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2 gl= FA domain® #4i¢] domain theory

b e o) e R L—P"éﬁ‘ﬂ sle=dl 77 &
"J’%}% v, Ty ¥ B RE AlAEe FESE

Heap g viehdch O]r TR 2] olm= (1)
Absfo] prvh AT AlEE dAlEE 2E
Folgic}; (2) el 9)= YAl = 2225 gt}
V(3 AMEE Aol 9le A (4) EA
A S A TR (5 ET ARE
< FHdsichs AR Fold 4 9ok EGGS
A A Fol4 EA|E, Johne| &3 Alghe]at
= AME 22 glvs Zbd gel A Johne] 2
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Initiat Domain Theory
knows{?x, 7y) ~ kind-person(?y) -—> likes(?x, 7y)
mimsate(7z} —>  knows(7z, ?2)
human(7u) —>  animate(?u)
friendly(?v) —->  kind-person{?v)
happy(?w)  —>  kind-person{?w)
Specilic Examphe
Given humetiJohn) and  happy(fokn), show that lIikestJokn, Joksn),
Explanation of How to Solve this Problem

likes(John, Hohn)
- -
- .
knows(John, Ichn) kind-person(John)
Fy
aniimate John)
i
human{John) happy(Jahn)
The Explamation Stracture for this Problem(witkin the box)
ItkesyJohn, Jobn)
1
likes(?x, 7y) i
RN i
L knows(, 7) Kind-person(?y)
I [
knowx({?z, 7z) kind-person{?w) | |
|
rnimate]{?z) !
1l | |
wnimnate( Tu) i I
‘ o
human(?u) happy(?w) |
Fuman{John) happy(John)

The Necessary Uniftestions
All vanables must maich ?z.

The Geaeral Rule EGGS Produces
human{?z) ~ happy(7z) —> likes(?z, 7z)
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Architecture-Level Axioms

{OPERATOR-SUCCEEDS op goal node)

if {(AND (MATCHES-EFFECT goal op)
(APPLICARLE op nodel)

(DPERATOR-SUCCEEDRS op goal mnode)

if (AND (APPLICABLE next—op node)
(OPERATOR-SUCCEEDS op goal child-node)
(CHILD-NODE-AFTER-APPLYING-OP child-node next—op node))

Domain-Level Axioms

(APPLICABLE op node)

if (AND {MATCHES-OP cp (POLISH obj time))
(KNOWN node (AND (IS-OBJECT cobj}
(OR (SHAPE cobj RECTANGULAR)

(CLAMPABLE obj POLISHER) )

(AVAILABLE obj time)
{IDLE POLISHER time))))

(APPLICRBLE op node}

if (AND (MATCHES-OP op (CLAMP cbj time machine))
(KNOWN node (AND (HAS-CLAMP machine}
(TEMPERATURE okj COLD})))

(MATCHES-EFFECT effect op)

if (AND (MATCHES-OP cp (POLISH obj time})
(MATCHES effect (SURFACE-CONDITION ohy POLISHED)))
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A Al Eele AAE 22 W le] o
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A3}2] operator sequence el £ gle= A
TS 2. 1H M A nlsg e
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T e BelE o)A w2 g8
Macro operators ~R&dked A 2E FAE
wl= macro operator2] W<EE precondition
o] A BAe} Ygbairab sl 2l 7R
A, macro operator W2 HyEL A EA ¢
¢ matching AZe| w=} Aoz A
24 % g4 vEe] ¥ o glch CBR W4
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adaptations #F= T ¢I#HFE §le= HL
R Pl e e e B e e e =01,
W ol EAE E7) HelA vlze e
macro operators R HB#H AT olE AL
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oo vl s oA [12]4 d8E
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BA4Eo] Al2wHle] F42 description®E
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9] #igrel &2 A (final state) = WE A7)
7] #15ke] o] & 71EdHA & = operators
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Aok gt o] A AAHY £ F FoiF
= g W e E A, "]z]"ﬂ 29" FAEFH 2
7 ES A description P2} 3% 5S4 44,
Z (P, SHY R /]9AA FoH AERE
A zE Fed o oe] Egiwl AL obA] F 4
871 glA = Aol

a2, o] w2 kAol Egld F-A 2} st
Aa] BT FAS T Afelst S Al
8 &35 B 4 9E Wolvh Brp b HT
by (P, SyE dwrsl she] AgE HTE
wpt B g ahA AR g A5 AREE Bk
Aoz (PHx), §*(x)>R h=s Aol
A2 EAZ FoIAH wlA P*(x) 2] match
2 A 53 % AFE 7 matchdl 19 FHE S*
(x)oll wslebed & 7 5 lh ol®A <
bsbEl Bl /e & (Px), Sxi»7t vt
Z PHx)B ZAFE &3 87 (x)F AAFE
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EBL Al=dl-& 2 &) 235 dulstst
o Ayt A E) BANA A7 He
gl 4 Ale] 572 & R sgehs Wy aR
Alxde] 52 haE 5 9l
AAE wEa] 2R ghe 9
EBL# #3g FA4.o2 $4 24d e (im-
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e Wstn, ool EBLE #49 73F
o] FAF)S A7 FE] FHefA B} of
e E—xﬂ%ou A A g 47
Sz BHNE 239 JAFE F 5 US
& st 2o B GHES S AT

31 E2tF3t Domain Theory

EBLE 0|7 domain theorys 7|&% 914
A R AAE A s A AlRlE kst
o= 3 duisle] A3zl 3 A& (correct)
stohy Wae] glul, mevp ol ofu[whA| vt
Zu]7] domain theorydl #akgl D" thE A
o Wo)c}, 7h¢} domain theory #FA] 0%] L E7)
FgEe] glohd g A= 257t S
o fod gl o)}, ¥, domain theoryoﬂ
F7F flvlebe azte] WAk Al 2] AuE @4

g sA of deslA] Tk zlelzhd g
o) W% ankg A ¢ gl vk ¥
A el FA S Sgste A" As A
Eol Alx"le g uba) g 245 domain
theory® #Ea&lalx] Ealyl shg FAlelA] A4
83 2 Ao 35 FA E“Jr A A
24, PRODIGY®| #% Ex<5 7+2] 24 &
Arol| Z8h domain theory7) ¥ 5HA] 232
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=25 PRODIGY7} shp8}+) ol 44 F =938 domain theory? S = 3
?‘4 S &gt = alA He] gl HarEe] FAA AL A Sagithy o
Domain theory7} £33 E3teaq 42 4 ofek ghch [2]4 o] EAIS 4 7lx] A2 o}
e = FbA EAE @4 7 =dy
7h FEe] Aukak §R Ested (gver-specific) incomplete® 5.2, F7} o Foln}

T A BEEA Belx A HE Asleh

AN13W A5&

E1s

4 3% 29 4 BAW ke BAE ¥ o olde o g g
o
H

PRODIGY7} #<:8 +23 PALe] &
slth. PRODIGYS] 5%
= PALA Al wls 2=
=5 72 9ol 2 73

A& 247 Belm

matching 73 o 4

e g A e 4

T SEE el gtk 1

ooy 5 Exe

275 olop s 7

L7t o Eot

=
dashAd me 27 |
£ Ab4-3sle 8 o ko] ed-F-x ¢} 3}, 5+ domain theory
W A 7ke] A oo} 7F intractable® 492, o]@ & kel gt g
ic} ol Al 4f-2] 0] A& Agk elEe] ojm HP o] gliels A4 3
Hell PALY 13 e AT Es #Ao) Al 43 4R (computatio-
?;1 TxzHL R —.—/ﬂ 7} nally} intractable® o 2
AR o glefa] 734 d4E AHEdez 99 - 9l approxi-
mate theory3 &< ¥
(1hs

{and {current-node <nd)

{rhs

(prefer goal (surface-condition <x» POLISHED) {other-goal*))

(candidate-goal <n> {(surface-condition <x» POLISHED))
(known <n» (has-clamp POLISHER))
(kmown <n> {temperature <x» COLD})
{(known <n» (1s—object <x>)}
{(known <n» (last-scheduled <x» <t1>))
(known o> {later <t2> <tl1>})
(imgeal-exp < (Joined <y» < <or-13))
{known <n> (1s—chbiject <y»})
{(known <n> (can-be-welded <y> > <or-1:))
(known <n> (last-scheduled <{y» <t3>))
(known <n» (composite-object <yxr <or—1> <y> <x3))
(known <n> (later <td> <t3>))
(known <n> (later <td> <t2»))
(forall {<m-1>}
(known <n> (scheduled <w» <m-1> <t2»))
(not—equal <m-1> POLISHER))
{or (not—equal <¥y> <x>)
{not-equal <t3> <tl:)}
(forall (<m-2>}
Known <n> (scheduled <z <m-2> <td>})
(not-equal <m-2> WELDER})
(candidate-goal <m» <other—goal’)

{not-equal (surface-condition <x»> POLISHED) <other—goal>))}

212l 3 PRODIGYY| & &l T8 AR H Mg ol g=le] of

ol AH sl 9ok AsE domain theorys}

o o] 2 Fale] 1T Batale] s4x18) mje}
o] o= F13 theory
o] Fe] = whak
& ZTElek & Zle)x, &= theory AHA)E 84y

2af Bl HA 4R A EE s v

iy gk 7R 50 plansibledt -8

wrbeh, o) 7l &

L2 A FAE



(lbs
{and {current-node <o*)}

A% A S4(EBL) S Yeieh S5 27

{candidate—goal <n> (surface-cendition <x> POLISHED))
{candidate—goal <n» (joimed <y» <> <ord})))
(rhs (prefer goal (surface-condition <x» POLISHED)
{joined <y» <x> <or>}!)}

tractables}A & whele] -FH sl Healc) Al
A= domain theoryr} inconsistent@ -
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