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Abstract: In order to extract domain-independent heuristics from the specification of a planning problem, it is
necessary to relax the given problem and then solve the relaxed one. In this paper, we present a new
planning graph, Merged Planning Graph(MPG), and GD heuristics for solving contingent planning
problems including both uncertainty about the initial state and non-deterministic action effects. MPG is a
new version of the relaxed planning graph for solving the contingent planning problems. In addition to the
traditional delete relaxations of deterministic actions, MPG makes the effect-merge relaxations of both
sensing and non-deterministic actions. Parallel to the forward expansion of MPG, the computation of GD
heuristics proceeds with analysis of interactions among goals and/or subgoals. GD heuristics estimate the
minimal reachability cost to achieve the given goal set by excluding redundant action costs. Through
experiments in several problem domains, we show that GD heuristics are more informative than the
traditional max and additive heuristics. Moreover, in comparison to the overlap heuristics, GD heuristics
require much less computational effort for extraction.

1 INTRODUCTION both sensing and non-deterministic actions. Parallel

to the forward expansion of MPG, the computation
Most of planning problems encountered in the real of GD heuristics proceeds with analyss of
world environments have some uncertainty in both interactions among goals and/or subgoals. GD

the initial state and action effects. We call it heuristics estimate the minimal reachablllty cost to
contingent planning to generate plans with achieve the given goal set by excluding unnecessary
conditional branching based on the outcomes of action costs. Through experiments, the performance
sensing actions for such environments with partial of our (.‘u_D_heunstl_cs_wHI be compared with those of
observability and non-determinism. A well-known other existing heuristics.

technique for finding a contingent plan is to search

over belief states (Bonet and Geffner, 2001).

However, the size of the belief space for a 2 CONTINGENT PLANNING
contingent planning problem is exponentialy larger PROBLEMS

than that of the corresponding state space. Therefore,
in order to find a contingent plan in tractable time,
we need powerful heuristics to guide efficiently the
belief space search.

In order to extract domain-independent heuristics
from the specification of a planning problem, it is
necessary to relax the given problem and then solve
the relaxed one (Hoffmann and Brafman, 2005). In
this paper, we present a new planning graph, Merged
Planning Graph (MPG), and GD heuristics for
solving contingent planning problems. In addition to
the traditional delete relaxations of deterministic
actions, MPG makes the effect-merge relaxations of

We assume to find effective heuristics for solving a
contingent planning problem, like the one in Figure
1. The example problem given in Figure 1 is from
the dinner domain, which includes one sensing
action, sense garbage, and one non-deterministic
action, cook. We notice that both sense garbage and
cook actions have multiple possible outcomes as
described in their action definitions. Figure 2 shows
a contingent plan as solution for the example
planning problem given in Figure 1. It contains
multiple branches, every of which ends with a belief
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state satisfying all goa conditions. While the
occurrence of a sensing action during belief space
search generates more than one AND branch, in
general, the occurrence of a non-deterministic action
generates more than one OR branch. Through this
kind of AND-OR search on the belief state space,
we can find a contingent plan whose every AND
branch guarantees satisfaction of all goal conditions.

= {unknown_garbage, —dinner, Tpresent}
G = {dinner, present, cleant

Action Preconditions Effects

{dinner}
cook tcleant {dinner, garbage, —clean}
carry {garbage} {clean, —garbage}
{garbage, —clean
sense. {unknown_garb | Tunknown_garbage}

{clean, —garbage
—unknown_garbage}

{presentt

garbage |age}l

wrap {cleant

Figure 1: An example of contingent planning problem.

{unknown_garbage,
—dinner, —present)

sense_garbage

{~unknown_garbage,
clean, ~garbage,
—dinner, —present}

{~unknown_garbage,
garbage, -clean,
—dinner, —present}

{~unknown_garbage,
clean, ~garbage,
dinner, —present}

{-unknown_garbage,
garbage, -clean,
dinner, —present}

{~unknown_garbage,

clean, -garbage,

dinner, present}

Figure 2: A contingent plan for the example problem
described in Figure 1.

3 HEURISTICSFOR BELIEF
SPACE SEARCH

Consider possible transitions from a belief state by
executing an action. As illustrated in Figure 3 (a),
execution of a deterministic action makes a
deterministic transition to a single belief state.
However, as shown in Figure 3 (b), execution of a
sensing or non-deterministic action makes a
transition to one of multiple different belief states. In
our work, we assume that a sensing action has only
two different effects.

In order to find a contingent plan from the belief
space search, a good distance-based heuristic is
needed. We should answer the questions of how to
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Figure 3: Possible transitions on a belief space.

compute belief state distances and which measures
are most effective. Many approaches estimate belief
state distances in terms of individual state to state
distances between states in two belief states as
shown in Figure 4 (a). The distance between two
belief states in Figure 4 (b) can be estimated by
aggregating theindividual state distancesin Figure 4
(a). Existing approachesto estimating the belief state
distance are to select the maxima one from the
corresponding individual  state distances (Max
heurigtics), to sum al state distances (Additive
heuristics), or to add some part of state distances by
computing arelaxed plan (Overlap heuristics).

d'(by bioo)
(b)
Figure 4: Estimating the distance between two belief states.

4 MERGED PLANNING GRAPH

The relaxed planning graph, which is an efficient
data structure used to compute search heuristics for
classica planning problems, is built from only
delete-relaxed deterministic actions. However, in
order to use the relaxed planning graphs for solving
contingent planning problems, additional relaxations
of sensing and non-deterministic actions are needed
(Bryce, €t d., 2006). Recent some works (Bonet and
Geffner, 2005) tried to make effect-determinization
of non-deterministic actions, which splits a non-
deterministic action into multiple deterministic
actions. In this paper, we propose a new kind of
relaxations for both sensing and non-deterministic
actions, effect-merge relaxations.
e Effect-merge relaxation of a sensing action:
transformation of a sensing action os; having
two different effect sets, effect;(osr)={f} and
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effect,(0s1)={ —f}, into the deterministic action
Ost-merge NAVING @ single effect set, effect(os+.

merge)={ f, =, =unknown_f}.

e FEffect-merge relaxation of a non-deterministic
action: transformation of a non-deterministic
action o,y having k different effect sets,
effect(0,9) i=1, ..., k, into the deterministic
action Ongmege NaVing a single effect set,
eﬁeCt(ond-merge):Ui:l,...,k effect;(0pq).

With effect-merge relaxations, every sensing and
non-deterministic action can be transformed into its
corresponding deterministic action. We propose a
new relaxed planning graph built from effect-merge
relaxed actions instead of sensing and non-
deterministic actions.
e Merged Planning Graph (MPG): the merged
planning graph expanded from a belief state by,
during belief space search to solve a contingent

planning problem Ppong = (b1, G, O4gUOUO),
is built from multiple literal layers and action
layers in the following way:

- Theinitia literal layer Lg includes all literals
representing the belief state by,
- The k-th action layer Ay is built from any

actions 0€  OyUOng.merge Osmerge  WhoOsE
every precondition is satisfied with literals
on the k-th literal layer. Oy denotes the set
of deterministic actions. Opg.merge @nd Os.
merge FEPresent the set of effect-merged non-
deterministic actions and the set of effect-
merged sensing actions respectively.

- The (k+1)-th literal layer Ly.; is built by
adding the deleterelaxed effects of all
actions on the k-th action layer Ay into the
set of literals on the k-th literal layer L.

- When the literal layer L., includes all goal
literals in G, or is equal to the literal layer
L, the graph expansion ends. L., becomes
the last layer of the merged planning graph
for the belief state by,

5 GDHEURISTICS

Computation of our GD(Goal Dependency) heuristic
for a belief state by, proceeds parallel to the forward
expansion of a merged planning graph (MPG) from
the belief state by, layer to layer. Whenever the
graph expands a new literal layer Ly, the set of goal

literals G,CG put on the layer Ly is found, and then
the minimal cost to reach G, from the belief state by,

is computed based on the equation (1) and (2).

costym (Gy) = Z CoStpm(8) D

g€Gyk
costym (g) = min{cost(0) + costym (pre(0)) | 5
g € effect(o) and o0 € A;_4} @
In order to estimate the minimal cost to reach the
goal set Gy, possible positive interactions among

each goals ge Gy are analyzed using a data structure
called closeGoals, asillustrated in Figure 5.

closedGoals

Gi={lar }

Lewvel O Level 1 Level 2

Figure 5: An example illustrating the process to compute
GD heuristics.

By summing up the minimal costs to reach the goal
set Gy for k=0, ..., n, the GD heuristic for the belief
state by, is obtained, as formulated in (3).

hoo(om) = ) costym(Gi) ©

Figure 6 and 7 summarize the agorithm for
computing the GD heuristic for a belief state by,.

1. | GD_Heuristics(b,,,. G. O)

2. |/ bw g bedef stale, & ihe sel of goais

3. 0 jhe sei of effeci—merged aclions, 1.a.

4. O = Oy U Oramems U Oamans */

5. |Begin

6. total_cost =

7. L = closedGoals = b

8. k=1

9. while (G & L. {

10. (& . LJ = MPG_Expand_Lewel{l, ,, O}
11. Gy = Find_Goals(L., G

12, (goal_cost, clozedGoals) =

13 Estimate_Cost{(G,. A... closedGoals)
14, total_cost += goal_cost:

15, k=k+ 1.

16, F

17. return total_cost;

18.[end

Figure 6: Algorithm for computing GD heuristics.

6 EXPERIMENTS

In order to evaluate the accuracy and computational
efficiency of our GD heuristics based on the merged
planning graphs (MPG), we conducted some
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1. |Estimate_Cost{Gk. A, closedGoals)

2. |Begin

3. goal_cost = 0;

4, For each 9=G. st 9& closedGoals do

5. Select an action o from & st, 9 = effectio)
6. If predo) C closedGoals then

7. goal_cost += cost(oh

8. else

9, geoal_cost += costio) + max_levelipre(o))
10, closedGoals = closedGoals U effect{o);

11. End

12, Return (goal_cost, closedGoals)

13.[End

Figure 7: Estimate_Cost function.

experiments solving the contingent planning
problems randomly generated from four different
domains. Table 1 shows the reachability cost
estimates of each different heuristic for the same
initial belief state. We notice that the cost estimates
of our GD heuristics are much closer to the actual
minimal costs than those of the max and additive
heuristics, and are not much worse than the overlap
heuristics.

Table 1: Comparison of cost estimates.

Problems Robot Domain Block Domain
Heuristics pl |p2 | p3 | pd | p5|(pl |p2|p3|pd | P
Minimal Cost| 5 5] 3 9 11 3 5 Tol10 14
hax 3|47 5 3 3 3 | 4 E 4
Additive T 9 |16 | 13| 20 3 10 (17| 20| 34
Cverlap 5 5] 9 8 10 B 5 8 |10|16
GD 5|6 10| & [13]| 8 a9 (1118 |22

Problems Dinner Domain Truck Domain
Heuristics pl(p2 | p3 |pd | p5|(pl |p2 |p3|pd | pPb
Minimal Cost| 4 |5 | B T 3 4 5 | 8 9 |10
bz 2 2 3 4 4 3 4 5 5] 7
Additive T 5] 9 11 (14 ] 5 9 (1214 |17
Overlap 3 5 5] T 8 4 5] 8 8 =]
D 4 | b 5] 53 9 4 5] 3 9 11

Figure 8: Comparison of search space sizes.

Figure 8 compares the search space sizes in terms of
generated states. Our GD heuristics and the overlap
heuristics expanded much smaller search space than
both the max and additive heuristics. This result
implies that our GD and overlap heuristics are much
more informative than the max and additive
heuristics.

Table 2 and 3 compare our GD heuristics with the
overlap heuristics (Hoffmann and Nebel, 2001) in
terms of subgoals generated and actions investigated
during extraction process, respectively. We notice
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Table 2: Comparison of generated subgoals.

Problems Robot Domain Block Domain
Heuwristics | pl1 | p2 |p3 |pd (pb | pl (P2 | p3 |(pd | pb
Overlap 1T (1317192313 |13 |17 |26 | 34
GD 3|33 |3 |3 |6]|6]|8|12]|16
Problems Dinner Domain Truck Domain

Heuristics | pl1 | p2 |p3 |pd |pb | pl (P2 | p3 [pd | pb
Cverlap 3|9 (141418 8§ 12|16 |16 |18
[e]s] Sl4 |54 |63 |33 ]|3)|=

that the overlap heuristics building a complete
relaxed plan for each belief state consumed much
more computational effort than our GD heuristics.

Table 3: Comparison of investigated actions.

Problems Robot Domain Block Domain
Heuristics™| p1 |p2 | p3 |p4 |p5 | pl | P2 | P3 | p4 | P5
Cverlap 5 5] g o |11 ] 8 |12 [14 |24 |28
GD 3 3 3 3 3| 4 [S] g |12]18
Problems Dinner Domain Truck Domain

Heuristics™| p1 |p2 |p3 |p4 |p5 | pl | p2 | pS | p4 | PB
Crerlap B G |10 10|13 | 4 5] 3 a8 =l
=D 5 4 5 4 5 3 3 3 3 3

7 CONCLUSIONS

In this paper, we proposed Merged Planning Graphs
(MPGs), and GD heuristics for solving contingent
planning problems. Through experiments in some
problem domains, we showed that GD heuristics are
more informative than the traditiona max and
additive heuristics. Moreover, in comparison to the
overlap heuristics, GD heuristics require much less
computational effort for extraction.
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