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Abstract  After nearly 10 years of effort, the mordern smart planner, whether its efficiency or processing capacity, all
have been greatly enhanced. Subject to the limitations of current planning theory, to further enhance the efficiency of exi-
sting planning techniques under current framework has become more difficult. Existing planners have not to learn abili-
ty,most of them,can not learn from previous experience, useful knowledge to solve. In this paper, we first review the
development of planning techniques to learn, and then focused on learning techniques used on the best learning-based

planner among international planning competition, concluded the main problems and challenges in current learning tech-
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nology research of planning.
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W, D M Blocksworld Hrf— M IRZASH Y, J) a-thing
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[DIHFRTE D P4 T clear FITEE T EEFAARES,
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3.2 EIREXBH
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BEMLER R BEMFF T, B R R AEERE.
B, B RO BRI SRR AR B T R
FERCLIEH fo. AEBERTE A2, fc, MC X T D
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25 BRI A LR ) B AR B — AR R 1) RS RE HY
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BEFLAMEE J HidREEE S FF MR AR KE RPL G,
A DRBEREBZHMNERNIERE AG.A.g). BER
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#AGA O RFH fo HIAEREHEE, b C R
B A SRR 2 (8L B AGL, A )= ;w;f,- (s,A,g), I
B HG A O M BRERRBFEMEMS &, it RPLG,A,
ML EEN 1. B —-ME1THB 7 &1k RPL(s,
A, O WA E dET 2 T E 3], AR RE, ¥ RPLG,
A, N EBUEFEEN 1, R¥ 3 AG,A, g) , ERBFUEE
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AAHRAREERR, REEIEXRRNBREELERER
B BT A R E A E (BN A B/ N iR 28D . R AFTE —
A 0] R R R BB R A R R BRIE O K, X B BOR T
TEGR B R RN A B, WS — AR TIETE S
EGERMRARATLEE R, Hih, RATEE FEMH
FAR AT BE/NEARAE , A TR 2 T Bl X R BN E -
BT IR AP AR LR PRI

B 1 RMIREMINGE T %3 0AGA O WEE., B8
¥ Learn-Delta B o0l5— Bt 0.5 J SERWEET .
T g% e T+ 5 BrMBERR T PHEENGEF5E
WHEEMFF R AN KERSAXNER 2R E.,
Learn-Delta K iER G —H BRI O ES, RAHAHE
WIAFFER G, BY O HWEBNRENOM 1 WESRES. B
WERAT N EE SR & 5 HBIHE Learn- Approximation i
B OoPELEIRFE F B ARENE RSB
REMB R RERNE SR RAIREE o SR EY
FREAE G 7 98 F 6178 Expand-Features, XK BB AYE
M FRHMEE A RS IE SR R IR & R ok
Learn-Approximation £/ , i — 5 R B @ U . Wnhse
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Learn-Delta(J, D)

// J is pairs of problem states and plan length from them

// D is domain definition to enumerate class expressions
J'<{((s5,A,8),d—RPL(5, A @) | ((5,A, ), dDE T}

d is the plan length, the remaining states in the solution trajecto-
ries
®<—{C|C is a class expression of depth 0 or 1}
repeat until no R-square value improvement observed

(@', W)=<Learn-Approximation(J ,®)

// @'is newly selected features, W is the set of weights for @'

®<—Expand-Features(D, ®’)

Return @', W

Learn-Approximation(J ,®)
®'<—{} //return features
repeat until no improvement in R-square value

C<-arg maxce ¢ R-square(J,®' U {C})

// R-square is computed after linear approximation with the

" features

@'—@'U{C)
W<Im(J,®")

//Im, least square approximation, returns weights

Return &', W

Expand-Features(D,®")
&<’ // return features
for-cach CE€ @'
PP Relational-Extension{ D, ) {} Specialize( D, C) U (—C)
Return @

W1 23R EAEEHHE

Learn- Approximation fiff Ff] 8] 88 5 .00 38 R SR BE . S 5F
RS A B ERIE © PR AR R S AT S 1 R-
square {8 [ F¢ 1E 60 % 3 2, H B R-square {88 F-42 81 0
Ik %558 METRHMESE S 3% B PR R B B8 oA g1t
THE R Im REHEF TV , % R BB Ll R-quare {H LAK
FIZRRHER M2 B AL E . & A R-square RHEA
FF 3% , Learn- Approximation H§ 3% [F] B 48 $E 43 (19 R AE 58 B H;
£ BAE, MBS AG,A, ) I MEE .

)R Expand-Fearures Sl 4 & Fl 48 & Fl 3 Fh 7 A2
HHRBAITERAIFTHNREZRES, AEMTCHAS
FEWFAERNY RAFESE ., XEEE 3METATRARL
MR E:. B— 1B Relational-Extension L —FF+FKiE C
ﬂﬂﬁﬁ/\,ﬁ@ﬂ%ﬁﬂ(P Co***Cj—1 CCH 171 T Gt Oy ) 9;5\:':‘4
PREHKRT 1 BFIANS . i WE athing, i, j<n(P),
HEREBRN— NS C PR FAFR, B HOREE
I TTBEZE SR, 140, Blocksworld 51, %} holding 53X —25%
FRIEEREY B, AT FERA (gon holding ), &Y BEIARE
AR BT A BARIRAS T AL F SRS PR B E R
EHFHARES .

BT RE KB BIRE R Specialize, %5 #2 6] B
wWAEFTALEREIR, ERBSHEER OHE CH—F
EZRR O MREBEZTFREIRXGHAEE R 0 K— 1 HKEERX
ISR, Kk, B Specialize /=4 T A A be
subsumed by C. L3R, X FAEERX B A FRAK O,
8 DA C'[DISCLD]. i, %5 Blocksworld ik (on
7 a-thing) , F/R FTA FEFUAR B b I FUACHR , Specialize 7 4 )
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FiANAT R (on 2 (athing( gelear)) , BAREHTRAT
AT RURER b, Wi7E HARIR S T ER A clear BURE, &
S K R 2R AN N B JRAFESE R . BN, 4 Logistic-
sworld H1. 51 A Bl F15 H (cin 7 a-thing) , ERE L4 F
BRI E W packages, M| H 45 1 f9 % — Ccin ? a-thing) , %
7R ARAL T HARL B AFBLE packages,
3.3 FEIRMAKE

- BRATTE SR B 3T Y R RN AT SR BN R T .
THEEHEIBRFIRMOEXRNER, REFETF
BAYRIEYIK,
3.3.1 HERRINAEATFT

BRI 4 AR B F2 J2: 51 2 0E 2 W B MR- BRI Caction-
selection rules) , & —M BT .

alxysxe )Ly s Loyl
Ko B B DBSRAEE, L BSCFE, = HEIENSEE
2, B-UTFAEMN cCHER, B C BarEEREIET
Ik, 2 NEHEMSEER.

HEBEVEGA OQURMESTRINE o= (o,
5 00) s BRI 0 € CHH A MR o, € CLD (s, AL ) ], Bk
R, X5 o W R AP RKXNC FrERHWAE. HHN R—=
alxryx) Ly Ly Ly TECGHA, ) BEWFFBIE alor s
ceo) RN g —SCFEBEN G A, 2, OFNE, I
HaEM TR AR MTE s hgi . R, MR -8«
FIHELI oA SCEAETE W o BT A sl EERI gz )
B, KW ATF AR R SR T REAE FH R S48 A R i B
Yy, — SN A] REAN B BT SO R, W] BB ] — 2 Y
MEABE. SE RN ARSI R, —SIERIZSI RET
B AR ENVE R S 3 b i AR N BT i, 9 BLAERTR
HHWESUE MR, FRE, RS R TR AR BUEM ShE,
W AT RE R - Z A BIE,

RGN Lal T 50 208 SO E PSR = (L) InSRAE
TR G AW L SR BBUEM R, W (L) (5, A, 2) HR
SRR s Tl B T MU BN EIE, B, o (L) (5, A,
% L BB/, (EERENE, BT (I ES
BN BRI S0 R 9 ah A R 000 rh 2500 R 32 4% 1
PA7 BARGAD AR e R, B . B U, B
117 BERL B AR 24 T Rl & T IR BRI E R RTHR & 1

10y 5320 5 51 %2 19 T, % 18 Blocksworld 47 #h—
A TR BB AT R, B2 oROM BT BUR B B 76 52 | (on the table)
AR E T U AT AT 5]

putdown(x1) ; 21 € holding,

pickup(x1) :x1€ (on ? (on ? a-thing))

- A E Y agent BT #IH AR, &, W
3 agent WA TUEATEAS, W5 ZZHNE I agent PRI
—BIARBGERAR Y XA — H AR R A RE T &R
H—BURER LD b AYBUR B G R, IR AR A MU i
A pickup(z1) : 21 € (on ? a-thing) K, M &R EHMER, H
A BT BE S W PR RO R A 2 _E AR BRITGR B 50D .
3.3.2 FIJRFINE

2B EREENFE¥ ) HE P, Learn-Decision-List
PRI GREE T S 40 5 A AR % 45 v 02 3 A 48 2R3 s RN L
AR IO R L4 (multi-set) , I TR HARR FHI
RENF, BN rp B — R RUT IR AR R B 1



Learn-Decision-List([J ,d,b)
// J :set of training instances where each instance is a search node
labeled by an action
//d :the depth limit of class expressions
//6:beam width, used in search for the rules
L0
while (J7~{})
R<Find-Best-Rule(J ,d ,h)
J<J—{j€ J|R suggests an action for j}
L<—L:R; //append rule to end of current list
Return L

Find-Best-Rult(J ,d,5)
Hvalue-best-rule<——o0; R~()
for-each action type a
R,<~Beam-Search(a,f,d,b)
if H(J,R,)>Hvalucbest-rule
// H(J,R,) is learning heuristic function in Equation 2
R<R,
Hvalue-bset-rule<-H(J,R,)
Return R

Beam-Search(a, J.d,b)
Ly« {(a: €O | k<na) , depth(e)<d}
// the set of all possible literals involving class expressions of
depth d or less
bearm<—{a(xy,***,a;)} // initial beam contains rule with empty rule
body
Hvalue-best«——co ; Hvalue-best-new=—0
while (Hvalue-best<'Hvalue-best-new)
Hvalue-best<-Hvalue-best-new
candidates<—{R,{| € L, ,RE beam}
// the set of all possible rules resulting from adding one liter-
al to a rule in the beam
beam<—set of » best rules in candidates according to heuristic H
from Equation 2
Hvalue-best-new=<—H value of best rule in beam

Return best rule in beam
B2 20 SRR I g

BILR AL Rivest-style™ Bt RET B, &
W — &H, NE L e R BN Sa R, RIS R &R
=T TR YIGREEE. X B — N 35— an S )
FEIFHRAPREEIN T —shfE, BN TR REBUNG4E
FHIBHE.

FHF Learn-Decision-List F #1531 F 0] 11k Jy 25
# . #R /578 Find-Best-Rule FHI# , B b EH =R £
SRA6)T, 35 Ho X 8 35 78 2= 0y Y 5 ) T b IF B R R S A
W——HRBE RE = EMEE RN, BB RR
B ETRE T R AR R, [FINTHE AR L 5 8 25 VIR B T A
GEPBR., B85 AU NARENINGEFEER
BaEMEEEAORN, B8 LR SE BERAHFE L
FREEDS . T, 86 aT A U E 55 m U2 T AN
SGEDBE, A FE AR 4 e TR R g M AT R
BAEfI S B 27

BAE R0 2 Find-Best-Rule #I178, i% HI 18 8 K%
REERBGE R FN 25 M RN, FRATHGE, 5 4%
%Elﬁl']ﬁ?ﬂﬂﬁiﬁ:a(x] T 'O Ry PRy FIRIT s Lo EH T%ﬂﬂﬂ?ﬁ

) 8 B/ N L R A FH 30 beamrsearch B4k, HE5H|Hb,
Find-Best-Rule EA&F i i shVEF R o, 08— SRR
beam search iZENE o IR L FHEE. XERERNH -
BRXBREHETIEM O EPORE ., ETRAALEXTEE L
AT beam search UL R B & #IEANT AL

Beam-Search H4ii A N BIERAY o HBTUIGE SRR b
) beam, % IR F AR MWHEERR d. beam W FEEFIFR
KAWEERREASGENSE X SEIE THER
HaE., R d=2,=10, WERWKRLS, 180 beam R
AN, B RE K alar, oy m) , A SUF RN, ki
oA 3E — RN, G —FMIFIE ST (BEADNTRET
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