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Abstract

In many real world planning scenarios, agents often do
not have enough resources to achieve all of their goals.
Hence, this requires finding plans that satisfy only a
subset of them. Solving such partial satisfaction plan-
ning (PSP) problems poses several challenges, includ-
ing an increased emphasis on modelling and handling
plan quality (in terms of action costs and goal utilities).
Despite the ubiquity of such PSP problems, very little
attention has been paid to them in the planning commu-
nity. In this extended abstract, we focus on one of the
more general PSP problems, termed PSP BENE-

FIT. After describing our problem, we present an ini-
tial approach for solving it based ofltAlt (Nguyen,
Kambhampati, & Sanchez 2002), a regression planner
enforced with reachability heuristics. We called our ap-
proachAltAltP® . We describe how cost information
could be propagated in a planning graph data structure,
and how this information could be used to select a sub-
set of the top level goals upfront, and also to generate

cost sensitive heuristics to guide the regression search.

We also present an evaluation plan of our approach, as
well as some possible improvementsAAlL ° .

Introduction

effective and admissible heuristics for controlling séarn-

der different planning frameworks. Specifically, we have de
veloped a state-space planner cakdi\lt (Nguyen, Kamb-
hampati, & Sanchez 2002; Sanchez, Nguyen, & Kambham-
pati 2000), which uses such heuristics to drive a regression
search engine. | have extended my initial workAltAlt to
generate parallel plans in state-space search using ckstan
based heuristics. This variant call@dtAlt?, further im-
proves the quality of the parallel plans generated using an
online plan compression algorithm (Sanchez & Kambham-
pati 2003). We have presented an extensive empirical evalu-
ation for both approaches and their heuristics.

In this extended abstract, we will address the application
of planning graph based heuristics to PSP problems, and we
will introduce some ideas to greedily solve this kind of prob
lems. Specifically, we will commit to problems that require
action costs and goal utilities, in which our objective is to
maximize the NET BENEFIT of the final plan. The net ben-
efit is not more than the difference between the total utility
of the goals achieved and the costs of the actions in the so-
lution plan. We will introduce our problem as well as some
ideas to handle cost iAltAltPs . The main extensions in
AltAItPs involve techniques for propagating cost informa-
tion on planning graphs (Do & Kambhampati 2002), and a
novel approach for heuristically selecting a subset of goal

In classical planning problems, we assume a very strict suc- conjuncts upfront. Once a subset of goal conjuncts is se-
cess criterion, either the set of goals is completely satisfi  lected, it is solved by a regression search that has cost sen-
or it is not possible to achieve such set. However, in real sitive heuristics. We will also present an evaluation pian f
world planning scenarios, it is more preferable to achieve our approach and future work.
some of the goals than none of them, as here the success is
measured in terms of an objective function being evaluated.
These problems are also knownRestial Satisfaction Prob-
lems(PSP), since the goals can only be partially satisfied. ~ Current planning frameworks do not address the issue of par-
One of the most successful algorithms in the last few years tial satisfaction of goals, because they strictly try tasfat
for solving classical planning problems@raphplar(Blum a conjunction of them. However, this all or nothing success
& Furst 1997). This algorithm can be seen as a disjunc- criterion does not seem to be very realistic. There are prob-
tive version of forward state space planners. The algo- lems where satisfying at least some of the goals is bettar tha
rithm has two interleaved phases: a forward phase where not satisfying any of them at all. The problem is of course
a polynomial-time data structure callgglanning graph” is to choose the goals that will be satisfied, subject to the opti
incrementally extended, and a backward phase where that mization of an objective function. Choosing the right subse
planning graph is searched for a solution. of goals is not an easy task. For example, in the context
Part of our past work has shown that the planning graph of a regression planner lik&ltAlt (Nguyen, Kambhampati,
data structure fronGraphplaris a rich source for extracting & Sanchez 2002), if we have top level goals in our final

Problem description and related work



state, then we would need to considérgoal subsets to find using the iterative planning graph construction procedfire
the optimal plan. Such a method would not be appropriate AltAlt?s , as follows:
when we have too many goals, or when some of the goals

have complex interactions and are not feasible together. 0 ifpel
Instead,AltAlt" selects a promising subset of the 10p ) .= & min{hy(p), cost(a) + Cy(a)} if 1> 0

level goals upfront avoiding the exponential search, tryin 50 otherwise

to maximize the quality of the solution in terms of its final L

NET BENEFIT. Here the benefit could be computed using
the additive cost of the actions in the solution p#anand
the total utility of the goals composing the subgoal Gét

Where,cost(a) is the execution cost of the action given
by the user or generated randomly by the planner,Gatd
is the aggregated cost of the action computed in terms of its

Specifically: preconditions as follows:
Definition 1 NetBenefit B(P) : 1. Max-Propagation:
> geq utility(g) — 3- ,cp cost(a) Ci(a) = max{h;_1(q) : ¢ € Prec(a)}, or

which is the remaining utility after the execution costs of 2 CSum-Eropa}?atlon. . p
the actions have been discounted. Our approach then greed- i(a) =2 {hi-1(g) ¢ € Prec(a)}
ily selects a goal subset to approximate the optimal net ben- The first alternative is conservative but admissible, while
efit. Utilities of the top level goals and execution costs of the second one assumes that goals are independent, and in
the actions could be provided to the planner by the user, or consequence is not admissible but more informative (Bonet,
could be generated randomly subjected to some constraintsLoerincs, & Geffner 1997).
during the planning graph construction phéase. Notice that we could use the notion of level of the plan-

Partial satisfaction planning problems could be also ning graph as a unitof time to propagate the costs of proposi-
solved optimally using Integer Programming techniques. tions. As a consequence, cost propagation would terminate
However, current IP planning approaches do not scale up s soon as the planning graph gets built. We could let the
well to bigger sized problems (Kautz & Walser 1999; user to decide the cutoff for building the graph. We then
T. Vossen & Nau 1999). PSP have been most widely stud- let the cost of a proposition be the final cost of that propo-
ied in the scheduling community under the name of over- sition in the final level of the planning graph. Similar cost
subscription scheduling. In general, an over-subscriptio Propagation procedures have been developed in the context
scheduling problem is one where there are more tasks to of metric temporal planning (Do & Kambhampati 2002).
be accomplished than there are time and resources avail- .
able. Typical objectives are to maximize resource us- Goal set selection procedure and search
age accommodating as many tasks as possible (Kramer algorithm
& Smith 2003), or to minimize conflicts in the schedule.
Over-subscription scheduling problems are resourcerjrive The main idea of the goal set selection procedure in
while PSP planning problems are more goal driven. Over- AltAlt?* is to incrementally construct a new partial goal set
subscribed scheduling problems have been solved by iter- G’ from the top level goal€s such that the goals consid-
ative repair (Kramer & Smith 2003) methods, construc- ered for inclusion increase the final net benefit, using the
tive approaches (Potter & Gasch 1998), greedy search ap-goals utilities and costs of achievement. One way to do
proaches (Frankt al. 2001), and even genetic algorithms  that is to select an initial subgoalbased on its net bene-

(Globuset al. 2003). fit, and incrementally add more subgoals to the goal set. If
no subgoals can be chosen then we could easily conclude
Planning graph cost propagation that there is no solution to our problem. The process is

complicated by the fact that the net benefit offered by a
Heuristic functions in our greedy approach need to estimate 902l g depends on what other goals have already been se-

how costly would be to achieve the set of goaldrom the lected. Specifically, while the utility of a goal remains
initial state. However, only the execution costs of the ac-  constant, the expected cost of achieving it will depend upon
tions are given to the planner, and the propositiprsI are the other selected goals (and the actions that will anyway be

known to havezero cost. Thus, we need to propagate the Nneeded to support them). To estimate the “residual cost” of
cost of every other single proposition in the planning graph @ goalg in the context of a set of already selected gdals

to estimate the cost of the propositionsGnin order to de- ~ We compute a relaxed plafip (Hoffmann & Nebel 2001;
termine those who are relevant. Ugtp) be the costassoci- ~ Nguyen, Kambhampati, & Sanchez 2002) for supporting
ated to an individual propositiomat levell of the planning G’ + g, which is biased to (re)use the actions in the relaxed

graph. Initially, each propositiopnwould be assigned a cost ~ Plan R}, for supportingG’. The residual cost of a goglis
of 0 if it is in the initial state, andx otherwise. Thus, for ~ the estimated cost introduced by the relaxed ianif we

each actiom: achievingp, the cost ofy could be propagated ~ Were to consideg € G’. In other words, we include a sub-
goalg in G if its residual cost is lower than its utility, which

'Due to the lack of PSP benchmark problems. in consequence would increase our final net benefit.



Procedure partialize(G) adapt the search algorithm @fltAlt to take into account
g — getBestBenefitial Goal(G); cost estimates rather than distance estimatesAltitPs |
if(g = NULL) the evaluation function used to rank the nodgs) =
return Failure; g(S)+w=h(S) represents a different set of estimates. In our
G —{g},G—G\gy; cost-based frameworky(.S) is the cost of the current partial
R} « extractRelax Plan(G’, () plan in terms of the additive cost of the actions composing
Biax — getUtil(G') — getCost(R}); it, and h(S) is the estimated remaining cost given by the
Byax < Biyrax heuristics to make the plan a solution. Notice that, if atany
while(Byax > 0A G # () time the value ofy(.S) is greater than the total utility of the
for(g e G\ G") goals chosen, then we know that we can Kill the partial plan
Gp — G'Uyg; right away. We now proceed to describe the cost sensitive
Rp «— ExtractRelaxPlan(Gp, R}p) heuristics that will guide our search framework.
By — getUtil(Gp) — getCost(Rp);
if(Bg > Bisax) Cost-based planning graph heuristics
9" < g, Byax < Bgi Ry < Rp;
else Once that we have selected our partial goal set, we need to
Buax < By — Bijax search for a cost-based plan in order to maximize our final
end for net benefit. In other words, we need to find not only the most
if(¢* # NULL) feasible subset of goals but also the less expensive sojutio
G — G UG G—G\ g Buax «— Biax; such that our net benefit gets maximized. In this section, we
end while introduce cost-based heuristics that will help us to gulide t
return G’; search towards such solutions.
End partialize From the cost propagation procedure described in the last
section, we could easily derive the first heuristic for ousteo
Figure 1: Goal set selection algorithm. based planning framework, computed under the assumption

that the propositions constituting a state are stricthepeh-
dent. Such a heuristic is described as follows:
Figure 1 gives a description of our goal set selection al-
gorithm. The first block of instructions before the loop ini-  Sum Cost Heuristic 1 hyyme(S) = 3 cs hu(p)
tializes our goal subsét’,2 and finds an initial relaxed plan . P
R, for it using the procedurextractRelaxPlar@’,§). No- The hsumc heuristic suffers from the same problems

tice that two arguments are passed to the function. The first than thels., heuristic introduced by Bonet, Loerincs, &
one is the current partial goal set from where the relaxed Geffner,1997. It will tend to overestimate the cost of a $et o

propositions. To make the heuristic admissible we could re-
place thesum function with the maximum of the individual
costs of the propositions composing the state. This leads us
to our next heuristic:

plan will be computed. The second parameter is the current
relaxed plan that will be used as a guidance for computing
the new relaxed plan. The idea is that we want to bias the
computation of the new relaxed plan to re-use the actions in
the relaxed plan from the previous iteration. Having found .
the initial subsetG’ and its relaxed plaik%, we compute Max Cost Heuristic 2 harc(S) = maxpes hi(p)

the current best net benefity, , , by subtracting the costs This heuristic also directly resembles thg.. heuristic

of the actions in the relaxed pldgy, from the total utility of from (Bonet, Loerincs, & Geffner 1997; Nguyen, Kamb-
the goals in’. B}, , x Will work as a threshold for ouriter-  hampati, & Sanchez 2002), but in terms of cost. We could
ative procedure. In other words, we would continue adding try to combine thalifferential power off,mc andhaec
subgoaly € G to G’ only if the overall net benefiB}, , to get a more effective heuristic for a wider range of prob-
increases. We consider one subgoal at a time, always com-|ems.

puting the benefit added by the subgoal in terms of the cost

of its relaxed plark p and goal utility3,. We then pick the Combo Cost Heuristic 3 heomboc (S) =  hsumc(S) +
subgoalg that maximizes the net benefit, updating the nec- Pmazc (S)

essary values for the next iteration. This iterative proced . . .

stops as soon as the net benefit does not increase, or when e could improve further the solution quality of our
there are no more subgoals to add, returning the new goal heuristics if we start taking into account the positive in-

subset’. Notice that the procedure above is greedy, so we teractions among subgoals while still ignoring the nega-
are not immune from selecting a bad subset. tive ones. We could adapt the idea of the relaxed plan

Having found our goal subseét’, we proceed to search heuristics from (Hoffmann & Nebel 2001; Nguyen & Kamb-

for a solution using a regression state-space engine. We Nampati 2001; Nguyen, Kambhampati, & Sanchez 2002)
into our framework. The general relaxed plan extraction

2get Best Bene fitialGoal(G) returns the subgoal with the — process forAltAlt?® works as follows: (i) start from the
best benefitytility(g) — hi(g) tradeoff. goal setGG containing the top level goals, remove a goal



g from G and select a lowest cost actiag (indicated by
hi(g)) to supportg; (ii) regressG over actiona,, setting

G = G U Prec(ag)\Eff(agy). The process continues re-
cursively until each propositiop € G is also in the initial
state/. This regression accounts for the positive interac-
tions in the stat&; given that by subtracting the effects of
ag, any other proposition that is co-achieved whgeis be-

ing supported is not counted in the cost computation. The
relaxed plan procedure indirectly extracts a sequence-of ac
tions Rp (the actions:, selected at each reduction), which
would have achieved the s@tfrom the initial statd if there
were no negative interactions. The summation of the costs
of the actionsy; € Rp can be used to estimate the cost to
achieve all goals iG. The procedure described above is
implemented through thextractRelaxPlan($) procedure
introduced in Figure 1, obtaining the following heuristic:

RelaxCost Heuristic 4 hyejazc(S)
getCost(extract Relax Plan(S, 1))

The h...;azc heuristic does not take into account the neg-
ative interactions among subgoaf§tAlt provides a way to
compute such interactions by considering the cost of ignor-
ing them. We could adapt the ideas from (Nguyen, Kamb-
hampati, & Sanchez 2002) to compute ihieraction degree
A among propositions in a particular stafe and include
some cost for ignoring such interactions. Such interaction
could be computed in the following way:

Definition 2 A(S) = lev(S) — max,eslev(p)

wherelev(S) is the first level in the planning graph in
which all propositions inS appear with no subset of
marked mutex (Nguyen, Kambhampati, & Sanchez 2002).

Obviously, when there are negative interactions in the
stateS the value ofA(S) > 0. If that is the case we could
add some cost that could reflect the penalty for ignoring the
interactions. A conservative idea would be to addithe .o
estimate of the stat§' to the h,..;..c heuristic when neg-
ative interactions are detected, implying that much cost is
being left out by the considering only positive interaction
This could be formulated as follows:

Adjusted Relax Cost Heuristic 5

hrelaa:C (S)ZfA(S) =0
hretazc (S) + hmazc (S)otherwise
2

Even though that this heuristic may improve the cost esti-
mates during the planning phase, there is still one drawback
in its computation. Notice that the penalizing cost factor
would be based on thk,,..c(S) estimate, which returns
the maximum proposition cost froi. If the propositionp
with the maximum cost does not belong to any mutex rela-
tion, then it should not be part of the penalizing cost factor
given that it is not part of the negative interactions of the
stateS. A way to improve the penalty estimate would be to
consider every pair of interacting propositions in theestat
and pick the pair with the biggest interaction degree. This
idea has been explored AltAlt too, and could be also used

hadeelC(S) = {

to find a better cost penalty factor. The binary interactien d
gree among two propositions has been defined in (Nguyen,
Kambhampati, & Sanchez 2002), and it could be computed

using:
Amaa: (S) = maxp,qESA({pa Q}) (3)

This estimate then could be used to determine which
propositions are more related to the negative interactibns
the state, such that we could consider them to get the penalty
cost factor. The following heuristic would take into accbun
these issues.

Adjusted Relax2 Cost Heuristic 6

hrelaxC(Sa )ZfAmax(S) =0
else h’relaa;C(S) + hmawC({gl y 92})
(4)

hadjrer2c (S) = {

whereA,,,q.(S) = A({g1,92}).

Evaluation plan

It is hard to evaluate our approach because there are
no benchmark PSP problems and alternative planning ap-
proaches. Therefore, we have decided to use existing
STRIPS planning domains from the last International Plan-
ning Competition (Long & Fox 2002), and randomly gener-
ate costs and utilities for each particular planning proble
We have run an initial set of experiments on the DriverLog
domain from AIPS 2002, in which we compare our approach
AltAltPs with a variant of it that selects every single goal in-
stead of finding a subset of them. The aim of this initial set
of experiments is to demonstrate the impact of partialiwati
in the quality of the solutions generated. We can see these
initial results in Figure 2. Notice that in fa@&ltAlt?s re-
turns better quality solutions than its counterpart. Thept
approach is not able to find solutions for most of the prob-
lems (e.g. there is no benefit in conjunctive solutions).
Additional empirical evaluation is required to compare
the effectiveness of our greedy algorithm with respect to op
timal solutions generated by an IP or MDP based approach.

Conclusions and future work

In this paper, we introduced a generalization of the classic
planning problem that allows partial satisfaction of gaai
juncts. We motivated the need for such partial satisfaction
planning (PSP), and developed a heuristitAlt ?* ) plan-
ner for it. Our greedy approach is enriched with a family of
cost-based heuristics extracted from a planning graph data
structure. Our preliminary empirical results show that the
heuristic approach is able to generate plans whose quality
is much better than the ones generated by a normal planner
that avoids partialization.

Our future work will extend our greedy framewdrko
more complex planning problems. Specifically, we plan to

3An initial version of our work has been submitted to the Work-
shop of Integrating Planning Into Scheduling at ICAPS-2004.
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Figure 2: Impact of Partialization

consider problems in which goals may be interacting (e.g.
they are mutexes), requiring a more aggressive account for
interactions. We also plan to extend our approach to han-
dle more sophisticated metrics (e.g. resource usage,-multi
objective estimations). We also plan to evaluate more for-
mally AltAltPs with respect to optimal approaches (e.g.IP
based, etc). Finally, we would like to further investigdte t
techniques used to solve over-subscription schedulinig-pro
lems to improve our partialization approach.
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