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% ShE T sterel A Y W R A0
B wee {AS kol ¥, A% s
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5 7be] AFBA EHEE BRe] 2

=

2 rlgs} 4r|E shil(unsupervised learn-

\iﬂng), AR rt2Ae) get Az M%
0971 % &v] (supervised learning), T2 A

Fel zldd o} 2upE A& vfr‘O’V]
"?}T:]-(remforcement learning ).

o9} 22 A4 59 Fa Fuel A1k
g & =2 state] sAel o] FlnE s
Alre AFAF 474 F8 FA7) 5o 8t
2t Bhg ZpA 7} 7FR 2 A 2EkE gl BghAl
W Eoll 54 ope] 2t oY (domain) el A1k
AHE ZHER oy W Ee] AlgkElglen(3,
19], w3k, std A4 o] A4kl 2F (know-
ledge-based systems) 3 72 24| <]7]2] 7|
Ao s ASHE dAH B2y R
28 gFAl A ES SR A4S IT-

THEN ##e A= zgstz ich o

*
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rErE.

F
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b, el o] == %9 (domain)
2] F4817 (environment ) o]} _{Eizl-i(ewcam-
ples) = H-8] F2&ko] 3 (rule) Fal2 =
E FEINHE L& 7 A 5 (machine learn—
ing)eleh A gk F, o]# WP == By E
] g L 2=

71 A &g Al 28-E AdA glen] WA g
Z(learning strategy)2 ZA #]o} sl &%
Aozt AaFEs falg oful A2
{(computational mechanism)& AH&soF 3}
tr:]’ 0—]1:1:-] Ziﬁhﬁ 2 A]-_B_-.:,—Ho}- 3,]_‘—7}‘_4 ;ﬂ E"J:C’
shatr), g, 1D3 wbyg18]e) ke
A 5T Z (decision tree)s] A4t A
1’L‘ﬂ‘lj(induction) + FETHZE AR,
EBL[14] & 3 2] A4bmdge)] ey
{deduction)2 FEFFR o= AL&3e], KT &
225 [6]8 oAl A By Ay s A
Eig=

Al 25 8] Abe] = shepaleRe| zleld| 7
olgbelay 2 4 gl 7| A G dAFe] 23
7
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A FekEl ge A :gﬂygﬁ b7} o
St FE ARSE g, &, Ay
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oL,

g A%s el 2o sn 2 sbxE 93
wrglA gk, el H o] 7lA = Ml AL

& gl wo] glek TebA, ¥ 7}
A o] SrgAEs A AHEFozA A

+ AaY 7 sl AEE el
AotElgl =), o] & Bzl g5 {multistr-
ategy learning) W+ el =} g} 11,12].
B3y A ohedt 2ok wA, 23l A
ol s B shR 8 Byl
< dopE 3w 3| A= R. 8. Michalskiz}
2} gher RElg Al gk

oL

ey
L

x.
=

whAeeg S A
R, 2 A estE i e TRA A
238 dspAAGAY TE D2 g
ARE QEL FHOR Baddke] A5
2lee o & AtH1,27,20,28). o1F ¥

o183 {cascade type)oltt 2§ (integration
type) 2. & dASCh dAdge]g ¥ W &
7 Al B AR qlHo® ARFETA
sl Hel S T, A elst gHAR
(8] Rolla] sl¥u] e 28 248)] f-3e o=t
A A Hs del sy, gl e
o] A&t gsbd A shgpele FdE wach &
SR gEkGl A T sy A4y e o
)&t HLHEE o]9A ¢35 (hybrid or inte-
grate)® - Ql=vHE AR o) A Hel A
2% F ol E AARYH L 34 F AR vE
2= gjth, =, 7] E (symbol) A2 A AL F4
3 & 9]lE 233 F7)F (subsymbolic) H =
2 24g T1E 9 9l 2@ elvh ARy 4
2 HAEILE(decision tree), TFH, 20
E%] 7 (semantic netwrok) 5& & T U2
u], Bzt o 24 3= AlA e (artificial ne-
ural network), % & 2372 & (genetic algor-
ithm)ellA1¢] FAAEY Fojrh A2 2
A Fo e G2 AATHE AEste T
FATL Az 8= A FAHA @A,
As B gahgol s Adbo| g 2alx 38
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2.1 Symbolic EH&H et 2 atol] 2|8t

E "o 715y AN RS e A
AR S Agete] AAG By
W =12, 4, 15, 16, 17, 26] 14 EITHERS
GEMINI 5 721 & 27 ghc),

211 EITHER [15]

EITHER.(Explanation-based and Induc-
tive THeory Extension and Revision) A2
o2 () abe] #i=) o3y AE7L A& vl
22 A% FEF Y (175 domain theory
2 )& A (examples) & wiRt2.2 43}
of AL 5 =S dA gt gga| A5k
EITHERe A Ab-&8}= AR 2 72 elw,
=2 a] o 2 d99Y (deduction), 5= (ab-
duction), %% (induction)-S =g« =z}
A4 Fe 2 AHEgch EITHER Al 2=92]
A g a1 7 ow, gherahal 2 o)l o) Zoh

Inbial Theory  Examples

DEDUCE

Froafs of
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Examples

Unprovable
Pasilive
Examples

Minmal Cover
ABDUGCE and
Rule Reiraclor
Deleled
Partial Ruies Undeletable
Praofs Rutes
Mirimal Cover | Undeneraizabie
and ules UGE
Anlecedent INDUG
Relracior
Generalized New  Speciakzed
Rules Rules Rubes

T2 1 EITHER A|AE2| 7=

EITHER Al=~®l2 o132 domain theory
s} zb 7350l HE Ayl HAHe] gle A



= (examples)f’]'?} EITHER Al~®e A
ale] A eEe| At 445 2EE)
?]'% apabe] ek AT AAE %'}X]
Zgioid, Fo13] Az & vl o] 57
L FAgdch AL F o] PR o] F
J=lc). A #H, domain theorydl# & &&hA] +3
o Folot EE A& (e]7L positive example
o)8} gH& AHEA] B Avele FER
ol YA positive examples A &aHA A
wa ¢ ol E fE oA EE ol dukakaly
A, AFEEE WA A 2E & ThEe
domain theoryel S718lth. €4, domain
theoryell 4 135 2] ¢folok Bl A (o]7l&
negative example®| 2} §)E A Aol =
A 2] o FEl 7E 5L domain theoryel
A AAlE A, FAEEER P o AEEd
A 2L FE L 2] domain theorye| &7}
g}

o] #}to] EITHER A%l 2 domain the-
oryd] 2¥H A4S FHFe R s oy ¥
FEHL AT SedHgg deE AHEs
= Ag3d gadds Wade 2y, domain
theory® &34 o A AA7 5 9= 7

oS wadch

212 GEMINI [4]

GEMINI A]2~®] & analytical learning, con-
ceptual clustering, % inductive learning$
feedback-loopd 8l 2 4A%d BaAdZdss
g 5o 24, analytical learning g ¢34
EBL(Explanation-Based Learning)s A
sl o). GEMINI®| FE+= 2324 7o,
A A4 o] ~ (rulebase) o] = E2-H35}2]9 do-
main theory7} ¢ 2icd. GEMINTY 4 &
J® 7ld (goal concept)-& et o] 53
a2 AgE JrEs] £ ¢ gl AdE(exam-
ples}elth. ol® 713 o] 53} & A= 7} J & 5
™ EBL X %2 domain theoryel 4 €= 7l

£ A3 FAEE #3259 conceptual clus-
tering .5 2 YA Fch qkek 8w Adeo] do-
main theoryel @41 9o} steele g
AEE 29T 4 ¢lopd, inductive learning
R2E2 EBL ZEA dA4 A9, Ay 2 A

s el g (Multistrategy Learning) 47

B
AL M= FHel2 5 GBM(Gener-
alization-Based Learning)« = #kgtc}, et
A, inductive learning®] 4% GBMel ##
g Aeo]lE FellA ol & lda AEH
{positive} exampleE°| 22, inductive lear-
nings Xl FgAez & 4 glw, GBMel
AAR dHEREE FEHE HEE o] EF
L 2A el 2d 47E £ domain the-
aryd] S=7FE 4 g},

20 Symbolic/Subsymbolic sh&M= 2t

oll 25t By

71 % (symbol) Fei = A 2L &8

3 &7 F{subsymbolic) Hef & =] 4] &

A sk AR S §A AbdskE BeAE

F e ddyg s TgeR sl EgEhy
o]

(hybrid learning)ol4 #=2 A}4-=5+& uh

.5‘~

3

o]l 2] g} &2 domain theoryE A

3}7] 9qh prhom, Al o) gk gpuby g

dAe A} Atk ae] S s ARa Ae] F
x5 oo [1,5,7,20,24, 25].

<goal concept (gc), example>

/__1-___

Analytical

Rulz Base |——— Learning \—-.

o

<ge, example, (parbal) explanation>

new rule

r( Inductive ) 2 Conceptual\\
. Learning L C\ustermg/!

CGontextual Generalization-based
Heunstics memary

38 2 GEMINIR| pE

E Hed e AF37 g AHEgE domain
theory A whgo 2 Agrgl KBANNT J
W. Bala7} A atd A3} ue]F S 443 Co-

operative Concept LearningS A7) 8Fc},
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221 KBANN [24]
KBANN(Knowledge-Based Artificial Ne-
ural Network) A]2® £ domain theory®| &
st dS S4% 532 2 inductive learning
el o} A1A S A A gEubEE F0h
g Hopa =Ry W o] b KBANNC A A =
g &<pAZL2 domain theory learningd o
# 9}5t<5 (backpropagation learning)e|™, 2|
A28 Hel= 33 wabe]oh
AR o AAETHE A F 2R 4]
srgdEs fodabA Az A, KB-
ANNOM: 22135 o] algAlew AAn
+ WA 7EA shgd A F, 50
——i F 3% domain theorys AATW F322
b F, gald g Abeste] W= @
(weight)-& #43tx, gg9 A734 o 25E
T3 E ] FE8 Wk KBANNS 15 &
FEA B (example)o] At #FE AFEs} do-
main theoryelch, 71353 4x4S& A&t
inductive learning® -2 43 =& H
ZFa}A wh-est 3 Ab-2 (noise) ol H a4 = F
g A4S Vebdol e, AAY FE2E
ALgEE Shepub 2 Bk e G R gg A
Al (examples) ol &)+ = w)alz] a3k ghg

r“ e

(=]

1%

AAE 9& F 9T, = S dsfH = A
A& 7172 2 domain theoryE AT 7 3]

o}, 23}, s W 8-e] ATty :rf.zgl_ 2]
=z FEA 4] did FEFe S
wl Al Eted domain theory & A 7-4 54& 2td o]
4. a3stch

2 439 e
Aoz % %m
e 2 e (A
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222 Cooperative Concept Learning [1]
Cooperative Concepl, Learning2 indue-
tive learning W ¥ AU ve|E&S 4dis)
of 45 St4ANE 2RIUA 4 Adal

£ closedloop 2] B Fabg uidla| o),
A Ea ap 2 DNF(Disjunctive Normal
Form)d 2l =243 o84 (chromosome) ol
WEE= fAdAe ], YHo2es TEAR
{examples )7} Al4-d ), ?]1E3 inductive le-
arning®} st 9 EeA AL A5 9l Al
A (example el 4 7)gldkE &5 T=H bias
o 2%t overfitting® 45 A Fdne]Fe] B
ke Far, & als daE] S Bl =w Fe
=} Babsbgre] of4d & inductive learninge] £
o]Fo e 4% AdFEs & ¢ AUEE &
@r}, o] ubylel FFE w48} Ao FEA}
27 985" inductive learning module®]
TEH e DNFH A4 & F5344 =9, o &
FzduEl s R Aok A3 Y7 E R
ol @AE DNFE A4E& JdHe
wjd gt 3, Seddo] (mutation) @4k @y
{crossover) @4h& Ab4ste] FRARRA 3
Fa Ada, ssdgs ‘H?ﬂE]h HAHE
inductive learning R EE® FHdr £} o2}
A AR L ukEsle] 5 g 59 o)
W& g g sigg TR

Final Concept Descnplions ~ Leaming Data

Control of Learming and Appericnment of Training Data Set——

Induchve Learning Genetic Algonthm

Exchange of
Mcdule Concept Module
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(Cognitive orientad) {Performance onented)

Training Data Tuning Data
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ok B kst v £33 inductive le-
arning< 7] 222 o JE s YHES
a4 EE AfFerd gdeln 2§44
g =rstaat shglvh o3 WY S A
949 (domain}el HE&Heoln K3y TEAR
A Weel YL A BHED EA
Nt s oz g oo el ©
B} ofriA, alzke) dgnbd s 23 & 2

fa} Seh 97 57 BN ARE WoHE

ool lelahr GE B AR(EE o]
ﬁ)g Hzsel AR AR TSR e
Foll, o % AHfate] FEFL2A Fol7) FA)
2 s Ws B ARE LALA)A R
oh ol@A ¥ o) gk SR TEAe
2 98 BSARREE 4§ ATk 3
& qleh ook & Aol HENEE HEM
grao] AAIEslEd R, 8. Michalskizl
Agret W4 BeAE gugel 2zl
[11,12,158]. o] &4 23e 377 ALE
pATee i HEe THE o9
2rh oS QaaiE @x ) 4 9 o]
2o] R8T ekl 1 S

31 inferential theory of leaming

Al g 9 BpdEstg 2y S 7
wslz] 214 7]& o] 28 Ay 7o the In-
ferential theory of learmingolch. o] o2
AFE e 2T F5e LT Fe| AT F,
2 A2l el WEE Ak sieh & %
Frefoll A& F(F, FASF) ol A (ex-
amples) 2 A A o] 2ol HAE RaE wlg
o Ao} A Al Al g Bk e vk
Aoz 7 FHAe| EIZ ko] A=
(goal-guided process)= oo gr}.”

s A8l Ae e a4 HRE A4
2 7ldE g 9)ofof F, E-4]e] 22 T g
£ 715E 73 9eiek gt Aol e
FH 7 alAg 98 A A4 {conceptual
knowledge) 3+ 3-8 43+ Al x]4{ (control
knowledge) 2 7]1¥b=]2] (background knowl-
edge) 2 & 7hA| oL glejof 3bmy, 8 A= vt
golAl = 84 AR 7[gE 5 qlsof &
oh, shpalel @ BE0T AAEHH 4 FE

ezt g Mullistralegy Learning) 49

o] A& e] A o]z A5 HRE
REe qlae Fzale 2L AXE E
T glejok gk ol o, FFEA = l’%{:‘: Gl
Welong] A4 EREE AodF o2 qEe]F 7]
% 53, 92 ALE (examples) 23-€] HAdH e
2 a5 A 7| = s, o R 25T A4 Hel R
vl qlE =y e o) wal, ofy| A wetke &
F Exe o RENE gFHE Sxd o= Y
ar, o] g iAot FEIA A A ThEe ]
= 53Y % drh o] gA £ o, 5ol

Learning = Inference + Memorizing

AR, At Ades

2 5u]]}.j o]g,]. AN
of =L Q1T

g2 8434 (learning  process ] learn-
ing task)el 2 &lA FA FH o), g2 o
@l 2] 224 #(knowledge transmutation) 3
Ao2 B e, AAHES 5o Hw
Bl R]Aw|e]22] Z7] A4 (initial knowl-
edge)e] & FxE w243 F Sl #A4L
2 gl g V’EJ o] "P-%“?ﬂ_”*?'—f’\l%:—
22 3545 H3d AR transmutation op-
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erator)® 5% eR AN XA WIS ofd e
Ze FaE 53% ¢ ok

O ="T(I, BK)

A7[A, Ie 9F Y8 = 851 24
(input knowledge)2 %5}, BKE= 7| 4bA]2)
(background knowledge), T& W& (trans-
mutation), O g5EaS WS 5 9]l=
238 =4 (output knowledge )& Zaicy,

olul], wbEol A& A2 A4 welAe] =4
28 A8 ol gAY T sz, oY
A& {examples) B4 g4 o g ubEoA]7
T 5, §ERRE 24 PHE R 94H R
7| = gt} g, A A HE dabrlE2 A4
Heo x4 3o FoulA] gk = ® (indepen-
dent), AAE &g Fxe) 7ibA A 2H WA
ol wte} FA 22 (dynamically) A€ + 3l
o}, upeha], o] EE A A FE 28-S #gE A4t
Aps Abgato 2o ouby el F)H g A S
=& 5 gloh

32 MTL(Multistrategy Taskadaptive Le-
arning)

MTL-2 & "ol dude 714 € % 12
E_q]ﬁ 3].04 o%g} -.ﬂ-é.ﬂda}-é F@‘Jﬁo %

R B3 224 RS Michalskio] 2
gle] AlglEl Fsa)Ad o)), 2862 MTLE]
TZE HefF 3 3lu)

MTL *]”“Eul-i Fa% 548 S

o g o

E éﬂﬁﬁ/‘] 5-})“ -?+ - “}Fﬁﬂ # el gl
o} o] & HWAs7| #3A4 multityvpe infer-
ence enginee] 18 x| FEHYL =i
o}, Selection FE2 dAL a5y BT, 3=
1‘51'74]*—] 4 oHl S FYs §F A e
e AlA i

9 T39 i¥Y sHAMFE 2H 92
g} &, A4 we]lAm o] £/72] AArd
A4 A& 7 % }EF—T multitype2. 2§23
t}. Control ol & T2 A
gho}, =, 7 —'—'%5‘7‘-(@]'"’}‘ EE2= o F ARE-r}

ol )54 ,7;0121715 shaz, A A o] 2ol gl

-

!% i-n
r o
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‘i_r“
_Bi

External Werld
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Selechon Inference
Engine

Evaluation

Goals

I Muitltype Knowledge Base

a2l s MTLe 73

2 A& Faghe 24 wlEo]z| 7w ahe, gk 8t
B8 3 (subgoal ) 24 915
3

-1—04 e A Aol

Bvaluation 2852 &4 A3
sty A Y] 7 A A AdEE
% HFaEele] T ot Grhslz "eA
3 s Sofh dot F4at 2lale® Hrhd x
Al A 2] ] o] o] 2] 7] f‘P%EJEP-

°]5’1171°1 MTLE oJ2] £7e #gdzs
M5 AE g gl g Wl O‘H—i e, AR She
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AADE {§ FA ARl e R ALEE g
ek Bk T, oleh B AlARE 4A
3 TH sl g ] oul R el o]F +
gty gk Al m(gdE w4, MTL sub-
set) 7} A 2F=E A glof,
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