Scaling Up Optimal Heuristic Search in Dec-POMDPs via Incremental kpansion
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Abstract

Planning under uncertainty for multiagent systems
can be formalized as a decentralized partially ob-
servable Markov decision process. We advance the
state of the art for optimal solution of this model,
building on the Multiagent A* heuristic search
method. A key insight is that we can avoid the full
expansion of a search node that generates a number
of children that is doubly exponential in the node’s
depth. Instead, we incrementally expand the chil-
dren only when a next child might have the highest
heuristic value. We target a subsequent bottleneck
by introducing a more memory-efficient represen-
tation for our heuristic functions. Proof is given
that the resulting algorithm is correct and experi-
ments demonstrate a significant speedup over the
state of the art, allowing for optimal solutions over
longer horizons for many benchmark problems.
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interested in optimal solutions: 1) As approximate aldoris
come with no guarantees, optimal methods are necessary as a
tool to analyze the performance of approximate algorithms.
2) Most successful approximate algorithms (elgEmery-
Montemerlo et al, 2004; Seuken and Zilberstein, 2007,
Wu et al,, 2011) are based on optimal solution methods, so
algorithmic improvements to the latter are likely to trarsf

to the former. 3) Optimal techniques can give insight in the
nature of problems and their solutions. For instance, previ
work on optimal methods generated the insight that certain
properties of the BroadcastChannel problem make it easier t
solve[Oliehoeket al, 2009. 4) They are of interest for solv-
ing small problems that arise naturally or as part of a decom-
position. Moreover, many problem instances are much easier
to solve than the worst-case complexity suggéatien and
Zilberstein, 2007, allowing optimal solutions to be practical.

We provide significant advances to the state of the art in
optimal Dec-POMDP solution methods by extending Multi-
agent A* (MAA*) [Szeret al, 200§ —which performs an
A* search through the tree of possible partial joint pokeie
and derived methods with a new technique for incremental

Planning under uncertainty for multiagent systems is an im&xpansion of search tree nodes. Expanding a node in this con-
portant problem in artificial intelligence, as agents may of text entails generating all possible children, which is gama
ten possess uncertain information while sharing their-envisource of intractability since the number of such children i
ronment with other agents. Due to stochastic actions anfoubly exponential in the depth of the node. In practice,-how
noisy sensors, agents must reason about many possible ofieer, only a small number of the generated nodes may actu-
comes and the uncertainty surrounding them. In cooperativally be queried during the search. Our key insight is that if a
systems, f|nd|ng opt|ma| joint p|ans is especia”y Cha"egg mEFhOd |S. able t(lncrementallygenerate children in order of
when each agent must choose actions based solely on lod&eir heuristic value, not all nodes need to expanded at once
knowledge due to nonexistent or noisy communication. Pos- As with any A* method, our approach’s performance de-
sible application domains include multi-robot teams, com-pends on the tightness of the heuristic. In many problems
munication networks, load balancing, and other problems irthe upper bound provided by the value function of the under-
which agents need to coordinate under uncertain conditionslying MDP (Qypp) is not tight enough for heuristic search
The decentralized partially observable Markov decisionto be effectivelOliehoeket al, 200g. Other heuristics are
process (Dec-POMDP) is a formal model for such plan-tighter, such as those based on the underlying POMDP solu-
ning problems. In this paper we consider the optimal sotion (Qeoumpp) OF the value function resulting from assuming
lution of Dec-POMDPs over a finite horizon. Unfortu- 1-step-delayed communicationgg). However, they require
nately, optimal solution methods and even bounded approxistoring values for all joint action-observation historeesep-
mations ¢-optimal solutionsJRabinovichet al,, 2009 suffer  resenting them as a potentially exponential number of vec-
from doubly-exponential complexity (NEXP-Complete); the tors. A crucial insight is that the number of values stored in
search space for horizain+ 1 is exponentially larger than tree-based representation grows exponentially when rgovin
the one for horizorh. Even though the high worst-case com- forward in time, while the size of a vector-based representa
plexity results preclude optimal methods from being agplic tion grows in the opposite direction. We exploit this ingigh
ble for some larger problems, there are several reasons to iy introducing a hybrid representation that is more compact



In this work, we integrate the incremental expansion ideaule corresponds to a joint poli¢y for the CBG:3 = §* with
in GMAA* with incremental clustering (GMAA*-IC), an heuristic value given by

MAA* extension that uses lossless history clustering for im S _ At1 t 1ONA(BE ardt
proved scalabilityOliehoeket al., 2009. The resulting algo- V(B) = ZPY(O [#,67)Q(8°.5(6%)), (1)
rithm is called GMAA*-ICE as it provides incremental clus- o

tering and expansion. We prove that GMAA*-ICE is correct wherePr(§t|<pt,b°) is the probability of a joint AOH, called
and expands search nodes in the same order as the origingloint type ((6*,a) is a heuristic payoff function for the
method. We show the efficacy of our methods on a suite-p . andﬁt(é’t) _ <ﬁ.(9“¢)>_71 denotes the joint action

of benchmark problems, demonstrating a significant speed S e it
over the state of the art. In many cases GMAA*-ICE pro%at results from application of the individual BG-polisito

vides the optimal solution over longer horizons than thosd"® ihndivicliual_ AO';Jait ShPIZCifiedd E’ﬁt'_ to 3 is aiven b
previously solved. In particular, incremental expansiesrp 1€ Valuation of a child node™" = <‘ﬁ o B) is given by
vides leverage in those problem domains in which history V(™) = vO-t=D(oh) + V(3), 2)

Cltjﬁr:eerlrr]egngilr?(jgregf '::r:geﬁaper is organized as follows. Wi where now the expected immediate reward for stagaep-

L , y esented within the heuristi¢ (3). When@ faithfully rep-
begin in Sec. 2 W'fh background on Dec-POMDPs. Sec. %esents the expected immedi(at()a reward, this reformulagion
mtrodu_ltzﬁs E'\QA{? -ICE, and in Sec. 4 WS pro(\j/e_ |tsScorr§ct— exactly equal to regular MAAfOliehoeket al, 2004.
gess.s € nhybr repr_esentaltlon 'Si 'ntrf u<|:e Sm 7ec. aN% The redefinition of MAA* to work on CBGs is exploited

ec. 6 presents experimental results. Lastly, Sec. FIE‘t“se'ﬁby GMAA*-Cluster by clustering individual types in a CBG

conclusions and future work. in such a way that the solution of the clustered CBG corre-
sponds to a solution of the original CBG. This can result in

2 Background great computational savings, since the numbes i expo-

A decentralized partially observable Markov decision pro-nential in the number of types. To avoid having to cluster an

cess (Dec-POMDPQ}onsists of a set af agents, a finite set exponential number of types (corresponding to the number

of statesS, a setd = x,.4; of joint actionsa = (a4, ... ,a,), of OHSs) for each CBG, GMAA*-IC performincremental

a transition function specifyindr(s’|s,a), a reward func- clusteringby bootstrapping from the clustered CBG for the

tion R(s,a), a setO = x;0; of joint observationso = previous stage.
(01,...,0,), an observation function specifyii@r(o|a,s’), A remaining source of complexity in these methods is the
a planning horizor, and an initial state distributiob’. full expansion of search nodes; when no clustering is possi-

The goal of a Dec-POMDP is to find a decentralized deXle, the number o§" (used to form the children of a noge
terministic joint policyw = (m,...,m,). Each individ- at deptht in the searqh tree) is doubly exponentiatirin an
ual policy 7; maps fromlocal observation-histories (OH) attempt to counter this problem, for the last stage MAA* gen-
ot = (o},...,0t) to actions:m;(5}) = al. An individual pol- erates the child nodes one by one until a node is found with
icy ; is a sequence of decision rutes= (69,57, .. 75?,1)' varl]ue e%llj_al to |tﬁ|pharents Eeurlstlc vallfje. LIJf t]tns happala_nsh
where 5! maps from length- OHs to actions. We will other siblings will have to be generated. Unfortunatelis th -

v _ i o i method does not provide much leverage in practice, sinse it i

also consider action-observation histories (AOH$) = pjikely that a child node will have the same heuristic value
(a?,0},a,....a"",0f) . The optimal joint policyw* max-  as its parent and, even if one does, there is no effective way
imizes the expected cumulative reward. For a more detg find such a childSeuken and Zilberstein, 2008There-
tailed introduction to Dec-POMDPs see, el@liehoeket  fore Seuken and Zilberste{2009 argue that MAA* “can

al., 2008; Seuken and Zilberstein, 2008 at best solve problems whose horizon is only 1 greater than
We build upon GMAA*-Cluster{Oliehoeket al, 2009,  those that can already be solved bjvesbrute force search.”
which in turn is based on MAAfSzeret al, 2005. These In this paper, we address these problems. That is, we pro-

methods search over partial, past joint policies ¢’ that  vide efficient incremental expansion through a method that i
specify the joint policy up to stage ' = (6°,6",...,6"""),  able to select the highest ranked child at all stages. Mereov
where §° is the joint decision rule for the-th stage. For Wwe combine this approach with clustering of histories.

such apt, we can compute a heuristic vall'l?éby comput- .
ing VO-(t=1)(t), the actual expected reward over the first 3 Incremental Expansion
stages, and adding a heuristic valdé?) for the remain-  Recently, new methods for solving CBGs have been devel-
ing stages. When the heuristicasimissible(i.e., a guaran- oped[Kumar and Zilberstein, 2010; Oliehoe al, 2014
teed overestimation), it is possible to perform standard A*that can provide speedups of multiple orders of magni-
search: select the nodg’ with the highesﬂ/}(got) and ex- tude over brute force search (enumeration). Unfortunately
pand it by generating all child nodes+! = (¢! o 6*) that MAA* has not been able to profit from these methods: in or-
can be formed by appending a joint decision réfldo . der to guarantee optimality, it relies on expansioalbfchild
Alternatively, it is possible to interpret this as enumera_noddgstcor{esggﬂdlng to all) joint ]Ic?:tﬁ-pollmﬁs(fjordthﬁ_llgter-d
tion of the joint policies3 of a collaborative Bayesian game mediate stag owever, many of the expanded child nodes

(CBG) B(¢") constructed forp! [Oliehoeket al, 2009. In For the last stage, clearly it is possible to only generate the best
this perspective, an AOH corresponds tiyjgeand a decision  child node ofp" =" by appending the optimal solution of the CBG.



t . . . .
(¢"0) “I‘_’dtes t+1 t+2  Legend: before their parents, we break ties in a consistent manner,
in open lis

t
ranking children nodes higher in case of equal value. Fig. 1
(a,7) illustrates incremental expansion.
' Root node We integrate incremental expansion in GMAA*-IC re-

______ _ G . sulting in GMAA* with incremental clustering and expan-
6 N sion (GMAA*-ICE). It performs an A* search over nodes

(b,6) B New B(a), V=6 q = (', 0, PH), where PH is a boolean indicating whether
{a,6) e the node is a placeholder. At every iteration, the heua8tic
highest ranked is selected from an open list P and expanded.
------ - G ST T Tmmsmmsmmemo-m-- When a new best full joint policy is found, the lower bound
5 6 v&MAA is ypdated. Each time a new CBG is constructed, it
is built by extending the CBG for the parent node and then
applying lossless clustering. However, rather than exjpand
New B(b), V=4 all children, GMAA*-ICE requests only the next solutigh
______ - G oo of anincremental CBG solvewhich is then used to construct
a single childp!*! = (¢! 0 B3).
For the incremental CBG solver, we use the@BAB
algorithm[Oliehoeket al,, 2014, which performs a second
. (nested) A* search, but now over (partially specified) CBG
Next solution of

Y policies? The solver forp? is initialized with lower bound
B(a),V=5.5

yC’BG — yGMAA _ VvO...(t—l)(‘pt)7 (3)

Figure 1: lllustration of incremental expansion, whichwko

the evolution of the open list{ are indexed by letters). and, in case of the last stage-=  — 1, upperbound

yCBG _ V((phil) o VO...(h72)(¢h71). (4)

may never be selected for further expansion. The key obser- ) _
vation is the following: This can be used to stop expanding when we find a lower

bound equal to the upper bourf2¢ = V(3), as in the

Observation 1. If we have a way to generate the children in original A*. Note that each time when askinggBABAB

increasing heuristic order and that heuristic is admissje ¢ "0 "o+ solution. ¢BS is reset by re-evaluating (3), be-

do not have to expand all the children. cause ¥MA4 may have changed since the last solution was
We discuss this in more detail below, starting with a for- delivered. Then it continues searching by selecting thé$eu
malization of the relative heuristic values of two child esd tically best-ranked node from its own internal open list.
Lemma 1. Given two joint BG policies3, 3’ for a CBG Additional details can be found in an expanded version of
B(p!), if V(8) = V(8), then for the corresponding child this PapeiSpaaret al, 2011.
nodesV (p!1) > V(p!t1). )
4 Theoretical Guarantees

Proof. This holds directly by the definition d?((‘ot) We shall now prove some properties of GMAA*-ICE. We

‘7(¢t+1) - VO.--(t—l)((Pt) + f/(ﬂ) say that two search algorithms azearch-equivaler_wilf they
01y I L Al Tt select exactly the same set of nodes to expand in the search
>V (@) +V(B)=V(e™), tree. We will show that the IC and ICE variants are search-

equivalent. To do so, we will talk about equivalence of the
open lists maintained. The open list P maintained by IC only
It follows directly that, if for B(4?) we use a CBG solver contains non-expanded nodes That of ICE, B, contains
that can generate a sequence of poligde8’, . .. such that both non-expanded nodesand placeholders (previously ex-
~ ~ panded nodes}. We use@ and( to denote the respective
Vi) =V(p)=... (ordered) subsets of®® We think of these open lists as or-
then, for the sequence of corresponding children dered sets of heuristic values and their associated nodes.

as given by (2).

Definition 1. P and PF are equivalentP = P'E, when:
1. Q CP.
2. Theg's have the same ordering:.RmovéP \ Q) = Q.

V(¢t+1) > ‘7((Pt+1/) > .

Exploiting this knowledge, we can expand only the first

child ¢"*!, compute itsV’(¢"*") and set the value of the (A.removeB) removes the elements Bffrom A with-
parent node t@.o « V (p'*1), since we know that all the out changingA’s ordering.)

unexpanded siblings will have lower or equal to that. As

such, we can reinseftinto P to act as alaceholdeffor all its 2In principle, GMAA*-ICE can use any CBG solver that is able

non-expanded children. To ensure that children are expandeo incrementally deliver alB in descending order df (3).



3. Nodes not present in"Pinstead have a placeholder,
Vg = (' i.false € P\ Q) : 37 =
(p!~1 dg,true) € Q such that: g is the parent ofg
(¢! = (¢!~ 0 B)), andq is ranked higher:i; > 9.

4. There are no other placeholders.

Let us write IT-IC(P) and IT-ICE() for one iteration of
the respective algorithms. Let IT-ICE* denote the operatio
that repeats IT-ICE as long as a placeholgeras selected.
Lemma 2. If P = P'E, then executing IT-IC(P) and IT-
ICE*(P'E) will lead to new open lists that again are equiv-
alent: P’ = P'¥/,

Proof. When IT-ICE* selects a placeholder it will gen-
erate childg’ that was already present in P (due to prop-
erty 3 and 4 of def. 1) and insert it at the proper location,=
thereby preserving properties 1 and 2. If there are remair 10

emory required
0

. h N 3 . 3 4 5 6 1234567289
ing unexpanded children af, IT-ICE* will reinsert ¢ with Horizon Horizon
an updated heuristic valugd < ¢’.9 which is guaranteed (b) FireFighting. (c) Hotel 1.

to upper bound the value of unexpanded sibligfjssince - 2- Hvbrid heuristi (at (@) C 50
P VY TN s ; ; igure 2: Hybrid heuristic representations. (a) Compar
g\rﬁ Z) VId'p) = V(¢"-¢) = q".0 (preserving properties 3 different representations. (b), (c) The number of real nersb

When IT-ICE* finally selects a non-placeholdey it is stored for different representations 04

guaranteed to be the sameas selected by IT-IC (due to 5§ Heyristic Representation

property 1 and 2). Expansion in ICE will generate 1 chjld . - .
(again, inserted at the same relative location as in IC) and i Prévious research indicated that the upper bound provided
- by Qupp is often too loose for effective heuristic search

sert placeholdef = (q.¢, ¢’.0, true) for the other siblingg” _ : o
b &f = (g, q’.0, rue) 9% [Oliehoeket al., 2009. However, for tighter heuristics such
(again preserving properties 3 and 4). O .
as Qowvpp OF Qgg the space needed to store these heuris-
Theorem 1. GMAA*-ICE and GMAA*-IC are search- tics grows exponentially with the horizon. There are two ap-
equivalent. proaches to computing Qypp Or Qgg- The first approach
Proof. This follows directly from the proof of Lemma 2: constructs a tree of all joint AOHs and their heuristic value

Both algorithms initialize with the same (equivalent) openWhich is simple to implement, but requires storing a value
list and therefore maintain equivalent open lists throughfor each(é", a)-pair (and their number grows exponentially
out search. At each point IT-ICEf will either select a  With ¢, illustrated in Fig. 2(a)(left)). The second approach
q= <<p’{)’true>_then IC also expanded a node fpr_or maintains a_VeCtor'ba_SEd representation as Is Common for
ag. In the last case, because of property 2 of def. 1 we knoWw?’OMDPs (Fig. 2(a)(middle)). It also has exponential space
that the same is selected by IT-IC(P). ] complexity; even though pruning will provide leverage,hie t

) worst case the number of maintained vectors grows exponen-

Note that Theorem 1 does not mean that the runtime anflally with » — ¢, the number of stages-to-go.

space requirements of GMAA*-ICE and GMAA*-IC are  |n practice, we found that these space requirements become
identical: for each expansion, GMAA*-ICE will only gener- g hottleneck. To mitigate this problem we introduce a hybrid
ate oney to be stored on the open list versus a number of chilyepresentation, as illustrated in Fig. 2(a)(right). Theght is

drenthatis, in the worst case, doubly exponential in thétdep that the exponential growth of the discussed representsiso
of the selected nodeOn the other hand, GMAA*-ICE may in opposite directions. Therefore, we can use the low-space

select a placeholder for further expansion. complexity side of both representations: the later stagesu
We say that a search algorithm is complete if it searchegector-based representation (and later stages have fewer v

until it finds an optimal solution. tors), while the earlier stages use a history-based represe

Corollary 1. When using a heuristic of the form tation (and earlier stages have fewer histories). It is ¢asy

Arat o At Sty | gt compute a minimally-sized representation.

Q(f ’i‘) - E[R(S’a)l ']+ ELV(O V182, () Figs. 2(b)-(c) illugtrate the F;nemory requirements for the
whereV (6"!) > Q- (6T, w*(011)) is an overestima- “Tree”, the “Vector”, and the “Hybrid” representation for
tion of the value of an optimal joint poliey*, GMAA*-ICE Qgs, Where missing “Vector” bars indicates those represen-
is complete. tations grew beyond limits. The vector-baseg.Qepresen-
tation is computed using a variation of Incremental Pruning
The pruning performance depends on the problem and the
complexity of the value function, which can increase sud-
denly, as for instance happens in Fig. 2(c). We see that the

% When a problem allows clustering, the number of child nodeshybrid representation allows for very significant savirgs,
grows less dramatically. lowing us to compute tight heuristics for longer horizons.

Proof. Under the stated conditions, GMAA*-IC is complete
[Oliehoeket al,, 2008; 2009. Since GMAA*-ICE is search-
equivalent to GMAA*-IC, itis also complete. O



l h [ V* [ T[c(S) [ TICE(S)I l h [ %% [ T[c(S) [ T[CE(S) l l h [ V* [ T[c(S) [ TICE(S)I
Dec-Tiger Hotel 1 Cooperative Box Pushing
2| —4.000000| <0.01 <0.01 2 10.000000 <0.01 <0.01 2 17.600000 | <0.01| <0.01
3 5.190812 | < 0.01 <0.01 3 16.875000 <0.01 <0.01 3 66.081000 | §10.11 | 1 <0.01
4 4.802755 §0.27 <0.01 4 22.187500 | §1 < 0.01 | §1<0.01 4 98.593613 * | §313.07
5 7.026451 | 121.03| §10.02 5| 27.187500 <0.01 <0.01 5 # #
6| 10.381625 — 46.43 6| 32.187500 <0.01 <0.01 BroadcastChannel
7 - * 7| 37.187500 <0.01 <0.01 7 6.590000 | 1 < 0.01 | <0.01
FireFighting(n;, = 3,ny = 3) 8| 42.187500 <0.01 <0.01 10 9.290000 | < 0.01| <0.01
2| —4.383496 | <0.01 <0.01 9| 47.187500 0.02 <0.01 20 18.313228 | <0.01| <0.01
3| —5.736969 §0.11 0.10| | 10 # # 25 22.881523 | <0.01 <0.01
4| —6.578834 | 1 950.51 1.00 Recycling Robots 30| 27.421850| <0.01| <0.01
5| -7.069874 — T4.40 5 16.486000 | t<0.01| 7<0.01 50| 45.501604 | < 0.01 <0.01
6| —7.175591 0.08 0.07| |15 47.248521 | §<0.01 <0.01 53| 48.226420 | § <0.01 | § <0.01
7 # #||18| 56.479290 <0.01 §<0.01 100| 90.760423 | < 0.01 <0.01
GridSmall 20| 62.633136 <0.01 <0.01 250| 226.500545 0.06 0.07
2 0.910000 | <0.01 <0.01]|30| 93.402367 0.08 0.05 500| 452.738119 0.81 0.94
3 1.550444 §0.10 <0.01||40|124.171598 0.42 0.25 600 543.228071 11.63 13.84
4 2.241577 | 1.77 | §1<0.01 | | 50| 154.940828 2.02 1.27 700 633.724279 0.52 0.63
5| 2.970496 — 0.02 | | 60| 185.710059 9.70 6.00 800 - —
6| 3.717168 — 0.04 | | 70| 216.479290 — 28.66 900| 814.709393 9.57 11.11
7 # #1180 — — | | 1000 — —

Table 1: Experimental results comparing the computatioesi of GMAA*-IC (T7¢) and GMAA*-ICE (T7¢Eg), using the
hybrid Qs representation. Bold entries highlight results for whichpmevious solution was known in literature. Legend:"*
are memory limit violations; #” time limit overruns; “4#” memory or time overruns computing the heurisficindicates the
maximum planning horizon when using thg,6 heuristic; and shows the highest using a tree-baseddQ representation.

6 Experiments GMAA*-ICE achieves a speedup of 3 orders of magnitude,
and it is also able to compute a solution for= 6, un-

We performed an empirical evaluation of GMAA*-ICE by |ive GMAA*-IC. For GridSmall we see a large speedup

comparing to GMAA*-IC, which is currently (one of) the /. 1" — 4 and verv fast solutions foh — where
fastest optimal solvers for finite-horizon Dec-POMDPéle MAA*-IC runs ou)tl of memory. Similar poi,’it6i\,/e results

tested on a suite of benchmark problems from the literaturg .o gptained for Coo ; ; LA Rt

; . X ~ 5 perative Box Pushing and FireFighting.
[OI|<cajhoeket. ‘?1"’ ZEOE . dusmg discount factoz E%I\I/IRA*VY?:E An interesting counter-intuitive behavior can be obserfeed
used Qg with a hybrid representation, an - FireFighting . = 6, which could be solved much faster than

uses BGABAB [Oli_ehoeke_t al, 2019 .(With joint typesor- 5 _ 5 Analysis reveals that the CBG instances encountered
dered according to increasing probability). Experimerdsav ,jng the, — 6 search happen to cluster much better than
run on an Intel iCore5 CPU running Linux, and we limited the CBGs in thé: — 5 search, which is possible because the

each search process to 2Gb of RAM and a maximum Compuse, istics vary with the horizon. Also, for BroadcastChalnn

tation time 0f3,600s. Reported CPU-times are averaged over, ; ; L
: ’ : we can see that the search is not necessarily monotonic in
10 independent runs and have a resolutior).6iis. They y

concern only the MAA* seatch pracess, since computation o icy &0 C ERCEETEne PO SR AT D
of the heuristic can be amortized over multiple réns. P '

The main results are listed in Table 1. It clearly shows>Sduence our resultajso for GMAA-IC, are much better.

. e ) ny
that incremental expansion combined with the hybrid repre:rhe§ entries show the limits of running GMAA*-IC and

; L2 . GMAA*-ICE using Qypp instead of Q¢: in most of these
sentation allows for significant improvements over theestat problems we can reach longer horizons witgoQ Further-
of the art: for the vast majority of problems tested we pro-

) ) A more, the} entries indicate the horizon to which we can solve
vide results for longer horizons than any previously known

(the bold entries). Thus, incorporating the hybrid repnése a F_)I_rr? bler; with a tfree-ﬁats)ggBQrepresentgﬂon. be clearl
tion into GMAA*-IC greatly increases its scalability, whil e eflicacy of a hybrid representation can be clearly

adding the incremental expansion of GMAA*-ICE results S®€" _forr] problergs like IGridemarI]I, (liooperative Box Pushirt;g,
in even more performance improvements. When comparinéz're':'g ting and Hotel 1 (for the latter two see Fig. 2(b)

against GMAA*-IC, for Dec-Tiger we see that fér — 5 esp. 2(c)), where neither the tree nor the vector represen-
' tation is able to provide a compacg@heuristic for longer

horizons. Apart from FireFighting, for these problems com-

space reachability in problem structure. puting and storing g% (or another tight hegristic) for longer
5All problem definitions are available dttp:/www.isr. horizons becomes the bottleneck for scaling further.

ist.utl.pt/ ~ mtjspaan/decpomdp . As a final note regarding Table 1, we see that only on the
®The heuristics’ computation time ranges from less than a seconBroadcastChannel problem GMAA*-IC is (slightly) faster

to many hours (for high in some difficult problems). than GMAA*-ICE. Because this problem exhibits clustering

“The method by Amatet al.[2009 effectively focuses on state



or try to adapt other CBG solvers, e.fiKkumar and Zilber-
stein, 2010. Second, incremental solvers for graphical CBGs

E 1010

=3 may allow for further scaling of optimal solutions of Dec-
= _ POMDPs with multiple agents. Finally, future work should
815 ngﬁj:gg h=t —rul Eﬁg further consider improved heuristics and methods of compu-
S - GridSmall, h=6 ~ Full Exp. tation, which can allow GMAA*-ICE to scale even further.

- GridSmall, h=6 — Inc. Exp.
S Frerighing. hs _ine. o A\Cknowledgments
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