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Abstract

We present multi-agent A* (MAAY*), the rst

complete and optimal heuristic seard al-
gorithm for solving decerralized partially-

obsenable Markov decision problems (DEC-
POMDPs) with nite horizon. The algo-
rithm is suitable for computing optimal plans
for a cooperative group of agerts that operate
in a stochastic ervironment such as multi-

robot coordination, network trac cortrol,

or distributed resource allocation. Solving
such problemse ectiv ely is a major challenge
in the area of planning under uncertainty.
Our solution is basedon a synthesis of clas-
sical heuristic seard and decerralized con-
trol theory. Experimental results show that
MAA* has signi cant advantages. We intro-
duce an anytime variant of MAA* and con-
clude with a discussionof promising exten-
sions such as an approach to solving in nite

horizon problems.

1 Intro duction

We examine the problem of computing optimal plans
for a cooperative group of agerts that operate in
a stochastic ervironment. This problem arises fre-
quertly in practice in sudh areas as network traf-
¢ routing [Altman 2000, decernralized supply chains
[Chen 1999, and control of multiple robots for space
exploration [Mataric and Sukhatme 200]. The gen-
eral problem has recertly been formalized using
the Decertralized POMDP (or DEC-POMDP) model
[Bernstein et al. 2003. The model capturese ectiv ely
the uncertainty about the outcome of actions as well
as the uncertainty eac agert has about the infor-
mation available to the other team members. It has
been showvn that when agerts have di erent partial
information about the global state of the environ-
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ment, the complexity of planning becomesNEXP-
complete, which is signicantly harder than solv-
ing certralized planning problems under uncertainty
[Bernstein et al. 2003. Therefore, nding e ectiv e al-
gorithms that provide exact or approximate solutions
to this problem is an important challenge. We in-
troduce in this paper the rst complete and optimal
heuristic seard algorithm for solving DEC-POMDPs
and evaluate its performanceon se\eral test problems.

Heuristic seard techniques sud as the classical A*
algorithm have been shown to be e ectiv e for plan-
ning when a solution can be constructed incremen-
tally. In general, it meansthat a set of partial so-
lutions is evaluated, and the most promising one is
then selectedfor further expansion. Bellman's prin-
ciple of optimality assuressuch a property for op-
timal policies in markov decision processes,and A*
has thus successfully been applied for planning in
MDPs [Hansenand Zilb erstein 200]] and POMDPs
[Washington 1996. Heuristic seard is particulary
bene cial for problemswith well-de ned initial condi-
tions, such asa single start state distribution. Instead
of exploring the ertire seard space, an appropriate
heuristic function may help pruning parts of the space
that are not relevant, and thus considerablyreducethe
amount of computation.

Our main cortribution is the application of heuristic
seard to the domain of multi-agent planning. The
dicult y liesin the de nition of an ewaluation func-
tion over a suitable seard space. Since agerts may
have di erent partial information about the state of
the system, it is in generalnot possibleto de ne state
values or belief vectors such as in single agert plan-
ning for POMDPs [Hansenet al. 2004. Furthermore,
we know from game theory that there is no optimal-
ity criterion for the strategies of a single agert alone:
whether a given strategy is better or worse than an-
other strategy dependson the behavior of the remain-
ing agerts. Our approach relieson evaluating complete
strategy sets,where a strategy set contains a strategy



for eah agert. We nally describe a method to ob-
tain domain-independert heuristic functions. It has
already beenshown how the solution of an MDP can
be usedto e cien tly compute an upper bound for a
POMDP valuefunction [Hauskredt 200J. We exploit
a similar property for decerralized domainsto com-
pute an optimistic heuristic function over the spaceof
policy sets.

In the remainder of the paper, we rst describe re-
cert work on optimal planning for decerralized deci-
sion makers, and more speci cally introducethe DEC-
POMDP model we use. We then proposethe multi-
agert A* algorithm, presen experimental results on
three test problems, and discusssomefurther applica-
tions of heuristic seard in decenralized POMDPs.

2 Related Work

The DEC-POMDP is an extension of the certralized
POMDP model which hasbeenshown to have doubly-
exponertial complexity [Bernstein et al. 2003. Even
a two-agent nite-horizon DEC-POMDP is NEXP-
complete. Apart from exhaustive seard, which be-
comes quickly intractable when the problem size
grows, an optimal algorithm that solves partially ob-
senable stochastic games(POSGs) hasrecertly been
proposed by [Hansenet al. 2004. It uses dynamic
programming (DP) and iterated strategy elimination
techniques known from game theory, and is able to
treat problemsthat are otherwise infeasible. However,
the algorithm is so far unable to exploit someimpor-
tant additional information such asa xed and known
start state distribution or, in the caseof cooperative
problems, the presenceof a common reward function.
Special classesof deceriralized POMDPs are some-
times easierto solve, and a rst survey has recertly
been established by [Goldman and Zilb erstein 2004.
For problems with independert transitions for exam-
ple, Beder's coverage set algorithm is guaranteed to
nd optimal solutions [Bedker et al. 2004.

Because of the inherent complexity of the DEC-
POMDP, seweral authors have proposed suboptimal
algorithms that can treat larger problems. Ap-
proximate solutions for POSGs have been proposed
by [Emery-Montemerlo et al.2004. A heuristic ap-
proach basedon Nash's equilibrium theory has been
suggestedby [Chadeset al. 2003 and extended by
[Nair et al. 2003 in their JESP method, which is guar-
anteed to corvergeto an equilibrium solution in the
general case. However, the value of such an equilib-
rium can be arbitrarily bad and dependson the struc-
ture of the problem. A multi-agent gradient descenm
method has beenintroduced by [Peshkin et al. 2000,
but it naturally suers from the common drawback

of local optimization algorithms, namely local opti-
mality of the solution. Approximate solutions with a
special emphasison e cien t coordination and commu-
nication betweenagerts have nally beenproposedby
[Xuan et al. 2001.

3 The DEC-POMDP Mo del

We de ne the DEC-POMDP model mostly based
on [Bernstein et al. 2003 although our solution
technique is suitable for other decernralized ex-
tensions of MDPs such as the MTDP frame-

work dened by [Pynadath and Tambe 2003.
An n-aget DEC-POMDP is given as a tuple
hS;fAig;P;R;f ig;O;T;soi, where

S is a nite setof states
A is a nite set of actions, available to agert i

P(s;a1;:::ay) is a function of transition proba-
bilities

R(s;az;:::ay) is a reward function
i isa nite set of obsenations for agert i

O(s;az;:::an;01;:::00) is a function of obsena-
tion probabilities

T is the problem horizon

Sp is the start state of the system

Solving a DEC-POMDP for a given horizon and start
state can be seenas nding a set of n independert
policies that yield maximum reward when being exe-
cuted synchronously. Each agert is assigneda policy
that dependsonly on the local information available to
that agert, namely a deterministic mapping from its
individual sequenceof obsenations to actions. If we
denotea; = (ag;:::an)t asthta’oint action at time step
t of the policy execution, E[ tT:l R(st;at)jso] repre-
serns the expected value we want to maximize.

4 Heuristic Search for DEC-POMDPs

A solution to a nite horizon POMDP can be repre-
serted asa decisiontree, wherenodesare labeled with
actions and arcs are labeled with obsenations. Sim-
ilarly, a solution to a horizon-t DEC-POMDP with
known start state can be formulated as a vector of
horizon-t policy trees, one for ead agert, which are
then executedsyndironously. We will call such a vec-
tor a policy vector. Forward seard in the space of
policy vectors can be seenasan incremertal construc-
tion of a set of horizon-(t + 1) policy vectors from a



parent horizon-t policy vector, which means expand-
ing the leaf nodes of eat policy tree in the horizon-t
policy vector.

We call f a depth-t policy tree for agert i. We denote
by '= (di;:::q,) apolicy vector of trees,onefor eat
agert, that ead havea depth of t. We alsosetV (sp; )
asthe expected value of executing the vector of policy
trees from state sp (= the expected sum of rewards
collected by the agerts when executing ). This value
can easily be calculated using the model parameters,
and we can state our problem as nding the optimal
horizon-T policy vector for a given start state sg:

T = argmaxV(so; ') (1)

We build our approach on the popular A* algorithm as
a basisfor heuristic best- rst seard. Similarly to A*
seard, we are able to progressiwely build a seard tree
in the spaceof policy vectors, where nodes at some
depth t of the tree constitute partial solutions to our
problem, namely policy vectors of horizon t. Each it-
eration of the seard processincludes evaluating the
leaf nodes of the seard tree, selectingthe node with
the highest evaluation, and expanding this node and
thus descendingone step further in the tree. A section
of such a multi-agent seard tree is shown in Figure 1.

2 agents,
2 observations (0 and o),
2 actions (a and b)

Figure 1: A section of the multi-agent A* seard tree,
shawing a horizon 2 policy vector with one of its ex-
panded horizon 3 child nodes.

Heuristic seard is basedon the decomposition of the
evaluation function into an exact evaluation of a par-
tial solution, and a heuristic estimate of the remaining
part. We introduce T ! as a completion of an ar-
bitrary depth-t policy vector, which means a set of
depth-(T t) policy treesthat can be attached at the
leaf nodes of a policy vector ! suc that f t; T g

constitutes a complete policy vector of depth T. This
allowsusto decomposethe value of any depth-T policy
vector into the value of its depth-t root vector (t T),
and the value of the completion:

Viso;f & T tg)=V(so; D+V( T sy ) (2)

The value of a completion obviously depends on the
previous execution of the root vector and the underly-
ing state distribution at time t. Instead of calculating
its value e ectiv ely, we are interested in estimating it
ecien tly. Likein A*, we set

FT(so; )= V(so; H+HT “(so; 9 3)

as the value estimate for the vector of depth-t policy
trees ' and start state sy. The function H must be
an admissible heuristic, which meansit must be an
overestimation of the actual expected reward for any
completion of policy vector !

8 T ': HT Ysov ) V( "'lis;s ) (@

In the remaining sections,we will develop multi-agent
A* as an extension of classicalA* seard with policy
vectors constituting the nodesof the seard tree.

5 The Heuristic Function

The core part of the seard algorithm remains the
de nition of an admissible heuristic function. As
pointed out by [Littman etal. 1995 and later by
[Hauskredt 200q for the single-agen case,an upper
bound for the value function of a POMDP can be ob-
tained through the underlying completely obsenable
MDP. The value function of a POMDP is de ned over
the spaceof beliefs, where a belief state b represerts a
probabilit y distribution over states. The optimal value
for a belief state b canthen be approximated asfollows:
X

Veompp (D) b(s)Vm pe (S) (5)
s2S
Although sud belief states cannot be computedin the
multi-agent case,a similar upper bound property can
still be stated for decerralized POMDPs.

We will now describe a whole class of admissible
heuristics and prove that they all overestimate the ac-
tual expectedreward. In order to do so,we needsome
more de nitions. We set

P (sjso; ) asthe probability of being in state s
after executing the vector of policy trees from
So

ht(s) asan optimistic value function heuristic for
the expected sum of rewards when executing the
best vector of depth t policy trees from state s

hi(s) Vv '(s) (6)



with ho(s) = 0

This allows us to de ne the following classof heuristic
functions:

T t .oty — X
H (So, )—
s2S

P(siso; O)hT (s) (7

Intuitiv ely, any sudh heuristic is optimistic becauseit
e ectiv ely simulates the situation where the real un-
derlying state is revealedto the agerts after execution
of policy vector !.

Theorem 5.1. Any heuristic function H as de ned
in (7) is admissible,if h is admissible.

Proof. In order the prove the claim, we needto clarify
what happensafter execution of policy vector ': eadh
agert i will have executedits policy tree g down to
someleaf node asa result of asequence; = (ot;:::qf)
of t obsenations. The completion T !( ;) then con-
tains the remaining depth-(T t) policy tree agert
i should execute afterwards. Similarly, the vector

= ( 1;::: n) represerts the individual obsenation
histories for all agerts, and the set of depth-(T t)
policy completions for the whole team can thus be
written as T (). Its value depends on the under-
lying state distribution corresponding to the set of ob-
senation sequences . We can write for the value of
any policy completion:

V(T Yse; Y = P(jso; DV( T '()iso;
2t
" #
X X
= P(jso; ) P(si )V(s; " '()
2t wS2S #
P(jso; ) P(si )V T Ys)
tX s2S
= P(si )P(jso; YV T Y(s)
S 2t
= P(siso; YV T Y(s)
S

P(sjso; Hh" ()= HT “(so; ")
s2S

O

The computation of a good heuristic function is in
generalmuch easierthan the calculation of the exact
value. In our case,the benet lies in the reduction
of the number of evaluations from j t"j, which is the
number of possible obsenation sequence®f length t,
to jSj, the number of states: the value of the heuristic
function h™ !(s) hasto be calculated only once and
should be recorded, sinceit can be reusedfor all nodes

at level (T t) asstated in Equation (7). The com-
putation of the value function heuristic h may lead to
further savings, and we presert se\eral ways to obtain
an admissiblevalue function heuristic for our problem.

5.1 The MDP Heuristic

An easyway to calculate a value function heuristic is
to usethe solution of the underlying certralized MDP
with remaining nite horizon T t:

®)

Solving an MDP can be done using any DP or seard
technique and requires only polynomial time. Using
the underlying MDP as an admissible heuristic for
seard in POMDPs has already been applied to the
single-agem case as described in [Washington 1996
and later in [Ge ner and Bonet 1999. In our case
the underlying MDP is the certralized and fully ob-
senable version of the initial problem, which meansit
is basedon the real system states and joint actions.

hT '(s) = Vyiph (5)

5.2 The POMDP Heuristic

A tighter yet more complex value function heuristic
constitutes in using the solution to the underlying par-
tially obsenable MDP:

hT (s) = Veompr (3) ©)
Although the underlying POMDP is partially observ-
able, it still considersjoint actions and thus overesti-
mates the expected sum of rewards for the decertral-
ized system. Solving POMDPs is PSPACE-complete
and usually involveslinear programming. The fastest
algorithm to solvethem in generalis incremental prun-
ing [Cassandraet al. 1997 and its variants. How-
ever, any upper bound approximation to the exact
POMDP solution such as the fast informed bound
method [Hauskredt 2000 or any seardy method can
also be usedas an admissible heuristic.

5.3 Recursiv e MAA*

The closerthe heuristic is to the optimal value func-
tion, the more pruning is possiblein the seard tree.
An important special caseof a value function heuris-
tic thus constitutes the optimal value itself: hi(s) =
V !(s). It isthe tightest possibleheuristic. Oneway to
compute this value e cien tly is to apply MAA* again:

h Y(s)= MAA T Y(s) (10)
This leads to a recursive approach, where a call to
M AA T invokessewral callsto MAA T 1, and where
ead of them launches new subseartes. At ead leaf



node of the seard tree, recursive seart thus starts | Sj
new seard subproblemsof horizon T t.

In general, a tradeo exists between the complex-
ity of a tight heuristic function and the possible
pruning it allows in the seard tree. Our exper-
imental results suggest that recursive MAA* may
have some advantages over other heuristic func-
tions, although its computation is more complex (see
Section 7). This may be explained by the impor-
tance of any additional pruning in an otherwise super-
exponertially growing seard tree.

6 The MAA* Algorithm

We are now able to de ne the multi-agent heuristic
seard algorithm MAA*. The root of the seart tree
is initialized with the complete set of horizon-1 pol-
icy vectors, and the seard then proceedssimilarly as
A* by expanding the leaf nodesin best- rst order un-
til an optimal horizon-T solution has beenidenti ed.

Expanding a policy vector = (o;:::0,) means: for
ead leaf nodein g, construct j j child nodesand as-
sign them an action. For a giventree of depth t, there
are ' newchild nodesandthusA ‘ dierent possible
assignmeits of actions. For a policy vector of sizen,
there will thus be a total number of (A t)n new child
nodes.

6.1 Resolving ties

In classical A* seard, nodes are always fully ex-
panded: for a givenleafnode, all child nodesareimme-
diatly addedto the socalled open list D. In our case
however, this approac presens a major drawbadk. As
pointed out by [Hansenand Zilb erstein 19964, subop-
timal solutions that are found during the seard pro-
cesscan be usedto prune the seard tree. Since our
problem has more than exponertial complexity, eval-
uating the seard tree until depth (T 1) is "easy"
almost all the computational e ort is concerirated in
the last level of the tree. This meansthat suboptimal
solutions will be found very early in the seard pro-
cess,and it is thus bene cial not to wait until all leaf
nodes of depth T have been evaluated: if a subopti-
mal solution node with the samevalue asits parent is
found, enumeration of the remaining child nodes can
be stoped. Nodes are thus expanded incremertally,
which meansthat only onechild assignmen of actions
is constructed in ead iteration step. The parent node
remains in the open list aslong asit is not fully ex-
panded. Only if the sameparent policy vector is se-
lected in a further step, the next possibleassignmen
of actionsis evaluated. Togetherwith the tie-breaking
property, this may lead to considerablesavingsin both
memory and runtime.

6.2 Anytime search

Sincesolving a DEC-POMDP optimally may require a
signi cant amount of time, it is sometimespreferable
to obtain a nearoptimal solution asquickly aspossible,
which can then gradually be improved. As already
mentioned above, suboptimal solutions are discovered
early in the seard. It is therefore straightforward to
givethe algorithm a more anytime character by simply
reporting any new suboptimal solution that has been
evaluated beforeit is addedto the open list.

The discovery of suboptimal solutions in heuristic
searty can further be sped up through optimistic
weighting: by introducing a weight parameter w; < 1
on the heuristic, an idea rst described by [Pohl 1973,
we are able to favor those nodesof the seard tree that
appearto leadto a suboptimal solution very soon, giv-
ing the seard a more depth- rst character:

Fl(sor )= V(s H+wiHT Ysoi ) (11)
Althought the cornvergencecriterion remains the F-
value, expansion of the tree is now guided by the
weighted F -value, which may in addition be time de-
pendart.

6.3 MAA*

The generalized MAA* algorithm with incremertal
node expansionand tie-breaking is summarizedin Fig-
ure 2. Anytime MAA* can be obtained by replacing
the admissible evaluation function F in step 1 of the
algorithm with a non-admissible evaluation function
F asgivenin (11). We can prove that MAA* indeed
returns an optimal solution for any nite horizon DEC-
POMDP:

Theorem 6.1. MAA* is both complete and optimal.

Proof. MAA* will evertually terminate in the worst
case after erumerating all possible horizon-T policy
vectors, which meansafter constructing the complete
seard tree of depth T. The leaf node with the highest
F -value then contains an optimal solution to the prob-
lem. If MAA* terminates and returns a policy vector

T, the corvergenceproperty of A* and the admissi-
bility of the heuristic H guarateesthe optimality of
the solution. O

MAA* seardesin policy space:evaluation and explo-
ration is basedon policy vectors. Other evaluation
methods within the theory of markov decision pro-
cessesare basedon state values, such that an optimal
policy can be extracted by selectingactions that max-
imize the value of the current state. Howewer, it is not
clear if state valuescan be de ned in a similar way for



Initialize the openlist Do = A
For any given iteration stepi:

1. Select 6 T suchthat 8 2 Dj:

FT(so; )

2 D; with
FT(so; )

2. ° Expand

3. 1f “isan improved suboptimal solution:
(&) Output
(b) 8 2 Dj: ,
If FT(so; ) FT(so; );Di Din
4.D; Di[ °
5. If isfully expanded,D; Din

until 9 T 2 D; with 8 2 D;:
FT(so; ) FT(so; ")=V(so; 7)

Figure 2: The MAA* Algorithm

distributed systemswith di erent partial information.

Whether somesort of seard in state spaceis possible
for decerrralized POMDPs thus remainsan important

open problem.

7 Results

Wetestedthe heuristic seard algorithm on three prob-
lems, two versionsof the multi-agent tiger problem as
introduced in [Nair et al. 2003, and the multi-access
broadcast channel problem from [Hansenet al. 2004.
The tiger problem involves?2 agerts that listen at two
doors. Behind onedoor lies a hungry tiger, behind the
other door are hidden untold riches, but the agerts
are untold the position of the tiger. Each agert may
listen to its door, and thus increaseits belief about
the position of the tiger, or it may open a door. Af-
ter a door has beenopened,the systemis resetto its
initial state. In version A of the problem, a high re-
ward is given if the agens jointly open the door with
the riches, but a negative reward is given if any agert
opensthe door of the tiger. Listening incurs a small
penalty. In version B, agers are not penalizedin the
special casewhere they jointly open the door of the
tiger. The multi-agent tiger problem has 2 states, 3
actions and 2 obsenations.

The multi-accesschannel problem simulates the trans-
mission of messagest the two ends of a shared net-
work channel. A collision occurs if the agerts senda
messageat the sametime. Each agert has no infor-
mation about the messagestatus of the other agen;
however agerts get a noisy obsenation of whether or
not a collision occuredin the previous time step. The

goal of the 2 agerts is to maximize the throughput of
the channel, and the problem has 4 states, 2 actions,
and 2 obsenations.

| Problem | T=2 | T=3 | T=4 |

Tiger (A) | -4.00 5.19 4.80
252 | 105.228 | 944.512.102

8 248 19.752

Tiger (B) | 20.00] 30.00 40.00
171 26.496 | 344.426.508

8 168 26.488

Channel 2.00 2.99 3.89
9 1.044 | 33.556.500

3 10 1.038

Figure 3: MAA* using the MDP heuristic (shown are:
value of optimal policy, number of evaluated policy
pairs, max open list size)

| Problem | T=2 | T=3 | T=4 |

Tiger (A) | -4.00 5.19 4.80
252 | 105.066| 879.601.444

8 88 18.020

Tiger (B) | 20.00] 30.00 40.00
171 26.415| 344.400.183

8 158 25.102

Channel 2.00 2.99 3.89
9 263 16.778.260

3 6 461

Figure 4. Recursive MAA* (shown are: value of op-
timal policy, number of evaluated policy pairs, max
open list size)

We tested both the MDP heuristic and the recursive
approach on a 3.4GHz machine with 2GB of memory.
MAA* with the MDP heuristic explores 33.556.500
policy pairs on the horizon-4 channel problem, which
means3% of the pairs that would haveto be evaluated
by a brute forceapproach. However, its actual memory
requiremerts are much lessimportant, becausewe can
deleteany suboptimal horizon-T policy pair after eval-
uating it: the maximum sizeof the openlist thus never
exeeds1.038 policy pairs on that problem. Recursive
MAA* performs better on all three test problems, al-
though its heuristic is more complex. This is due to
the additional pruning asa result of the tighter heuris-
tic. Runtimes range from a few milliseconds(T=2) to
seweral secondyT=3) and up to seweral hours (T=4).

We have compared MAA* to the DP approach from
[Hansenet al. 2004, to our knowledgethe only other
non trivial algorithm that optimally solves DEC-
POMDPs. Figure 5 shows the total number of policy
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Figure 5: The number of evaluated policy pairs for dy-
namic programming, MAA* with the MDP heuristic,
and recursive MAA* on the channel problem (logarith-
mic scale).

pairs eadh algorithm hasto ewaluate, whereasFigure 6
comparesthe actual memory requiremerts. Although
heuristic seard doesnot necessarilyconsiderlesspol-
icy pairs on the sample problem, its memory require-
ments are much lessimportant. One signi cant ad-
vantage of MAA* over DP thus liesin the fact that it
can tackle larger problems where DP will simply run
out of memory. For example, MAA* seemsto be the
rst generaland optimal algorithm that is ableto solve
the horizon-4tiger problems. In addition, it avoidsthe
computationally expensiwe linear programming part of
the DP approad, necessaryto identify dominated pol-
icy trees. Due to its anytime characteristic, MAA* is
furthermore able to return an optimal solution after a
very short time, although it might take much longer
to guarantee its optimality. On the horizon-4 chan-
nel problem for example, the optimal solution is found
after a few minutes already. We are equally able to
compute suboptimal solutions for larger horizons, al-
though the algorithm will in generalrun out of time
beforeterminating the computation.

8 Conclusions

We have preseried MAA*, the rst complete and
optimal heuristic seard algorithm for decenralized
Markov decision processes.Preliminary results show
that it comparesfavorably with the current best so-
lution techniques, and that it presers sewral ad-
vantages with respect to memory requiremerts and
anytime characteristics. MAA* s likely to be one
of the current most e ective technique for solv-
ing nite-horizon DEC-POMDPs and it provides
the foundation for deweloping additional heuristic

1e+06
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MAA* (recursive approach) ---:---
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Figure 6: The actual memory requiremerts for dy-
namic programming, MAA* with the MDP heuristic,
and recursive MAA* on the channel problem (logarith-
mic scale).

seard techniques for this problem. Although it
is so far limited to nite-horizon problems, we are
currently investigating extensions to problems with
stochastic policies and innite horizon. The the-
ory of nite state cortrollers has recertly been ap-
plied to compute approximate policies for single-
agert POMDPs [Hansen199§, [Meuleau et al. 1999,
[Poupart and Boutilier 2003. Generalizing these ap-
proachesto multi-agent settings using heuristic seardh
is an important open problem.
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