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Abstract

Symbolic search has long been recognized as one of the state-
of-the-art techniques for exhaustive state-space exploration
and cost-optimal planning, leveraging compact state repre-
sentations and efficient set-based operations. Despite its suc-
cess in optimal planning, symbolic search has not tradition-
ally been considered suitable for satisficing search, where
heuristic guidance is paramount. In this paper, we investi-
gate how to perform symbolic satisficing search aimed at ef-
ficiently finding good-quality solutions without guaranteeing
optimality. We show that operator-potential heuristics are ef-
fective at guiding the search. Empirical results demonstrate
that symbolic greedy best-first search with operator-potential
heuristics is competitive with explicit state-space search.

1 Introduction

Symbolic search is a technique for state-space exploration
where sets of states are compactly represented and manip-
ulated using Binary Decision Diagrams (BDDs) (Bryant
1986). Originally devised in model-checking (McMillan
1993), symbolic search has been applied with huge success
for cost-optimal classical planning (Edelkamp and Helmert
2001; Edelkamp and Kissmann 2009; Edelkamp, Kissmann,
and Torralba 2015), where it is the core of several state-
of-the-art planners in the last decade (Torralba et al. 2014,
2016; Fiser, Torralba, and Hoffmann 2024; Speck, Seipp,
and Torralba 2025). Furthermore, the success of symbolic
search extends beyond optimal planning, with successful re-
sults on many other planning-related problems that require
an exhaustive exploration of the state space, such as prov-
ing unsolvability (Torralba 2016), over-subscription plan-
ning (Speck and Katz 2021), and many others (Cimatti et al.
2003; Kissmann and Edelkamp 2010; Speck, Mattmiiller,
and Nebel 2020; Torralba et al. 2021; Behnke and Speck
2021; Pozanco, Torralba, and Borrajo 2024).

However, to the best of our knowledge, symbolic search
has yet to be applied to one of the most prominent forms
of planning: satisficing planning, i.e. finding a plan as good
as possible but not necessarily optimal. While on the sur-
face satisficing and optimal planning look very similar, the
state of the art heuristic search algorithms for solving them
are typically very different. Since proving optimality is no
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longer necessary, it suffices to expand the states along a
path from the initial state to the goal. Consequently, state-
of-the-art satisficing planners rely on Greedy Best-First
Search (GBFS) with multiple heuristics (Richter and West-
phal 2010) to steer exploration towards the goal.

At first glance, this suggests that symbolic search may not
be suitable for satisficing planning. Its primary strength lies
in efficient exhaustive exploration and this is no longer re-
quired in greedy search. Also, despite decades of research on
how to utilize heuristics in symbolic search (Hansen, Zhou,
and Feng 2002; Jensen, Veloso, and Bryant 2008; Kissmann
and Edelkamp 2011), their combination remains non-trivial
and faces multiple challenges. For example, symbolic search
is strictly superior to explicit-state search when no heuristics
are used (Edelkamp and Kissmann 2008; Speck and Helmert
2025), but this is no longer the case with heuristics and even
perfect heuristics can be detrimental for the performance of
symbolic search (Speck, Geiler, and Mattmiiller 2020). Fur-
thermore, some widely-used heuristics for satisficing plan-
ning such as delete-relaxation (Bonet and Geffner 2001;
Hoffmann and Nebel 2001) are inherently per-state compu-
tations, making them incompatible with symbolic search al-
gorithms, which must evaluate large sets of states simultane-
ously. Recent work by Fiser, Torralba, and Hoffmann (2024)
demonstrated the effectiveness of operator-potential heuris-
tics in symbolic search for optimal planning; however, their
applicability to satisficing planning remains unexplored.

In this paper, we investigate the possibilities of symbolic
heuristic search for satisficing planning. To this end, we
introduce a bi-directional symbolic GBFS with operator-
potential heuristics, and propose several enhancements such
as a simplified termination condition (since optimality guar-
antees are no longer required) and a lazy image computation.
We show that current (operator-)potential heuristics (Pom-
merening et al. 2015; FiSer, Torralba, and Hoffmann 2024),
despite being admissible heuristics, are competitive with
other popular inadmissible heuristics for satisficing planning
such as FF (Hoffmann and Nebel 2001). We also show that
the goal-counting heuristic is in fact a potential heuristic,
and can thus be used in symbolic search. Overall, our experi-
ments show that symbolic GBFS with operator-potential and
goal-counting heuristics is a competitive satisficing planner,
on par with other vanilla explicit-state heuristic search plan-
ners, and complementary to the state of the art.



2 Background

An FDR planning task ITis a tuple IT = (V, O, I, G). V is
a finite set of variables, each V' € V has a finite domain
dom(V). A fact (V,v) is a pair of a variable V and one of
its values vedom(V). F = {(V,v) | V € V,v € dom(V)}
denotes the set of all facts. A partial state p is a variable as-
signment over some variables V(p) C V. We write p[V] for
the value assigned to the variable V' € V(p) in p. We iden-
tify p with the set of facts it contains, i.e., p = {(V,p[V]) |
V € V(p)}. A partial state s is a state if V(s) = V. [ is an
initial state. GG is a partial state called goal, and a state s is
a goal state if G C s. S denotes the set of all states.

O is a finite set of operators, each o € O has a precon-
dition pre,, prevail condition prv,, and effect eff ,, which
are partial states, and a cost cost(o) € R{. For every o € O
it holds that V(pre,) C V(eff,) and V(prv,) NV (eff,) = 0,
i.e., preconditions are defined only over affected variables
and prevail conditions only over unaffected variables. We
also assume that pre,[V] # eff,,[V] for every V' € V(pre,).
An operator o is applicable in a state s iff prv, U pre, C s.
The resulting state of applying an applicable operator o in a
state s is another state ofs] s.t. o[s][V] = eff,[V] for every
V e V(eff,), and o[s][V] = s[V] forevery V € V\V(eff,).

A planning task II is in Transition Normal Form (TNF) if
(i) V(pre,) = V(eff,) for every o € O and (ii) the goal is
a state. Here, we are interested only in the first condition, so
we say that IT is normalized if V(pre,) = V(eff,) for all
operators o € O.

Every planning task can be normalized so that it grows
only polynomially (Pommerening and Helmert 2015; Fiser,
Hor¢ik, and Komenda 2020). Unfortunately, this transfor-
mation turns out to be detrimental to symbolic search
as pointed out by FiSer, Torralba, and Hoffmann (2024).
However, they proposed a straightforward “multiplication”
method having a good synergy with symbolic search meth-
ods: for every o € O, every V. € V(eff,) \ V(pre,),
and every v € dom(V), create the corresponding oper-
ator o’ with (V,v) € pre, and repeat this process until
V(pre,) = V(eff,) for all operators o.

Given a non-negative integer n, [n] denotes {1,...,n}
and [0]=(. A sum over an empty set is considered to be zero.

A sequence of operators 1 = (01,...,0,) is applica-
ble in a state sq if there are states si,...,S, such that
o; is applicable in s;_; and s; = o0;[s;—1] for i € [n].
The resulting state of this application is 7[so] = s, and
cost(m) = > ;¢ cost(0;) is the cost of . We also allow

empty sequences 7 applicable in all states s and 7[[s] = s.

A sequence of operators T = (01, ..., 0,) is called an s-
t-path if there exist states s and ¢ such that 7 is applicable
in s and w[s] = ¢; 7 is called an s-plan if it is applicable in
the state s and 7[s] is a goal state; and an I-plan is called
a plan. An s-t-path (s-plan, plan) 7 is called optimal if its
cost is minimal among all s-t-paths (s-plans, plans).

A state s is forward reachable if there exists an I-s-
path, and s is backward reachable if there exists an s-plan.
A forward heuristic (backward heuristic) estimates the
cost of optimal s-plans (I-s-paths) for states s. The opti-
mal forward (backward) heuristic returns the cost of opti-

37

mal s-plans (/-s-paths) and oo if there are no such s-plans
(I-s-paths). We allow heuristics h to return negative num-
bers (heuristic values, h-values) as is usual in works on po-
tential heuristics; negative h-values can be treated as zeros
during the search. A forward (backward) heuristic is called
admissible if it underestimates the optimal forward (back-
ward) heuristic. When clear from the context or the distinc-
tion is unimportant, we omit forward and backward quali-
fiers when speaking about heuristics.

We call a heuristic state-dependent if it is a function
from states to numbers, and path-dependent if it is a map-
ping from sequences of operators to numbers, i.e., a map-
ping from 7-s-paths in forward heuristics, and from s-plans
in backward heuristics. Clearly, if a path-dependent forward
(backward) heuristic returns the same value for every I-s-
path (s-plan) it can be understood as state-dependent as well.

2.1 Operator-Potential Heuristics

Potential heuristics (Pommerening et al. 2015; Pommeren-
ing, Helmert, and Bonet 2017) are defined as weighted sums
over a set of simple state features that correspond to a con-
junction of facts. The dimension of a feature is the num-
ber of facts in the corresponding conjunction. We consider
here the simplest variant, one-dimensional potential heuris-
tics (also called atomic), where all features are single facts:
A potential function P : 7 — R maps each fact to a
numerical value, and a potential heuristic 2 for P maps
each state s € S to the sum of potentials of facts in s, i.e.,
hP(s) = 3_ s, P([)- They are state-dependent and designed
to be used in the forward search direction.

Potential functions P are computed as solutions to Lin-
ear Programs (LPs) with constraints expressing consistency
(h(s) < h(s") + ¢(o) for all forward reachable states s,
operators o applicable in s, and ofs] = '), and goal-
awareness (h(s) < 0 for all forward reachable goal states s)
of the induced potential heuristics hF. Objective functions
of these LPs determine different types of potential heuris-
tics and there are several different types described in prior
works (Pommerening et al. 2015; Pommerening, Helmert,
and Bonet 2017; Fiser, Hor¢ik, and Komenda 2020).

Operator-potential heuristics (Fiser, Torralba, and Hoft-
mann 2022a, 2024) turn (atomic) potential heuristics into
path-dependent heuristics by associating each operator with
the change induced by the potential heuristic when apply-
ing the operator: given a potential heuristic h¥, we can
construct an operator-potential function Q: © — R so
that the operator-potential forward heuristic h?w is com-
puted as h{ (7) = RP(I) + i Q(o;) for every I-s-path
7 = (01,...,04), and hY (m) < hP(s), i.e., h}, is admis-
sible when AP is admissible. We can make a similar con-
struction for the operator-potential backward heuristic hgw
so that A} (m) = RP(I) + > icqm) Q(o;) for every s-plan
7 =(01,--.,0n),and hy, is admissible when h” is admissi-
ble. Moreover, FiSer et al. (2022a; 2022b; 2024) showed that
for normalized tasks, h, () is state-dependent and equal to
h®(s) for every I-s-path m, and A (7) can be made state-
dependent for every s-plan 7 by subtracting hF (7 [s]).



2.2 Symbolic Search

While explicit state-space search algorithms operate on in-
dividual states, symbolic search (McMillan 1993) works
on sets of states compactly represented as Binary Deci-
sion Diagrams (BDDs) (Bryant 1986). BDDs are directed
acyclic graph data-structures to represent Boolean functions
{0,1}™ — {0,1}. The size of a BDD refers to the number
of nodes it contains. A set of states S C S is represented as
a BDD via its characteristic function S — {0, 1} assigning
1 to states that belong to S and 0 to the rest. This assumes
a binary encoding of states. We use the standard representa-
tion and variable ordering used in previous works (Kissmann
and Edelkamp 2011; Torralba et al. 2017). The advantage is
that BDDs can be exponentially smaller than the number of
states in the set they represent. And we can leverage oper-
ations on BDDs to operate with sets of states without enu-
merating them one by one. For example, the union (U), inter-
section (M), and complement of sets of states can efficiently
be performed as the disjunction (V), conjunction (A), and
negation (—) of their characteristic functions, respectively.
To perform symbolic search, the operators of the plan-
ning task are represented as transition relations (TRs), also
using BDDs. A TR of an operator o is a characteristic func-
tion T, : S x & — {0,1} that represents all pairs of states
(s, 0[s]) such that o is applicable in s. Having a TR T}, for
every operator o € O, we can construct a TR representing all
operators with the same cost c as T, = voeo,cost(o)=c T,.

That is, 7. represents all pairs of states (s, s’} such that s’
can be reached from s by applying some operator with cost
c. As the size of T, may be exponential in the number of
operators with cost ¢, in practice, it is often a good idea to
use disjunctive partitioning to keep the size at bay (Jensen,
Veloso, and Bryant 2008; Torralba, Edelkamp, and Kiss-
mann 2013; Torralba et al. 2017). Moreover, mutexes can
be used for a more accurate approximation of reachable
states (Torralba and Alcazar 2013; Torralba et al. 2017).
Given a BDD S representing a set of states and a TR 7,
image(S, T.) computes the set of successor states reachable
from any state in S by applying any operator represented
by T.. To perform forward search, we iteratively apply the
image operation starting with the BDD representing {I}.
By using a separate TR per operator cost ¢, one can eas-
ily keep track of the cost of reaching a state. If S, repre-
sents a set of states reachable with cost g, then all states in
image(Sy, T,) are reachable with a cost of g + c. By repeat-
edly applying this operation, one can enumerate all states,
classified into sets Sy, S1,... according to their distance
from the initial state. Whenever the representation of each
S, is compact, one can get exponential gains with respect
to explicit-state search (Edelkamp and Kissmann 2008). In
the backward direction, one can start with the BDD repre-
senting all goal states and use the pre-image operation, i.e.,
pre-image(.S, T,.) computes the set of all predecessor states
from which a state in S can be reached with a transition
in T.. Torralba et al. (2017) provide a comprehensive de-
scription of how to efficiently implement image operations.
Several symbolic search algorithms differ on how they
classify the sets of states generated during the search,
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and in what order they are expanded. Symbolic uniform-
cost search classifies all states in the open list by their
g-value. With heuristics, several variants of A* (Hart,
Nilsson, and Raphael 1968) have been used for opti-
mal planning. BDDA* (Edelkamp and Reffel 1998) and
GHSETA* (Jensen, Veloso, and Bryant 2008) organize the
states in the open list into sets with the same g and h value,
represented as a BDD S j,, whereas FSETA™ classifies them
into sets of states, Sy, with the same f-value.

At each iteration one of the sets is selected for expan-
sion, computing the image with respect to all transition re-
lations and inserting the generated set of states in the open
list. This requires to classify the resulting sets of states ac-
cording to their heuristic value. We follow the approach
proposed by GHSETA", where we have a TR T, repre-
senting transitions from s to s’ with cost ¢ where ¢ =
h(s") — h(s) is the difference between heuristic values.
With this approach, computing g and h-values of succes-
sor states is straightforward: image(Sgy,n, ¢ q) directly re-
sults in the BDD Sy ¢ 144 representing all successor states
of Sy with g-value g + c and h-value h + g. A caveat
is that, for most heuristics, splitting the transition relation
according to the difference in heuristic value is intractable.
But, for operator-potential heuristics, we can simply com-

pute Tqu = VoEO,cost(o):c,Q(o):q 1.

3 Symbolic Greedy Best-First Search

Algorithm 1 describes bi-directional symbolic GBFS with
operator-potential heuristics. The algorithm is essentially
two independent runs of GBFS, in forward and backward
direction, adapted to this setting. Consider first the unidi-
rectional forward variant, i.e., ChooseDirection always
returns fw. As in GBFS, at each step we expand states with
the minimal h-value. The key difference is that, instead of
expanding a single state, we expand a set of states, all with
the same h-value. Thus, the main loop is iteratively selecting
a set of states from open all with the same value, compactly
represented as a BDD, and expanding them all at once.

As in previous symbolic search algorithms, we represent
transition relations (TRs), the open and closed list for both
the forward and backward direction as BDDs. Similarly to
GHSETA*, but disregarding operator costs, we construct
TRs T, classified only by the operator-potential function.
‘We maintain the open and closed list for each direction. The
open list contains sets of states ordered by their h-value. The
closed list is simply the set of states that have been expanded
so far, represented as a single BDD.! In the optimal setting,
states in the closed list are partitioned by their g-value (i.e.,
the cost of reaching them). In our case, it suffices to keep a
single set of states, disregarding their g and h-value.

In the initialization, the initial state is immediately ex-
panded and thus inserted in the closed list. Then, the set of
goal states are expanded and inserted in closed”™, at which
point it is checked if the initial state already satisfies the goal.
From there on, any set of states generated in the forward
search will be intersected with closed® (line 17). This

'One could use disjunctive partitioning, but we use a single
BDD as that worked best in our preliminary experiments.



Algorithm 1: Bidirectional symbolic GBFS with lazy
state generation.

Input: A planning task II, forward and backward
operator-potential heuristics h%w and h%w,
parameter K € N

Output: A plan or “unsolvable”.

1 Construct TRs T;w and T;’w for forward and backward
direction, respectively, so that each T represents all
0€ Os.t.Qk(0) =¢q;

open’™ « (); open® «+ 0;

closed™ <« 0; closed”™ <« 0;

ExpandLazy (BDD ({I}), h% (1), fw);

for each (h, Sg) in partitioning of goal states wrt. h* do

if ExpandLazy (Sg, h, bw) then

‘ return empty plan (initial state is a goal state);

while open™ # () and open® # () do

dir < ChooseDirection();

h=min({' | (W, T,S) € open®});

Sh, + PopStateset(h,dir, K);

if S, # (0 then

if ExpandLazy (Sh, h,dir) then
‘ return ExtractPlan ();
return “unsolvable”;

e ® g9 o v B W N

— _ e e
[ R~ vl SR =

16 Function ExpandLazy (Sh, h, dir):

17| if Sp, A closed®PPosite(din) £ () then

18 | return True ;

19 closed®” + closed® v S;

20 | for each T;"" do

2 | open™™ « open®™ U {(h + ¢, Ty, Sh)};

2 return False ;

23 Function PopStatesSet (h,dir, K):

24 Sh <+ 0;

25 | while exists (h, T, S) in open™™ and |Sy,| < K do
26 Sy, < S V (image®™ (S, T') A ~closed®™) ;
27 Remove (h, T, S) from open®™® ;

28 return Sy, ;

checks whether a goal state (or any state for which the back-
ward search has already found a plan), has been reached. In
that case, we immediately return the plan found. To perform
backward search, we treat the set of goal states as the initial
state in the forward direction. As states in the open list need
to be partitioned by their h-value, we split the set of goal
states according to their operator-potential value, following
the approach by FiSer, Torralba, and Hoffmann (2024).

3.1 Lazy Image computation

In standard heuristic search algorithms, when a state is ex-
panded all the successors are generated. Most existing sym-
bolic search algorithms follow this and apply the image op-
eration when expanding a set of states. That is, in line 21,
they compute image®” (S, Tgir) A =closed®, remove du-
plicates, and insert the set of successors in the open list
by computing a disjunction. However, since the bottleneck
of the algorithm lies in image computation, computing im-
ages to generate sets of states with a high heuristic value
that will never be expanded is a waste of resources. Instead,
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we delay the image computation, duplicate elimination and
disjunction to insert in open to the moment where we pop
states from the open list, in line 26. In explicit-state heuris-
tic search, a similar idea is applied by Enhanced Partial-
Expansion A* (Goldenberg et al. 2014), where to avoid gen-
erating and evaluating all successors they re-insert partially
expanded nodes in the open list. Here, the bottleneck is al-
ways on the image computation and not on the number of
elements in the open list, so we can simply consider an open
list whose entries correspond to pairs of a set of states and
a transition relation (instead of sets of states only). Such a
node (h + ¢, Sn,T,) implicitly represents the set of states
that will be generated after computing image®™ (S}, T,

Therefore, expanding a set of states (ExpandLazy) be-
comes very lightweight. We simply check if any of those
states has been reached in the opposite direction, insert the
states in the closed list, and insert in open all pairs of the
set of states being expanded along with each transition re-
lation. Each such pair (chir, Sp) is implicitly representing
the set of states that will be generated when computing
imaged™ (S}, T{™) A —~closed?™, and therefore is inserted
in open with their h-value h + ¢. Note that ExpandLazy
is called on each set of states that is generated by an image
computation. Therefore, closed is simultaneously the set of
expanded and generated states, and we always perform the
goal check with respect to the set of states generated in the
opposite direction to stop the search as early as possible.

As aresult, the algorithm focuses on computing the image
operation only with respect to TRs that decrease the h-value.
Consider an example with TRs {71, Ty, T1, T, T1o}. This
is a typical scenario, as on tasks with unit cost, and a non-
zero consistent operator-potential heuristic, there must be a
TR T_; representing the operators that decrease the heuris-
tic value, and all other transition relations have a higher
value (since, due to consistency in unit-cost tasks the heuris-
tic cannot decrease by more than 1). So, after generat-
ing some state set Sy, if it is not empty, it is immedi-
ately expanded. In that case, there is always an element
(h —1,T_4,S}) inserted in the open list. This is necessar-
ily the element with the lowest heuristic value in the open
list (because previously h was the minimum h-value), so the
algorithm will pop such a set and compute image(Sy, T—1)
to determine if any non-duplicate successor exists. In other
words, the algorithm always greedily applies only image
computation with respect to operators that decrease the value
of the potential heuristic. Only when the result of such an
image is empty (i.e., no operator with negative potential is
applicable in any state, or it results in a duplicate), other
TRs will be considered. But, at that point, we will collect
states generated in different ways, e.g. if we have already
exhausted all states with the h-value lower than the initial
state, we will begin computing images to generate the set of
states reachable by sequences of operators with total poten-
tial of zero, such as (Tp), (T—1,T1), (T—1,T—_1,Ts), etc.

3.2 Selecting a Set of States for Expansion

At each iteration, the function PopStateSet generates a
set of states with minimum heuristic value in order to expand



them all at the same time. A critical question is how many
states should be popped in a single iteration. The answer
requires considering several conflicting factors.

On the one hand, we desire to represent as many states as
possible in order to gain advantage of the symbolic repre-
sentation. The more states are included in the set, the higher
the chances that one of them will be part of a short plan. And
it is often more efficient to perform a single image computa-
tion for a single larger BDD representing S}, than having to
do separate image operations for many subsets of Sj,. When
considering this, in the extreme case, we would like to gen-
erate all states in open with minimum heuristic value and
represent them compactly as a single BDD. However, there
is no guarantee that such a set of states can be compactly
represented and in some cases the algorithm could be com-
pletely stalled trying to pop all such states from open.

On the other hand, if we desire to greedily follow the
heuristic, there is no need to generate all states with the mini-
mum h value before expanding any of them. In optimal plan-
ning, where symbolic search has been traditionally applied,
the first criterion is often preferable. The reason is that, ex-
cept for the last f-layer, all sets of states need to be expanded
anyway, as all states with lower f-value than the optimal
plan cost must be expanded to prove optimality. However, in
satisficing planning it suffices to expand one of those states,
if the right one is selected. Therefore, it may be preferable to
expand each state as soon as it is generated, hoping to reach
states with even lower heuristic values.

The function PopStateSet resolves this trade-off by
means of a parameter K that controls how many BDD states
are generated when extracting a set of states from the open
list. Specifically, this is a bound on the size of the BDD
(number of BDD nodes) to continue extracting additional
sets of states. Setting ' = oo corresponds to always ex-
tracting all states with the minimum h-value, and setting
K = 1 corresponds to always performing a single image op-
eration and immediately returning the set of states, delaying
the generation of other states with the same heuristic value.
In practice, it is desirable to set K to an intermediate value.
This allows extracting more states whenever they can be ef-
ficiently represented as a single BDD, while setting a limit
on the computation spent on the function for cases where the
size of the BDD representation blows up.

3.3 Plan Extraction

To be able to extract a plan, we need to maintain some ad-
ditional information during the search. For each generated
set of states S, let par(S) denote the parent set of states
and let Tr(S) denote the transition relation that led to S,
i.e., S = image(par(S), Tr(S)) if S is generated in the for-
ward direction. Since PopStateSet can merge multiple
BDDs, we also need to maintain which BDDs were merged:
if S is the result of merging Si,...,S,, then we define
merged(S) = {S1, ..., Sp}; otherwise merged(S) = {S}.
For the initial state and all merged S (i.e., any S such that
merged(S) # {S}), we leave par(S) and Tr(S) undefined.

Whenever a set of states popped from the open list has a
non-empty intersection with the closed list of the opposite
search direction (line 17), we know that a plan exists: there
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is a path from the initial state to every state in the intersec-
tion, and a path from every state in the intersection to a goal
state. To extract one such plan (function ExtractPlan),
we pick a single “meeting” state from the intersection and
reconstruct one concrete path from the initial state to that
meeting state and one concrete path from the meeting state
to a goal state.

More precisely, assume w.l.o.g. that plan extraction is
triggered after a state expansion in the forward direction,
i.e., we obtained a set of states S from PopStateSet
(line 11) such that S A closed”™ # (). We then select a set
of states (BDD) SP¥ that was closed in the backward search
(and therefore SP¥ C closed®™) such that SP¥ A S # 0.
Finally, we sample a concrete state s from S®¥ A S and
reconstruct a path from the initial state to s as follows:
(a) find S" € merged(S) such that s € S’; (b) compute
S"” = pre-image(s, Tr(S")) A par(S’); (c) sample a con-
crete state s’ from S”; and continue in this manner until we
reach the initial state. Similarly, we reconstruct a path from
s to a goal state by following the backward search informa-
tion and using image instead of pre-image. Once we have
all concrete states of the plan, we select the operator for each
consecutive pair of states in the plan by checking which op-
erator is applicable in the first state and leads to the second
state (for which we consider only operators from Tr(S5)).

In terms of runtime, plan extraction rarely constitutes a
performance bottleneck. In our experiments, plan extrac-
tion requires less than 1s and accounts for less than 10% of
the total runtime in approximately 95% of tasks. Although
the underlying operations (BDD intersections, pre-image,
and image) can be computationally expensive, they are per-
formed on BDDs representing individual states, which are
always compact. Still, in a few domains (visitall, airport,
openstacks) there is a noticeable overhead due to plans be-
ing long (more than 1000 steps), and the transition relations
being large. However, this is often not dominating the total
time, except in visitall where it sometimes exceeds 50% of
the total runtime.

3.4 Ensemble of Potential Heuristics

‘We can also run the bi-directional symbolic GBFS with mul-
tiple operator-potential heuristic functions. The idea is very
simple, instead of each operator-potential being a single nu-
meric value, it corresponds to a vector of values. Suppose we
have multiple operator potential functions Qi, ..., Q,. Each
Q; together with the corresponding hf (1) induce the operator
potential heuristic. Then, every occurrence of ¢ and A in the
algorithm (referring to the operator-potential of a TR and the
heuristic value of a set of states, respectively) are replaced by
vectors ¢ = (q1,-...qn) and i = (hq,..., hy). Not much
changes in the algorithm, we just treat the whole tuple of
h-values as one number. This is similar to how BDDA* and
GHSETA™ algorithms split the states into sets of states with
the same g and h value.

To decide the expansion order, the min expression can be
replaced by any function that selects an element h, out of
the different options in the open list. In our experiments,
we simply compare the vectors lexicographically, so that



we always select the set of states with minimum heuristic
value for the first heuristic, and break ties using the second
heuristic. But many other options are possible. For exam-
ple, if three heuristics are used, one could select the tuple
h = (h1, ha, hs) minimizing the sum hy + ho + hs, the
maximum max(h; + he + hg), or any other expression.

One important question is how adding multiple heuristics
affects the performance of the algorithm. In explicit-state
search, additional heuristics only affect the expansion or-
der of the states, plus some computational overhead of the
time spent computing the heuristic itself. However, in sym-
bolic search, it also affects the state and TR partitioning. For
the TRs, this is not a problem as by construction each op-
erator has a well-defined operator potential so the number
of TRs is bounded by the number of operators. However,
only states with the same value for all of the heuristics will
be aggregated into a set of states. The main advantage of
symbolic search comes from representing large sets of states
compactly, so including additional heuristics could be detri-
mental due to separating too many states into different sets.
For example, when initializing the backward search, the al-
gorithm splits all goal states into separate buckets according
to their heuristic value. So, this could be problematic if too
many heuristics are used and they disagree on the estimate
for different goal states.

4 Goal Counting as a Potential Heuristic

So far, all known methods for computing operator-potential
heuristics produce admissible heuristics. As this is not nec-
essary for satisficing planning, we introduce a new simple
operator-potential heuristic based on the well-known goal
counting heuristic that returns, for each state s, the number
of goal facts not satisfied in s, i.e., |G \ s|.

The goal counting operator-potential heuristic is struc-
tured similarly to the previous operator-potential heuristics.
We associate each operator with a change of the heuristic
value, using an operator-potential function Qgc. Then the
heuristic value for a state s reached in the forward direc-
tion by a sequence of operators m = (01,...,0,) iS com-
puted as |G\ I| + D1 | Qec(0;), i.e., the heuristic value of
the goal counting heuristic for the initial state plus the sum
of operator-potentials over the sequence 7. For the backward
direction, we use the same expression |G\ I|+ ;| Qgc(0:),
this time over s-plans m = (01, ..., 0,). Since the heuristic
values for both search directions are defined in the same way,
we formally introduce only one heuristic function h%:¢ de-
fined over sequences of operators. Formally, the goal count-
ing operator-potential forward heuristic is h%¢ restricted to
I-s-paths, and the goal counting operator-potential back-
ward heuristic is h%c restricted to s-plans.

Definition 1. Given a planning task IT = (V, O, I, G), the
goal counting operator-potential function Q,.: O — Ny
is defined as Qgc(0) = |pre, N G| — |eff, N G| for every
operator o € O.

Given the goal counting operator-potential function Qg,
the goal counting operator-potential heuristic is defined
as h¥(m) = |G\ I| + >_1"_; Qgc(0;) for every sequence of

operators T = (01, ...,0p).
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Now we show that in the general case, h%e in the for-
ward direction (Proposition 3) is a lower bound on the goal
counting heuristic, i.e., it is at most |G \ s| for all forward
reachable states s. In the backward direction (Proposition 4),
h¥c is a lower bound on |G \ I| — |G \ s| for all backward
reachable states s, i.e., on the signed difference between the
goal counting heuristic estimate for the initial state and s.

Lemma 2. Let I1 = (V, O, I, G) be a planning task, let Qg
be the goal counting operator-potential function, let s be a
state, and let o € O be an operator applicable in s. Then

Qge(0) < |G\ ofs]| — |G\ 5.

Proof. Let D = (GNs)\o[s] be the set of goal facts deleted
by o, and let A = (G N o[s]) \ s be the set of goal facts
added by o. Clearly, |G \ o[s]| = |G \ s| + |D| — | 4|, and
therefore we need to show that Qgc(0) < |D| — |A|. Since
facts A are added by o, it follows that A C eff, N G and
therefore |A| < |eff, N G|. Since facts D are deleted by o,
it follows that for all (V,v) € D there is (V,v') € eff,
s.t. v # v'. And since for every (V,v) € pre, we have
that (V,v") € eff,, v # v/, by definition, it follows that
pre, N G C D and therefore |pre, N G| < |D|. Therefore,
we have that Qgc(0) = |pre, NG| — |eff, NG| < | D] —|A],
which concludes the proof. O

Proposition 3. Let II and Qg be as before. Then for every
I-s-path it holds that h%- (1) < |G \ s|.

Proof. (By induction) For the initial state, we have that
hR%:(()) = |G\ I|. Let 7 be an I-s-path, and let 0 € O be an
operator applicable in s. We assume that h%«(7) < |G \ s,
and we need to show that h%: () + Qgc(0) < |G \ o[s]].
From Lemma 2 it follows that h%¢ (1) + Qg (0) < hf%e (1) +
|G\ o[s]| — |G \ s|. From the assumption we have that
hise (1) +1G\ol[s]| =G\ s| < |G\ s|+|G\os]|—|G\s| =
|G \ o[s]|, which concludes the proof. O

Proposition 4. Let II and Qg be as before. Then for every
s-plan 7 it holds that h%- (1) < |G\ I| — |G \ s|.

Proof. (By induction) For any goal state s;, we have that
R (()) = |G\I| = |G\I|—|G\s,| as G C s,. We assume
that k% (1) < |G\ I| — |G\ s| for some s-plan 7, and we
need to show that h%e (1) +Qqc(0) < |G\I|—|G\s'| for any
state s’ and operator o € O such that o is applicable in s” and
o[[s'] = s. From Lemma 2 it follows that 7%« () + Qg (0) <
hRe (1) + |G \ s| — |G\ §'|, and from the assumption it
follows that A% (1) 4 |G \ s| < |G \ I|. Therefore, we have
that hl%: (1) + |G\ s| — |G\ §'| < |G\ I|— |G\ s'|, which
concludes the proof. O

In normalized planning tasks (which we use in our exper-
iments), the goal counting operator-potential heuristic does
not return lower bounds, but it is exactly equal to |G \ s| in
the forward direction and to |G \ I| — |G \ s| in the back-
ward direction. In other words, in normalized tasks, h%c is
state-dependent in both search directions as the values are
the same for all /-s-paths and s-plans, respectively.

Proposition 5. Let II and Qg be as before. If 11 is normal-
ized, then



(1) for every I-s-path T it holds that h%<(7t) = |G\ s|;

(2) forevery s-plan T it holds that h%%e (7)=|G\I|—|G\s|;

(3) for every two distinct I-s-paths or s-plans m and 7',
it holds that hB%-(m) = h%c(n’), ie, hY%c is state-
dependent in both search directions.

Proof. Let s be a state, and let o € O be an operator appli-
cable in s. Since II is normalized, then V(pre,) = V(eff,)
and pre, Neff, = (). Therefore, the set of goal facts deleted
by o is exactly pre, NG = (G N s) \ ofs], and the set of
goal facts added by o is exactly eff, NG = (G No[s]) \ s.
Therefore, analogously to the proof of Lemma 2, we have
that Qg (0) = |pre, NG| — |eff, NG| = |G\ o[s]| — |G\ s|.

So, (1) follows analogously to the proof of Proposition 3,
and (2) analogously to the proof of Proposition 4 where we
use the fact that Qge(0) = |G\ o s]| — |G\ s| for any state s
and o € O applicable in s instead of Qzc(0) < |G\ o[s]| —
|G \ s]. (3) follows directly from (1) and (2). O

Proposition 5 shows that in normalized tasks, the goal
counting operator-potential heuristic is exactly equal to the
goal counting heuristic in the forward direction. In the back-
ward direction, h%¢c measures how many goal facts need to
be removed to reach the initial state. However, the differ-
ence |G \ I| — |G\ s| is signed which means that if some
goal facts are already achieved in I, the heuristic will prefer
states that have even less goal facts achieved over those that
have more goal facts achieved. Nevertheless, in most tasks,
no goal facts are satisfied in the initial state.

Note also that the goal counting heuristic can be formu-
lated as a potential heuristic where we set potentials to 1 for
all facts from goal variables that are not satisfied in the goal
and to O for all other facts. Let Pg.: F — R be a poten-
tial function defined as Py ((V,v)) = 1 for all facts (V,v)
such that V' € V(G), v € dom(V) and (V,v) ¢ G, and
P..(f) = 0 for every other fact f. The goal counting poten-
tial heuristic 7"+ is then defined as h¥&(s) = > ¢ Pgc(f)

for every state s. Based on hfsc, we can construct the goal
counting operator-potential heuristic h%- following the ap-
proach of Fiser, Torralba, and Hoffmann (2024).

5 Experimental Evaluation

We implemented our algorithms in C as part of the cpddl
planning system (FiSer 2025; Fiser and Torralba 2026). We
used all planning domains from the satisficing track of the
International Planning Competitions (IPCs) from 1998 to
2023 excluding the ones containing conditional effects af-
ter translation. We merged, for each domain, all benchmark
suites across different IPCs, resulting in 56 domains and
1990 tasks overall. We used a cluster of computing nodes
with AMD EPYC 7642 processors and CPLEX (I)LP solver
v22.11.1 for computing operator-potential heuristics. The
time and memory limits were set to 30 minutes and 8 GB,
respectively.

Besides the goal counting operator-potential heuristic
(gc) described in Section 4, we used the following (admissi-
ble) operator-potential heuristic from prior work (Fiser, Tor-
ralba, and Hoffmann 2024), computed using CPLEX MIP
solver v22.11.1: AT that maximizes the heuristic value for
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the average syntactic state while enforcing the maximum
heuristic value for the initial state (Seipp, Pommerening, and
Helmert 2015; FiSer, Hor¢ik, and Komenda 2020). We ex-
perimented with several different operator-potential heuris-
tics, but using AT always resulted in a higher coverage.

Operators and facts are pruned with the h? preprocessor
in the forward and backward direction (Alcazar and Tor-
ralba 2015), and the translation from PDDL to FDR uses
the inference of mutex groups proposed by Fiser (2020). We
used a time limit of 10 seconds for merging transition re-
lation BDDs and 30 seconds for applying mutexes on the
goal BDD. In case of bi-directional search, if mutexes can-
not be applied on the goal BDD within the time limit, the
backward search is disabled which occurred in 237 tasks.
When merging transition relation BDDs, we never attempt
to merge BDDs with more than 10 000 nodes. All tasks were
normalized by the “multiplication” method described in Sec-
tion 2—it was as beneficial here as previously observed in
the context of optimal planning (FiSer, Torralba, and Hoff-
mann 2024).

We evaluated several combinations of operator-potential
heuristics in forward and backward direction of the symbolic
GBFS. Here, we report the three best performing variants
of forward-only and bi-directional search (backward-only
search was clearly inferior, so we omit it). Moreover, we add
the forward-only search with gc as it is a newly introduced
heuristic. The compared symbolic GBFS configurations are

thus the following. ﬁ, gé: forward-only search with AT and

gc, respectively; AI>gc, gc>A i forward-only search with
open lists ordered first by AT and then by gc, and vice-
versa, respectively; AI>gc-%, AI»gc-gc, AT~gc-AT>-gc:
bi-directional search using AI>gc for the forward direction,
and blind search, gc, and AI>gc in the backward direc-
tion, respectively. As baselines, we use the LAMA planner
(Richter and Westphal 2010), denoted as lama, and several
variants of explicit-state heuristic GBFS methods: the GBFS
with the goal counting heuristic (gbfs-gc), the AT variant of
the potential heuristic (gbfs-AI), and the combination of the
two heuristics (gbfs-AI>gc) where states are ordered first
by AI and then by the goal counting heuristic. We also use
the lazy variant of GBFS (Richter and Helmert 2009) with
the FF heuristic (Hoffmann and Nebel 2001), denoted as
lazy-ff. The LAMA planner is used without any modifica-
tions in the version used in IPC’23. For the GBFS methods,
we apply the same h? pruning as used in our symbolic GBFS
method—it increases their coverage and makes the compar-
ison easier to interpret. As a symbolic search baseline, we
use the best-performing variant of a symbolic optimal plan-
ner (smb-AI): bi-directional A* with AT in the forward di-
rection, and the blind search in the backward direction. All
planners except 1ama were run on tasks transformed to unit
cost as it led to a higher number of solved tasks.

In bi-directional search, the backward direction is dis-
abled whenever a backward step takes longer than 3 minutes
to allow progress at least in the forward direction. This oc-
curred in 44, 74, and 57 tasks for AI»gc—%, AI>gc—§c,

and AI»gc—XI>gc, respectively (with K=1000000, see
below). The average number of backward steps before dis-
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Table 2: “Domain Dominance”: the number of domains where the row method solved more tasks than the column method;
“Task Dominance”: the number of tasks solved by the row method that were not solved by the column method; the number at
(x,y) is shown bold if higher than the number at (y, z); “tot”: total number of solved tasks; “rel-tot”: the overall number of
solved tasks in relative terms: sum of S;/N, over all domains d where Sy is the number of solved tasks and Ny is the overall

number of tasks in the domain.

parameter K

1 IK 10K 100K 1M 10M 100M
Iﬁgc)—% 1445 1470 1499 1494 1508 1502 1507
AT>gc 1451 1474 1509 1510 1511 1511 1505
gé 1323 1340 1361 1376 1402 1393 1392
gc>Af 1404 1425 1453 1468 1484 1479 1478
At 1433 1452 1483 1480 1419 1399 1399
AI>gc—KI>gc 1434 1450 1485 1469 1467 1459 1452
AT>gc-gc 1465 1488 1506 1475 1481 1485 1477

Table 1: Number of solved tasks for different values of the
parameter K going from 1 (no state merging) to 100 million.

abling the backward search was 3.5, 15.2, and 13.4 for the
three variants, respectively. So, the backward search is rarely
disabled and usually after only a few steps, but it increases
coverage.

Table 1 shows the overall number of solved tasks (cov-
erage) for different values of the parameter K that controls
merging of state BDDs. K = 1 means no merging is per-
formed, and the higher the value of K, the more BDDs
are merged. Merging seems to be universally beneficial,
but there are two different sweet spots, K = 10000 and
K = 1000000, depending on the used heuristics. We also
observed variations between domains, for example, the drop
in coverage for AT from 10K to 1M is mainly due to the
openstacks domain where the coverage drops by 45. So, we
think the performance could be improved with some dy-
namic strategy for choosing K. For the rest of the exper-
iments, we use K = 1000000 as it leads to the highest
coverage of the best variant of symbolic GBFS.
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Table 2 shows the number of domains where one method
(row) solved more tasks than the other (column), the number
of tasks solved by one method (row) but not the other (col-
umn), and the coverage in absolute terms and relative terms
as the sum of fractions of solved tasks per domain.>

Although lama is the best-performing method overall,
the symbolic GBFS variants are competitive with all other
explicit-state search baselines: g?, ﬁ, and AI>gc solve
more tasks than gbfs-gc, gbfs-AI, and gbfs-AI>gc, re-
spectively. Two of our configurations beat 1azy-ff with two
more solving only slightly fewer tasks. Moreover, AI>gc is
the second best-performing method after 1ama in the over-
all coverage. The symbolic baseline smb-AI is clearly in-
ferior, showing that the performance of symbolic GBFS is
not merely due to representing whole sets of states as BDDs
but also due to the use of operator-potential heuristics in a
greedy manner.

Figure 1 shows the runtime comparisons between the
symbolic GBFS variants and their explicit-state search base-
lines, and between the best-performing symbolic GBFS
variant, and lazy-ff and lama. The comparison shows
that the symbolic GBFS methods are often slower than
their explicit-state counterparts on commonly solved tasks,
which is not surprisigg given the overhead of symbolic
search. Nevertheless, g¢ is faster than gbfs-gc in 155 com-

monly solved tasks, AI is faster than gbfs-AI in 140 com-

>The coverage with the original cost was significantly lower
for all methods except for gbfs-gc where the coverage did not
change. lazy-ff: 1349; gbfs-AI>gc: 1461; gbfs-AI: 1248;
gbfs-gc: 1347; AI: 1320; gc>Af: 1467; AI>gc: 1462; g?:
1393; AT-go-b : 1478; AT-gé-AT-ge: 1446; AT-go-gc: 1461.
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Figure 2: The comparison of plan lengths.

monly solved tasks, and AI>gc is faster than gbfs-AI>gc,
lazy-ff, and lama in 95, 167, and 108 commonly solved
tasks, respectively.

In terms of plan length, there is not a very significant dif-
ference between the symbolic and explicit GBFS with the
same heuristics (also see Figure 2). The average and median
plan lengths on commonly solved tasks are slightly in fa-
vor of the symbolic GBFS variants. Specifically, AI>gc vs.
gbfs-Al>gc: 92.7 vs. 95.4 (average), 50 vs. 53 (median);
g? vs. gbfs-gc: 81.7 vs. 83.2 (average), 43 vs. 45 (median);
AT vs. gbfs-AI: 65.5 vs. 68.5 (average), 41 vs. 44 (median).

In case of AI>gc vs. lama, lama produces shorter plans
more often than the other way around (average 93.1 vs. 87.5
and median 52 vs. 44), but this is due to the fact that 1ama
keeps improving solutions until the time limit. When we

— .
compared AI>gc with the first plans found by lama, the
results slightly favor AI>-gc (average 93.1 vs. 97.3 and me-
dian 52 vs. 52).

Table 2 also clearly shows the complementarity of the
symbolic and explicit-state search methods. For example,
ATl>gc solves more tasks than gbfs-AI>gc, lazy-ff,
gbfs-AI and gbfs-gc in 22, 23, 24 and 24 domains, re-
spectively, whereas gbfs-AI>gc, lazy-ff, gbfs-AI and
gbfs-gc solve more tasks than AI>gc in 15, 19, 13 and
14 domains, respectively. Similarly, AT>gc solves between
139 and 294 tasks that the gbfs-/1azy- baselines could not
solve, whereas those baselines solve between 108 and 156

——
tasks that AT>gc could not solve.

When looking more closely at the domains where one
method dominates the other, we observe that in most cases
either the symbolic GBFS strictly dominates the explicit-
state search method in the sense that it solves all tasks solved
by the explicit-state search method and more, or the the
explicit-state search method strictly dominates the symbolic
GBFS counterpart. Namely, out of 18 domains where g?
solves more tasks than gbfs-gc, there are 17 domains where
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@ solves all tasks solved by gbfs-gc. Conversely, out of 17
domains where gbfs-gc dominates g? there are 15 domains
where gbfs-gc strictly dominates g? And similarly for

other variants: AT strictly dominates (dominates) gbfs-AT
in 19 (22) domains; gbfs-AT strictly dominates (dominates)
AT in 13 (18) domains; AT=g¢ vs. gbfs-AI=gc: 18 (22)
domains; and gbfs-AI>gc vs. Al>gc: 12 (15) domains.
This indicates that the observed performance differences are
not simply due to arbitrary tie-breaking decisions, but rather
stem from how effectively the underlying BDD representa-
tion captures the sets of states encountered during the search.

When comparing the symbolic GBFS variants with 1ama,
we can see that 1ama has significantly higher coverage over-
all, but there are still many domains where using our method
pays off, indicating the symbolic GBFS with operator-
potential heuristics is truly complementary to the state-of-
the-art explicit-state search methods and is worth consider-
ing as a part of planning portfolios.

6 Conclusion

In this paper, we have considered symbolic GBFS with ad-
missible operator-potential heuristics for satisficing plan-
ning. We showed that these approaches that were tradi-
tionally considered only suitable for optimal planning, are
a viable alternative for satisficing planning, with com-
plementary strengths to other state-of-the-art approaches.
This opens many avenues of research for future work: can
some of the search enhancements for satisficing planning
such as landmark heuristics (Hoffmann, Porteous, and Se-
bastia 2004), multiple queues (Roger and Helmert 2010;
Corréa and Seipp 2025), or novelty pruning (Lipovetzky and
Geffner 2017; Katz et al. 2017; Fickert and Hoffmann 2022)
be applied as well in symbolic search? Are there other ways
of generating potential heuristics that are tailored for sat-
isficing search? So far, few approaches have been consid-
ered (Frances et al. 2019; Helmert et al. 2022) and no auto-
matic alternative exists.
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