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Abstract

Multiagent Partially Observable Markov Decision Processes
(MPOMDPs) provide a powerful framework for optimal de-
cision making under the assumption of instantaneous com-
munication. We focus on a delayed communication setting
(MPOMDP-DC), in which broadcasted information is de-
layed by at most one time step. This model allows agents
to act on their most recent (private) observation. Such an as-
sumption is a strict generalization over having agents wait un-
til the global information is available and is more appropriate
for applications in which response time is critical. In this set-
ting, however, value function backups are significantly more
costly, and naive application of incremental pruning, the core
of many state-of-the-art optimal POMDP techniques, is in-
tractable. In this paper, we overcome this problem by demon-
strating that computation of the MPOMDP-DC backup can be
structured as a tree and by introducing two ndvet-based
pruning techniques that exploit this structure in an effective
way. We experimentally show that these methods have the po-
tential to outperform naive incremental pruning by orders of
magnitude, allowing for the solution of larger problems.

1 Introduction
This paper focuses on computing policies for multiagent
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and Zilberstein 2008; Oliehoek, Spaan, and Vlassis 2008;
Amato, Dibangoye, and Zilberstein 2009; Spaan, Oliehoek,
and Amato 2011). The Decentralized Partially Observable
Markov Decision Process (Dec-POMDP) framework can be
used to formulate such problems (Bernstein, Zilbersteid, a

Immerman 2000), but decentralization comes at a high com-
putational cost: solving a Dec-POMDP is NEXP-complete.

Communication can be used to mitigate the problem of
decentralized information: by sharing their local observa
tions, agents can reason about the optimal joint actiomgive
the global information state, callgoint belief That is, when
instantaneous communication is available, it allows to re-
duce the problem to a special type of POMDP (Pynadath and
Tambe 2002), called dMultiagent POMDP (MPOMDR)
which has a lower computational complexity than a Dec-
POMDP (PSPACE-complete) and will generally lead to a
joint policy of a higher quality (Oliehoek, Spaan, and Vlas-
sis 2008).

However, assuming instantaneous communication is of-
ten unrealistic. In many settings communication channels
are noisy and synchronization of the information statessak
considerable time. Since the agents cannot select their ac-
tions without the joint belief, this can cause unacceptdble

systems (MASs) that operate in stochastic environments and |ays in action selection. One solution is to assume that syn-

that share their individual observations with a one-step de
lay. This problem has been extensively studied in the de-
centralized control literature and dynamic programming al
gorithms date back to the seventies (Varaiya and Walrand
1978; Grizzle, Marcus, and Hsu 1981; Hsu and Marcus
1982). However, computational difficulties have limitee th
model’s applicability. In particular, the backup operator
der delayed communication has an additional source of com-
plexity when compared to settings with instantaneous com-
munication. In this paper, we take an important step in over-
coming these challenges by showing how this additional
complexity can be mitigated effectively.

The task faced by a team of agents is complicated by
partial or uncertain information about the world, as well

chronization will be completed withiltime steps, selecting
actions based on the last known joint belief. Effectiveiys t
reduces the problem to a centralized POMDP with delayed
observations (Bander and White 1999). However, such for-
mulations are unsuitable for tasks that require a high mespo
siveness to certain local observations.

A prime example is decentralized protection control in
electricity distribution networks by so-called Intelligte
Electronic Devices (IED). As power grids move towards in-
tegrating more distributed generation capability (e.go-p
vided by solar panels or fuel cells), more intricate pratect
schemes have to be developed as power flow is no longer
unidirectional (Hadjsaid, Canard, and Dumas 1999). In re-
sponse, modern IEDs not only decide based on locally avail-

as by stochastic actions and noisy sensors. Especially set-aple sensor readings, but can receive information fronrothe
tings in which agents have to act based solely on their |EDs through a communication network with deterministic
|_Oca|. information have received a Iarge amount of atten- de|ay5 (Xyng| and Popov 2010) When extreme faults such
tion in the last decade (Pynadath and Tambe 2002; Seukengas circuit or cable failures occur, however, no time can be
wasted waiting for information from other IEDs to arrive.
We therefore consider an alternative execution model for
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one-step delayed communication, in which the agents base Every time step onex

their action on their private observation, in addition te th
global information of the last stadeThis results in the
MPOMDP with delayed communication (MPOMDP-D@)
strict generalization of the delayed observation MPOMDP.
The MPOMDP-DC solution also plays an important role
when considering stochastic delays or delays of more time
steps (Spaan, Oliehoek, and Vlassis 2008).

For an MPOMDP-DC one can compute a value function
that is piecewise-linear and convex (PWLC) (Hsu and Mar-

(ay,...,a,,) is taken and
ano = (o1,...,0,) IS Observed. The special case with
1 agent is called a (regular) POMDP. At every stage
each agenti: 1) observes its individuab;, 2) broad-
casts its own observatiom;, 3) receives observations
o—; = (01,...,0i-1,0i+1,-.-,0,) from the other agents,
4) uses the joint observatiood = (o0;,0_;) and previ-
ous joint actiona’~! to update the new joint beligf =
BU(b'1,at=10?), 5) looks up the joint action for this stage
in the joint policya’ < =(b'), 6) and executes its compo-

cus 1982). This means that it can be represented by a setnenta!. The belief update functioU implements Bayes

of vectors, and therefore many POMDP solution methods
can be extended to the MPOMDP-DC setting (Oliehoek,
Spaan, and Vlassis 2007). Howevarcremental pruning
(IP) (Cassandra, Littman, and Zhang 1997), that performs
a key operation more efficiently in the case of regular
(M)POMDPs, is not directly able to achieve the same im-
provements for MPOMDP-DCs; a naive application of this
technique (MIVE IP) needs to loop over a number of decen-
tralized control laws that is exponential both in the number
of agents and in the number of observations.
In this paper, we target this additional complexity by

proposing two novel methods that operate over a tree struc-
ture. These methods prune exactly the same vectors as

NAIVE IP, but they iterate over the set of candidate vec-
tors in a different way: MIVE IP loops over all decentral-
ized control lawss, while TBP methods exploit the sim-
ilar parts in differents. The first method, called TBP-M
for tree-based pruning with memoization, avodigplicate
work by caching the result of computations at internal nodes

rule (Kaelbling, Littman, and Cassandra 1998). We denote
the set of all joint beliefs by3, and we will refer to a joint
belief simply as ‘belief’.

The joint policyr = (8°,6%,...,6"!) is a sequence of
joint decision rules mapping beliefs to joint actions. The
goal of the multiagent planning problem for an MPOMDP
is to find an optimal joint policyr* that maximizes the to-
tal expected reward. In this paper we will consider planning
over a finite horizorh.

Theh — t steps-to-g@ction-valueof b is

Q'(b,a) = Rg(b) + Y _ P*(ofb) max Q"™ (v .a’), (1)
where Rg(b) = > R%(s)b(s) andb’ = BU(b,a,0). An
optimal joint decision rule for stage §**, selects the max-
imizing a for eachb and thereby defines thalue function
Vt(b) = max, Q'(b,a) = Q' (b,6%*(b)).

Definition 2. An MPOMDP with delayed communication
(MPOMDP-DC)is an MPOMDP where communication is

and thus accelerates computation at the expense of memory.received with a one-step delay.

The second algorithm, branch and bound (TBP-BB), tries to
avoidunnecessargomputation by making use of upper and
lower bounds to prune parts of the tree, providing a differen
space/time tradeoff.

The empirical evaluation of the proposed methods on a
number of test problems shows a clear improvement over
NAIVE IP. TBP-M provides speedups of up to 3 orders of
magnitude. TBP-BB does not consistently outperform the
baseline, but is still able to provide large speedups on anhum
ber of test problems, while using little memory.

2 Background

In this section we formally introduce the MPOMDP model.

Definition 1. A multiagent partially observable Markov de-
cision process\t = (n,S,A,P,R,0,0,h,b") consists of the
following: a finite set ofn. agents;S, a finite set of states;
A = x;A;, the set{a’, ... ,a’} of J joint actions (4; is the
set of actions available to agei)t P, the transition func-
tion specifiesP*(s’|s) the probability of transferring froms
to s’ givena; R, the reward function, specifigg®(s) the re-
ward accumulated when takingfrom s; O = x;0;, the
set{o!...0 } of K joint observations(, the observation
function, specifie®*(o|s) the probability ofo after takinga
and ending up irs; h, the planning horizonb?, the initial
state distribution.

1The information available to the agents in this case is also re-
ferred to as @ne-step delayed sharing pattern

Execution in an MPOMDP-DC is as follows. At deci-
sion pointt, each agent: 1) has received th@revious-
stage observationso’ ;! and actionsa’;' of the other
agents, 2) observes its individuall, 3) computes’~! =
BU(b*=2,a'=20'~1), using thepreviousjoint observation
of=1 = (of710'') and joint actiona’~2? (remembered
from staget — 2 when it receivedat_f), 4) looks up the
individual action for this stage in the individual poliey «
m;(b' =1 al~1 0l), 5) broadcasts its own observatiosjsand
actiona!, and 6) executes!.

It is clear that there are quite a few differences with an
MPOMDP. Most notably, in an MPOMDP-DC a joint deci-
sion rule specifies an individual decision rule for each &agen
§t=(8t,...,6L), where eachd! : Bi=! x A x O; — A is
a mapping from gb'~*,a'~* of )-tuple to an individual ac-
tion al. As such, it may come as a surprise that we can still
define the optimal value of an MPOMDP-DC as a function
of beliefs:

Q'(ba) = Ry(b) +max > P*(ob)Q"(¥,6(0)), (2)

where B is the set of decentralized control laws =
(B1,-..,Bn) which the agents use to map their individual
observations to actiongl(o) = (51(01),-..,8n(0n)). Es-
sentially, we have decomposed a joint decision &ilanto

a collection of3, one for eacib,a)-pair. The maximiza-
tion that (2) performs for each such,a)-pair corresponds



to solving a collaborative Bayesian game (Oliehoek et al.
2010) or, equivalently, a Team Decision Problem and is NP-
complete (Tsitsiklis and Athans 1985). We also note that the
set of possibles is a strict super set of the set of joint ac-
tions. That is, control laws that ignore the private observa
tion and just map from the previous joint belief (and joint
action) to a joint action are included. As such, this appnoac
gives a strict improvement over assuming delayed joint ob-
servations (Bander and White 1999).

For both settings, the optimal joint policy can be derived
from the value functions defined above. The difficulty, how-
ever, is that these value functions are defined over thereonti
uous space of beliefs. When no inittdlis known ahead of
time, most methods for solving a (multiagent) POMDP use
the fact that (1) is piecewise-linear and convex (PWLC) over
the belief space. That s, the value at stagan be expressed
as a maximum inner product with a set of vectors:

Q' (b,a) = max b-v, =

vq EVE

®3)

b(s)va(s).
Jnax S (s)va(s)
We will also writeV* = (J,. 4 Vi, for the complete set of
vectors. Each of these vectors represents a conditional
plan (i.e., policy) starting at stagewith joint actiona and
has the following formw! = R® + >~ _g.,, with g, the
back-projection of?, thei-th vector iny*+1:

Gao = D 0%(0ls")P(s'|s)v' (). (4)

The set of suclygamma vectorss denoted byG,,. The al-
gorithm by Monahan (1982) simply generates all possible
vectors by, for each joint actiom, for each possible obser-
vation selecting each possible next-stage vector:

Vé: {Ra} @gaol D--- @gaoKa

where the cross-suM @ B = {a+b|a € Ab € B}.
A problem in this approach is that the number of vectors
generated by it grows exponentially; at every backup, the

algorithm generate$)'*!| = J V" vectors. However,
many of these vectors acmminatedwhich mean that they
do not maximize any point in the belief space. The opera-
tion Prune removes all dominated vectors by solving a set
of linear programs (Cassandra, Littman, and Zhang 1997;
Feng and Zilberstein 2004). That way, {hersimoniousep-
resentation ob! can be computed via pruning:

V, = Prune ({R*} @ Goo1 © -+~ @ Goor).  (6)

The technique callethcremental pruningIP) (Cassan-
dra, Littman, and Zhang 1997) speeds up the computation
of the value function tremendously by realizing that (6) can
be re-written to interleave pruning and cross-sums in the fo
lowing way:

®)

Prune ((...Prune (Geor ® Gaoz) - - ) @ Guox )-
3 Computing DC Value Functions

As for an MPOMDP, we can represent the value function
under delayed communication using vectors (Hsu and Mar-
cus 1982; Oliehoek, Spaan, and Vlassis 2007). However, in

the MPOMDP-DC case, not all combinations of next-stage
vectors are possible; the actions they specify should be con
sistent with an admissible decentralized control [aW hat

is, we define vectorg,.. € Gaoer @nalogously to (4), but
now we restrict’ to be chosen fromV! . From these we
construct

Vé = {Ra} =) gaolﬁ(ol) DD ga(,x@(ox). (7)

Note that it is no longer possible to collect all the vectors i
one seb?, since we will always need to discriminate which
joint action a vector specifies.

In the following, we will also represent & as a vector
of joint actions(a ) . . . a(x)), wherea;, denotes the joint
action selected for thie-th joint observation.

Proposition 1. The (not pruned) set! ., of vectors under

delayed communication is a strict subset of the)get of
MPOMDRP vectors¥a V, o C Vi p.

Proof. To see this, realize tha,,
therefore (5) can be rewritten as

t
Va,P

U, Gaoar @nd that

Ua(Ra @ [Ua'gaola’] DD [Ua’ga,oKa'])
Ua U<a(1)7~~-a(x)>€AK
(Ra EB ga,ola(l) @ Tt @ gaoka(k))'

The observation follows from the fact that the set of admis-
sible3 € B is a subset ofA”: eachj can be represented as
a vector of joint actionga(y) . .. a(k)), but not every such
vector is a valids. O

This means that the number of vectors grows less fast
when performing exhaustive generation. However, an effec-
tive method for doing the backup, such as incremental prun-
ing for POMDPs, has not been developed.

An obvious approach to incremental pruning in
MPOMDP-DCs is given by the following equations,
which we will refer to as MIVE IP:

V! =Prune ( U Vig),
BEB

V;B =Prune ({Ra} ® gttzol,é’(ol) - @ gfLoKﬂ(oK))’(g)

Gt . =Prune (Guoa), (10)

where (9) uses incremental pruning.

The sets of vector¥! are used as follows. At a stage
an agent knows!~! anda’~!. It uses this information to
determine the vectar € Vfl,,‘_ll that maximizesy - b'~1. It
retrieves the maximizing for v, and executeg; (o!).

There are two problems with the computation outlined
above. First, it iterates over all possitiles B, which is ex-
ponential both in the number of agents and in the number of
observations. In practice, this way of performing the backu
requires nearly a factofB| more time than a POMDP
backup. Second, it performs a lot of duplicate work. E.g.,
there are manys that specify3(o') = a*, 8(0?) = d', but
for each of themPrune (G,,1.x ® Gyo2qt) IS recomputed.

8



4 Tree-Based Pruning

In order to overcome the drawbacks of the naive approach
outline above, we propose a different approach. Rather than
creating setsigﬂ for eachs € B, we directly construct

Vi =Prune (| ] ({R"}®
BeEB
gaolﬂ(ol) oD gaOKﬁ(oK)))' (11)
As mentioned, we can interprgt as a vector of joint ac-

tions. This allows us to decompose the union ogento
dependent unions over joint actions, as follows:

t a
Vo = U ({R*} ® Guorayy ® - ®Gaohay,)
<a(1)...a(k)>€B
={r"te U U (Gaotagyy @ ®Gaokay,,)
a()€A <a(2)...a(k)>eB\a(1>
e U [Guta,,® U U

Ehe “@ o) (a)- o)) €Blayay
D DGk

woka)]
(12

(9uoaz) @ Gaotay,

={...etc...

{.. 3

Here B|ama(2) denotes the set off consistent with
acy, ac), andA|a(1)___,,,(k71> denotes the set of joint actions
(for thek-th joint observation) that result in a valid The re-
sult of completing equation (12) defines a computation tree
illustrated in Fig. 1 in the context of a fictitious 2-action (
andy) 2-observation { and2) MPOMDP-DC. The root of
the tree,V!, is the result of the computation. There are two
types of internal, or operator, nodes: cross-sum and union.
All the leaf nodes are sets of vectors. An operator nede
takes as input the sets from its children, compufgsthe
set of vectors resulting from application of its operatoid a
propagates this result up to its parent. When a union node
is thej-th union node on a path from root to leaf, we say it
has depthy. A depth+ union node performs the union over
a(;) and thus has children corresponding to different assign-
ments of a joint action te’ (indicated by the gray bands).

It is important to realize that the options available &Qr,
depend on the action choiceg), . .. ,a;_1)) made higher
up in the tree; given those earlier choices, samg may
lead to conflicting individual actions for the same indivédiu
observation. Therefore, while there are 4 childrendggl),
union nodes deeper down the tree have only 2 or even just 1.
Now, to compute (11) we proposeee-based (incremen-
tal) pruning (TBP) it expands the computation tree and,
when the results are being propagated to the top of the tree,
prunes dominated vectors at each internal node. However,
Fig. 1 shows another important issue: there are identital su
trees in this computation tree, as indicated by the dashed
green ovals, which means that we would be doing unneces-
sary work. We address this problem by memoization, i.e.,
caching of intermediate results, and refer to the resulting
method as TBP-M. Note that the sub-tree under a node is
completely characterized by a specification of which joint
action assignments are still possible for the unspecifiied jo

ao¥

Figure 1: The computation tree df.

inside the ovals a$—, — , (x,z), (x,y)), where =’ means
that the joint action for that joint observation is specified
(x,z) denotes the sdt(x,z) , (y,x)} (*" acts as a wildcard)
and similar for(x,y). We call such a characterization the ID
string and it can be used as the key into a lookup table. This
way we only have to perform the computation just once for
each ID string.

5 Branch & Bound

Tree-based pruning using branch and bound (TBP-BB) is
a second method to overcome the problems of naive incre-
mental pruning. Branch and bound (BB) is a well-known
method to prune parts gkarch treesThe idea is that while
TBP-M avoids duplicate work, TBP-BB may be able to
avoid doing unnecessary work. Also, TBP-M needs to cache
results which may lead to memory problems. TBP-BB does
not perform caching, creating an attractive alternative to
trade off space and time complexity.

In particular, standard BB computes #rvalue for each
visited noden in the tree viaf(n) = g(n) + h(n), where
g(n) is the actual reward achieved up to the node, /afid
is an admissible heuristic estimate. Since our computation
tree has vector-valued leaves, BB can not be applied directl
Still, we can generalize the idea of BB to be applicable to our
setting, which requires specifying g andh asPWLC func-
tions and comparing them té the lower bound function
the PWLC function over belief space induced by the et
of already found non-dominated vectef's

This idea is illustrated in Fig. 2. While the computation
tree works bottom-up, we can also interpret it top-down: by
associating the null-vect@rwith the root node, we can now

pass the result df @ {R*} = {R"} down the tree. The
union node now acts as a simple ‘splitter’ duplicating its in
put set down to all children. This way we can define with

observations. For instance, we can characterize the nodeseach node the cross-sum of sets encountered from the root



Figure 2: A part of the search tree from Fig. 1 illustrating th
heuristics for a search node.

to that node. This cross-sum itself is a éétand thus de-
fines a PWLC function over the belief space, namglyn

a similar way, the PWLC heuristic functidnis represented
by a set of vectoréi. The function should give a guaranteed
overestimation o¥,, (as formalized below) and we propose
to use the POMDP vectors. That is, for a node at d¢gtor
which the first;j joint observations’ gamma vector sets are
used in the cross-sum to compug, we specify:

Hj; =Prune (Gupi+r @ -+ ® Gyorx ). 13

This can be pre-computed using incremental pruning.
With a slight abuse of notation, we will writg, and F},

for the f-function at node: and the set of vectors represent-

ing it. We will say thatf,, and F;,, areadmissibldf they are

an optimisic estimate of the actual complete (alpha) vector

produced by this node. That is if

2 (14)

Or, if we useh’, to denote the function induced B¥,, the
actual set of vectors computed by we can more simply
state this requirement & f,,(b) > g,(b) + h}(b).

Theorem 1. Letn be a search node at depghthenF,, =
G, @ Hj, whereH is defined as the POMDP heuris{it3),
is admissible.

Proof. By F,, = G, & H; we have that the induced func-
tion f,,(b) = ¢, (b) +h,(b). Therefore we only need to show
thatV, h;(b) > hJ(b). This clearly is the case because
h; is induced by a cross-sum of POMDP back projections
(13), while the latter is induced by cross-sums of DC back
projections (Use ' (Gaoit1g(0i+1) @ -+ © Gaok g(ox)) fOr

a subsetB’ of 3) and the former are supersets of the latter
(Gaoi D Gaoiar, Va') as indicated in the proof of Prop. 1]

ver, Vore(Goav,) brv>b-v

Giveng, h we want to see if we need to further expand the
current node. Clearlyf = g + h is represented by the upper
surface implied by the sét = Prune (G ¢ H). Therefore,

Problem | |S| |Al O] | B|
Dec-Tiger 2 9 4 81
OneDoor 65 16 4 256
GridSmall 16 25 4 625
MG2x2 16 25 16 390625
D-T Creaks 2 9 36 531441
Box Push. | 100 16 25 1048576

Table 1: Overview of several characteristics of the problem
domains. All problems have 2 agents.

to see if the current node could generate one or more vectors
that are not dominated by the detf full vectors found so

far, we need to check if there isiae F', such thaBb v-b >
w-b,Yw € L. Thatis, we simply need to check for eack

F if it is dominated by the set of vectots representing.

This can be done using the standard LP for checking for
dominance (Cassandra, Littman, and Zhang 1997; Feng and
Zilberstein 2004). At the bottom of the tree, we add any non-
dominated vectors té.

6 Experiments

In order to assess the efficacy of the proposed methods,
we performed an empirical evaluation. This evaluation is
not geared at examining the assumptions of the MPOMDP-
DC model; as mentioned it is a strict generalization of the
centralized model assuming one-step delayed joint obser-
vations and an evaluation of incorrectly assuming instan-
taneous communication is presented by Spaan, Oliehoek,
and Vlassis (2008). We tested our methods on a set of
six problems: Dec-Tiger, OneDoor, GridSmall, Cooperative
Box Pushing, Dec-Tiger with Creak¢Gmytrasiewicz and
Doshi 2005), and MeetingGrid2%2The main characteris-
tics of these problems can be found in TableQf particu-

lar interest is the right-most column showing the number of
B (denoted by B|) for each problem, which is a key indica-
tor of its complexity. As all methods compute optimal value
functions, we only compare computation times.

Table 2 shows timing results for all six problems, for a set
of planning horizons (depending on the problem). We can
see that for all domains TBP-M outperformaNE IP, of-
ten by an order of magnitude and up to 3 orders of magni-
tude. TBP-BB performs somewhat worse, but as noted be-
fore, requires much less memory.

We also compared against TB¥3M: a strawman ver-
sion of TBP-M that does not perform any memoization and
re-computes duplicate parts of the tree. It allows us to see
the effect of tree-based pruning, without the extra spegdup
provided by memoization: except for a very small problem
(Dec-Tiger(5)), memoization significantly speeds up com-
putations. The results also show that TRBM still is faster
than NaIve IP on almost all problems. However, as prob-
lem domains grow larger in terms pB|, TBP-M is able to

2To turn the problem into a Dec-POMDP, we sum both agents’

reward functions.

3Courtesy of Jilles Dibangoye.

4Problems without citation are available frduttp://www.
isr.ist.utl.pt/ ~ mtjspaan/decpomdp/



Problem{) TBP-M TBP-BB| NAalvE IP TBP-NOM
Dec-Tiger(5) 0.13 0.09 0.23 0.09
Dec-Tiger(10) 0.31 0.43 0.73 0.33
Dec-Tiger(15)]  0.98 1.44 2.54 1.19
OneDoor(3) 53.64 1546.73 304.72 56.53
Gridsmall(2) 3.93 12545 64.03 3.80
MG2x2(2) 171.07  2689.35 | 382093.00 516.03
MG2x2(3) 640.70 11370.40 1499.43
MG2x2(4) 1115.06 24125.30 2813.10
D-T Creaks(2) 63.14 93.16 109.27 121.99
D-T Creaks(3) 149.06  172.79| 1595.17 471.57
D-T Creaks(4) 203.44 292.67| 4030.47 1150.69
D-T Creaks(5) 286.53  619.25| 8277.32  2046.73
Box Push.(2) | 132.13 6663.04| 1832.98 1961.38

Table 2: Timing results (ins), comparing TBP-M and
TBP-BB to Nalve IP and TBPNOM. The missing entries
for NAIVE IP on MG2x2(3)/(4) are due to time limits.

cache larger subtrees, leading to larger computational sav
ings. Indeed, when comparing TBP-M vs. TB®M in

Table 2, we can see that the gap between them grows as

|B| increases (c.f. Table 1). Regarding the performance of
TBP-BB, in domains in which TBP-BB can hardly prune

any branches such as OneDoor and Box Push., its perfor-

mance is much worse than TB¥oM, due to the overhead
of maintaining bounds. However, a tighter heuristic could
change this picture dramatically. Additionally, compatin
the heuristicH; is relatively costly in some domains: for
GridSmall(2) it take®3.95s, and1280.23s for OneDoor(3).
Finally, note that computing the heuristic (13) using in-
cremental pruning just corresponds to computing (2) and
therefore to doing a POMDP backup. However, we can

in order to get any kind of quality guarantees for such
methods, future research should investigate how to effi-
ciently compute upper bounds for the DC setting. More-
over, it is still unclear how to efficiently perform the point
based backup itself, although there have been recent ad-
vances (Oliehoek et al. 2010). We expect that it will be pos-
sible to draw on work performed on point-based backups for
the Dec-POMDP (Amato, Dibangoye, and Zilberstein 2009;
Dibangoye, Mouaddib, and Chai-draa 2009; Kumar and Zil-
berstein 2010).

In fact, this connection with Dec-POMDPs also works
the other way around. An important direction of future
work is to investigate whether it is possible to transfer TBP
to Dec-POMDPSs. The optimal solution of the MPOMDP-
DC is useful to upper bound the expected value of MASs
without communication (Grizzle, Marcus, and Hsu 1981,
Ooi and Wornell 1996) and thus as a heuristic in solv-
ing Dec-POMDPs (Oliehoek, Spaan, and Vlassis 2008;
Spaan, Oliehoek, and Amato 2011). However, there may
be more direct ways in which our methods can advance
Dec-POMDP algorithms. For instance, the most influential
approximate solution method, MBDP (Seuken and Zilber-
stein 2007), samples joint beliefs to admit point-based one
step backups. Our methods allow us to perform the one-step
backup over the entire joint belief space and thus can find the
complete set of useful sub-tree policies obviating the need
pre-specify a ‘max-trees’ parameter. We also plan to inves-
tigate whether our techniqgues may be useful for exact DP
methods (Hansen, Bernstein, and Zilberstein 2004).

Furthermore, our methods can also be used to find the
Pareto-optimal set of decentralized control laws in multi-
objective team decision problems. This is an extension of

see that TBP-M solves the mentioned problem instances in the team decision problem (Tsitsiklis and Athans 1985)

3.93s resp.53.64s. That is, the DC backup is faster than the
POMDP backup in these instances. While this is not a trend

for all domains, this does suggest that the DC backup no u(0,a)

longer inherently suffers from an additional complexity.

7 Discussion & Related Work

or identical payoff Bayesian game (Oliehoek et al. 2010),
where the payoff function generates a vector of payoffs
€ RF. That means that eaghdefines a value vec-
tor vz € RF. Given a weightw of the objectives, the fi-
nal value is given by the inner produgt - w. When solv-
ing the multiobjective problem, we are interested in the
set L. C B of g that are maximizing at some point in

Here we discuss our approach, providing pointers to related the space of parametets. That is, we want to compute

work and possible directions of future work where possible.
The suitability of the MPOMDP-DC model depends on
the ratio of expected duration to synchronize the jointdjeli
state and the duration of a joint action. In many situations
synchronization is expected to take multiple stages. How-

L Prune ({vs|8 € B}). This directly corresponds to
the problem we solved in this paper. Here we we would
have setg, = {u(o',a'),... u(o,a”)} for all joint types.
Since a (non-identical payoff) Bayesian game is exactly the
same from mathematical point of view (only now there is

ever, even for such cases our techniques are useful: the one-one objective associated with each agent), our methods can
step delayed solution can be used as a part of a solution with be used to find Pareto-optimal joint strategies for them.

longer delays (Spaan, Oliehoek, and Vlassis 2008).

While IP entails a choice for the regular (vector-based)
backup, an interesting other direction is the exploratibn o
point-based backups. While we do not expect that this will
directly lead to further improvements to the exact backup,
point-based methods have led to state-of-the-art resuits f

8 Conclusions

In this article we considered multiagent planning under
uncertainty formalized as a multiagent POMDP with de-
layed communication (MPOMDP-DC). A key feature of this

approximate POMDP methods (Pineau, Gordon, and Thrun model is that it allows a fast response to certain local abser
2003; Spaan and Vlassis 2005; Kurniawati, Hsu, and Lee vations, relevant in time-critical applications such alin

2008). While approximate point-based value iteration for

ligent power grid control. We showed that the set of legal

MPOMDP-DC has been proposed (Oliehoek, Spaan, and vectors (corresponding to admissible joint policies) isila-s

Vlassis 2007), many questions remain open. For instance,

set of the set of vectors for the MPOMDP. Still, because of



the way this restriction is specified (as a union over decen-
tralized control laws3), a naive application of incremental
pruning (IP) suffers from a significant additional comptgxi
when compared to the MPOMDP case.

Hansen, E. A.; Bernstein, D. S.; and Zilberstein, S. 2004. Dynamic
programming for partially observable stochastic gamesAAR\,
709-715.

Hsu, K., and Marcus, S. 1982. Decentralized control of finite

In order to address this problem we presented an analysis state Markov processefEEE Transactions on Automatic Control
that shows that the DC backup operator can be represented?27(2):426-431.
as a computation tree and we proposed two methods to ex- Kaelbling, L. P.; Littman, M. L.; and Cassandra, A. R. 1998. Plan-

ploit this tree structure. The first, TBP-M, is based on the
original bottom-up semantics of the computation tree, and
gains efficiency via memoization. The second, TBP-BB,
broadens regular branch-and-bound methods by reinterpret
ing the computation tree in a top-down fashion and by gener-
alizing the concepts of, g andh-values to PWLC functions.

We performed an empirical evaluation on a number of
benchmark problems that indicates that TBP-M can realize
speedups of 3 orders of magnitude over thra\Nt 1P base-
line. TBP-BB is not competitive with TBP-M on all but
one domain (it can not prune enough nodes using its heuris-
tic) but still shows the potential to significantly improvess
NAIVE IP in three out of six problems. These results show
that we have successfully mitigated the additional complex
ity that the DC backup exhibits over the MPOMDP, allow-
ing for the solution of larger problems. Finally, we discegs
how our results are applicable to Dec-POMDPs and multi-
objective team decision problems.
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