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Combining Plan Optimization Algorithms for Classical Planning Problems
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The quality of plans generated by domain-independent planners can be improved by applying plan optimization
algorithms which perform local optimizations. We propose a system which iteratively applies multiple optimization
algorithms. We show that a combination of optimization passes can improve quality further than the application

of a single optimization algorithm.
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2.1 Action Elimination
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2.2 Action Dependency Analysis
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2.3 Plan Neighborhood Graph Search
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algorithm cost
CAP 100.00
AE 94.92
AE + ACTDEP 89.43
AE 4+ WPNGS 94.02
AE 4+ ACTDEP + WPNGS 88.43
AE + WPNGS + ACTDEP 89.31
ACTDEP 91.90
ACTDEP + AE 84.78
ACTDEP + WPNGS 90.57
ACTDEP + AE + WPNGS 84.22
ACTDEP + WPNGS + AE | 83.84
WPNGS 98.41
WPNGS + AE 93.91
WPNGS + ACTDEP 90.64
WPNGS + AE + ACTDEP 88.47
WPNGS + ACTDEP + AE | 88.38

NEOTR BV EHRIE NS

5. BEEMR

[Asai 15] I [Botea 04] TREI NV R—% v MERL
component abstraction @ﬁ%ﬁ@%@ﬁf@%h ZHEHOW
woayova Vv ERTFEREEMMEL, KEBMEZSE L
TR FEEZREL TV 5. AIFFLOREFIETIE window %
T VR LGER L TR EIT 57208, 206 OBERIZEWT
window D#ERZ2FTH5>Z LT, 70D THRAZXY D | 12
WD &R ERET 2 Z DRI LD TIERWDE
ZZTW5. Z0O X574 window DR EMMEIZSHBIERT R E
HEDVEDOTHS.

7275 viEdibix, 3 V81 SRGEAL E DFELMEN D B
T3 UDTEONTH B LD, TaT T LIEGEDITH
5. ZLCavAA St AL 7 a s 7 bk ETRD
Bw7ns5h28HT52e2H0ELT0WEESC, 7
VBRI ADN T IV ED IR MDINS T TV ERD D
ZEEHMELTWS, 25 UEMME»S, 3V 81 i
OB ZE D ANS Z T T VEELDWIFZIZ R VWEE
A5 25 eVFTCES. RUCERO BTV TY X L

DD KW AE R T PEAIEE OPEEIZDOWTIE, 3
YA T AL BT B W TR y<®ﬁn#ﬁbmrm
([Almagor 04][Cavazos 07] %§). Z ORMBEIZ T 7 v Ei#E{GIZ
WCHEERRETH D, a1 3?@4&%%@6}?%%%@
IHZERETT 2 Z 2 ICRBERELEHEE5 .

6. F&BH

AL CIRBEEMECTIREI N =220 75 ViRgifbikE%
MAGDLELZZ2IZLY, HADFELIVEORWVEEZESZ
EMTFRETH B I L B EHEL Tz,

SHOFEE UTiE. & 0 RIRA 72 T EOBF P BT
DT NN XLDERERD S DURERE 2 EMREIT 5 NE. K

IS RIOEBRIZE W TXEATIHFED T T X L2 A EE
U72728, GO TN T ZLBED T T > F L L Tahx
R E2ITo TWA R 2HEL ENTICHENSBIL
AR AR I NG . MFEORELT LT ZLADMAE LY
WHEEEZZ 5 ETHE TN T X LAOMRED EEIM: X B R %

THB7D, ZOMFRARETRERETHS.
SE X

[Almagor 04] Almagor, L., Cooper, K. D., Grosul, A., Har-
vey, T. J., Reeves, S. W., Subramanian, D., Torczon, L.,
and Waterman, T.: Finding effective compilation se-
quences, ACM SIGPLAN Notices, Vol. 39, No. 7, pp.
231-239 (2004)

[Asai 15] Asai, M. and Fukunaga, A.: Solving Large Scale
Planning Problems with Component Macros, in ICAPS
(2015)

[Botea 04] Botea, A., Miiller, M., and Schaeffer, J.: Us-
ing Component Abstraction for Automatic Generation
of Macro-Actions., in ICAPS, pp. 181-190 (2004)

[Bylander 94] Bylander, T.: The computational complex-
ity of propositional STRIPS planning, Artificial Intelli-
gence, Vol. 69, No. 1, pp. 165-204 (1994)

[Cavazos 07] Cavazos, J., Fursin, G., Agakov, F.,
Bonilla, E., O’Boyle, M. F., and Temam, O.: Rapidly
selecting good compiler optimizations using performance
counters, in Code Generation and Optimization, 2007.
CGO’07. International Symposium on, pp. 185-197IEEE
(2007)

[Chrpa 12] Chrpa, L., McCluskey, T. L., and Osborne, H.:
Optimizing Plans through Analysis of Action Dependen-
cies and Independencies., in JCAPS (2012)

[Estrem 12] Estrem, S. J. and Krebsbach, K. D.: AIRS:
Anytime Iterative Refinement of a Solution., in FLAIRS

Conference (2012)

[Helmert 06] Helmert, M.: The Fast Downward Planning
System., J. Artif. Intell. Res.(JAIR), Vol. 26, pp. 191
246 (2006)

[Nakhost 10] Nakhost, H. and Miiller, M.: Action Elimi-
nation and Plan Neighborhood Graph Search: Two Al-
gorithms for Plan Improvement., in ICAPS, pp. 121-128

(2010)

[Richter 10] Richter, S. and Westphal, M.: The LAMA
planner: Guiding cost-based anytime planning with
landmarks, Journal of Artificial Intelligence Research,

Vol. 39, No. 1, pp. 127-177 (2010)

[Siddiqui 12] Siddiqui, F. H. and Haslum, P.: Block-
structured plan deordering, in Al 2012: Advances in Ar-
tificial Intelligence, pp. 803-814, Springer (2012)

[Siddiqui 13] Siddiqui, F. H. and Haslum, P.: Plan quality
optimisation via block decomposition, in Proceedings of
the Twenty-Third international joint conference on Arti-
ficial Intelligence, pp. 2387-2393AAAI Press (2013)



