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Abstract  This paper presents a method to learn derived predicate rules for planning domains under
partial observability. In the PDDL (Planning Domain Description Language), derived predicates
are a compact way to describe indirect effects of actions, and an important part of planning
domain models or search control knowledge. However, for most planning domains, it is not easy
to write derived predicate rules from scratch, even for experts. Therefore, it is worthy of studying
how to automatically acquire rules for derived predicates from observed plans. There has been
some research work on gaining derived rules by refining an initial and imperfect domain theory.
But, their primary disadvantage was that the number of training examples for predicates to be
learned was very small since training examples were produced in a very limited way. The underlying
reason was that they assumed that the environment was unobservable. In fact, in the real world,
many indirect effects of actions are observable by simple eye-measurement or tools. This paper

uses observations to reflect actions’ indirect effects in order to increase the number of training
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examples and to improve the learning accuracy. Also, to complement some predicates which

cannot be learned by the inductive learning method, this paper gives a post-processing algorithm

to make the semantics of learned rules more perfect. Experiments on some benchmark domains

show that, the method presented in this paper is feasible and effective. And further, the work in

this paper is beneficial for the study on automatically modeling planning domains and automatically

acquiring control knowledge.
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H I R0 S B meoree s R TR T 1 0E 40 A 19 I 25
i) S5

4 FEIFIE

AR 3 2 WU BRI T 2 2 IR AR 1 1] AL
A BLAARTT 1 A8 7 AR IR o1 BRI 2 > 13 S

=Ry AR RN GRBIER o o 1 S AT AR IR AT
il 2 T B I ERA] OK T A 283 n 4] DA gl V- WL e 4] o
7oA R 2 2T VR A A IR FE LU 2 2T R Ay A
205 R e 9 B o 2 ) Bk TR IR R o 2] 3R
TETR SCIEETR Ay | e At 42 M L) K (ks
ik R A 25 QAT K A £ 4 AR 5 1A B 2 2T B g R )
R LN SR oS58 R .

4.1 F=HIlZH)

R ARV 1) 1 U1 R R Y CIRAS S 15 18] 52 431 1 3]/
BRI 9 = eI =L B sh VR 7 81 25 77 A — &
A v ADAR S o T IR A= 9 1) 52 49 15 1 2 fluent i, B
B A DR A 1 78 A A e A= 2 A BRI I 2 401 1Y
B R ACRZS 15 B RS 8 18 58 4] 72 A 200k
AR EAR QAT b R T A RS2 . A
el 2 fluent Ay @Y » ARG A B AR S AE
B 75— A B AR SCRY R A ST v B A
T 1o B8 U1 491 o R I ACIR 2S5 R

EX T YNGR, AR5 I 1Y IR A 38 1 o
A 816 p o By — AR ¢, € Lo =t
(siplersH)  Hp s RRRE, p(O BT R ¢
KB x FEAR BRI R S ¢, fiE LA p (O TE s
NEAE R E. B E R p QoM — ARl ¢, X
N=TCH s, ple), — ), FHIBEX N p(e)fE s T HE
HR.

I 28 H DA E B4 Tl R A A S 4 - 0L e 47
rh AR BT 27 2 18 1) 4 U1 25 451 ) B 1k

BiE L A

B IR AT W R ) T = (S, 1, G R H gt ao =

Kay 010504 {a, 50,07

fth WEBIEE T IS T

1. so=1

//produce the state sequence

2. FOR i=1 TO n DO

3. si=(siy—del(a)) Uadd(a)

//handle derived predicate preconditions

4. FOR i=1 TO n DO

B) FOR all derived fact d DO

6 IF d€ pre(a;) THEN

7. Add (s;—1.d,+) to T

8 ELSE IF (not d) € pre(a;) THEN

9 Add (s;—1,d,—) to T~

//handle derived predicate goals

10.FOR all derived fact d DO

11. IF d&€ G THEN
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12 Add (s,0ds+) 10 T e Akt F A 1 TR S ) B DI SR A8 L 4 S B DU 2 3T
13. ELSE IF (not d) € G THEN P, B, SR — A FEA TS W S b€ s, ) R
14, Add (s,,d,—) to T~

//handle observations

15. FOR =1 to n DO

16. FOR all derived fact d DO

17. IF f", (d,s;)==true THEN

18. Add (s;.d.+) to T"

19.  ELSEIF f, (d.s;)=={alse THEN
20. Add (s;»d,—> to T

21.RETURN T ,T"

Sk 1T 3 Bl 7 HOR P AR R A 2 I8 R Y I R
Bl s (1) AR — A YR AE 8 7] SE 4] d (derived facts) i
BAEENAE a, W HTHE B 4 8 RO TE AT @ Z 111
R s, 7 IF HA B R R A
PR RN CGF 4~9) 5 (2) 41 2R — AUk A= 1 10 S5 4]
HIAE HAR IR G I8 4B R TE e AR 5,0
JEST S TR RE L B AR IR A E B R R
B E 10~14) 5 (3) WHER — IR IH ) L4 d iy 30
FEMLI o v ol T o, J& 7E $hAT 58 BIAE @ Z 5 1Y)
ARZS s HEAT B PR AR 5 000 o KR 0 ) ke S5 R ]
Wi d £ s, oL 5 (P 156~20).

EEL FHP% 1 WEEERMER Ok +
nm® ), Horpr o 2 S A WL PR 2 4 B s m 2 LR I)
R IR A= T 1) S R S I RN s k2 R ) R
AR 1) SE A 4 S B R

. ESE. T A EROR A IR AR T A
PRI ik 1 FH 2l P UL e 2] e 7 A 18 R 2 4 9 e AR
TE A SE B . AE AP 2~ 3 L diAEE o B 3G 0 AR
T 855 250 SR A~ B 3 AN ik Bt i B 0 TR R
O(nk) . R 2 4~9 G 45 — A PIE G ER . NG FF B
AT nm U, B UCRAT YA B0 75 46 I — 4> IR 2R
T 1) S A9 2 A 5 A Sl VR AR Pl T Sl 4 R AT
DA, 55 IR AR T ) S 491 0 BE A 1 1) 552 431 L AL Ot P A I
B8 OCk+m), T2 4~ 9 Jir 48 19 i [6] y
OCnm(k+m)) , BIOGmbk+nm?). E 4 10~14 B
WE— A BRI OCem) . FeJa - 2 16~
20 A& A FE — DI EGEEN , NI B HRAT nm 1K,
B U A B8 50 A D — > IR A 9 1) S 491 2 7 A
A UL R R8RS SR BT AE I 1] 2 O G T G 8 A
H 15~20 PFrAE RIS OGom®) . 25 & 5535 1 Pk
I} 8] A Gambk 4+ nm*). JIEEE.

AN AET A T AR I N G Z )5 2
ZHU KRt BT 7 AR AR SR B Cso s s1a sz s ves s s R

A=A IEB Csoby 0 s JLZ AR b6 s, U7 Az — A
B Cs oy = X EEYNGR G R AE AR T f T
A D R A ) B R A

4.2 MW E3)

IR AR ) 1 2% 2 AT LR O 9 A i kT 5
MR R AR E A B A R S S £ R T
iAot 1 X A U BB A 32 R A s MU 114 2% 1F
B2 B CRI e B0 23 1E 491 1 sk JT B A7 e 491 A
Ak AR5 2T B — SRS 7 50 B o Sk AR SR AR TR A
(14 1E B 4R &m0 HG Al AL D). A PR A 2R B0 1 A D)
VRESBRESFPIEREERERELR, “H T
DXAE T HER S R 1 0B AT 2 R 9 i 45 U 8 UK
JIE HIE A T T 1 A S LU G A B A I AT Y 2
BRI R 2 S R — 25 MUKk HEAT IR R 45
HH AN VR TE A0 Y S B AR

Bik2 FFUIEERE

A NG MES T M T 84S LB Wik

AT dp

Wi BUUBE 4 R

1. R<(J; Pos<the positive example set of dp in T

2. WHILE Pos is not empty

3. r=—dp

4. Neg<the negative example set of dp in T~

5. WHILE Neg is not empty

6. Produce the candidate set C of  based on L

7. BestC<arg_maxGain(c.r)

8. Add BesrC(teo( the antecedent of »

9. Neg<—training examples that satisfy the

antecedent of r in Neg

10. Add r to R

11.  Remove the positive examples which are covered
by r from Pos

12. RETURN R

2 W REAE T 6~T7. 154 6 i vE e
TS C AR TAE MR R, B AR
Ut o F I T AR T A Y R i ST B AP AL — A E
TEJSURL U Hp A7 A 1 A B B 08 57 5 R ) e A
KK, 2 7 R E B3 45 2R KL Gain S PPAl f 1% 5C
TIPS ] BestC RIL R Gain b EUE IS B 5
KB 35 SC. BRI DA s B80T i 56 305 ¢ Y
B " W Gain eRECR 7R R i r (149 B IE 0124
HHY 7 2 A ¢ FT 9820 1 2 15 1 K. B g
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/i1

Gain(cyr):t(logg 4 bo

p1tm  log, pot+n,
Fod s po Ml mo 3 590 27 MU+ B4 1 ) 249 SRR H A
I HECH » po B0y 4300 278 B " 1) 1 81 24 o8
EURUR 25 98 H o J2& o A0 JER 23 IE I H .

2. HE2HWEIE AN OGP D
n=max{n ,n }.,n Mn S3AZREGES T M
BIES T RN LREIFES L R/,

. B2 A DWERR. ERAEL
TANEEACGE 2~1DHAT n" K NZEI P 5~
DPAT n K AERATNZTEIR N kLS C I
KN 283k 00y % B, B2 6 Jir 48 19 B[] Jy
OW. B THENGEHIES T M T EiFfhimigL,
FRAEH TR R OCLCa™ 0 ). [RRE o K000 R A2 1)
BHA L LR B P 8 BT 48 1Y I (8]
O . 2 9 FrAE IR A O(n ). 25 1 26 R BT
WHESE] A O I(n" +n ), NZE1E I BT 46 i 8]
O n In™ +n ). WERIC n=max{n" ,n |,
B 2 A B2 2P OGP D). UE5E.

AR RE RPN E G TE L THREE
k. WA A0 3 AL I AR AR R A BT 5B
i T R K sl T I A B A

Hik 3. HRERAE

WA GRBIES TOR W ES L2 5 Ik A

dp MR TFERE k

Wi MUNES R

. R~ beam~{—dp)

) (D)

1

2. irrelavent <&

3. REPEAT

4. best_fn= fo. (first(beam))
successors< &

FOR all » in beam DO

5
6
7. Produce the candidate set C of » based on L
8 FOR all c&€ C DO

9 Add ¢ to the antecedent of r

10. IF r & irrelavent THEN

11. Add r to successors

12. FOR all ¥ in successors DO

13. Evaluate f.. (', T)

14, IF fo. (/' oT) <best_fn THEN

15. Add ¥ to irrelavent

16. beam<first k r’s in sorted(successors, fu.)
17. UNTIL f... (first(heam)) <best_fn

18. RETURN first(beam)

Sk 3 AR IOR BEHELE AT & 57 A9 MU R 1744
T S e R TE N ZREE b KRG E BE R AL first (beam)
PR beam TR FEHELE B AL RN T A 1Y 4 1E
K BINAEBLAE successors H (2F 6~11) , H Aok i
UK (ARSI &/ BT i N E R B i/ R = P
CHIE T irrelavent 1 (3 12~15). sorted FR%X
TR R i BEORS B2 DA v SR A T HE R HETE AT A
AL AT T beam AR T — 50 A RF 4 5 000
P 16). S Ja » YA 0 BORG B2 T /&5 A 00 0] bf, B30 0k
S50 3k [MDRS B2 S e A R

B3 R 3 EE RN O+
kln) o n NGkl dE & T WY R/N . L VBTG
L BRI o AL R TE L

M. B 3 repeat-until JEFF BT R
JE AN E . AEZAE R P 4 FEINZRAE Al R
K B2 BT AERIBTIRL S OGo L 4 6~11 A8 — 4> W E
PEFR ot THEAR T8 BE N & A G A0 2 418 6 SR AT 1 TR
Nk AESNZIEFRNER 2P 7 Fr AR E] S OCD .
JEPEI (B 8~11D) Brib ey [a] o Okl . X &
beam R ZALE kAT A HE] A e e AR B
C A O I BE successors W L BOA 8 1:F
OCRD . T irrelavent T {38 W ¥ 3k B T successors s
Jr LA 10~11 FrfEny I [a] y OCRD) . 25 | 2 6~11
JITAE BB [E] R OCRLRD B OCR® 1) . Rl RESE 25 12~15
FER BIEFR AT OCRD YR B ARAT P Ak K1 U A% 2 Jife
AEWIES ] 2R OGo) o U] S S AR ) [8] K OCRInD . 2 16
it FRE BEEATHER BT AEIS )2 OCkL(logkD)) . 25 I
Bk 3 IR 22 N Ok 17+ kin+ki(logkl)), B
O I* +kin). JERE.
4.3 EBENEHE

S — AN JE A BB B, B AT B TR
D) 2% 438 3 6 VA 4 27 2 5 B2 2 R BTG E [luent
A, QAT A X 2e Tk fluent fiy ) HLAEAEARZS B
SR Z Y L B R B AR BR RS b B gt ]
PL— B R FFEN 2R AR S, e ATE S — B B 27
F1% 98 1 i e XIS BT R0 DU e 8 55 7 1 910 R AN s 451
5 DRI R — A Y, RIS {5 L A R 5, ik sk
fluent iy AR XEAE Sy o A 4 2 X A2 000 vh . B
DL, T 15 2 25 A0 800 27 ) 3 AR 2 2 ) A ) 3R
fluent fiv Y. 3X 26 iy 812 Jr LA 3 B0 7 0] 304 34 5%
BRI TE A S R g e AT 2 T X G T M el 2k
SUA KO0 G 2Z 8] i 1 SCIR &R DI R e 77 ) i /R
PR N B i S i R H R A S AL PR Y BN ] RE
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Hl

£l 2015 4

E2

FAFE AT ARG I A% ) 45 RAETE SC 1 i 58 B k.

5] 3. PSR (Power Supply Restoration) 4% 1,
T IPC-4 5| AR IR A= 15 1) B o 40 4 2 — , i 40
I IR T F YR 4 2 B AL H 1 H B ) L AR PSR4
R A2 1 1) (affected 7.20) 3R 7R HL IR 7.0 52 3] i B 4%
RS R  HE ORI (i ] PDDL2. 2 3 25 M)
wF

(:derived (affected 24 —DEVICE)

(and (breaker ?7x)

(exists (75— SIDE) (unsafe 7z 7s2))))
Hp,breaker (72) & — 4~ fluent if A, /N 70 &
—A> YR T A S 25 O 3R fluent iy AL £ ]
FOIL, 7 HL W 2% 4 &6 70 HBE % 2] 2| unsafe (7.x,
?2sx) s A FE2E 2 8| breaker (72).

XF TR Ry T AR S AR A 3G m AR fluent
il AT DA S R LA B9 51 A €8 (roles)
ML &, AR X R BT & 285 5 9E fluent 1§
i B4R T AE &AL AR R il 42 98 ) Cabstract
predicates) 55 R AR . XF T — > HL R U L
SR TR 45 0 2 U A b Ay B H I R CREIE R 2
—ANSHOM L BUE TR RS — A AR i A AR
ok R ) 2 B W CRUIE R T A 2 A4 S
FOUS FEA A R T e Oy i 4l 40 i R R
F o H g B fluent 151, XKL, 78 5 HI M
DUI S, G 2R B8 A% R0 [] — 2 Ok B 1 I AT 0 R A I
TR gt a] LS LA A B Bl 20 1) 2100 5%
PR T SEBLXTE fluent 3518 A9 b 7824 > .

EX 8. AhZIE L X — AR A S i
. MgEEEN 2B ES L i e
EREIR

FEA S R 25 AU 3 et i,

EX9.  MAE W — AR S E . A
(EX LIPSO IR FERUE I SRk S

Xof A BRI ) R s A 64 G X
ST T RISy, B BRI AR UEBE . Y — X4
J& T 24>t Soa] DL AR Y A 6 1 A 5 S X
ZME— 1R T A, B M E R R g X2
R R DX RME— I8 T — A . MR WA
GIRENL AR

B 4. A PSR & R AL S L= {ext (72,
?x, 7s), breaker (?x), closed (?7x), faulty (?1),
con(?x,7sx,?7y,7sy) supstream (7x, 7sx, 7y, 7sy) ,
unsafe (?7x, ?7sx) , affected (72), fed (?20)}, H ik
fluent iF 1A B3 F§ ext (21, 22, ?75), breaker (7x),

faulty (?20) scon (2x, 25z, 2y, 7sy). A] BT
BREAKER= {breaker (?72) },
FAULTY_LINE= {faulty (?0)}.

EX 10, M. ARSI = 1M a %k
4 M ROLE ,r= (;derived (d?x) (f?7x)) ZIRAIH
WHL B pCxys ey x,) € F )0 X F #&) [a] 8
(S 1.GY o r AEAEAE S 0] R rb B A A2 534
FAX G5 m R S Ground (r) IR p B HE—
28 2 (I<i <) TE Ground (r) W X} B 1) BT A ¥ %
¥J& T ROLE i Ia]—ffi 4 role ,IFR x;, K role 1)
S IRIE N x; € parameter(role).

A SE LA BB E XTET AEHN =7
22 2 BN LS - 2R B A% 400 Hh R0 rh i R
A S50 I ARS8 A R AL T 1) 184 2R D) v, B
A FEAE fluent W7 T HEAT 35 S E 58 8. BARSE
®Wr.

Hix 4. HlMmESHL

A BN R @44 ROLE IR 1= (S, 1,G)

fth - LA R

1. FOR all &R DO

2. non-fluent <

3. X ~<the set of variables that appear in the antecedent

of r

4. Instantiate r with objects that are contained in I to

produce the set Ground(r)
FOR all x€ X DO
6. IF 3 role€ ROLE such that x & parameter(role)

(@21

THEN
7. FOR all ¢€ abstract predicates of role DO
8. Add g(x) to non-fluent
9. Add non-fluent to the antecedent of r
10. RETURN R
EIE 4 FEAREZRES Oe), K

o SHRLNAE R BRI L IBEIAE S L RN, p
o L IR ) 2 5O B B R SRy B ) R Y
KEY S

EW. B 1 IR IRECH n HOR L FE X
PEPR PN ES 25 3 WA B Hir 4 o i A e B A 5
T ARES X RN OCpD , [H Ik i 1
BEHEIAY OCpD) . 25 4 v KR4 0 X 0] R0 a0 &5 1 % 52
R S AL AL |y TR AR AN RO R i OCpD)
PRL I S A R U R 2 B R B O k™). 25 5~9 43
T WEGIR . Bom A A EES ROLE 1R/,
Horp A f R e g E A A O, itk
5~9 FFAE I B E] R O Cplmd) o B OCpml®). ik
J5 o 1~9 WAE IR BT AL BT 8] S O (n (RP + pmi®))
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B Onk? +npml®). — L, k2 > pml* B 4
fR I 8] 52 28 D O (k). HESE.

5 X W

ETFUEER AR THA¥ LA
POLDRF™ (Partial Observable Learning Derived
Rules based on FOIL) 1 POLDR" ( Partial Observ-
able Learning Derived Rules based on ICL). Hr,
POLDR™™ 528 757k 1.2 F1 4,78 SEIAE 2 B
F T FOIL (First Order Inductive Learning) , & 3t
TP A w5 A% 2] i #25 POLDR 528l 14
13 M AESEIEEE 3 E A T ICL (Inductive
Classification Logic) , &3 T H R R AT 42 )
A P L E A 2H A A R DL 1

BE- R 41
POLDRFOI POLDRI“

| wetemxgooa (= pemge ) #Aensst

Il Il

[ dHFOIL AT B =) s (1 IHICLAE ST |

YRAE T i

B 1 POLDRF™ 1 POLDR™™ 1% 41 i 45 #4 &

ME 1 7] I, POLDRF™ #1 POLDR™ 4} 5l i
4 ASFR3 2H I F A e AR I R R0 R e A
PP ER 4. T FOIL A ICL R 1A [AJE XA 3
SR DR AR VR T B AT T Z S A6 S B A Ry G i 2 32
AU 2R B 30, FOIL /Y I 25 4] 5% FH 5C 2 oo 4 1 B
ORI U BRI 2 808 3R K 5k 1 r = 4k
IV GRB Csod Caoyweeaa,) s/ — ) B 6 R ICAH
MIAOE AN e ¥R A s G 5 H AN 45 9K )5 B 1F 1A
d(xy s ) FER N R RITH d(isxy sz, I
HbFOIL R J 435 K 43 B 1B 49 F B A9 ICL Al 25
Bk BRI 3 AU — RS AR
7 RIS AT S I 3G I Ok AN i 2 5 TCL S
JB A — o3 AR R 2T R Y IE B S TR 2
WA S R 2. BT IR T8 AR TR] L — 35 i A
A AN 6] FOIL 9 % A R — A I 491 3C
. d, 1 ICL B AF 4 1 3XfF:x. kb x.bg.*.1,
w.s, Hodp s« kb FETCIN R 5 . b A7 HOE 5 AR [
TSGR 5 s 1 AFRCHR 5 i B L A0 A LT R S
PR A R TRI 4R & DL R B0V Bl s s 2 1508 S0P
2 5 T [R]—> PSR LI~ 2] (] 4355 £ FOIL

S 5.4 - SR

Ho. - Srm
WHEE EEE EFW AD BE O &

D] SR sl o|e|@]| &)

B: 1, 2, 3, 4.
SWITCH: cb2, =d7, =d8.
LINE: 15, 16.

S5IDE: =idel, =ide?l.

#closed (N, SWITCH)
1, ch2
1, =d7
1, =d8
2, =dT
2, =d8
3, =dT
4, cb2
4, =d7

2, ch2
3, ch2
3, =d8
4, =ds

sup=tream (N, SWITCH, SIDE, SWITCH, SIDE)
1, 2dT, =ide?2, =d&, zidel
1, cb2, =ide2, =d7, zidel
4, cb2, zide2, 2d7, zidel

2, 2d7, s1de?, =d8&, 2idel
2, b2, zadel, =dT7, zidel
3, 2d7, g1del, =d8, zidel
3, cb2, 21del, =d7, zidel
4, =dT, zide?, =2dE, =idel

unzafe (N, SWITCH, SIDE)
1, =d7, zadel
1, =d8, 21del
2, =247, zadel
2, =d8, s1del

3, 2dT, =idel
3, 2d8, =idel
4, =d7, zidel
4, =d8, zidel

*fed (N, LINE)
1,15
1,16

W B0 S
Ezzzfm  dnAdMRLED®IS| PR

(connect, 1 - 3
A )
st

B 2 FOIL #l ICL 9 iy % AR i
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0 ICL o Y 45 A 7% fil. POLDR™™ #1 POLDR""
(9453843 (B FOIL Fl ICL Z 40 I C++ 1 5 k5t
P, 52 56 35 3 o/ Windows Server 2008 + 2.4 GHz
Celeron CPU + 2GB memory + Eclipse Helios
Service Release 2. 54, FOIL 1924734 % Ubuntu
Server 10. 04. 3 LTS+ gcc 4. 3. 0+FOIL 6. 40,ICL
(3215885 ) Windows Server 2008+ ACE-1. 2. 152,

SEIR KA R TPC-4 24 A 18 PSR ) 451 428 1y
FLUEA) A, % £ PSR-Middle- ADLDerived AN T A
BRI (7] 1 LA e S 38 FLR 2% LPG-td 22 i 1) 1R e ok
G307 L I 9. pl T2 A 0 00 Rl e AN 2 O
PRI SRy 17 7 A 0 R 1) B 45 %o > R R (1]
IT, AJ DA BT 40 55 9 DR A= 38 1) 52 491 £k LA 45 3] 55 431
EH Dy SRGWE — AWM 2 A £ Dy b= A
BRI AN AR | Dy | =100, 24 2= 0. 2 I, ) £ 4
YL ] Bt AL 378 B 20 AN YR AR T ) 552 491 o AR AT 0L
T3 AN R Tk G R R AR T R A S5 4 R ) 22 T
L £ v, 3 6 SO 42 5 AT LT 3443 T 3 A IR AR
2= R O VIR | AN /8 e e ol e KBS VR DS 21 B
2 & ) ) RS 48] F AR 3R 1 DA R OUL N g i ATL 1 L R R
3 A~#L&I a] @ Po1.PDDL ., P03.PDDL A1 P05.PDDL
K a3 A NG B 3 AN R B 5. X T 4
MUNGRGIEE A 27 > i FE ok A 3-38 SCHiE Jy 2%, B
2/3 JAA 2T 0 1/3 FHRVEAL . 2 2] - ik ok A2 58 X
HEAT 3 UK. &5 b AR R — WL AR S IR AR 3 2
2J 3X3=9 Y.L FIHAE P A i F b B foe
JEAE L0 27 >0 B d SRS B S0 & R i 18] 3 A
P4 2. P03 25t 538 55 2 SR BE Z [ F 6 &R
B 4 25 3 AH I 138 47 I []

M3 AT UL X T WA 2] RGET S 4 A
SRR 1 B 2 LI R A B IR . e R
A WPIAAE N 0 AL 2 a=0 &), BP 52 2% A W
Do I AE 38 8] 09 I 2R 1) H BB S VR R $2 A H bR A
i F unsafe fl upstream A H B 763X #6543, (A 1L
POLDR™" #1 POLDR"#f Jg v 2= 2 B ATHY L. 24
A= 1 i, B 5E 4] WL 78 B A RS TR B A IR A 0
) S8 P AL AR AT A 5 3K R A 2 B ) )RS B oY
42y FOIL 1 ICL AP RER P . HR, 24 A 43 5l i
fH 0.2,0.5 F1 0. 8 B, £ R ZHF LT P2 2] &
GEh o )R B o DB DL S AR X R R
7 2 VE T AU R B H S 2L 2E RS AN —E 2
FREEIG A, I 23 32 3] 22 J5 T DR 3R A4 5 00 48] 4 0L )
F18) it LA 0 P AR08 000 44 41 614 43 BB BL 491 45 DA
K 3 gk ok & . POLDR™™ iy 27 o] Hf B2 il 42 i &

% iz 2015 4
1.2
1.0F
g 0.8F
Hm
w 0.6
o4 ——ed
—®— unsafe
0.2 —— affected
) ) —>X— upstream
0 0 0.2 0.5 0.8 1.0
URIES
P( )IlDRFUII_
1.2
1.0r
i 0.8F
# 6l
W
kil 0.4 —o—fed
—®— unsafe
0.2+ —— affected
‘ ‘ —>— upstream
0 0 0.2 Q.5 0.8 1.0
BUbIES
POLDR™"
B3 WL R 5 2% o R B 22 A 1Y 06 &
100
—o— fed
80 || —®— unsafe
” —2— affected
ﬁ 60 L5 upstream
‘EE 40+
9
20
0 L L L L
0 0.2 05 0.8 1.0
b e
POLDR™"
300
—o— fed
250 —®— unsafe
—— affected
£ 2001 —<— upstream
=
& 150-
g
1§ 100
50
O Il Il \— Il Il
0 0.2 0.5 0.8 1.0
NI
POLDR™"

4 PN R B AT I ) 22 8] ) O B

5 POLDR"" By KB AH [A]. A it . 78 i3 17 B [8] J5
Il POLDR'" Z 401 00 F tb POLDR™" B8 2% i (W,
K4, x EEEM T ICL iz 47 ida w5 T FOIL fir
FEH. 7E X R B T UL B R AR SO TR
558 T AR ik 47 B4 0 b Ao LR R AR F G A

@ FOIL 6. 4 AJ7E http://www. rulequest. com/Personal/ F %%,
ACE-1. 2. 15 a] 7£ http://dtai. cs. kuleuven. be/ ACE/doc/
T#,ICL & ACE f)—4~F T H.

i) R0 485 3R R A 1 3R 45 R WTAE huep: //www. tzi, de/~
edelkamp/ipc-4/F #%.

=)
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Background

The work in this paper is devoted to learn derived predi-
cate rules from successful plans under partial observability,
and this is beneficial for the study on automatically modeling
planning domains or automatically acquiring control knowledge.
The research here is in the field of automated planning. which
is a subfield of Artificial Intelligence. It is time-consuming
and error-pruning to describe domain models or knowledge
from scratch, even for experts. Therefore, since 1990s, a lot
of machine learning technologies have been applied into
planning to automatically acquire, for example., action
models, control knowledge, heuristic functions, etc.

Learning derived predicate rules, or domain axioms,
became a new issue in the direction of this research line in the
last decade. The key points of this task are how to produce
training examples for predicates to be learned and how to make
the learned rules more correct in the aspect of semantics,
since we have developed some basic tools for rule learning or
mining. Some primary work on this issue is listed as follows.
At first, Zettlemoyer'® obtained new predicates by applying
pre-defined operators and added them into action models as
derived effects. Actually, they did not form independent
rules for derived predicates. Then, Raol™ learned derived
rules by refining an initial and imperfect domain theory based
on training data. They gave some principles of producing
training examples for predicates to be learned, but the training
set was very small and the learning accuracy was largely
dependent on the perfect degree of the initial theory. instead

1) learned derived predicates

of training data. Recently, Rosa
in three fixed types: compound, abstract and recursive, to
They

obtained rules by pre-defining rule models, instead of emula-

improve the express ability of control knowledge.
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ting all possibilities of combination on the predicate set.

Our work is devoted to solving the two key points of this
learning task mentioned above. On one hand, we use obser-
vations to reflect actions”’ indirect effects so that the number
of training examples for predicates to be learned is largely
increased. We also experiment about the relationship between
the rate of observations and the accuracy of learning. On the
other hand, we define role parameters and then introduce
character predicates of roles into learned rules, in order to
complement those non-fluent predicates that can not be learned
by the basic tools. And it is the first time to present a meth-
od to learn derived predicate rules under partial observability
and the first time to improve the semantics of learned rules
by role characteristics in a post-processing phrase.
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rules are key components of planning domain models. There-
fore, the research results of these projects are beneficial for
automatically modeling planning domains. This will relieve
people from the modeling efforts. We have developed basic
methods and tools for learning action models and derived
predicate rules in an unobservable environment. Now, we
extend these under partial observability for it is more practical

and economical in the real world.



