Ju 0
JEy _
=—(t; —o
7o, =t =)



501'

- AU ,
o"neqh
AMNAUANUAUBY sigmoid function
doj do(netj)
0"”6'[j - o"netj
= Oj (1—Oj)
o 0 E4
aglpan  —9 = —(t; —0;)o; (1 -0,
T = (1 700 (1-0))
e MU gradient descent rule A11SU output unit A9L1]U
0E
AWji = —n—d
0Wji

=n(tj —0j)oj(1-0;)X;j
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e N9GIN 2: training rule #NUSLUNMTNU4 hidden unit
TunisAuInN RIS wiji 34 j 111U hidden unit 11 19 BIRANT AN
NANNIBaNTDY wji NAAaIEIWATaLTARSNLAL Ed
-°l9 Downstream(j) +1l% AU units VwauNANlASY input A7

output AR unit |

1 I v (] a 1
- netj AINTORINAADLENNAUDILLAATN (WAZ Ed) TAlALIENUNIS
unit 11 Downstream(j) tNNUY

OBy _ 0E4q Jnety
anetj Downstream( j) Jnet dnét,;
0 nety

- Z _6k J net .
k LIDownstream( ) Net |
0 netk ﬁOJ

0"0j o"netj

= Z —6k
k ODownstream( | )

199



&'Ed 0"01

0 net; ) Z oKWk 0 net;

] kODownstream( j) J

= Z —akajOj (l—Oj)
k ODownstream( j)
y E
-9 8 wang - 95
0netj
61 :Oj (1—Oj) Z 5kaj

k LIDownstream( | )
LA AWji = I']anJl

o luaanNasNNLLuUNTUN Downstream(j) = outputs
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An Example of Multilayer Networks

e 92219729 multilayer networks N5 EINA

head hid

who’d hood

4000

0 500 1000 1400

0 head
& hid

+ hed

¥ had

+ hawed

9 « heard

o heed
¢ hud

» who'd
» hood



5.10 Bayesian Learning

» Bayesian leaming (fumasiafldnguianutiaziilu
(Bayes theorem) Lﬁﬂﬁ’l’j’lﬂuuag’]u (hypothesis)°lﬂ
UnazanAaIgn

o ldAaugNaunU (prior knowledge) SaNALADYA (data)

[avaNNRFUNANER

[ (~1 [ Y o -V a\ P=)
= AINMNUTNASLL uﬂQUﬁuqﬂqM?HﬂﬂJNﬂEquvuﬂ |

[ (~1 v a v o [V a =
= AINMHUTNATLL umﬂwfaa&l@wmmﬁﬂmmmuauumg'mum6]
(] a oo v a v 1 . .
o LilunANAN I FIUAsILAR LU naive Bayes learning,

Bayesian belief network learning
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Bayes Theorem

e P(h|D)=P([D]h)*P(h)
P(D)
al p=N ' < a v
Taan P(h | D) AR AANUIAzLLUaRd h \Nag D

p=y 1 [~ a v
P(D | h) Aa A NU1aztiuaas D tiag h
=y 1 [~ 1 v a\
P(h) Aa mwm%tﬂun@uummmauumgfm h

=y 1 [~ I v - 1
P(D) AB AMNUI9LLUNDURUIUDILGAURINIDENG D
Y. a al @ o a v
o | Bayes theorem °lumemmmmgﬂumm%mumqmmg D

Maximum a posteriori hypothesis : hy;,p

h =arg max P(h | D) =arg max P(D | h) * P(h)
VAR ThOH hOH P(D)
=arg max P(D | h) * P(h)
h[IH

e Maximum Likelihood (h,, ) (P(h.)=P(h.)) =arg max P(D | h)
ML™ ™ ) h(OH



AIRENNITIRANANNRAF1ULAY Bayes Theorem

Y, p=) (] <

° ﬂuvlﬂlﬂuﬁuﬁvlﬂﬂ?QQMqNSﬁLﬁﬂ N@ﬂ'\ﬁ‘ﬂﬁ‘Q@LﬂuUQﬂ
a Y Y =
- Nﬂﬂ'\?m?QQLN’ﬂLﬂﬂﬂ’)ﬂqulﬁﬂ')q“gﬂﬁl’ﬂ\'i 98% AadINT

NALTAUUDEAT
P [~ Y 'y =~

- Namemqmu@Lﬂuau%"lummgnmm 97% URINTEU

NluNlsALY

& & < <
- UANAINUYU 0.008 ARIUSEINTNINNALLIULTANZ LS
U dy ([~ [~ a P 1
o AUlTAUULLIUNZLFIA591A5 LH?

P(cancer) = P(—cancer) =
P(+ | cancer) = P(— | cancer) =
P(+ | -cancer) = P(— | —cancer) =

h MAP
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=1 = Q I (]
dRTNUFIULNEINUANNUIASLLY

e Product Rule : A3 UNAzLiU P(A [1B) ﬁammqmﬁcﬁ
A UAT B AZLNANTANNY
P(A L1B) = P(A|B)P(B) = P(B|A)P(A)
e Sum Rule : ANUNALIUY P(A [IB) ‘wmmm'sm A 152 B
AZLNA
P(A [UB) = P(A) + P(B) — P(A LIB)
» Theorem of total probability : DUNANITM A, A, LHLIA
FAINNU LAY _21 P(A;) = 1 AN
<

P(B)= 2 P(B | AP(A;)

=1
. (~3
e Chain Rule : A; Ay ..., Ay ULKANITAE N LABAINTTOR

n
P(A1 ,A2,...,An) - ié’l P(Al |Ai_1,...,A1)

05



al (] = o v @ I
N1gLLeIN LLﬂgﬂuqquﬂu‘V\q AFAINTLUAIRDENY

e hyyap MIUANNAFIUTINAz T uRge walsiiTiunsuanuean
ﬁqaziﬁqﬁﬁﬂwﬂuﬁqﬂ (most probable classification)
. ﬁmgmmuuagmﬁqmwi@"lﬂﬁ
P(h,|D)=04  R(h |D)=03 R(h |D)=03
e Ll A2agNe X Namﬁu,zmmeamuuag'mtﬂuﬁ’aﬁ
h,(x) =+ h2(x)=— h3(x)=—

LV I al (] a e
° NIFLLEINLLEZAIREIN X Vlﬂ']qglaﬂuﬂ'ﬁqﬂﬂ'ﬂ?
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Bayes Optimal Classifier

o alay Al 4
o ﬁl’JLLEIﬂLLEI%‘VIﬂ‘V]@ﬂLL‘UULUEI )

argmax 2 P(v; | h)) P(h | D)
vv  hOH

¢ ANAENY

P(h4| D) = 0.4 P(= | hq) = P(+ | hq)= 1
P(h,| D) = 0.3 P(— | hy) = P(+ | h,)= 0
P(h,| D) = 0.3 P(— | hy) = P(+ | hy)=0

2 P(+|h)P(h, | D)=04
h,OH

2 P(—|h)P(h |D)=0.6
h O H
e A9 arg max Z P(vj | hi) P(hi | D) = —
vOv  hOH



Naive Bayes Classifier

e ARLANWEZLUEALN94918 (naive Bayes classifier) LLUALLEN-
nazilszinnudanldanulad wanziunstiaay
- LEAAIDENNNATUIUNIN
- ANMANLB (attribute) wassaasrelsitusany
e Uszenebdaulumu
- ANTWENLEETAAINN (text classification)

-N1591UaRs (diagnosis)

208



Naive Bayes Classifier

~ L o I
o lnt a;.a,,..a, \uANaNLRTI29IEN

° ﬂﬁﬂ%ﬁ@”tﬂu%ﬂﬂﬁlﬂﬂﬂ’)@ﬂ’lﬂ X AR

VAP = argDmax P(vj | a1,a2,...,an)
4 V

Viap = argDm\?x P(@ag.az,...anl v )'P(y;)

P(ai,as,..,a,)

VAP = argDm\?x P(a,.,a,,...,a,| V )*P(vj)

e Naive Bayes assumption :
P(a,.,a,,...a,] vj) = I_II P(a; | v )

* Naive Bayes classifier : vyg = arg max P(v )*FI P(a | V; )

VD
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Naive Bayes Algorithm

e Naive_Bayes Learn(examples)
For each target value Vi

P(vj) — estimate P(vj)

For each attribute value a; of each attribute a

P(ai | vJ.) — estimate P(ai | / )

e Classify_New_ Example(x)

[] []
Vyg = arg anax P(v )*FI P(a; | v )
V



Name Hair Height Weight Lotion Result
Sarah blonde average light no +
Dana blonde tall average Yyes -
Alex brown short average yes -
Annie blonde short average no +
Emily red average heavy no +
Pete  brown tall heavy no -
John brown average heavy no -
Katie blonde short light yes -

e ANNAIMAIDLNNNARINISLENLLLZAD

Judy blonde average heavy no class = ?
o [] []
e AU Vg = arg max P(v.)*I1 P(a. | v.)
v.OV 7 J

J

P(+)P(blonde|+)P(average|+)P(heavy|+)P(no|+) = 1/18
P(—)P(blonde|—)P(average|—)P(heavy|—)P(no|—)= 1/125

O wg =+
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Learning To Classify Text

Target concept Interest? : Document — {+, —}
1. Represent each document by vector of words

e one attribute per word position in document
2. Learning: Use training examples to estimate

* P(+) - P(-)

* P(doc | +) - P(doc | -)

Naive Bayes conditional independence assumption
length(doc)

P(doc | vj) = [ P(a; = w | v;)

I (] al o o ., & P Y
* Pla,=w,| vj) © AMNUIASLURBNATLUATLAUN § 11w w Lag v

* ANNAFIUNNLEN P(a; = wy| vi) = P(ap, = wy| vj), Oim



Learn_naive Bayes text

Learn_naive Bayes_text(Examples, V)

1. Collect all words and other tokens that occur in Examples

e Vocabulary — all distinct words and other tokens in Examples
2. Calculate the required P(vj) and P(w | vj)

e For each target value V; In V.do

-- docs IR subset of Examples for which the target value is Vi

. P(Vj) . |docs; |
|Examples|

-- Textj — a single document created by concatenating all
members of docsj

- n ~ total number of words in Textj (counting duplicate
words multiple times)



Learn_naive Bayes text

-- for each word wj, in Vocabulary
ng « number of times word wy occurs in Text;

P(Wk | Vj) — nyt 1
n + |Vocabulary]

Classify _naive_Bayes_text(Doc)

e positions — all word positions in Doc that contain tokens
found in Vocabulary

e Return vz Where

Vae = arg max P(v.)* T P(a.| v
NB %jDv (J) i 0 positions @l J)



Bayesian Belief Networks

» Naive Bayes assumption NUaainaNInLAw byl
e Bayesian belief network |Fadunaanulsidusanuatig
fllﬁi'auvhl (conditional independent) FLUINIMILUS
e M LULTIEINTO LT
(1) AINSNAUKUA (prior knowledge) ey
anu(li)iusanuszudnasauls,
NN
(2) MIBEY
. 1195315115819 Bayes Net
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Conditional Independence

e Definition: X is conditionally independent of Y given Z
iIf the probability distribution governing X is independent
of the value of Y given the value of Z; that is, if
(L xp.y;.z) POX=x; | Y=y;,2=2y ) = P(X=x | Z=7 )
or simply,
P(X|Y,Z) =P(X| 2)

e Example: Thunder is conditionally independent of Rain,

given Lightning
P(Thunder | Rain, Lightning) = P(Thunder | Lightning)



Bayesian Belief Network

Prior Knowledge
P(L)=0.7
L B : Battery is charged
P(B)=0.95 L : block is Lifetable
B M : arm Moves
P(M|B,L)=0.9 o
P(M|B,=L)=0.05 G : Gauge indicates that
P(M|-B,L)=0.0 battery is charged
QG OM | pM[-B,-L)=0.0
P(G|B)=0.95
PGI=B)=0.1]  conditional Probability Table
5119 5.10.1

e Bayes net WAAWTAARIANN (L) Jusanuaasuils

o LAANLAS Dirscted Acyclic Graph (DAG)

e uwiinzlunludusanuas1ediidaula (conditional independent)
Aulunau LﬁaﬁuﬂWQLLﬂT@ﬂMﬁq (immediate predecessors)



Bayesian Belief Network

o LAAINITNTEANYAINNUIRLLLUSIN (joint probability
distribution) 5212149/ Lk45
- 1y P(Battery,Liftable,Gauge,Move)

e Tnaiiall i
P(y .Yy ) = iI:I1 P(y; | Parents(Y ))

Taan Parents(Y;) BNIEDIIUANDLNIALATIURILUA Y

e N5NSzANEANNUIAzL T UTINRe N IANT WAL
P(y, | Parents(Y; ))
e RINAIAENY P(G,M,B,L) = P(G|B,M,L)P(M|B,L)P(B|L)P(L)
= P(G|B)P(M|B,L)P(B)P(L)
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siuvunisaynuly Bayes Net (1)

1. Causal Reasoning : N19AUYNIUATNLIIG
1 AAINITANUID P(MIL) -- mmwﬁwmﬂuﬁmu
azipdaulaliaginnaasanls (naasanlmiluaivn
AdsaRINIsNLaUazLARaule)
- nszang P(MIL) luatlusiaainasinaasninuuiag-
Flugangzuing M Auluanausduuanann L (M Au B)

P(M|L) = P(M,B|L) + P(M,~ BJL)

Q/

- apglu M Fuiuluanaus (B.L) neld chain rule
P(MIL) = P(M|B,L)P(B|L) + P(M|-~ B,L)P(= B|L)
O P(MIL) =P(M|B,L)P(B) + P(M|~ B,L)P(- B)
=0.855



siuvunisayniuly Bayes Net (2)

2. Diagnosis Reasoning : N192YNITUINNNR
| v o 1 (] = 1
LW ABINITATUIRY P(= L|= M) — AtNUaziduninaas
antilatiagiwaulilaindau (ldua - 2115 Livam

/AL1361) ~ Ml _
Y P U- W) = S g e

- AuIL P(= M|- L) 1m 0.9525 (1 causal reasoning)
- AU P(= L]~ M) = 0.9525 * 0.3 = 0.28575

(Bayes' rule)

P(= M) P(= M)
- luvinuaaaaanu P(L|~ M) = P(= M|L)P(L)
P(= M)

= 0.0595"0.7 = 0.03665
P(= M) P(= M)

- P(= L]~ M) + P(L|~- M)=1,0 P(= L]~ M) = 0.88632




siluvunisayniulu Bayes Net (3)

3. Explaining away : Y11 causal reasoning ey diagnostic
reasoning
- L hU Lﬁag”—- M (nauluiafdan) 1s@1n1safAIuIn - L
(Anutazitlunnaadligunsaanla)
- WEDT - B (WUALAAS LN LATISA) WaQ - L AFAsH
ArANnazLluasas
- TunsaiuLssanan - B explain = M, making = L less certain
P(—l Ll—l B, |V|) = P(—l M,- BJ|- L)P(—l L) (Bayes' rule)
P(= B,~ M)
- P(—l |V||—l B,- L)P(—l Bl—l L)P(—l L)
P(- B, M)
= P(—l Ml—l B,- L)P(—l B)P(—l L)
P(- B, M)
- UAIAIUIRS P(= B,~ M) 15218 P(= L|~ B,~ M) = 0.030




m%‘l,.%"ﬂug” Bayes Net

. m%‘l,.%"ﬂugy Bayes Net ARNISUNLALISN (structure LA
conditional probability tables) ﬁaaﬂﬂﬁmﬁ’uﬁqaﬁwmﬂﬁqm
o fl5unnIsea gLy
(1) structure unknown
(2) structure known
(2.1) no missing value data
(2.2) with missing value data
e NSOUURY structure known + no missing value data ilunsal
AieNge sansavinnsFauglaludanuuziFaaiy naive

Bayes classifer
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Structure Known with No Missing Value Data (Learn CPTs)

e ANUATU CPT K1USULARZLUA

e ARglEAatI9RIUIUNINLINA L RAMNARFADNADY
M

L

no. of instances

L G B

True True True

True True True

B True False True

True False True

False True True

False False True
OG M False False False
False False False

True
False
True
False
True
False
True
False

54
1
7

27

3
2
4
2

51l%1 5.10.2

100

|:| o (- 94 1 d'd
e P(Vi=vj| Parents(V; )=Pj) = Q1UIURAIDEUNNNH V| = v,

e P(B=true) = (54+1+7+27+3+2)/100 = 0.94
e P(L=true) = (54+7+3+4)/100 = 0.68
e P(M|B,~ L) = ARNT1E4UN M=true L@ B=true, L=false

= 1/(1+27+2) = 0.03
e L51FEINITAANUIU CPT dmsulum G laluniuasnanni

MUIURAIBLNNH Parents(V; )=P;



Structure Known with Missing Value Data (Learn CPTs)

*

e pnatdutayasabili Tnan *

LU missing value

G M B L no. of instances
True True True True 54
True True True False 1

* * True True 7
True False True False 27
False True * True 3
False False True False 2
False False False True 4
False False False_ False 2

|
519 5.10.3

e NANSUINTUUAY 3 AIBLNNNNAT G=false, M=true, L=true

Tunsaitdisl

121

mmmm B meqmmm P(B|- G,M,L) 158

P(= Bl GM.L) 1 051§ CPT (u,ms']m"lm)
e ANUU LF1AEUNUNFRENITRF N A8 F g9 T3 MIn

(welghted examples) 2 7

- muenﬂﬂm@mw B=True uumun P(B|- G,M,L)
- mwammmamw B=False HuN#UN= P(- Bl- G,M,L)



Structure Known with Missing Value Data (Learn CPTs)

o lUNIUBILALINY NTUURY 7 mam\mum B=true, L= true
WAL G haz M ”l,atsmuu ts'tmmsnLmuwmamqmm&\
mﬂmﬂﬂ'mm'mun (Welghted examples) 4 R
- (1) A28 G=true, M=true uuguun = P(G,M|B,L)

- (2) m22819 G=true, M=false ﬁ@mﬁ’n = P(G,~ M|B,L)
- (3) A1a8Y G=false, M=true ﬁﬁmﬁ’n = P(-~ G,M|B,L)
- (4) maatn9 G=false, M=false uuwuﬂ =P(~ G,~ M|B L)

o luvinuaILAeINu L'ﬂmmsnmm'mmqvn_lummu"lﬂ
mL%"]%‘ CPTs LLag structure AR Bayes Net

. mnuuwwﬁlﬁm@mmmuunmmu FANNUMIDENG-

‘wmamwammm CPTs ‘191 (F’I’J’ﬂEI'N‘VleﬁJﬁ‘ﬂ']ﬂﬂLWIu‘VI
mﬂm@ﬂ'mm'mun)
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Expectation-Maximization (EM) Algorithm

. 5aNINN EM d1unsa e uinAinminaassiasnag
ﬁlaifm”lﬁ (AU CPTs)
(1) Buaulng L%"]‘éiﬁdﬂ"ﬂﬁﬁ‘l.l‘l/\l’]‘ﬁ"]ﬁLﬂﬂéﬁgﬂﬁuﬂﬂlﬂﬂ CPTs
(2) 191k CPTs AU NN (ANUIazL T uaaIAn
fing JuasRnatnelidan ilagaasnedu )
(3) sl minfisuaaels tivadszano CPTs 1uai
(4) ¥ (2) - (3) AUNTLII CPTs AL

« Tnaaldaanasin EM agldiaarlunisgeanlainn
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MIAENNTAIDANDINN EM (1)

Warsaumaselugiln 5.10.3

(1) gNAIEIUTUA519 CPTs
e P(L)=0.5 (P(- L) =1—P(L))

« P(B) = 0.5 (P(~ B) = 1— P(B))
« P(M[B,L) = 0.5 (P(= M|B,L) = 1 — P(M|B,L))
P(MB,~ L) = 0.5 (P(~ M|B,~ L) = 1 — P(M|B,~ L))
P(M|- B,L) = 0.5 (P(~ M|- B,L) = 1 — P(M|- B,L))
PM[=B-L)=05 (P(= M- B,~L)=1=P(M=- B,~ L))
e P(G|B) = 0.5 (P(~ G|B) = 1 — P(G|B))

P(G|- B) = 0.5 (P(= G|]= B) = 1 — P(G|- B))




MIAENNTRAIDANDINH EM (2)

(2) 1% CPTs \iNaR1W2 i ULin

Q 1 d' 1Y 1
- ateanligAAa
G M B L no. of instances
* * True True 7
False True * True 3

o lunsalaag 7 Aad19usnisInadIn1gun P(G,M|B,L),
P(G,~ M|B,L), P(~ G,M|B,L) waz P(= G~ M|B,L)
- P(G,M|B,L) = P(G|B)*P(M|B,L) = 0.5*0.5
- P(G,~ M|B,L) = P(G|B)*P(~ M|B,L) = 0.5%0.5
- P(~ G,M|B,L) = P(= G|B)*P(M|B,L) = 0.50.5
- P(= G,~ M|B,L) = P(= G|B)*P(~ M|B,L) = 0.5*0.5



AAEI9UDIRANDINN EM (3)

1 QJ 1 1 5 L -V~
e LLAMIAT 7 MIAEINNLLIN L?qﬂqﬂd'\?ﬂdlﬂquUﬂolﬁLﬂu

Q/ 1 Q/ 1 &/
AaeN9Rn9sa Ll
G M B L no. of instances
True True True True 770.5*0.5=1.75
True False True True 7*0.5*0.5=1.75

False True True True 7*0.5*0.5=1.75
False False True True 770.5*0.5=1.75

o lunsaiuadg 3 Aaadng

G M B L no. of instances

False True * True 3

L5IAR9IN19UN P(B|- G,M,L) uag P(= B~ G,M,L)
- P(B]- G,M,L) = P(B|-~ G,M) = P(B,~ G,M)
P(- G,M)
= P(- G|B)*P(M|B)*P(B)
P(= G)*P(M)

(E1)



AAEN9UDIRANDINN EM (4)

Y

e P(M|B) 7898%N"5 E1 Awandlanail
P(M|B) = P(M,L|B) + P(M,=~ L|B)
= P(M|B,L)*P(L|B) + P(M|B,=~ L)*P(= L|B)
= P(M|B,L)*P(L) + P(M|B,= L)*P(= L)

Y

e P(~ G) 109&nN15 E1 Auanilamald
P( G) = P~ G,B) + P(~ G- B)

= P(-~ G|B)*P(B) + P(~ G|~ B)*P(~ B)

Q)
UV w o

e P(M) 1944NN15 E1 AU lamnall
P(M) =P(M,B,L) + P(IMB,- L)+ P(M,~B,L) + P(M,- B,- L)

= P(M|B,L)*P(B)*P(L) + P(M|B,~ L)*P(B)*P(= L) +
P(M|~ B,L)*P(= B)*P(L) + P(M|= B,~ L)*P(~ B)*P(= L)



AR UDIRANDINN EM (5)

Q/

e ANN5 E1 HANGIT
P(B|- G,M,L) = 0.5*(0.5*0.5+0.5*0.5)*0.5 =0.5
(O 5*0 5+0.5*0.5)* 4*(0.5*0.5*0.5)

P(= B~ GM,L) =
e LAMIN 3 mamq memﬁn”lﬂmuud’lun_lumamq
' \1 G M B L no. of instances
@Nﬁlﬂ ‘]J‘IJ False True True True 3*0.5=1.5
False True False True 3*0.5=1.5
@ ' & G M B L no. of instances
¢ AIREUNVINUNA True True True True 54
True True True False 1
True True True True 1.75
True False True True 1.75
False True True True 1.75
False False True True 1.75
True False True False 27

False True True True 1.5
False True False True 1.5
False False True False 2
False False False True 4
False False x False False 2




AAEI9UDIRANDINN EM (6)

(3) TdAasaNUInEnNAwIla tNalssN1as CPTs Ty

e P(L) = 68/100 = 0.680 (P(=L)=1—=P(L))
e P(B) = 92.5/100 = 0.925 (P(= B) = P(B))
e P(M|B,L) = 59/62.5 = 0.944 (P(- M|B,L) =1 —P(M|B,L))
P(M|B-L)=1/30=0.033 (P-M|B-L)=1—P(M|B,~L))
(P(M

P(M|- B,L) = 1.5/5.5 = 0.273 (P( - B,L)=1—P(M|-B,L))

P(M|-B,-L)=0/2=0.000 (P(-~M-B,~L)=1—P(M|-~B,=Ll))
e P(G|B) = 85.5/92.5 =0.924 (P(- G|B) =1 — P(G|B))

P(G|- B) = 0/7.5 = 0.000 (P(= G|- B) =1 —P(G|~ B))

J




MIAENNTRAIDANDINH EM (7)

11

(2) 1 CPTs iNamuaniuMilnuassiaag1abigA b u

o lunstiaag 7 A2a819Lsn
- P(G,M|B,L) = P(G|B)*P(M|B,L) = 0.924*0.944 = 0.872
- P(G,~ M|B,L) = P(G|B)*P(~ M|B,L) = 0.924*0.056 = 0.052
- P(= G,M|B,L) = P(= G|B)*P(M|B,L) = 0.076*0.944 = 0.072
- P(= G,~ M|B,L) = P(= G|B)*P(~ M|B,L) = 0.076*0.056 =0.004

%/ (- (~{
o lamaad1aNUINLNLLIY

G M B L no. of instances
True True True True 770.872=6.11
True False True True 770.052=0.36
False True True True 7%0.072=0.50
False False True True 7%0.004=0.03
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AR UDIRANDINN EM (8)

o lunsaiuag 3 Mmaaeg

-P(B|- G,M,L) = 0.076*0.652*0.925 = 0.510
0.145*0.618
-P(- B|~ G,M,L) = 1- 0.510 = 0.490

1 -V 1 1 %J -9 Y & % I
e LLAMIIT 3 AIBENY Lﬁ"\ﬂ'\ﬂ\l'\ﬁ‘ﬂdlﬂuqﬁuﬂdlﬁL'ﬂuﬂ'})ﬂﬁnﬂ

G M B L no. of instances
False True True True 3*0.510=1.53
False True False True 3*0.490=1.47

Aa61a L1l

d v o

e IN@YINTIAURDU (2), (3) AUATU 5 §8U CPTs QLU1nal

P(L) = 0.680 P(B) = 0.919
P(M|B,L) = 0.999 P(M|B,- L) = 0.033
P(M|- B,L) = 0.344 P(M|- B,- L) = 0.000
P(G|B) = 0.966 P(G|- B) = 0/7.5 = 0.000






