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Abstract

Oversubscription planning (OSP) tackles the infeasibility of
finding a plan that achieves all goals, due to a limited re-
source, typically a cost bound. The objective is to discover
a plan under this cost bound that maximizes the utility.

A leading-edge technique in satisficing OSP employs relaxed
plans to estimate the cost of achieving goals and focuses plan-
ning efforts on goals deemed attainable based on this estima-
tion. However, this approach faces two main challenges: the
time required to calculate all estimations can result in no ef-
fective goal selection, and using relaxed plans often underes-
timates the real cost, leading to sets of oversubscribed goals.
To address these challenges, our paper studies two solutions:
computing the estimations only when needed and using satis-
ficing plans instead of relaxed plans to calculate cost estima-
tions. Experiments show that using satisficing plans to calcu-
late the estimations offer advantages in terms of initial plan
utility, but the gap between both approaches narrows when
more time is given for plan refinement.

Introduction and Related Work

Oversubscription planning (OSP) (Smith 2004) is a subset
of Automated Planning (AP) that confronts scenarios where
resources are constrained, impeding the attainment of all
goals. Typically, this limitation is depicted through a bound
on the plan cost, while goals are assigned utilities. The pri-
mary challenge thus becomes devising a plan within the cost
bound that maximizes utility. In satisficing OSP the objec-
tive is to find the best plan in terms of utility in the alloted
time, not necessarily the optimal one. OSP shares connec-
tions with other AP problems such as COST-BOUNDED or
NET-BENEFIT planning (Domshlak and Mirkis 2015).

Three approaches are reported in the literature to tackle
OSP: (1) incrementally seeking plans of greater utility con-
sidering all the goals (Baier, Bacchus, and Mcllraith 2009;
Benton, Coles, and Coles 2012; Domshlak and Mirkis 2015;
Muller and Karpas 2018; Speck and Katz 2021); (2) convert-
ing the problem into a different form (Katz et al. 2019; Katz
and Keyder 2022; van den Briel et al. 2004); and (3) per-
forming an upfront selection of goals and focusing just on
them (Garcia-Olaya, de 1a Rosa, and Borrajo 2021; Sanchez-
Nigenda and Kambhampati 2005; Smith 2004).
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Currently, Relaxed Plan Linear Distances (RPLD) (Garcia-
Olaya, de la Rosa, and Borrajo 2021) finds the highest util-
ity plans in satisficing OSP. It performs upfront selection of
goals, using relaxed plans to compute cost estimations for
individual goals and for pairs of goals. RPLD usually under-
estimates the actual cost of the set of selected goals, which
frequently remains oversubscribed. In such cases, the goals
added last are removed until a plan for the remaining ones is
found. The authors observe that in 8 out of the 12 domains,
over 50% of the initially chosen sets seem to be still oversub-
scribed. In 4 domains this percentage increases to over 80%.
In certain instances, the oversubscription is so pronounced
that considerable time is spent removing goals, resulting in
the exhaustion of time without finding a plan. This is ex-
acerbated by the fact that all the estimations are calculated
beforehand, even if they are not finally used.

A logical progression involves (1) enhancing the accu-
racy of cost estimations and (2) calculating them only when
necessary. While more precise heuristics (Domshlak, Hoff-
mann, and Katz 2015; Refanidis and Vlahavas 2001) to
calculate cost estimations could be contemplated, an even
more accurate method entails using satisficing plans. This
is typically dismissed as infeasible due to the computa-
tional complexity of planning (Bylander 1994), but that
generic complexity is reduced in some cases. For exam-
ple, in many International Planning Competition (IPC) do-
mains, one-goal problems can be solved in polynomial time
by a blind algorithm pruning states based on their novelty; a
measure of their dissimilarity from any other already visited
state (Lipovetzky and Geftner 2012).

Employing a methodology akin to that of RPLD, the pri-
mary objectives of the paper are:

1. Assess the impact on the utility of lazy cost estimations
calculation. This will allow finding solutions where RPLD
exceeds the time bound, and will give extra time to find
better plans in the remaining problems.

2. Assess the practical viability of novelty-based planners
for cost estimations: their polynomial complexity comes
at the cost of incompleteness in some domains, so it is
uncertain whether the approach is feasible in practice.

3. Examine the impact of the enhanced accuracy of cost es-
timations on goal selection and plan utility.

The paper is structured as follows. The next section



presents background about OSP and novelty-based plan-
ning. Then, the two strategies to improve goal selection and
their formal properties are shown. Results of the new ap-
proaches are compared to RPLD. Finally, conclusions and
future work are presented.

Background

An OSP task is a tuple Posp = {F,A,I,G,c,u,cp},
where: F' is a finite set of fluents; A is a finite set of ac-
tions, mapping a set of fluents (a state) to another; I C F
is the initial state ; G C F is the set of goals; ¢ : A — Rar
is a cost function; u : 2F — Rg is a utility function; and
¢y € RT is a cost bound.

The utility function maps a set of fluents to a number,
the utility of that set. It is typically defined over individ-
ual fluents f € F,sou : F — R{. Fluents f ¢ G with
u(f) > 0 are termed soft-goals. In contrast, fluents in G are
considered hard-goals and commonly assigned zero utility.
Most approaches in the literature work with no hard-goals
(G = 0). We will follow this approach and use the terms
goal and soft-goal interchangeably. Generally, additive util-
ities are considered (Do et al. 2007), so the utility of a set of
fluents is the sum of their utilities. As in (Garcia-Olaya, de la
Rosa, and Borrajo 2021) we will consider additive utilities
of individual fluents.

Each action a € A is characterized by a tuple {pre(a) C
F,add(a) C F,del(a) C F}. An action sequence m =
(a1, aa,...,a,) is applicable in Ppgp if there exists a se-
quence of states (sq, S1, ..., Sn ), Where sg = I, and for all
i € {l..n}, pre(a;) C s;—1 and s; = (s;-1 \ del(a;)) U
add(a;). The cost of 7 is denoted as C'(7) = >, . c(as),
where c(a;) represents the cost of action a;. An action se-
quence T, is a plan for Ppogp if it is applicable, G C s,,, and
C(m) < c. The utility of mis U(m) = >_ ¢ o, u(fi).

RPLD’s selection of goals is based on the concepts of Dis-
tance to a goal from the initial state (Ay,) and Distance
between two goals (A,,). The first one estimates the cost of
achieving any goal from the initial state. It is defined as the
cost of the relaxed plan achieving goal z. Meanwhile, A,
estimates the cost of obtaining y once = has been reached.
It is defined as the cost of the relaxed plan achieving y from
the end state of the relaxed plan found to compute Ajy,. A
planning task is relaxed by removing the delete effects of
actions, so action a is relaxed as o’ = {pre(a), add(a),0}.

Goals are added from highest to lowest utility, using dis-
tances as tie-breaker, while the estimated cost of the set is
within the cost bound. Then, an external planner tries to find
a solution for the selected set for 90 seconds. If no plan
is found, the branch leading to that goal set is pruned, the
search backtracks, removing the last added goal, and the ex-
ternal planner is invoked again. The procedure continues un-
til a plan has been found or the set is empty. In that later case,
search starts again by exploring the branch of the goal with
the second highest utility. Once a plan has been found, the
search continues, backtracking as necessary, but the external
planner is only invoked if the utility of a terminal node sur-
passes the best found utility. If the entire search space under
the cost bound has been explored, the cost constraint is re-
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laxed and sets whose estimated cost exceeds ¢, are consid-
ered, planning every time the set utility improves the best
found so far. This guarantees that a possible overestima-
tion of the costs is not preventing any promising set to be
checked.

A part of this work entails changing relaxed-plan dis-
tances to satisficing-plan distances. The new estimations are
obtained by using a width-based planner (Lipovetzky and
Geffner 2012). The width of a planning problem P, w(P) is
a measure of the complexity of that problem. If w(P) = 4, P
can be solved optimally in exponential time in ¢. It turns out,
that independently of the problem, most benchmark domains
exhibit a low w when goals are a single fluent, which makes
them solvable in low polynomial time by algorithms that
prune nodes considering their novelty. If any fluent is true
in a state for the first time, the state’s novelty is 1. If no sin-
gle fluent is novel but a pair of them appear together for the
first time, the novelty is 2 and so on (the higher the novelty
the less novel the state is). Novelty can be used to treat nodes
as duplicated if their novelty is higher than a given value, as
performed by the family of width-based planners (Frances
et al. 2018; Lipovetzky and Geffner 2012, 2017b,a). Some
of these planners, though incomplete, are polynomial, which
makes them good candidates to be used to estimate the costs
of achieving the goals in OSP.

On-Demand and One-Goal-Plan Distances

RPLD computes all distances, regardless of whether they are
actually needed in the search or not. While Ay, needs to be
calculated for all goals, A,, is needed only if x is added
to the set, and just for not already selected goals y. This
strategy, we call Relaxed Plan On-demand Linear Distances
(RPOLD), significantly reduces the number of computed dis-
tances, allocating more time for the next steps of the algo-
rithm. Meanwhile, NPLD (Novelty-based Polynomial Linear
Distances) computes the distances on-demand too, but using
satisficing plans found by a novelty-based planner.

Using satisficing plans for Ay, produces values that are
always equal to or higher than the optimal costs and are ex-
pected to be higher than the ones derived from relaxed plans.
This mitigates one of the drawbacks of RPLD, as in numer-
ous cases the selected set of goals remains oversubscribed.

Another advantage of working with satisficing plans is
that the plan to calculate Ay, is a valid one, with utility
u(x), so if its cost is lower than ¢, it is a first solution. The
same applies, when selecting the second goal. The concate-
nation of the plans found to calculate Ay, and A, is a plan
achieving the second goal and, quite often, also the first one.

Using satisfacing plans also poses some drawbacks. First,
the time required to find them is notably higher compared
to computing relaxed plans, even when utilizing polyno-
mial planners. Additionally, these polynomial planners are
incomplete, resulting sometimes in the distance being erro-
neously set to infinity. Furthermore, it is important to note
that finding a plan that achieves x and subsequently pursu-
ing y may result in no viable plan for both goals together.

RPLD is asymptotically complete and optimal if the exter-
nal planner is complete (Garcia-Olaya, de la Rosa, and Bor-
rajo 2021) and so is RPOLD. NPLD adds a source of incom-



pleteness, as the polynomial planners used to calculate the
distances are incomplete. But like RPLD, it will eventually
try all the sets of goals, despite the values of the distances,
so it is also asymptotically complete and optimal.

RPLD’s complexity is quadratic in the number of relaxed
plans. In the worst case, when all the goals are selected,
NPLD needs to calculate n plans for Ay, n — 1 for the first
selected goal, n — 2 for the second, etc. So it is also O(n?),
but in the number of satisficing plans, which, if using a poly-
nomial planner to calculate the distances, is also polynomial.

Experimental Results

As in (Garcia-Olaya, de la Rosa, and Borrajo 2021), the per-
formance of the three approaches is evaluated in the 14 do-
mains of the IPC 2011. To ensure fairness, the SCANALYZER
domain has been excluded due to RPLD’s reported parser is-
sues. High, medium, and low oversubscription versions of
each original problem, with cost bounds of 25%, 50%, and
75% of its best-known cost, are used. Additionally, two dis-
tinct goal utility schemata are considered: ut 111, where all
goals are assigned unit utility, and ut 1110, where each goal
is randomly assigned a utility value between 1 and 10.

To ensure the differences between the three approaches
are due only to the values of the distances, all of them use
the same external planner: BFWS-polynomial (Frances et al.
2018). It is incomplete, but yields better results than DUAL-
BFWS, originally used by RPLD. As in the RPLD paper it is
given 90 seconds to find a plan. BFWS-polynomial is also the
planner used for NPLD distances calculation.

The experiments have been performed on an Intel Xeon
CPU X3470 at 2.93 GHz with Ubuntu 20.04.6, 30 GB of
RAM memory and 1800 seconds of maximum time'.

Distance Calculation and Goal Selection

RPLD fails calculating distances in 96 problems, all of them
in VISITALL. RPOLD lazy distance calculation reduces that
number to 88. Meanwhile, NPLD cannot calculate distances
in 99 problems, most of them in VISITALL, but also in OPEN-
STACKS, TRANSPORT and ELEVATORS. Despite being much
slower calculating distances, NPLD is able to select goals
in VISITALL problems where RPOLD is not. In that domain
RPOLD highly underestimates the real cost of achieving the
goals, adding many more goals than NPLD and exhausting
the time while doing it. This behavior is also present in EL-
EVATORS.

Our initial hypothesis is that NPLD will generate sets
with lower oversubscription than RPLD/RPOLD. Notice that
both RPLD and RPOLD will always select the same sets of
goals, but RPOLD will be able to do it in more problems.
To validate this hypothesis, we attempted to find a plan
for the sets selected by both approaches allowing differ-
ent planners (specifically, BFWS-polynomial, DUAL-BFWS
and BFWS(f5)-landmarks) 1800 seconds once the goals are
selected. Table 1 presents the percentage of problems for
which none of the planners managed to find a plan. While
this outcome does not definitively confirm that the set is

!The code and the detailed results can be found at https://github.
com/agolaya/ICAPS25_OSP
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utill utill0

NPLD RPOLD | NPLD RPOLD
barman 40% 50% 17% 30%
elevators 62% 92% | 13% 65%
floortile 92% 88% | 37% 18%
nomystery 0% 30% 0% 20%
openstacks 2% 0% 2% 7%
parcprinter 42% 53% | 28% 33%
parking 40% 63% 3% 8%
pegsol 87% 83% | 27% 28%
sokoban 28% 43% | 20% 53%
tidybot 13% 67% | 12% 58%
transport 33% 100% | 13% 93%
visitall 70% 100% | 52% 42%
woodworking 0% 0% 2% 0%
average 40% 57% | 18% 35%

Table 1: Percentage of (likely) still oversubscribed prob-
lems.

oversubscribed, it serves as a reasonable proxy. Allocating
more time or using alternative planners could potentially
yield a solution.

The results confirm our hypothesis, when all goals have
the same utility, NPLD returns an average of 40% still over-
subscribed problems (57% in the case of RPOLD). RPOLD is
less oversubscribed in some domains, but by a small differ-
ence. When the goals have different utility, the sets tend to
be less oversubscribed in both cases. The reason is that goals
are selected by utility, using the distances just in case of ties,
which usually means fewer goals are selected. In this case
NPLD is also less oversubscribed than RPOLD.

Times required for calculating distances have not been
compared, as NPLD necessitates invoking an external plan-
ner and writing a new problem to disk, whereas RPOLD exe-
cutes the entire process internally. Nevertheless, obtaining a
satisficing plan is typically slower than generating a relaxed
one. Consequently, RPOLD is expected to be faster. Also, dis-
tance calculation time is not as relevant as time needed to
find the first solution, which is presented in the next section.

Utility of the Plans

To compare the utility of the plans we use the IPC score:
For each problem, a planner is assigned a score between 0
and 1, resulting in dividing its utility by the maximum utility
found. As there are 13 domains and 20 problems per domain,
the maximum accumulated score is 20 - 13 = 260.

Table 2 compares the scores of the first solution found
by the planners, stopping them once a solution is found: the
planner will calculate the distances, use them to select goals,
plan for them for 90 seconds and stop if a plan has been
found. If no plan is found, the last added goal will be re-
moved and planning will be performed again until returning
a solution or discarding all the goals.

NPLD yields better results than RPLD/RPOLD in all the set-
tings. The difference is bigger in 25% cost problems, where
fewer goals can be selected and thus fewer distances need
to be calculated. RPOLD only slightly improves the results



utill utill0
25% 50% 75% | 25% 50% 15%
RPLD 2039 203.7 2068 | 189.1 2019 209.8 5% p——
RPOLD 2039 203.7 206.8 | 191.0 203.8 211.6 0% 1
NPLD 220.1 216.1 211.6 | 218.2 2164 215.8
40% 1
Table 2: First plan scores. Best scores highlighted in bold. 2
utill util10 & 20%1
25% 50% 75% | 25% 50% 75% E
barman 07 05 -01] -0 04 02 -
elevators -2.3 -2.5 -3.6 0.6 -2.0 -3.6 8
floortile -0.4 0.5 0.9 -0.4 0.9 0.3
nomystery 03 -19 -19 26 3.0 -3.1 10% 1
openstacks 6.8 6.2 3.6 9.8 5.7 5.1 4% 4%
parcprinter 0.1 0.2 -0.1 0.0 1.3 0.5
parking 05 03 03] 00 -02 -06 § 300 800 900 1800  noplan
pegsol 03 03 -02| 00 05 03 fime in seconds
sokoban 0.4 -0.7 -1.7 6.4 -1.1 -2.4
tidybot L1 32 071 -03 20 L1 Figure 1: Percentage of problems solved in less than a time.
transport -4.0 -4.0 -5.5 -2.0 -3.9 -4.9
visitall 140 149 151 119 115 117
woodworking  -2.2  -34  -40 0.3 0.4 0.1 utill utill0
25% 50% 75% | 25% 50% @ 75%
Table 3: Difference in score for the first plan between NPLD RPLD  232.1 2363 2357 | 2294 2379 236.6
and RPOLD. A positive value means NPLD is better. RPOLD 2324 2365 236.5 | 231.3 240.1 2395
NPLD 238.3 238.6 233.8 | 241.1 2419 2382

of RPLD in VISITALL with uti1110, where on-demand dis-
tances allows it to solve some more problems.

To assess whether the better score of NPLD spans across
all the domains or is due to it vastly outperforming RPOLD in
a few of them, a detailed description is presented in Table 3.
NPLD yields a higher utility in 54% of the settings, RPOLD
in 42%, with a tie occurring in the remaining 4%.

Figure 1 illustrates the percentage of problems solved
within a given time frame. It is evident that NPLD not only
achieves superior results compared to RPOLD but also re-
quires less time overall. This is surprising as RPOLD, us-
ing relaxed plans calculated internally, computes distances
faster than NPLD. But the time saved in distances calcula-
tion is quite often spent in refining the more oversubscribed
sets, thus confirming our hypothesis that it is worth spend-
ing more time in the cost estimations. This not only produces
plans of better quality but also does it slightly faster.

Table 4 shows the scores when planners are given 1800
seconds, thus looking for new goal sets after the first plan
has been found. Here the three approaches behave more sim-
ilarly, and actually both RPLD and RPOLD get better score for
75% oversubscription, due mainly to NPLD exhausting time
calculating distances. RPOLD obtains higher utility in 59%
of the configurations, NPLD in 29% and there is a tie in the
remaining 12%. Actually if VISITALL is excluded, RPOLD’s
score is higher in all the settings. Even if RPOLD’s first so-
lutions take slightly longer to find, it is able to calculate re-
maining distances faster and to explore more goal combina-
tions. The main differences appear in OPENSTACKS, where
RPOLD significantly overestimates distances, which results
in low quality first plans. But it leverages the extra time to
explore sets that initially appeared oversubscribed, only to
find they are not. Meanwhile, NPLD struggles calculating
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Table 4: Summary of the final score.

distances in this domain. As expected, NPLD is better with
more oversubscription (25%), where fewer goals can be se-
lected. In the domains where it struggles selecting goals this
allows it to solve one or two more problems.

Conclusions and Future Work

In this paper we have evaluated the improvements arising
from calculating on-demand distances and using satisficing
plans to estimate the costs of achieving goals in oversub-
scription planning. Those distances are used to select an ide-
ally non-oversubscribed set of goals that can be planned by
any classical planner able to handle the cost bound.

Results show that satisficing plans yield fewer oversub-
scribed sets of goals than using relaxed plans, thus finding
first plans of higher utility slightly faster. When extra time
is allotted to iteratively find sets of goals that improve the
utility of the first plan, the differences between using sat-
isficing or relaxed plans for costs estimations are smaller,
except for some domains like VISITALL. Differences in the
first solution utility between lazy or exhaustive calculation
of distances are also small except for some problems in some
domains.

The next step will be to explore a hybrid approach that
combines satisficing and relaxed plans. The idea is to calcu-
late the distances using satisficing plans until a given level,
and at some point, if it is unlikely the selection process will
finish in time, switching to calculating them with relaxed
plans.
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