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Abstract ablesyn, local equality constraints, anglocal inequal-
ity constraints in stage ¢t = 0,..., N. Such partition-

We study the partitioning of temporal planning prob-
Hey paritioning P P 'ng p ing decomposes the variable vectoe Z of the prob-

lems formulated as mixed-integer nonlinear program- .
ming problems, develop methods to reduce the searchIem into N + 1 subvc;c_torsz(o), -5 2(N), wherez(_t)
space of partitioned subproblems, and propose algo- —. (21(t),- - -5 20, (8))" IS aut-elementstaz}elz Ve°t°“f.‘
rithms for resolving unsatisfied global constraints. The mixed space and stage and ;(t) 'S thel dynamic
algorithms are based on the necessary and sufficientState variable The MINLP formulation is as follows:

extended saddle-point condition for constrained local (Pr) : min - J(z) 1)
minimization developed in this paper. When compared subject to h(t)(z(t)) —0 g(t)(z(t)) <0
with the MIPS planner in solving some PDDL2.1 plan- o ’ -
: o : : and H(z) =0, G(z) <.

ning problems, our distributed implementation of MIPS
shows significant improvements in time and quality. Here, h(Y) — (hgt)7 . hgfl)t)T andg(t) = (ggt)7 .

) gﬁ?)T are vectors of local-constraint functions that in-
1. Introduction volve z(t) and time in stage; andH = (Hy, ..., H,)T

andG = (Gy,...,G,)" are vectors of global-constraint

A temporal planning problem involves arranging ac- fynctions that involve state variables and time in two or

tions and assigning resources in order to accomplishpgre stages. A solution to (1) ispian that consists of
given tasks and objectives over a period of time. It can the assignments of all the variables:in

be defined by a set of states with discrete, continuous, or Partitioning is possible in temporal planning prob-
mixed variables; a discrete or continuous time horizon; a |oms because many of their constraints and objectives
set of actions deflnlng valid state transm_ons; a set of ef- 516 related to activities with temporal locality.

fects to be evaluated in each state or action; a set of con-

straints to be satisfied in each state or throughout an ac, planning problem into disjoint subsets before solving

tion; and a set of goals to be achieved. the problem. First, when the search space of the problem

Many Ianguageg and schemes have been develope exponential in size, we can reduce the base of its expo-
to represent planning prob'ltlems, such as STRIP,S [6]'nential complexity by reducing the search space of each
PDDL [7], and planner-specific languages [4]. In this pa- 2 itioned subproblem beforehand. As a simple illustra-
per, we formulate a planning problem asied-integer  yjo “consider a problem that has been partitioned into
nonlinear progrgmmmngNLP) problem. _ . N + 1 stages, each of which h&slocal states and of

Qur f.ormulclatuon assumes that thg cont|nuous.t|me these states satisfy the local constraints. Without resolv
horizon s partitioned idV -+ 1 stages, with, local vari- ing the local constraints ahead of time, the search space

of the partitioned problem has a worst-case complex-
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ministration Grant NCC 2-1230 and the National Science Foun ity of O.(S ) In contrast, by .ﬁrSt resowmglthe Io.cal
dation Grant ITR 03-12084. constraints, the search space is reduceg o' possi-

Proc. IEEE International Conference on Tools with Artifidia ble paths. Although an additional overhead is needed to
telligence, 2003. resolve the local constraints in each stag¢q) worst-

There are two reasons for partitioning the variables of




case complexity), it is obvious that there will be a signifi- 2.1. Temporal Planning Methods

cant reduction in complexity when< S. In this paper,

we develop new necessary conditions and efficient im-  EXisting Al planning and scheduling methods can be
plementations to further reduce the space in each parti-classified based on the their state and temporal represen-
tion. Second, variable partitioning leads to smaller plan- tations and the search techniques used.

ning subproblems of similar nature. As a result, existing ~ Discrete-time discrete-state methoatsnsist of sys-
planners can be employed to solve these subproblemgematic searches, heuristic searches, local searches, and
with little or no modification. Without the need to de- transformation methods.

velop new planners to solve each subproblem, pruning ~ Systematic searches that explore the entire state space
techniques in existing planners, such as constraint prop-are complete solvers. Examples include UCPOP, Graph-
agation, can be employed to further reduce the searchplan, PropPlan, and System R. Systematic solvers are

space of these subproblems. not amenable to variable partitioning because locally
Although there are significant benefits in partition- feasible or optimal plans in partitioned variable space
ing, existing planning algorithms in artificial intelli- May not satisfy all global constraints.

gence and optimization techniques in mathematical pro- ~ Local searches employ heuristic guidance functions
gramming do not exploit partitioning except in some tO search in discrete path space. Examples include HSP,
special cases, such as problems with partitionable con-FF. AltAlt, GRT, and ASPEN. Heuristic solvers do not
vex subproblems. The difficulty of partitioning in gen- Work well with partitioned plans because their guidance
eral is that there are no good methods for resolving heuristics are generally computed over the entire time
global constraints after the partitioned subproblems havehorizon in order to estimate the distance from a state to
been solved. Dynamic programming cannot be applied the goal state.
in temporal planning with global constraints because a  Transformation methods convert a problem into a
partial feasible plan that dominates another partial feasi constrained optimization or satisfaction problem before
ble plan in one stage will fail to hold when the dominat- Solving it by existing SAT and ILP solvers. Examples in-
ing plan violates a global constraint in a later stage. ~ clude SATPLAN, Blackbox, and ILP-PLAN. They are
In this paper, we develop strategies to partition the MOt amenable to variable partitioning b_ecause they rely
search space of temporal planning problems and eval-On Solvers that do not support partitioning.
uate algorithms for resolving unsatisfied global con- ~ Discrete-time mixed-state methodmploy system-
straints. We first summarize in Section 2 the limitations 2l searches, heuristic searches, and transformation
of existing planning techniques in artificial intelligence Methods. Examples include SIPE-2, O-Plan2, Metric-
and search methods in mathematical programming. WeFF: GRT-R, and LPSAT. The search methods employed
present in Section 3 the necessary and sufficient ex-PY these planners are not amenable to partitioning for
tended saddle-point condition for constrained local min- réasons similar to those discussed above. _
imization in mixed space. Since the condition is true for _ €ontinuous-time mixed-state methais be classi-
all Lagrange multipliers larger than some critical multi- fiéd into systematic, heuristic, and local searches. Ex-
pliers, we propose an iterative approach to look for La- @mples include LPG, MIPS, Sapa, ZENO, SHOP2,
grange multipliers that are larger than the critical mul- TALplanner, and Europa. The methods in these plan-

tipliers and to look for variable assignments that mini- N€rs rely on global information in their search and do
mize the Lagrangian function. In Section 4, by choos- MOt have mechanisms to combine the solutions of parti-

ing a suitable neighborhood in mixed space, we fur- tioned subproblems into global solutions.

ther reduce the search into stages in order to look for ) ]

distributed saddle points in each stage, and we resolve2-2. Mathematical Programming Methods

global constraints across multiple stages in an outer loop . ) . .

by choosing suitably large Lagrange multipliers. Finally, !N this section, we survey existing techniques on con-
we demonstrate in Section 5 our approach by using t_mqou_s and r_mxed-mtegeroptlm|z§tlon and discuss their
the MIPS planner to solve partitioned subproblems and limitations with respect to partitioning.

show significant improvements on some benchmarks. Continuous nonlinear programming (CNLP) meth-
ods.We examine two sets of conditions used in exist-

) ing methods for solving CNLPs. Consider the follow-
2. Previous Work ing CNLP with continuous and differentiable functions

frh=(h1,...,hm)T andg = (g1,...,9-)7:
In this section, we summarize the shortcomings of ) T "
some existing work related to Al planning and La- (Fe) :minf(z) wherez = (z1,...,2,)" € R* (2)
grangian methods in optimization. subjectto h(z) =0 and g(z) <0.



The goal of solvingP, is to find a constrained local
minimumz with respect toV,(z) = {2’ : ||2/ — z|| <
e ande — 0}, thecontinuous neighborhooof z.
Definition 1. Pointz* is a CLM,, a constrained local

minimum in continuous neighborhood B, if 2* is fea-
sible andf (z*) < f(z) for all feasiblexr € N, (z*).

Based on Lagrange-multiplier vectoks= (A, ...,
An)T € RMmandy = (p1,...,u)T € R", the La-
grangian function of?. is defined as:

Lz, A, p) = f(2) + AT h(x) + p"g(x). ®3)

a) Karush-Kuhn-Tucker (KKT) necessary condi-
tion [2]. Assumingz* is aC LM, and a regular point,
then there exist uniqug* andp* such that:

“4)

wherep; > 0andu; =0 Vj ¢ A(z*) ={i| gi(z*) =
0} (the set of active constraints).

V. L(z*, \*, u*) = 0,

The unique\ andp that satisfy (4) can be found by
solving a system of nonlinear equationsinu, andz.
As an illustration, consideP, with only equality con-
straints. By specializing KKT, we obtain a system of
n + m equations im + m unknowns:

Vf(z)+ B(z)TA

F(xz,\) = h(z) =0,

®)

whereB(z)T = [Vhy(x), ..., Vh,(x)] is the Jacobian

c) Penalty formulations. A static-penalty ap-
proach[10] transformsP, into an unconstrained mini-
mization with the following objective function:
Ly(z,7, %) = f(z) + 7" |h(2)]” + ¢ max(0, g(«))”,
wherep > 0. By choosingp = 1, there exist finite and
sufficiently large penalty vectors € R™ andy € R”
such thatz*, a global minimum ofL,(z,~, 1), corre-
sponds to @onstrained global minimufC' G M) of P..
Hence, findinge* by an unconstrained global optimiza-
tion algorithm amounts to finding@G M. of P.. How-
ever, the approach is hard to apply in practice because
andt must be large enough in order for the global op-
timality of 2* to hold for all points in the search space.
This makes the function very rugged to be searched ef-
fectively.

A dynamic-penalty approacfiQ] increases penal-
ties gradually and solves a sequence of unconstrained
problems. The requirement of finding a global optimum
of L,(x,~, 1) for each unconstrained problem may be
computationally expensive in practice.

Mixed-integer NLP (MINLP) methodsenerally de-
compose a MINLP into subproblems in such a way
that, after fixing a subset of the variables, each result-
ing subproblem is convex and is easily solvable, or can
be relaxed and be approximated. There are several types
of these algorithms, including generalized Benders de-
composition (GBD), outer approximation (OA), gen-
eralized cross decomposition (GCD) and branch-and-
reduce methods. All those methods require the functions

of the constraints. In general, a solution method solving of subproblems to be convex or factorable.

(5) needs to involve all the and A variables and does
not work with multiple subproblems with a partitioned
variable space.

b) Sufficient saddle-point conditid®, 1]. The con-

In this paper, we focus on the resolution of global
constraints after decomposing a large problem into sub-
problems. Since our approach does not require the de-
composed subproblems to be convex or factorable, it is

cept of saddle points has been studied extensively in themgre general than existing approaches.

literature. Herex* is a saddle point of, if there ex-
ist \* andp* such that:

L(z*, A\, p) < L(x*, X", 1) < Lz, \*, u*) (6)
for all x satisfying|jz — z*|| < e and allA € R™ and
1 € R". This condition is only sufficient but not neces-
sary; that is, ifx* is a saddle point, then* is aC' LM,
but the converse is not true. Henceyif is a CLM,,
there may not exist* andy* that satisfy (6).

The existing saddle-point condition is also not

3. The Necessary and Sufficient Extended
Saddle-Point Condition

In this section, we present oaktended saddle-point
condition (ESPC) in mixed space. By using a new
Lagrangian function with transformed constraints, we
show that ESPC is necessary as well as sufficient and
is satisfied for a range of Lagrange multipliers. The lat-
ter property is important because it allows any algorithm

amenable to partitioning because it requires solving for implementing ESPC to be partitioned.

unigueX* andp*. Moreover, it is only a sufficient con-
dition and does not cover all possilfl&. M...

1 Pointz is said to be aegular point[9] with respect tah if gradi-
entvectorsVhi(z), ..., Vhmn(z) atz are linearly independent.

3.1. ESPC for Mixed Optimization

Consider the MINLP whos¢, g andh are continu-
ous and differentiable functions with respect to the con-



tinuous subspace:
(Pm) :

min f(z,y), © € R" andy € D
T,y

subjectto h(z,y) =0 and g(z,y) < 0.

@)

The goal of solvingP,, is to find a constrained lo-
cal minimum(z, y) with respect toV,,, (z, y), the mixed
neighborhood ofz, y). As a discrete neighborhood is a

user-defined concept, a mixed neighborhood is a user-

defined concept as well. In our theory, we use the fol-
lowing definitions.

Definition 2. A user-defineddiscrete neighborhood
Na(y) of y in discrete spac®™ is afinite user-defined
set of points{y’ € D"} in such a way that/ is reach-
able fromy in one step, thay’ € N;(y) < vy €
Na(y'), and that it is possible to reach eveyy from
anyy in one or more steps through neighboring points.

Definition 3. A user-defined mixed neighborhood
N (2, ) in mixed spac&R? x DY is:

Noter) = {14 €M)}
U {1y exa}

Definition 4. Point(x*, y*) is aconstrained local mini-
mum in mixed neighborhodd L M,,,) of P,, if (z*,y*)
is feasible andf(z*,y*) < f(«,y) for all feasible
(z,y) € N (2, y").

Definition 5. The transformed Lagrangian function for
P, in (7) is defined as follows:
Lin(2,y,0,8) = f(z,y)+a”|h(z,y)|
+ B max(0,g(z,y)).

(8)

9)

Theorem 1. Necessary and sufficient ESPC'dnV/,,,

of P,,. Suppose(z*,y*) € RY x D¥ is a point in
the mixed space oFf,,, and the gradient vectors of the
equality and the active inequality constraints for given
y* are linearly independent. Thén*, y*) is aCLM,,

of P, iff there exist finitea* > 0 and3* > 0 such that,
for anya™* > o* andg** > g*, the following condi-
tion is satisfied:

Lm(x*vy*aavﬂ)

m(l'*ay*aa**aﬁ**)

< L
S Lm(x7 y’ a**’ﬁ**)

(10)
forall (z,y) € N (z*,y*), @« € R™, andg € R".
The following corollary facilitates the implementa-

tion of ESPC in (10) and follows directly from the def-
inition of N;,,(z,y). This definition allows (10) to be

partitioned into two independent necessary conditions.

a—0;8—0;
repeat
increasey; by § if h;(x,y) # 0 for all 4;
increases; by § if g;(z,y) £ 0forall 5;
repeat
perform descent ok, (z, y, «, 8) wrt z for giveny;
until a local minimum ofL,,, (z, y, o, 3) wrt z is found;
repeat
perform descent ok, (z, y, «, 8) wrt y for givenz;
until a local minimum ofL, (z, y, ., 3) wrt y is found;
until aCLM,, of P, is found or ¢ > a* andg > 3*);

Figure 1. Pseudo code showing the implemen-
tation of ESPC for assumed &* and 5*.

Corollary 1. Given N, (z,y) defined in (8), the ESPC
in (10) can be rewritten as three necessary conditions
that, collectively, are necessary and sufficient:

Lm(x*ay*7aaﬁ) S Lm(x*>y*7a**aﬁ**oll)
Lm(x*,y*,a**,ﬁ**) S Lm(x*,y,a**,ﬁ**)(IZ)
Li(2™,y", 0™, %) < Lp(z,y", o™, 57)(13)

wherey € Ny(y*) andz € N (z*).

3.2. Implementation Considerations

An important feature of ESPC over the original
saddle-point condition in (6) is that, instead of finding
unique \* and p* that minimize L(z, \*, u*) at z*, it
suffices to minimizeL,,, (z, y, o**, 5**) by finding any
o > o andg** > *. Such a property reduces the
implementation to an iterative search, instead of solv-
ing a system of equations.

Figure 1 shows the pseudo code which sol¥gs
by looking for z*, y*, o**, and §** that satisfy (11)-
(13). By performing separate descentdgf(z, v, a, 3)
in the continuous and discrete neighborhoods in the
two inner loops, it looks for a local minimurfi*, y*)
of Ly, (z,y,,3) with respect to points inV,,(z,y)
that satisfy (12) and (13). The outer loop performs as-
cents for unsatisfied global constraints and stops when a
CLM,, has been found.

Despite the simplicity of the implementations, there
are three considerations to need to be noted.

First, the algorithms do not prescribe how largand
[ should be increased. Obviously, suitable upper bounds
on « andg need to be chosen in practice. For the same
reason as in dynamic penalty methods described in Sec-
tion 2.2, and g should be increased gradually in order
to help the search escape from local minima of the La-
grangian function. Once: and 3 reach the prescribed

Note that such partitioning cannot be accomplished if a upper bounds, they may need to be scaled down and the

mixed neighborhood likV.(z) x Ny(y) were used.

search repeated. The reason for reduciramdg in this



case is to allow the search to move to a different region tion will need to be further decomposed in the same way

of the Lagrangian function, in case that it is stuck in an as in Figure 1. To enable the partitioning of ESPC into

infeasible local minimum of the constrained model. independent necessary conditions, we define the neigh-
Second, the number 6fL M, in the search space of borhood of plarx as follows:

a problem depends on the size of the neighborhood ChO'Defmmon 6.\, (2), the partitionable mixed neighbor-

sen. It is clear that if the neighborhood of each point is 5o of planz, is defined as:

the entire search space itself, then @M, found is

also a constrained global minimum, and the number of N

CLM,, in the search space is the smallest. In practice, Ny (2 U /\/(t) U {Z 2'(t) € Nin(2(t))
we choose a neighborhood that allows a search to be par- t=0

titioned into those of continuous and discrete subspaces. andz'(i | i #£1) = z(i)}, (14)
A neighborhood likeV, (z) x M4 (y) is not a good choice

because it is not partitionable.

Third, the pseudo code in Figure 1 does not spec-
ify how descents in the inner loop are to be per-
formed. In solving problems with closed-form contin- Intuitively, NV, (z) is partitioned intoN + 1 disjoint
uous and differentiable functions, existing descent pro- sets of neighborhoods, each perturbing one of the
cedures, like Newton’s search, will need to be modified stages ofP;. By consideringPr in (1) as an MINLP,
to account for the discontinuities Hi(z,y)| = 0 and we can apply (9) and Theorem 1 to get the ESPC con-
max(0,g(z,y)) = 0. In temporal planning problems, ditions. Based on the partitionable neighborhood, these
since their functions may not be in closed form, heuristic conditions can be further partitioned into a set of dis-
descent procedures can be used to look for local minimatributed conditions.
of the Lagrangian function. Probes in a search space ca
be generated based on deterministic, probabilistic, or ge-
netic mechanisms and be accepted based on determin-
istic or _stochgsnc criteria. For. example, the s_tochasnc Lon(z, a0, 8,7, 1) +Z{ Tih t) )
constrained simulated annealing (CSA) algorithm [11]
generates new probes randomly in one of the variables,
accepts them based on the Metropolis probability when + B(t)" max(0, g(t)(z(t))}

where V,,,(z(t)) is the mixed-space neighborhood of
state vectoe(t) in staget.

"Definition 7. The transformed Lagrangian function for
Prin (1) is defined as follows:

L,, increases along the or y dimension and decreases T T

along ther or 3 dimension, and stops updatingand3 AT IH ()| + 0 max(0, G(2)), (15)

when all the constraints are satisfied. wherea(t) = (ai(t),..., am,(t)) € R™, B(t) =
(Br(t),- - Br, (1) €ER™ v = (1., %) ER, and.

4. Partitioning of the ESPC n=(m,...,ng) € R are vectors of Lagrange multi-

pliers.
In this section, we partition the ESPC presented in
the last section into a set of conditions that collectively
are necessary and sufficient. By defining a partitionable
neighborhood for planning probled;, we show that
the search folC' LM, can be reduced to finding local

Theorem 2. Partitioned necessary and sufficient ESPC
onCLM,, of Pr.Planzis aC LM, of (1) with respect

to NV, (z) if and only if the following NV + 2 conditions

are satisfied:

saddle points in each stage Bf- and to the resolution T (2%, a(t), BE), 7" ™) (16)
of unsatisfied global constraints by choosing appropri- < Do(2, ()™, B~ ™),
ate Lagrange multipliers. Finally, we show an iterative T (2" a(;)** B, * ™) (17)
implementation of the partitioned conditions. Tl F;n(Z, a(g)**’ :8(16)**, Y,

o . Lm(Z*a ™, B, 77) (18)
4.1. Necessary and Sufficient ESPC for Parti- < L (2,0, B, 7™ ™),

tioned Problems
forall z € N (z*) anda(t) e R™, B(t) e R, y €
The goal of solvingPr in (1) is to find a planz RP,n € R andt =0,..., N, where
that is aC'LM,, with respect to its mixed neighbor-
hood\V;, (). To simplify our discussion, we do not par- L (z, a(t), 5( )7 1m) = J(2) + a(t) RO (=(t))]
tition z into discrete and continuous parts in the follow- + 6" Inax( ,g® ( ()))
ing derivation, although it is understood that each parti- +~T1H(2)| + nT max(0, G(z)). (19)



in an outer loop. The search terminates when a feasible
Lu(z,,8,7,m1, , tofindy™ ands" local minimum in the constrained model is found.
T'n(0,2,(0), 8(0), %) T 40 0y It is important to point out that the traditional La-
grangian theory cannot support the iterative search de-
scribed above. In the traditional theory, each stage
related to a global constraint will require a unique

[ (0, 2, a(0), 5(0), 7, 7])15(0)

¢ Lagrange-multiplier value for this constraint. Since pos-

Con(N, 20V, BV, 7.1 Tyt sibly different m_uIti_pIie_r values may be as_,socit_:lted with

‘ - a global constraint in different stages, an iterative dearc
Tn(NV, 2, a(N), BN), %, |y will have difficulty to converge to a single multiplier

value for each global constraint.

Figure 2. An iterative implementation of the 5. A Distributed Implementation of MIPS
partitioned necessary and sufficient ESPC in )
(16)-(18) to look for  C'LM:, of Pr. In this section, we describe briefly the algorithms

used in the mixed-space MIPS planner, the PDDL2.1
benchmarks tested, and our experimental results. For
comparison, results on the application of our approach
By using a partitionable neighborhood, Theorem 2 o, the discrete-space ASPEN planner [4] has been re-
shows that the original ESPC in Theorem 1 can be ported elsewhere [3].
partitioned into multiple necessary conditions, each of  \jps [5] is a heuristic anytime planner that performs
which corresponds to finding a saddle point in a stage of static analysis of a problem instance in mixed space and
the original problem. Consequently, solving the original continuous time, searches for an optimized sequential
problem is now reduced to solving multiple smaller sub- pjan, and performs a critical path analysis called PERT
pr0b|emS, Whose SO|uti0nS are CO”eCtiVely necessary forto generate Op“ma' para”e| p|ans from a Sequence Of Op_
the final solution, and to the resolution of global con- erators and their precedence relations. Using a weighted
straints across subproblems. By reducing the solution 4+ algorithm, it finds an optimal feasible path from ini-
space in each subproblem through the search of saddlgjy) states; to goal state, € G in a state space of propo-
points, Theorem 2 leads to a significant reduction in the sjtional facts and numeric variables. It can also optimize

base of the exponential complexity in finding. M.,. an arbitrary objective by incorporating the objective in
_ _ _ the heuristic evaluation.
4.2. Implementation Considerations MIPS can handle the STRIPS subset of the PDDL

) ) ) o ) language and can cope with numeric quantities and du-
Figure 2 illustrates an iterative implementation of the ations in PDDL 2.1 [7]. We use MIPS in our experi-
conditions in Theorem 2. ments because it performs well on the PDDL2.1 bench-

In the two inner nested loops of stagé  marks and its source code is readily available.
the algorithm looks for a local saddle point of

Lt z,a(t), B(t),7,m). This is done by updat- 5.1. Implementation of Distributed Search

ing z and Lagrange multipliers.(t) and 5(t) associ-

ated with the local constraints, using fixedandn in Figure 3 shows the MIPS+DIS algorithm that gen-
the global constraints. With fixed and ), the algo- erates an initial (possibly infeasible) plan of a planning
rithm is actually findingz(¢) that solves the following ~ problem, formulates the problem in a Lagrangian func-

MINLP in staget: tion, decomposes the states into multiple stages, solves
) - . each subproblem locally, and resolves unsatisfied global
f;“(gl J(z) +7 H(z) + 7" G(2) (20) constraints by increasing their Lagrange multipliers.
subjectto  h(t, z(t)) =0 and g(t, 2(t)) < 0. In a problem solved by MIPS, statewith n; facts

andn, numerical variables is specified as= (sy, s,.),
Since this is a well-defined MINLP, any existing solver wheres; lists the true facts at ands,. is ann,.-vector of
can be used to solve it with little modification. As illus- instantiated values of the variables. The set of grounded
trated in the next section, we use the MIPS planner to facts are further partitioned inymmetry groups the
solve planning subproblems, each defined by the objec-static-analysis phase in such a way that each element of
tive and the local constraints in (20). sy is a fact from a unique symmetry group.

After all the local searches have been performed, the After partitioning, the local planning problem in

penalties on unsatisfied global constraints are increasedstagel has initial states; (¢) and goal state; (¢t + 1) (see



ference between their numerical parts:

1. procedure MIPS+DIS
2 generate initial plan using relaxed operators; . _
|5m Ly,

3 repeat D(s,t) = Ng + Z —_— (21)
4, iter «— 0; i=1 max(s”, t”)
5. fort=0to N . . .
6 numtrials — 0 Hence,D(s,t) = 0 iff s andt are identical states. Next,
7 repeat we defineS(s), the set ofsuccessor(different from
8. num_trials «— num_trials + 1; neighborhood) states af in such a way that there ex-
9. generate an initial state ik, (s;(¢)) for staget; ists a valid action that bringsto v forall v € S(s). Last,
10. call MIPS to solve the subproblem in stage ~ we define theransition distancé’(s, ¢) as the minimum
11. evaluatd’,,, (¢) of the solution plan from MIPS; distance betweesnandt over all successors of
12. until (I',,(¢) is improved)or

(num_trials > max_trials); T(s,t) = min D(v,t). (22)
13. end_for ves(s)
14. update Lagrange multipliesson unsatisfied According to this definition] (s, t) = 0 if there exists a

global constraints;

valid action to brings to ¢.
15. iter «— iter + 1; &

16. if (¢ter % 7 == 0) dynamically repartition the stages; . We are ”OW ready 1o define the neW_IocaI plan-
17.  until no change irx and in an iteration: ning problem in stage for MIPS to solve (Llne_ 10 of 3
18.end procedure Figure 3). The problem has the same domain specifi-
cation as in the overall problem, initial stat¢(t) <

N (si(t)), and goal state; (¢+1). In addition, there are
two global constraints at the boundaries between stage
and the predecessor and successor stages:

Hi1(z) = T(sg(t—1),s:(t)) =0; (23)
Hi(z) = T(sg(t),si(t+1))=0. (24)

Hence,H;_1(z) = 0 (resp. H(z) = 0) is satisfied if
and only if there is a valid action to bring (¢t —1) (resp.
s4(t)) to s;(t) (resp.s;(t + 1)). We also define the ob-
jective of the local problem:

Sae P =T+ r Heae) +fiz), (25)

Figure 3. MIPS+DIS: A distributed iterative
procedure using MIPS to find points that sat-
isfy Theorem 2.

Hi_ifz] min, ) J |2 E sz :
such(t’hag;](fz(t))[io,h(f,;a) _ o
wherev;_; and~, are fixed Lagrange multipliers asso-
Figure 4. An illustration of the distributed ciated with the two global constraints.
search in MIPS+DIS. After solving the local problem defined, MIPS re-

turns an optimal feasible plan frogj(¢) to s;(t + 1)
if one exists; otherwise, it returns a feasible plan from
Figure 4 for the states defined in stagjeSince the ini-  s;(t) 0 s4(¢) that minimizesf(¢). We accept this plan
tial local plan may not be feasible, we need to define if itimproves f(t); otherwise, we repeat generating new
a new local planning problem that, when solved, will initial states inV,,(si(t)) until we find a better plan or
hopefully make the overall planning problem feasible. ~when the maximum number of trials is exceeded (Line
We define thaneighborhoodV,, (s) of s to includes ~ 12)- In our experiments, we setax trials 0 5.
as well as the set of states that differ franby at most ~ After completing thelV + 1 local subproblems in an
one fact and that the different facts of two neighboring itération (Line 14), we update the Lagrange multipliers
states exist in a symmetry group. To generate a neigh-Of all unsansﬂgd global constraints, usiag> 0 to con-
boring state froms, we randomly pick a fact in and  trol the rate of increase of;:
perturb the fact to a different fact in the corresponding =+ wx Hi(z), t=0,1,...,N. (26)
symmetry group. Note that, sineg, the numeric part
of s, is not changed in the process, there may not ex- We setw = 0.01.J,, whereJ, is the average value of

ist a valid action for a transition fromto its neighbor. J(z) in the last three iterations.
We measure thdistanceD(s, t) between two states We repartition the stages dynamically by adjusting
s = (sy,s,)andt = (t;,t,) as the sum oy (the num- the boundary of stages every certain numbein(Fig-

ber of different facts irs andt) and the normalized dif- ure 3) of iterations. This is accomplished by counting



the number of state transitions frospto s, at the end
of the outer loop (Line 16) and redefine the stage bound-
aries in order for each stage to have approximately the

same number of state transitions. As a result of the repar-

titioning, the number of violated global constraints in a
stage may be different from one. In our experiments, we
setN =20 andr = 5.

5.2. Experimental Results

We show that our MIPS+DIS planner im-
proves significantly over the original MIPS plan-
ner on a set of PDDL2.1 planning benchmarks
used in the Third International Planning Competi-
tion. The problems studied belong to a number of
domains, including DepotNumeric, DepotSim,
DepotTime, DriveLogNumeric, DriveLogSim,
DriveLogTime, ZenoTravel Numeric, Zeno-
TravelSim, andZenoT ravelTime.

In our experiments on MIPS, we used the most re-
cent executables downloaded from its Web site and ran
it with default parameters and a maximum time limit
of 10°ms. All experiments were conducted on an AMD
Athlon MP2000 PC with Linux Redhat 7.2.

For the 120 (out of a total of 160) problems solvable
by MIPS, Figure 5a plots the distribution of the quality
of the solution found by MIPS+DIS normalized with re-
spect to that of MIPS, using the same amount of time
taken by MIPS to find the solution. Similarly, Figure 5b
plots the distribution of the time taken by MIPS+DIS to
find a solution of the same or better quality as obtained
by MIPS, normalized with respect to the time taken by
MIPS. The graphs do not include the results on 30 prob-
lems for which MIPS+DIS can solve but MIPS cannot
find any feasible plan in0°ms. The results show that
MIPS+DIS is able to improve over MIPS in 81.7% of
the cases in quality or 83.2% in time.

Of the 150 of the 160 problems solvable by
MIPS+DIS, MIPS+DIS can find a feasible solution
faster than MIPS i94.4% of the cases and a better fi-
nal solution quality ir03.8% of the cases.
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