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A 1538 98 Al

SN
o s -
(E & B)
AR ARFHEAE SRR B
I[. 252l 7id 3) Aol 9 & &5 (learning by analogy)

ol-&x] 5 (artificial intelligence) #-oF FollA] & ol Mg Folx FA-E al7dstz] &l olek  fAl3L
o & ZubslA AP 2 Qe Fobe 714 4 (ma- FAol o]u] EolE FAEL A A el & (solu-
chine learning) =-oFo|t}, o] F-ofe] A7 FH tion) & o]|-&3le] o] & dHal FAlol wA HYPA| Ao
FEl o] 2] A5 (performance) & &AMA| 7] 1, 3t 24 dAlef Ao it Az 22 o} sl
227 AAL £EF 4 Q=& 3= 7otk £ euld o)}

ghxbgoll wa}l ofe] 77} Uxat durH e g & 4) o5& %3} <5 (learning by example)
Al 228 (learning system) o2&k Z& loial= 748 & ol= %A a4 (inductive learning) @ & S5
vlelo 2 A2 Asl- shx|ul el 1 ol A} oA g 7hA AArdol N Baie] o (example)
Z gAY GA e ALl —of gja] ok ARH ol & =3} ulel (counter example) 5-0] Fo] A Sul, A| AH)
EHoz WY ¢ UEE 227 WHs| 4 4 3l o] o]ERRE TE EL o} Tdsin =E uly
€ 585 25 ALl g ¢l 2 o slAele shvlel dubd Ad 33 (general

olg{gt FFAAHEL Fz 59l (learning concept description) & =% (induce) s+ v} Alo|c},
strategy), 5 oFA} 3= A4 (knowledge) W=l 7] oo} whell 58 A Fo A (teacher) 7} Frf A A
% (skill) o 38 (type), &2Hok(application do- 8 zpAlo] 27 WAFL L} ofw 9E xjoidlA
main) 5ol =et £7E 4 Uk o2 e durfe] wta} o] gl ]S A F-3}

A shgrubiol whE FRE Asewd ofg3 o = 4 9l

1) wb& 471" 345 (rote learning) 5) a3 WA 238 3 (learning from

o|AL AL e AL dHal 2 FAEL 2 observation and discovery)
4 (state)oll 3 HAS 158 2% Ui £ prbele EAlglo]l A28 A22 37 (environ-
At A2f FAE FolB of FAe 27 T ment) &2 HE % (observation) & £3lo] o]23
g Ateloll A5l HA YTl sk W e 4) (theory formation)°] v} 5 7] & (classification cri-

Z & (inference) §l 0] o2 o 7]o] HLA|A Eojr}
7He seubolc),

2) A xoll 23 &5 (learning from instruction)

kol
=1,

AF 9| IAb(teacher) 7} Qho] A|&Elo] A4S F
PAA Fi Azl o] 24 & ALErt53 4
28 H5AH Fdor e dgpulwo s, o
W G4 SFAlARE oj: AR AR FE
(inference) ut &% dlgro] wro HBO Jalo) o &

b
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teria) A5 AU Fdske N dHbA

(general) 8l #wd at&uby o))
B F5skna sz A48 73 (knowledge type)

Wz o] Hwl azle] u4d T (algebraic—

expression) & 2 ¥ &40 gle}nEj v} A4l S B
< 2 Al Eel &3lE At (class) € A2 T |
o}F£ ZAE 2 (decision tree)dl 73-F, £Alolal

4] (language recognition)-& &y 3lz] 3 AR

(formal gramma)l 7%, A3 (production rule)



ol 73S, zutoll Ay welealz YAE, gz
(graph) v} W E %J(network) Z Y (frame) 3 A7)
v} (schema)ql 744 5ol Qlch
w3 SEFolo] watdE 5y, st
A Tzau nE
27t A A" (expert system), AlYT3 (game
playing), AAlAl, 43, olatalel, telof #el, A
14-%] (planning) # F Al 81 7 (problem solving), Z X

QA4 2g

2 (cognitive modeling),

z]| e}

vl

£ g, 24904 $o2 ¥FY 4 A
Gl 2dol Bk shtel A pEe 291
3} 2,
performance ‘learning
element element
world
model
:‘:l::zi blackboard critic
a1, seAlads Y
* 80 8 4 (performance element)
=l FA|Eo]¥- (problem solving element) 2} &2

o
e

£ ¥vos H5ANE ABoe Foj1l TAE F
_‘?_

A

pis

e 9 4 (instance-selector)

3173 (environment) 2.2 B-¥] A|A8lo] Al &3lA =
%8 of (traing instance) & Tehl A A4 st

* 8} 3 8 4 (critic)

Fol R Aol e 43 2 4 (performance element)
o] 23 o 2A&5L &4, Hridch

e 345+ 9@ 4 (learning element)

HaAag Feleu g vietog et A}
L5 & Aol w4y 55 WA dF
$ @k

o 2.3} (blackboard) i

Alagl el 7 245 71e] ARmEs H3 Ao
%ol F7 dlole} wo]ze|e}

e 3173 28 (world model)

Al 2® o] 3z odod (activity domain) & Aolsle o
ubdel 7t o widle] L8 sl, AlgH A4S el
A et

1988% 67 & FLAEEE
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15 E & 3 8%
I. A Eolol &5 &8
1. Checker Player
x| st A 489l Samuel®] Checker Player+
=714 s (rote learning) 2t Ao 342 9}
o] AW (parameter adjustment) 2 7| A&
o]

B 2
z g aefo|che
Alzglol| A Al&-sl = A 37t P4 (static eva-
luation function) + wlf1+w2f2+w3f3+ - (fi: B =
E4 (board features),wi:7F5A) e84 Algdo] A
Wslo) ol el 5% A4S 2Hd] uc 38
& Hrlgas odo] fEld Aljlez olFeo] Jot
A a5 NS B ool =913 E A< 3
v}e] el 2, Rendell 2 A edupgclel Eojd Al
o Fole|AE e FEE uivlez IFAEA
(regression) ol gt &4 7|4 & AMETozH,
oA FAE AxdreFoez £7] 937
ojgjad & FalE s *Lé
o] AlA¥lLe F7 B puzzled #
2 Agslsd, A EojE EAE
3 £7) faiAMe g S wke] 4Ry
FxAe] Ak (bias) e Slol=
HE&H 7t v)md AgHoe|z=
1=

2. LEX
Mitchellel] 93] 7|uts] LEX A]A®.e
491 (learning by example) & °|-Q-°]-°4
A| (symbolic integration problem) %
ol a4y Al 2ot

LEXd& 2134 22
operator) €2 % x7] A

=

um

- pn

ax, Fof
Aol ofgd 2,

FARE A 29

28 g ¥

r-{n'. _]O\'
U 11

e

4o

A5 oA} (integration

Aldlo] 27} Folx| 3 o] &

5

H1.

0P1
0oP2

Sref(x)dx = r fi(x)dx
Integration by parts :

Judv=>uv- fv du
(the precondition is internally represented
as [f1(x) f2(x) dx, where f1(x) corresponds
to u and f2 (x) dx corresponds to dv)

1-f(x) - = f(x)

M) +H12(h) dx=> S1(x) dx+ 2 (x) dx
Ssin(x) dx=> —cos (x}) +C

Jeos(x) dx = sin{x) +C

OP3
OP4
OP5
OP6

OP7 [xr dx=> (x(r+1))/(r+1) +C




QA 44} (operator) 7} 1A HgHolof sheAl 2 A4
312 el (situation) <> Apply opprator OPi 3

ol W& Ao 2 FH7} Hch
gl 34
3ted 272
Eg (descrlptlon language tree) &
& R
< #oprh=

2

o Folzjatl g
upipol wrapd LEXE 24 cdabae)
A ASTL At

expr

r (op expr expr) (f arg) (ff (farg))

prim (comb f f) /Der uvwx y

AN\

transc poly op

k| +—%/"

+-1.5-1012.5567"

trig explog monom {-+ monom poly)
sin cos tan Inexp idr (Cidk)(*rid) (*r ("idk))
g2,

LEX Al2®le] dA 74L& 23 3ol vebd vhet
7ol 4o FALAZ olFolFct  EA HAEY
(problem solver) o4 ¥ FAje] B E 2] (search
tree) & 7}x) 3 W] B (critic) ol A& =3l (optimal
solution) & Az Aol AE daAEe A&
o] sl 2 (positive) 22, 2 ol8 AzA
9] QAR5 Aol i A A (negative) &
2 Hrielw ol g wieog olubshF (generalizer) ol
L 7} ofiAlAtE 9 AL 715 A3l el 2 Aol
ASLse o AR FAAHA AP
o A 4 e dEdelA st FAA
(specific) Z@E9 A 713 U< (general)
B89 ATE2 2 %A (boundary) & AHE ver-
A st o] F 438 st A AA

< A4 w4
4+ A%

ol F=

e
33 Al
_\E_O

a2

sion space &
Mol & version space?| 48
e B 4Fo =2 4+ UEF F
ulEo] —r—Z'ﬂ 3 7 Fo A o),
3. PET

Kibler8} Porterol &3 /sl PET Al&
-2 & (symbolic AgutA

m\o

We A

Bl
=
integration) 3} 4] (linear
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PROBLEM
GENERATOR
Version space of a proposed heuns!ic

S f3x cos{x) dx—Apply O
with u 3X and
dvxoos(x)
G: ff1(x) f2(x) dx~+Apply OP2
with u=fl{x)
and dv—={2

GENERALIZER

One of the suggested
positive training instances :

/3% cos (x) dx~» Apply OP2

with u=3%, and
CRITIC

dv=cos(x)dx
33,

J3% cos{x) dx

PROBLEM
SOLVER

f3xcos (x) dx
\OPZ with

u =3x,
dv—cos (x) dx
Ix sin{x) —
0P1

/3sin(x) dx
3% sin(x) - 3 fsin(x) dx
OPS \
3x sin{x) + 3cos(x) +¢

=N
T

equation) 55 9 Algse = shte odE 7
A 28l o]t}
| Alzae e A AatzE

wra) o] LEX Al &8l #e 2| o
ASe] 9o A Z (solution path) & L¥-E& °]
Az 5o AL HZFZ (precondition and postcon-
dition) & A 2 (rdlational model ) & I & 3}oq
gurstdro 24 F23 AR5 $A4 (operator
sequence) — ©}-F ol 34 = (episode) 2 ¥ 2 - &
g 7l Alaw ol

PET A|2® 9 & s & 542 g5ass 7}
£33 4 dv FEHHE F4 ol (training ins-
perturbationo] 2= 71W-& AHEsHA 4]

4 Slehe Bolek

4. Carbonell®] Analogy

= shie] 3=l g A|zRlel # AT=E
Carbonell®] ‘A& o] 83 &4’ (learning by
analogy) 2, 28 E A E 47 FA (robot planning
problem) 5 | 317 (problem solving) %l -4l

sl
Eincy

[

EELES

ol

Fe
_‘E_
2

tance) &%
A8 227 AAHY

A A4 4 ek o o ALHL Ao FE
AE FolA @A Folot ¥ TAIS HE fAE A

2] &) (solution) & = & (transform) A|#H A FA|
# S Folrte AAL shite Aoz o]
el g 74e T—F7H(T-space), =AY ME
29 dAAREE T-AAA(T-

[+] fi8
&2 3)

2AE 2ol Aold

AN
1o

ul
=

2] g
W77 A8 A
operator) 2 A A3

= 1

Zx= x}o)d4 (difference function) 2} 7+ xho]e} ol
E2 I8 4 e AAAEL Wdd & ol
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Solution

Final State

(Path Con])
{Path Con2)

Initial State

Original Space
(Retrieved Solution)

T-Space

74,

Bl o] & (difference table) 2 ®}E}© 2  means-ends

analysis 4 o2 A 3tg &5 Folrte 1al4s) 7

£ Y5y Askn Yeky

5. LP

LPYE Q78 ol & 2Abdlod, BaAe £7) 9
T AzE YT BEeE Zaadeld LP o4
AR E AR, H2d Ade  FAdohed)
& A9 el g ol g3ta o

A7 o,

sin (x) —2sin (4x) +sin (7x) =
2sin (4x) cos (3x) —2sin(4x) = 0
2sin(4x) {cos(3x)—1} =0
sin(4x) =0 or cos(3x)—1=0
x=45n, x=120n

LP9 71283l dAtxEL wo|z} Lajech 7
W& B rewrite ruled 2 glyo] AL E w2
Hetlle Alojd e g 2o Aol role A2

%l\

o},

A% Fz7o) gleh, A2AL Wael A5
of REsolol ¢ AUEE ez, FEAL %
Hel AL v & ukEsojr = AL vehdc.
F2AL A% AE Ll = ok ohe), o
she A3E DA sk AL wAs Fo

LPolM = & whAl2 58 7hsebdl gk 3
A AlE A 22 algebraic identity S 453l 2o
Z, o]+ rewrite ruleZ 4| Al&5]o]A &£ Qi) <}
& AT A2 e A A, 2 By
7 Hedd Ao] A9} rewrite ruled HyEHE Aol
ot LP& wEo] AHEsE £A4E 24487 Y6l
AHAALLE Sohn, olF 2dlvten L9
= Alsloll M#s Fb. LP7} #fobd 4“*’““ g
A7 ool 7zt Fo] olgA A o F2 HYs
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1988 6H WS THGE H 15 % £ 3 %

AUe7t Folo] dAlxl 2 &-& Awtsishs o)

o] & 98] 7t Fol| Al CT (characteristic tuple) &
ek CTw Aol g EAEE o]Fo1a meta-
level tuplee]ct, B9l & &A1S o7 Yl CTE
ARE-3hE 212 meta-level inference®] & 7| & &
o] Zojck. LP 7} why& #oh, EAHEE A
Aged 71 5sle, AgstA Fad o sbe
. Heold i
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4w+ »l
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ol A £7\ubrt hEAA D, ATH ol A&
soln BE WS 270vtel bl Ret
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b YAEHE Rohle ZEAFel: o3 Rtk

D ol Mg Agstel 4Faw, £ve e
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ol
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o
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0
A A

o

A4 3olet,

o|

) Agsid M3t 2o AnE slAdeE ofg W
¥ #m, o] yo] HFslwH £7|uje “]"ﬁ‘ ey
o2 Jos} AFo)

(3) 1,27} Assld W4 wtEEojA 2A L o
g wHA gu & WyE F3, o] =] A
3k, (12 Zbeh

4) 9 A7EA 7L a‘%— x| E3ta Mol ol 8
B AR slxA god 2uAlE #Hol P

. X0 Xzl &5

1. AL 24 2 34)

9 &8



el £ (morpheme) £ SHH Yru]E 2 49
dojFd whelz A v & dolZEH (D], 7, A, &
A 5)% FASHE 712 Sdolch oo wlejR
e 2 FAAE del4 iz FYsle A

el £ 24 (morphological analysis) ©12} 1=,

oz 3¥3uA 3= on|EE e 2L A
of Zutd oj"ol} who] & A S Y-S P4
%A (morphological synthesis) ©}2} &t & 5]
A, dFofellA dhtef oA “=gd"E He£ F
Ase (F+%+hr sHE, (F+PASTX+
DECL}Z %8 “=3o"8 443k 2gjo] g4
A o|tH(PASTX & AAAIAE oulste 715 0lH,
DECLE M£4-S oujshes 713atn Ho4d ).
Pe4 A7} FAL Aedde] & gleo]~2 A}
3= Al2H (7]7-“““3_°3 AlE], Ao
7} Al 2-8, 28, dlo]Eful o] 2
Yol A= 713 , °l #giol Lulz 3
o] Aljz =
N7l “H'rc’ﬂ

o]
T AlEH,

A) 228

A

_[_04

HA

Shoofn 2 o
Mo

o [y 2o § N

2. XMASAH
Al &8 XMAS (xpert in morphological analysis and

synthesis) = thEele] W&o du4 B4 9l 34
Al £l o|epB3ul XMAS &= dH57], =] Alde]A, FA
ANA7 2 TAR g Aaglolnh w4l Fela
7 ozte T FAL AF g5 5

2 AL A4 ol 2ol AsE, FANANE ol

A ol-&ated FelL AT FAL Sk
XMASolAd e Fel4 245 $4E Aefel A4k
2z FAH A E7tolA e BAFAR Bt A
Ao Y4y a5 AgAY 2EHoE F
sz, d4bzle o] 2ERE o] &7 =y WY
ek el Aol el 2r4dele st &
Egog Fojxw}, RxAE TYLEF Tt ¥
Bl T4 FAAE 2747t 3 2EFo)H,
x4 shiel 28 ol YHel4 FHEe T
Aol oA Foiz z7]Abelol] gt FAFTE 2
zz 3Yd AL B4 (e P4) 2=z It
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3. gela AZ A SASE
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8] @}y, TAH(teacher)t AEiA 09 o
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¢ Be o iTEJ ol 0444011 e Agz2AE
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(%0 t2—upT tw %) >
BI Br

(%o be—vx FoTL %)
Al Ar

(Fu %) = (F %)== opl:
Rl :

“ﬂ”

b=v /%%
(I=8/%%| (v %) > (=&%)))
N u—’_?__n

(%71 %) > (B LoTL%)
Bl Br Al Ar

(LBv%) - (L2%)==>opl: I=8/F%|
R: (1=8/%% | (xu%) - (=¥%)))
Ri#} RozHE] dubsidic,
R3: (I=w/¥%| ((PV8 %) -
(=%%)))

a™s. B FHY A%



7'5!*!4_*41

.9_
=3
o)

L+

AZ¥E “hurel “tgres HPH“E}
e 9=
20 2 A8 o}m] —,—z} H| 3}, Br*} Ar
Zoz A 24
¢ "Hi—g‘ o 47‘} oplTv: 5}‘4 A

El Ay

d 2 HE &= “Lu”o] “_1_°’ =-3 Bisi
Hote o]z Nel shtel <dabAlE abEch
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Lol 2 gelt ek
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