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Abstract

ComplementaryPDB is a planner that uses heuristic
search via Symbolic Pattern Databases (PDBs) and uses
a greedy pattern selection algorithm – Partial Gamer
– combined with pattern collections from bin-packing
pattern selection algorithms. For more information on
this method, we direct the reader to the main paper de-
scribing this method [Moraru et al. 2019a].

Introduction
The automated generation of search heuristics is one of the
holy grails in AI, and goes back to early work of Gaschnik
[Gaschnig 1979a], Pearl [Pearl 1985], and Prieditis [Pred-
itis 1993b]. In most cases, lower bound heuristics are prob-
lem relaxations: each plan in the original state space maps
to a shorter one in some corresponding abstract one. In the
worst case, searching the abstract state spaces at every given
search nodes exceeds the time of blindly searching the con-
crete search space [Valtorta 1984a].

With pattern database heuristic (PDBs), all efforts in
searching the abstract state space are spent prior to the plan
search, so that these computations amortize through multiple
lookups. The ComplementaryPDB planner bases its search
on the PDB heuristic, combining the work from [Franco
et al. 2017] and [Moraru et al. 2019a]. It is an evolution of
the Complementary planners submitted at the 9th Interna-
tional Planner Competition.

In this planner abstract, we will briefly describe Pattern
Databases. For more information on this method, we direct
the reader to the main paper describing this method [Moraru
et al. 2019a]. The results, evaluation and discussion sections
will be added after the full results of the competition will be
made public.

Pattern Databases
Initial results of Culberson and Schaeffer [Culberson and
Schaeffer 1998a] in sliding-tile puzzles, where the concept
of a pattern is a selection of tiles, quickly carried over to a
number of combinatorial search domains, and helped to opti-
mally solve random instances of the Rubik’s cube, with non-
pattern labels being removed [Korf 1997]. When shifting
from breadth-first to shortest-path search, the exploration of

the abstract state-space can be extended to include action
costs.

The combination of several databases into one, however,
is tricky [Haslum et al. 2007a]. While the maximum of two
PDBs always yields a lower bound, the sum usually does
not. Korf and Felner [Korf and Felner 2002] showed that
with a certain selection of disjoint (or additive) patterns,
the values in different PDBs can be added while preserv-
ing admissibility. Holte et al. [Holte et al. 2004a] indicated
that several smaller PDBs may outperform one large PDB.
The notion of a pattern has been generalized to produc-
tion systems in vector notation [Holte and Hernádvölgyi
1999], while the automated pattern selection process for the
construction of PDBs goes back to the work of Edelkamp
[Edelkamp 2006].

Many planning problems can be translated into state
spaces of finite domain variables [Helmert 2004], where a
selection of variables (pattern) influences both states and op-
erators. For disjoint patterns, an operator must distribute its
original cost, if present in several abstractions [Katz and
Domshlak 2008; Yang et al. 2008].

During the PDB construction process, the memory de-
mands of the abstract state space sizes may exceed the avail-
able resources. To handle large memory requirements, sym-
bolic PDBs succinctly represent state sets as binary decision
diagrams [Edelkamp 2002a]. However, there are an expo-
nential number of patterns, not counting alternative abstrac-
tion and cost partitioning methods. Hence, the automated
construction of informative PDB heuristics remains a com-
binatorial challenge. Hill-climbing strategies have been pro-
posed [Haslum et al. 2007a], as well as more general op-
timization schemes such as genetic algorithms [Edelkamp
2006] or culprit based predictors [Franco et al. 2017]. The
biggest area of research in this area remains the quality eval-
uation of a PDB (in terms of the heuristic values for the
concrete state space) which can only be estimated. Usu-
ally, this involves generating the PDBs and evaluating them
[Edelkamp 2014; Korf 1997; Franco et al. 2017; Levi et al.
2016].

Adaptation to IPC 2023
There is work describing the participating complementary
planner for the precursor IPC 2018 [Franco et al. 2018].
The work goes back to work by [Franco et al. 2017]. Based



on the results obtained in our other PDB BDD-type plan-
ners [Moraru et al. 2019b], also documented in the 2023
PhD thesis From Pattern Databases to Plan Libraries: Util-
ising Memory-based Methods for Improving AI Planning
Performance of Ionut Moraru for the IPC-2023 we simply
modified the variable ordering in the BDDs to what is called
Gamer ordering.

Results
Different to the last IPC, where the BDD-based planners
were taking all the places from 2 to 5, and the winner Delfi
was a portfolio that was calling the previous BDD-based
winning planner SymBA* more than 70% of its time, the
results in the IPC for all BDD-based planners in the compe-
tition were unfortunate.

The winners achieved double of our score, measured in
the problems being solved. There was no BDD planner in
the top 10, maybe in some of the portfolios, but the domains
used in this competition seemed to favor explicit-state plan-
ners.

In many cases we failed to start the planning process and
were stuck either within grounding or then, by building the
transition relation. For example, baseline blind, certainly not
the best search technique, was better than all symbolic plan-
ners (SymBD,SymK and ours). None of the symbolic plan-
ners could solve any instance of Rubik’s cube. Besides the
the large size of the problems, the large number of condi-
tional effects also negatively affected all the symbolic plan-
ners this time.

Lets have a look at the PDDL description of the Rubik’s
Cube. The encoding relies on a {1..3}3 coordinate systems,
with variables for the coloring of the labels, in each of the 6
colors. There are no parameters of the actions, all parameters
are contained in the conditional effects.

(:action R

:parameters ()

:precondition (and)

:effect

(and

(forall (?x ?y ?z)

(when (cube5 ?x ?y ?z)

(and (not (cube5 ?x ?y ?z)) (cube7 ?y ?x ?z))))

(forall (?x ?y ?z) (when (cube7 ?x ?y ?z)

(and (not (cube7 ?x ?y ?z)) (cube8 ?y ?x ?z))))

(forall (?x ?y ?z) (when (cube8 ?x ?y ?z)

(and (not (cube8 ?x ?y ?z)) (cube6 ?y ?x ?z))))

(forall (?x ?y?z)

(when (cube6 ?x ?y ?z)

(and (not (cube6 ?x ?y ?z)) (cube5 ?y ?x ?z))))

(forall (?x ?z) (when (edge57 ?x ?z)

(and (not (edge57 ?x ?z)) (edge78 ?x ?z))))

(forall (?y ?z) (when (edge78 ?y ?z)

(and (not (edge78 ?y ?z)) (edge68 ?y ?z))))

(forall (?x ?z) (when (edge68 ?x ?z)

(and (not (edge68 ?x ?z)) (edge56 ?x ?z))))

(forall (?y ?z) (when (edge56 ?y ?z)

(and (not (edge56 ?y ?z)) (edge57 ?y ?z))))

)

)

The move action, as defined, involves all the 24 cubelets

instead of the actual cubelets being moved with each instan-
tiated move. An alternative PDDL description using only the
cubelets being moved would lead to a much more concise
encoding. With the current action specification, most plan-
ners may not even be able to recognize that the cubelets la-
bels are actually unique.

Even though it looks like there is only ?x?y?z partici-
pating in the encoding, there are actually a lot of hidden pa-
rameters as the ?x?y?z in one conditional effect might be
bound to a different value than the other ?x?y?z. Instead of
only 8 cubelets with colors being moved in one twist, there-
fore there are in fact 24 hidden parameters variables of size
6, which corresponds to 246 ground operators of one action.

One first idea would be rewrite the actions into smaller
subactions like

(:action R1

:parameters (?x ?y ?z)

:precondition (and (doR1) (cube5 ?x ?y ?z))

:effect

(and (not doR1)

(not cube5 ?x ?y ?z) (cube7 ?x ?y ?z) (doR2))

)

(:action R2

:parameters (?x ?y ?z)

:precondition (and (doR2) (cube7 ?x ?y ?z))

:effect

(and (not doR2)

(not cube7 ?x ?y ?z) (cube8 ?x ?y ?z) (doR3))

)

...

to break the actions into many that have to be executed
one after the other. But even if this rewrite would work the
subactions R1, R2 would have to be executed in parallel, not
in sequence.

The PDDL for labyrinth has no conditional effects but
each action at least 8 parameters with the labyrinth dimen-
sions used as a variable domain, so that it will lead to very
large groundings as well. There might be some split of one
action to reduce the number of instantiated actions.

On the first look, the PDDL for folding (derived from an-
swer set programming encoding) does not have that many
parameters for the action. Here the domains of the variables
can be large.

In quantum and recharging our planner results were okay,
at most one problem shy from the best performers. We found
one domain variable called depth that might raise to astro-
nomic domain size.

Slitherlink has actions with eight parameters and will be
very difficult to ground. Why we were bad at ricochet robots,
we haven’t validated yet. But both seem to have be com-
piled from ASP instances, which does not seem amenable to
BDDs, which prefer a minimized state encoding.

Discussion
That BDDs and PDBs cannot solve a single problem in the
Rubik’s Cube task was astonishing, especially given that
Korf’s 1999 first solutions to random instances were using
PDBs.



In general this assertion might not be true, there are re-
cent pieces of work [Büchner et al. 2022] that indicate
that even planning PDBs are doing best, and our conver-
sation with David Speck indicated that BDDs perform bet-
ter in a different PDDL encoding, even though we know
from single-agent search research that permutation puzzles
like Blocksworld, the 15-Puzzle, Rubik’s Cube are not their
strength.

The performance lack is due to the modeling and the ex-
cess of conditional effects. We can handle conditional ef-
fects, but the way actions are specified, they are simply too
many. In a compilation the object variables in the condi-
tions are additional parameters. The Rubik’s model likely
taken from [Muppasani et al. 2023] is elegant, but not good
for grounding and minimizing the state encoding [Edelkamp
and Helmert 1999]. The grounding might just be possible, as
blind search and others can solve a few problems, but we are
pretty sure that we cannot even start planning.

Large groundings are likely for many of the new PDDL
IPC domains. Due to the modeling chosen, we looked at sev-
eral domains in some detail, and quite often there are many
parameters. Sometimes we counted 8 and more. One might
split some of these operators, but to do this automatically is
itself a research aspect.

What likely broke our neck were the planning models
chosen. Sure this choice is up to the courtesy of the com-
petition designers. We don’t think that all the problem tasks
we could not solve are difficult from a combinatorial point
of view, but when we cannot start planning, we are doomed.

The fact that blind search can solve some problems we
cannot is because we also have to build the transition re-
lation, which takes time and space. These observations are
likely true for all BDD based planners, which has limited
their applicability in this year’s IPC.

Maybe the new answer set programming grounding
mechanism might help [Corrêa et al. 2023], as there cer-
tainly is a lot of redundancy in our current grounding
methodology for these types of domain descriptions. We
simply ground too many actions that will never be used.

Conclusion
Based on the current research interest in huge and com-
plex groundings, our focus on improving search instead of
grounding resulted in poor performance for all BDD plan-
ners. As shown in previous IPCs, BDDs can play an impor-
tant role (assuming grounding the problems and building the
necessary transition relations is doable), especially when it
comes to combinatorial complex problems.

While lifted planning is important, we have to take care
that the research does not drift, so that large models become
the new starndard. Maybe, next competition there will be
less stress on lifted planning, grounding size does not neces-
sarily equate to complexity. Note that propositional planning
is PSPACE-complete already in the grounded encoding.

Even with the clear-cut outcome in the current IPC that
suggests that BDDs have fallen behind, we don’t think that
symbolic search has stopped being part of the state of the
art for AI planning. As usual, the tension between domain

choices and how they are modelled in PDDL makes it diffi-
cult for IPCs to be the deciders of what is the ”state-of-the-
art” in planning.

In general more research is needed to make BDDs effi-
cient on these domains. Aspects like automated reformula-
tion, lifted symbolic planning, and more efficient groundings
are exciting research areas.

We suggest the organizers to run a workshop on the fu-
ture of the competition in some upcoming ICAPS. After the
portfolio problem, that has not been resolved but was not
the core aspect here, there could be some more discussion
on the conciseness of encodings. Research-wise lifted plan-
ning is interesting, but it is much slower, and heuristics do
not all apply in the same way.

The winners clearly deserve the victory, and we person-
ally prefer winners who do not over-rely on previous tech-
niques. Even given that the current winner in fact is a portfo-
lio, it included many new contributions, such as a module for
lifted planning. Its algorithm engineering efforts resulting
in a distinguished performance is impressive. The runner-up
planner Scorpion-2023 was also very impressive. It is sig-
nificantly different to its precursor in 2018, outperforms all
BDD planners working on explicit-state abstractions.
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