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Abstract. In many real-world multiagent applications such as distel sen-
sor nets, a network of agents is formed based on each agenitsd interac-
tions with a small number of neighbors. While distributed\@Ps capture the
real-world uncertainty in multiagent domains, they faiktgloit such locality of
interaction. Distributed constraint optimization (DCQ#ptures the locality of
interaction but fails to capture planning under uncertaifihis paper present a
new model synthesized from distributed POMDPs and DCOHRMesdddetworked
Distributed POMDPs (ND-POMDPs). Exploiting network stiwe enables us
to present two novel algorithms for ND-POMDPs: a distrilsupmlicy genera-
tion algorithm that performs local search and a systematiicypsearch that is
guaranteed to reach the global optimal.

1 Introduction

Distributed Partially Observable Markov Decision Probde(@istributed POMDPS)
are emerging as an important approach for multiagent teaknwdese models en-
able modeling more realistically the problems of a team'srdmated action under
uncertainty [1-3]. Unfortunately, as shown by Bernsttial. [4], the problem of find-
ing the optimal joint policy for a general distributed POMBINEXP-Complete. This
complexity has fuelled a lot of criticism that distribute@®DPs cannot be applied
to large scale realistic problems. Researchers have agdmpo different approaches
to address this complexity. First, they have focused onrélgos that sacrifice global
optimality and instead focus on local optimality [1, 5]. 8ad, they have focused on
restricted types of domains, e.g. with transition indeera or collective observabil-
ity [3]. While these approaches have led to useful advarbhes;omplexity of the dis-
tributed POMDP problem has limited most experiments to d@raépolicy generator
planning for just two agents.

This paper introduces a third complementary approachaalktworked Distrib-
uted POMDPs (ND-POMDPSs), that is motivated by domains ssdfisiributed sensor
nets [6], distributed UAV teams and distributed satellit@bere an agent team must
coordinate under uncertainty, but agents have strongitpdaltheir interactions. For



example, within a large distributed sensor net, small dslifesensor agents must co-
ordinate to track targets. To exploit such local interatidND-POMDPs combine the
planning under uncertainty of POMDPs with the local agetgrictions of distrib-
uted constraint optimization (DCOP) [7, 8]. DCOPs have sastully exploited limited
agent interactions in multiagent systems, with over a decédlgorithm development.
Distributed POMDPs benefit by building upon such algorithihat enable distributed
planning, and provide algorithmic guarantees. DCOPs hdmeéinabling (distributed)
planning under uncertainty — a key DCOP deficiency in prat@pplications such as
sensor nets [6].

Taking inspiration from DCOP algorithms, we provide two @ighms for ND-
POMDPs. First, the LID-JESP algorithm combines the exisiiBSP algorithm of Nair
et al. [1] and theDBA [8] DCOP algorithm. LID-JESP thus combines the dynamic
programming of JESP with the innovation that it is uses ioié-Histributed policy gen-
eration instead of JESP’s centralized policy generatieno8d, we present a more sys-
tematic policy search that is guaranteed to reach the glmitahal on tree-structured
agent-interaction graphs; and illustrate that by expigiproperties from constraint lit-
erature, it can guarantee optimality in general. Finallyempirically comparing the
performance of the two algorithms with benchmark algorghhat do not exploit net-
work structure, we illustrate the gains in efficiency madsgilde by exploiting network
structure in ND-POMDPs.

2 lllustrative Domain

We describe an illustrative problem within the distribusethsor net domain, motivated
by the real-world challenge in [6] Here, each sensor node can scan in one of four
directions — North, South, East or West (see Figure 1). Tektetarget and obtain
associated reward, two sensors with overlapping scannegsanust coordinate by
scanning the same area simultaneously. We assume thastieengo independent tar-
gets and that each target’s movement is uncertain and etedféy the sensor agents.
Based on the area it is scanning, each sensor receives atisesithat can have false
positives and false negatives. Each agent incurs a costémning whether the target
is present or not, but no cost if it turns off.

As seen in this domain, each sensor interacts with only adomumber of neigh-
boring sensors. For instance, sensors 1 and 3's scannaga@waot overlap, and cannot
effect each other except indirectly via sensor 2. The sehsbiservations and transi-
tions are independent of each other’s actions. Existingjiiged POMDP algorithms
are unlikely to work well for such a domain because they ategeared to exploit lo-
cality of interaction. Thus, they will have to consider atlgsible action choices of even
non-interacting agents in trying to solve the distribut€@MDP. Distributed constraint
satisfaction and distributed constraint optimization (@R) have been applied to sensor
nets but they cannot capture the uncertainty in the domain.

4 For simplicity, this scenario focuses on binary interawsioHowever, ND-POMDP and LID-
JESP allow n-ary interactions.
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Fig. 1. Sensor net scenario: If present, targetl is in Locl-1, dat-Locl-3, and target2 is in
Loc2-1 or Loc2-2.

3 ND-POMDPs

We define an ND-POMDP for a grougyg of n agents as a tuples, A, P, 2,0, R, b),
whereS = x1<;<,5; x S, is the set of world states); refers to the set of local states
of agenti andsS,, is the set of unaffectable states. Unaffectable statesedahat part of
the world state that cannot be affected by the agents’ agtmg. environmental factors
like target locations that no agent can contrbk= x1<;<,4; is the set of joint actions,
whereA; is the set of action for agent

We assume #&ansition independent distributed POMDP model, where the transi-
tion function is defined a® (s, a,s’) = Py(su, s,,) - [11<;<n Pi(Si,s Su, ai, s;), where
a = {ai,...,a,) is the joint action performed in state = (si,...,sy,,s,) and
s = (s,...,s,,5,) is the resulting state. Agens transition function is defined as
Pi(si, Su, ai, $;) = Pr(s}|si, su, a;) and the unaffectable transition function is defined
asP,(su, s),) = Pr(s]|s.). Beckeret al. [3] also relied on transition independence,
and Goldman and Zilberstein [9] introduced the possibdityincontrollable state fea-
tures. In both works, the authors assumed that the stanalesctively observable, an
assumption that does not hold for our domains of interest.

2 = Xi1<i<n{2; is the set of joint observations whefg is the set of observa-
tions for agents. We make an assumption observational independence, i.e., we
define the joint observation function &8s, a,w) = [[;<;<,, Oi(si, su,a:,w;), where
5= (81, ,8n,8u)y @ = (a1, ...,an), w = (W1,...,wn), aNdO;(s;, sy, a;,w;) =
Pr(w;|s1, Su, a;).

The reward functionR, is defined ask(s,a) = >, Ri(si1, - -, Sik, Su, (@1, - - -5
aix)), where eachcould refer to any sub-group of agents @ne |{|. In the sensor grid
example, the reward function is expressed as the sum of devb@tween sensor agents
that have overlapping areas £ 2) and the reward functions for an individual agent’s
cost for sensingki = 1). Based on the reward function, we constructiateraction
hypergraph where a hyper-link], exists between a subset of agents for llthat
compriseR. Interaction hypergraph is defined as& = (Ag, F), where the agents,
Ag, are the vertices and = {i|l C Ag A R, is acomponentoR} are the edges.
Neighborhood of i is defined asV; = {j € Ag|lj #iA (3l € E, i e INj € 1)}.
SN, = % jen,S; refers to the states 86 neighborhood. Similarly we defingy,, £2x,,
PNi andONi.



b, the distribution over the initial state, is defined@s) = b, (su) - [[;<;<, bi(s:)
whereb,, andb; refer to the distributions over initial unaffectable statel over’s initial
state, respectively. We defibg, = [[,c v, bj(s;). We assume that b is available to all
agents (although it is possible to refine our model to maké#adla to agent only b,,,

b; andby,). The goal in ND-POMDP is to compute joint poliey= (m;, ..., m,) that
maximizes the team’s expected reward over a finite horizatarting fromb. 7; refers

to the individual policy of agentand is a mapping from the set of observation histories
of ¢ to A;. mn, andm; refer to the joint policies of the agents i¥; and hyper-linki
respectively.

ND-POMDP can be thought of as arary DCOP where the variable at each node
is an individual agent’s policy. The reward compon&ptwhere|l| = 1 can be thought
of as a local constraint while the reward componBptvherel > 1 corresponds to a
non-local constraint in the constraint graph. In the negtiea, we push this analogy
further by taking inspiration from the DBA algorithm [8], abgorithm for distributed
constraint satisfaction, to develop an algorithm for sayND-POMDPSs.

The following proposition shows that given a factored rafamction and the as-
sumptions of transitional and observational independgheeresulting value function
can be factored as well into value functions for each of thgesdn the interaction
hypergraph.

Proposition 1. Giventransitional and observational independenceand R(s,a) = >, 5
Ri(si1, -, 1k, Sus (@11, - -+, ai)),

V;&(Stth) = Z szrsl (Sfla ) kav Sfmw?lv e 'wfk) (1)
leE

where V! (st, w) is the expected reward from the state s* and joint observation history

w' for executing policy m, and V;, (sf;, . . ., s, st wjy, . .. wj,,) isthe expected reward
for executing 7; accruing from the component R;.

Proof: Proposition holds fot = T' — 1 (no future reward). Assume it holds for= 7
wherel < 7 < T — 1. Thus,

T T Ty T T T T T T
Vw (S ) W )_ E Vm(sllv'"’Slkvsuvwllv"'wlk)
leE

We introduce the following abbreviations:

A
pi = Pi(st, sh,mi(wh), i) - Oa (s, s mi(w)), wf)
A
Pl = Pi(sl, st
t & t t ot t t
) = Ri(8]1, -5 81k S M1 (W), -+, Tk (wiy))

t D st ot t ot ot t
Ul = Vﬂ.l(sll,...,Slk,su,wll,...wlk)



We show that proposition holds for= 7 — 1,

T—1/.7—1 T7—1 T—1 7—1, 71—1 T—1 T
Vi (s W) = g ]+ g Dy D1 .---Dy, g v
leE sT,wT leE

= Z(TZ'*1 + Z o el ) = ZvlT*l O

leE ST sy ST rSm Wl e s W] leE

Local neighborhood utility of agenti as the expected reward accruing due to the
hyper-links that contain aget

VNl = D bu(su)bn, (sw)bi(si) D V(sinse s su () (2)

8i,SN;»Su lEE s.t. i€l

Proposition 2. Locality of interaction: Thelocal neighborhood utility V. [N;] = V.. [N]
if m; = n, and 7y, = 7T§Vi.

Proof sketch: Equation 2 sums ovére E such that € [, and hence any change of the
policy of an agenj ¢ iUN; cannot affecV/;[V;]. Thus, any such policy assignment,
that has different policies for only non-neighborhood dgghmas equal value &5 [V;].
O
Hence, while trying to find best policy for agehigiven its neighbors’ policies,
we do not need to consider non-neighbors’ policies. Thisésproperty ofocality of
interaction that is used in later sections.

4 Locally Optimal Policy Generation

The locally optimal policy generation algorithm called L-IESP (Locally interacting
distributed joint equilibrium search for policies) is bds® the DBA algorithm [8] and
JESP [1]. In this algorithm (see Algorithm 1), each agergstiio improve its policy
with respect to its neighbors’ policies in a distributed mansimilar to DBA. Initially
each agent starts with a random policy and exchanges its policies witimeighbors
(lines 3-4). It then computes its local neighborhood yt{gee Equation 2) with respect
to its current policy and its neighbors’ policies. Agenthen tries to improve upon
its current policy by calling function 6TVALUE (see Algorithm 3), which returns the
local neighborhood utility of agents best response to its neighbors’ policies. This
algorithm is described in detail below. Ageinthen computes the gain (always 0
because at worst &' VALUE will return the same value ascvVal) that it can make
to its local neighborhood utility, and exchanges its gaithts neighbors (lines 8-11).
If i’s gain is greater than any of its neighbors’ gainchanges its policy (lRDPOLICY)
and sends its new policy to all its neighbors. This processyofg to improve the local
neighborhood utility is continued until termination. Témation detection is based on
using a termination counter to count the number of cycles@ein; remains= 0. If

its gain is greater than zero the termination counter istréggent: then exchanges its

5The functionargmax; disambiguates between multipfecorresponding to the same max
value by returning the lowegt



termination counter with its neighbors and set its courttéiné minimum of its counter
and its neighbors’ counters. Agenwill terminate if its termination counter becomes
equal to the diameter of the interaction hypergraph.

Algorithm 1 LID-JESRi, ND-POMDP)

1: Compute interaction hypergraph aig
2: d « diameter of hypergraptlierminationCtr; < 0
3: m; < randomly selected policgrevVal «+ 0
4: Exchanger; with N;
5: whileterminationCtr; < d do
6: for all s;, sn,, su do
7: prevVal & bu(su)-bi(s:)-bn, (sn;) - EVALUATE (4, 84, Su, SN, T3, TN, (), (), 0,T)
8: gain; «— GETVALUE(,b,7n,,0,T) — prevVal
9: if gain; > 0 then terminationCtr;, — 0
10: dseterminationCtr; ]
11: Exchangeain;,terminationCtr; with N;
12:  terminationCtr; < min;cy,ugiyterminationCtr;
13 maxGain <+ max;cn,u{i} 9ain;
14 winner — argmaxc y. ;3904
15:  if maxGain > 0 and ¢ = winner then
16: RNDPoLICY(4,b, () ,7N,,0,T)
17: Communicater; with V;
18: eseif maxGain > 0 then
19: Receiveryinner from winner and updatery,
20: return 7;

Algorithm 2 EVALUATE (i, s}, si,, s, mi, TN, , wi, wn, , £, T)

a; — mi(wi), an, — 7N; (WN;)

val 3 g R (s}fl7 o 8hy st an, ... ,alk)

ift <T —1then

for all sﬁ“,sﬁ\tl,siﬂ do
for all w;,wn, do

val & Pu(sh,sith) - Pi(st s, ai,stY) - Pu, (s'}vi,sz,am,sﬁ\tl)
O: (st 85 ai,wi) - Ow, (s'j\fil,szﬂ,am,wm) - EVALUATE (i, st
Si+1,s7}\}:1,7Ti,7TNi, (wi,wi> s (wNi,wNQ st + 1,T)

return val

4.1 Finding Best Response

The algorithm, GTVALUE, for computing the best response is a dynamic-programming
approach similar to that used in JESP. Here, we defirepidnde of agent; at timet as



el = (st st s, Wi ). Treating episode as the state, results in a single agent M

u’ v
where the transition function and observation functionloamefined as:
t t _t+1 t t+1 t .t t _t+1 t
P(ez’a’z’ez ) P’U«(Su’su+ )'P(Smsu’a’z’sz ) PN%(SNI’
t t t+1 t+1 _t+1 t +1
Sur AN SN, ) ON (SN 7Su+ aN’wN )
/o t+1 t t+1\ t+1 t+1 t t+1
O(ei y Ay W )_Oi(si )

y Qg Wy

A multiagent belief state for an agengiven the distribution over the initial stati(s)
is defined as:
B(ef) = Pr(sl,, s, sly,, wi, |wi, a; ", 0)
We can now compute the best response using the followingtiegu@gee Algo-
rithm 3):

V(B b) = max VO(BLY) (3)

The function,VV%-t, can be computed using Algorithm 4 as follows:

V(B b ZBt Z Ri(si1, .-, Sk, Su, (@1, - -+, aik))

l€EE s.t. i€l

N Z Pr(w!™! B, a;) - Vi (Bf“) 4)

witten

Bf“ is the belief state updated after performing actigrand observin@,};”rl and is
computed using Algorithm 5.

Algorithm 3 GETVALUE (i, BY, 7w, , t,T)

1. if ¢t > T thenreturn 0

2: if V;(B") is already recordethen return V;(B*)

3: best — —o0

4: for all a; € A; do

5. walue «— GETVALUEACTION( B',a;,mn;,t,T)
6

7

8

9

recordvalue asV,** (B")
1 if value > best then best «— wvalue
. recordbest asV;(B")
1 return best

4.2 Correctness Results

Proposition 3. When applying LID-JESP, the global utility is strictly increasing until
local optimumis reached.

Proof sketch By construction, only non-neighboring agents can modiBirtipolicies
in the same cycle. Ageritchooses to change its policy if it can improve upon its local



Algorithm 4 GETVALUEACTION(i, B, a, 7w, , t,T)

1: value < 0
2: for all " = (s}, s}, sy, ,wn,) s.t. B'(e") > 0do
an; < TN; (““’Ni)
reward «— Y, p R (sfl, st st an, ... 7alk)
value < B'(e') - reward
ift <T —1then
for all w; € £2; do
B't!' « UPDATE(i, B', a,w;, ;)
prob «— 0
for all sﬁ,sf,s’}vi do

for all et = <s;+1 S (wNi,wNi>> stB"(e1) > 0do

ECoo~Nou pw

1%

12: an, — 7N, (wWN;)

. + 1 t4+1
13: prob <~ Bi(e') - Pu(s, sit) - Pi(st, st a;, s - PNi(s’f\mstu,aNi,s]\Z ) -
O; (3§+17 SZ+17 ai,wi) - O, (55\;;17 SZ+17 an;,wn;)
14: value < prob - GETVALUE(i, B! min,, t + 1,T)

15: return value

Algorithm 5 UPDATE(:, B, a;,wi, TN, )

1: for all et*! do
2: Bt+1(et+1) — 0, an; < TN, (‘*’Ni)
3: forallsteSdo
. t+1 t+1\ T ptot t o t+1 t ot t+1 t ot t+1
4: B (et & Bi(e!) - Pu(sh, siTh) - Pi(st, sk, aq, st )~PNi(sNi,su,aN“sNi ) -
1 1 t+1 1
Oi(S?L i 7ai7wi)'ON1‘(51\}: 7854+ , AN, ,WN;)
5: normalizeB**!
6: return B*T!




Algorithm 6 FINDPoLicY (3, BY,w;, 7N, , t, T)
a* — argmay, V;, (B'), mi(wi) — a*
ift <T — 1then
for all w; € £2; do
B'! « UPDATE(i, B, a*,w;, mn;,)
FINDPoOLICY (i, B!, (ws, wi) , 7Ny, t + 1,T)
return

neighborhood utilityV;;[V;]. From Equation 2, increasinig; [V;] results in an increase
in global utility. By locality of interaction, if an agent ¢ i U N; changes its policy to

improve its local neighborhood utility, it will not affedt; [V;] but will increase global

utility. Thus with each cycle global utility is strictly imeasing until local optimum is
reached. O

Proposition 4. LID-JESP will terminate within d (= diameter) cycles iff agent arein
alocal optimum.

Proof: Assume that in cycle, agent; terminatesferminationCtr; = d) but agents

are not in a local optimum. In cycle— d, there must be at least one aggntho can
improve, i.e. gain; > 0 (otherwise, agents are in a local optimum in cyele d and

no agent can improve later). Lé; refer to the shortest path distance between agents
i andj. Then, in cyclec — d + d;; (< ¢), terminationCtr; must have been set
However terminationCtr; increases by at most one in each cycle. Thus, in cycle
terminationCtr; < d — dg;. If dj; > 1, in cyclec, terminationCtr; < d. Also, if

d;; = 0,i.e.,incyclec —d, gain; > 0, thenin cyclec — d + 1, terminationCtr; = 0,
thus, in cyclec, terminationCtr; < d. In either caseterminationCtr; # d. By
contradiction, if LID-JESP terminates then agents mushtzelocal optimum.

In the reverse direction, if agents reach a local optimyain; = 0 henceforth.
Thus, terminationCtr; is never reset to 0 and is incremented by 1 in every cycle.
Hence, after] cycles terminationCtr; = d and agents terminate. a

Proposition 3 shows that the agents will eventually reacbcalloptimum and
Proposition 4 shows that the LID-JESP will terminate if anti/af agents are in a local
optimum. Thus, LID-JESP will correctly find a locally optimuand will terminate.

5 Global Optimal Algorithm (GOA)

The global optimal algorithm (GOA) exploits network struiet in finding the optimal
policy for a distributed POMDP. Unlike LID-JESP, at pres#émequires binary inter-
actions, i.e. edges linking two nodes. We start with a dpdori of GOA applied to
tree-structured interaction graphs, and then discusgpjiication to graphs with cy-
cles. In trees, value for a policy at an agent is the sum of tesgtonse values from
its children and the joint policy reward associated withplaeent policy. Thus, given a
fixed policy for a parent node, GOA requires an agent to iettaiough all its policies,
finding the best policy and returning the value to the parenthere to find the best



policy, an agent requires its children to return their besponses to each of its poli-
cies. An agent also stores the sum of best response valuastiahildren, to avoid
recalculation at the children. This process is repeateddt kvel in the tree, until the
root exhausts all its policies. This method helps GOA takeaathge of the interac-
tion graph and prune unnecessary joint policy evaluatiassdciated with nodes not
connected directly in the tree). Since the interaction yiegptures all the reward inter-
actions among agents and as this algorithm goes throudiegbint policy evaluations
possible with the interaction graph, this algorithm yiedalsoptimal solution.

Algorithm 7 provides the pseudo code for the global optimgbathm at each
agent. This algorithm is invoked with the procedure Gall-JoINTPoLICY (root, () , no).
Line 8 iterates through all the possible policies, wherérees|20-21 work towards cal-
culating the best policy over this entire set of policiesgsihe value of the policies
calculated in Lines 9-19. Line 21 stores the values of besgiamse policies obtained
from the children. Lines 22-24 starts the termination ofdlgorithm after all the poli-
cies are exhausted at the root. Lines 1-4 propagate thertation message to lower
levels in the tree, while recording the best policy,

Algorithm 7 GO-JoINTPOLICY (3,75, terminate)
1: if terminate = yesthen

7; «— bestResponse{m;}

for all k£ € children; do

GO-DINTPOLICY(k, 7] ,yes

return

. II; — enumerate all possible policies

: bestPolicyVal «— -00,j < parent)

: for all m; € II; do

jgoint PolicyVal < 0, childVal < 0

10:  if i # rootthen

11: for all s;, ;5,54 do

12: jointPolicyV al & bi(si) - bny(sn;) - bu(sa)

EVALUATE (4, s, Su, Sj, T, 75, () , () ,0,T")
13:  if bestChildValMap{m;} # null then
14: jointPolicyVal <& bestChildValMap{m;}

N R®N

15: dse
16: for all k € children; do
17: childV al & GO-JINTPOLICY(k, :,N0)

18: bestChildV alMap{m;} « childV al

19: jointPolicyVal < childVal

20: if jointPolicyVal > bestPolicyV al then

21: bestPolicyVal «— jointPolicyVal, 7; «— m;
22: if i = root then

23:  for all k € children; do

24: GO-dbINTPOLICY(k, 7] ,yes)

25: if i # root then best Response{m;} = 7}

26: return best PolicyVal




By using cycle-cutset algorithms [10], GOA can be appliednteraction graphs
containing cycles. These algorithms are used to identifycéeecutset, i.e., a subset of
agents, whose deletion makes the remaining interactigrhgreyclic. After identifying
the cutset, joint policies for the cutset agents are enu@erand then for each of them,
we find the best policies of remaining agents using GOA.

6 Experimental Results

For our experiments, we use the sensor domain in Figure 1 oWsder three different
configurations of increasing complexity. The first configimais a chain with 3 agents
(sensors 1-3). Here targetl is either absent or in Locl-1ltampgt2 is either absent
or in Loc2-1 (4 unaffectable states). Each agent can perétimer turnOff, scanEast
or scanWest. Agents receive an observation, targetPresdatgetAbsent, based on
the unaffectable state and its last action. The second eoafign is a 4 agent chain
(sensors 1-4). Here, target2 has an additional possibdgitot; Loc2-2, giving rise to 6
unaffectable states. The number of individual actions degovations are unchanged.
The 3rd configuration is the 5 agent P-configuration (namedhe P shape of the
sensor net) and is identical to Figure 1. Here, targetl cae tvéo additional locations,
Locl-2 and Loc1-3, giving rise to 12 unaffectable states.adid a new action called
scanVert for each agent to scan North and South. For eaclesé tscenarios, we ran
the LID-JESP algorithm. Our first benchmark, JESP, usestaatezed policy generator
to find a locally optimal joint policy and does not consides tietwork structure of the
interaction, while our second benchmark (LID-JESP-no-isw)ID-JESP with a fully
connectednteraction graph. For 3 and 4 agent chains, we also ran the GOA algorithm.

Figure 2 compares the performance of the various algoritum8 and 4 agent
chains and 5 agent P-configuration. Graphs (a), (b), (c) shewun time® in seconds
on a logscale on Y-axis for increasing finite horizBron X-axis. Run times for LID-
JESP, JESP and LID-JESP-no-nw are averaged over 5 runsrugaulith a different
randomly chosen starting policy . For a particular run, l|bathms use the same start-
ing policies. All three locally optimal algorithms show gificant improvement over
GOA in terms of run time with LID-JESP outperforming LID-JE$0-nw and JESP
by an order of magnitude (for high T) by exploitifagality of interaction. In graph (d),
the values obtained using GOA for 3 and 4-Agent cdse=( 3) are compared to the
ones obtained using LID-JESP over 5 runs (each with a diffestarting policy) for
T = 3. In this bar graph, the first bar represents value obtainied) BOA, while other
bars correspond to LID-JESP. This graph emphasizes théhfatatith random restarts,
LID-JESP converges to a higher local optima — such restaet@ffiorded given that
GOA is orders of magnitude slower compared to LID-JESP.

Table 1 helps to better explain the reasons for the speed UWpDeIESP over
JESP and LID-JESP-no-nw. LID-JESP allows more than one-(reaghboring) agent
to change its policy within a cycle (W), LID-JESP-no-nw allexactly one agent to
change its policy in a cycle and in JESP, there are severiswhere no agent changes
its policy. This allows LID-JESP to converge in fewer cyd€$ than LID-JESP-no-nw.

8 Machine specs for all experiments: Intel Xeon 2.8 GHz prece2GB RAM, Linux Redhat
8.1



Although LID-JESP takes fewer cycles than JESP to convérgeEuired more calls to
GETVALUE (G). However, each such call is cheaper owing to the locafityiteraction.
LID-JESP will out-perform JESP even more on multi-processachines owing to its
distributedness.
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Fig.2. Run times (a, b, ¢), and value (d).

7 Summary and Related Work

In a large class of applications, such as distributed semsisy; distributed UAVs and
satellites, a large network of agents is formed from eacmizgbmited interactions
with a small number of neighboring agents. We exploit sudtvaek structure to present
a new distributed POMDP model called ND-POMDP. Our distiéoualgorithms for
ND-POMDPs exploit such network structure: the LID-JESRal@earch algorithm and
GOA that is guaranteed to reach global optimal. Experimeasalts illustrate the sig-
nificant run time gains of the two algorithms when comparetth wrevious algorithms
that are unable to exploit such structure.

Among related work, we have earlier discussed the relatipns our work to key
DCOP and distributed POMDP algorithms, i.e., we synthesee algorithms by ex-
ploiting their synergies. We now discuss some other redgotithms for locally and



Config| Algorithm C|G| W
LID-JESP 3.4(13.61.412
4-chainLID-JESP-no-nw4.8(19.2 1
JESP 7.8|7.8(0.434
LID-JESP 42| 21]1.19
5-P [LID-JESP-no-nw5.8| 29| 1
JESP 10.610.60.472

Table 1. Reasons for speed up. C: no. of cycles, G: no. aff@LUE calls, W: no. of winners
per cycle, for T=2.

globally optimal policy generation for distributed POMDMor instance, Hansest

al. [11] present an exact algorithm for partially observabtekastic games (POSGSs)
based on dynamic programming and iterated elimination ofidant policies. Emery-
Montemerloet al. [2] approximate POSGs as a series of one-step Bayesian gemes
ing heuristics to find the future discounted value for actioive have earlier discussed
Nair et al. [1]'s JESP algorithm that uses dynamic programming to realdtal opti-
mal. In addition, Beckeet al.’s work [3] on transition-independent distributed MDPs
is related to our assumptions about transition and obs#ityahdependence in ND-
POMDPs. These are all centralized policy generation algms that could benefit from
the key ideas in this paper — that of exploiting local intéi@Tstructure among agents
to (i) enable distributed policy generation; (ii) limit poy generation complexity by
considering only interactions with “neighboring” ageruestrinet al. [12], present
“coordination graphs” which have similarities to constitairaphs. The key difference
in their approach is that the “coordination graph” is obégirirom the value function
which is computed in a centralized manner. The agents theer distributed procedure
for online action selection based on the coordination grapbur approach, the value
function is computed in a distributed manner. Dolgov andféeis algorithm [13] ex-
ploits network structure in multiagent MDPs (not POMDP<)dmsume that each agent
tried to optimize its individual utility instead of the te&itility.
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