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Abstract—A promising feature of emerging wireless sensor Measurements Decisions
networks is the opportunity for each spatially-distributed node I
to measure its local state and transmit only information rekbvant n-Node | 21 € X3
to gffeptive global decision-making. An eggally import.antdesign Wireless
objective, as a result of each node’s finite power, is for mea- ] .
surement processing to satisfy explicit constraints on, operhaps Detection ’
make selective use of, the distributed algorithmic resoures. We Network | &n € Xn
formulate this multi-objective design problem within the Bayesian \ )
decentralized detection paradigm, modeling resource cotraints
by a directed acyclic network with low-rate, unreliable commu- (a) Centralized Strategy: (Z1,...,%n) = Y(y1,---,¥n)
nication links. Existing team theory establishes when nessary ................. ... ... L
optimality conditions reduce to a convergent iterative algrithm w
to be executedoffline (i.e., before measurements are processed). L ; = Symbols to
Even so, this offline algorithm has exponential complexityri the Symbols from « Node * children ch (i)
number of nodes, and its distributed implementation assume parentspa(i) * T v f

a fully-connected communication network. We state conditins
under which the offline algorithm admits an efficient message-
passinginterpretation, featuring linear complexity and a natural

(b) Decentralized Strategy: (uq, &) = vi(yi, 2:), i =1,...

, N

distributed implementation. We experiment with a simulated
network of binary detectors, applying the message-passingl-
gorithm to optimize the achievable tradeoff between global
detection performance and network-wide online communicadbn.
The empirical analysis also exposes a design tradeoff betamr

Fig. 1. Then-sensor detection model (described in Section Il) assurfahg
a centralized strategy for processing a measurement vgctorgenerate a
decision vectorz about the (hidden, discrete-valued) state veataand (b)
a decentralized strategy also subject to explicit netwarkstraints defined
on ann-node directed acyclic graph, each edge representing @eatidnal

constraining in-network processing to preserve resourcegper finite-rate (and perhaps unreliable) communication linkveen two sensors.

online measurement) and then having to consume resourcesgip
offline reorganization) to maintain detection performance

Index Terms—Bayes procedures, cooperative systems, directedthat resource constraints can change accordingly andirgeat
graphs, distributed detection, iterative methods, messagpassing, an incentive for intermittent re-optimization in the agpliion
multi-sensor systems, networks, signal processing, tre¢graphs) layer. So, unless theffline optimization algorithm is itself
amenable to efficient distributed implementation, theiétie
hope for maintaining application-layer decision objeesiv
without also rapidly diminishing the network-layer resces

HE vision of collaborative self-organizing wireless serns&hat remain for actuabnhne_ measurement process_lng.
networks, a confluence of emerging technology in both W explore these design challenges assuming that the
decision-making objective is optimal Bayesian detectiad a

the dominant measurement processing constraints arise fro

plications e.g., geology, biology, surveillance, faulbmitoring _the underlying_communicati_on medium. Qur main mo_del is
[1], [2]. Their promising feature is the opportunity for ac |Ilustrated_ in Fig. 1,_ extending the can_onlcal team_—theore
spatially-distributed node to receive measurements frtam Flecer_ltrallzed d_etectlon problem [3]-{5] in ways moiivabsd
local environment and transmit information that is relevian € Vision of wireless sensor networks. Firstly, the nekwor
effective global decision-making. The finite power avaitatp ©°P0l0gy can be defined on amynode directed acyclic graph
each node creates incentives for prolonging operatiofeal i9: each edgé:, j) representing a feasible point-to-point, low-

time, motivating measurement processing strategiesdfiafy 1€ communication link from node to node j [6], [7].
explicit resource constraints (e.g., on communicatiompo- Stcondly, each nodeé can selectively transmit a (perhaps

tation, memory) in the network layer. One also anticipatéiiterent) finite-alphabet symbol to each of its downstream
intermittent reorganization by the network to stay coneect "€19hPors, ochildren ch(i), in G [8], [9] and the multipoint-

(due, for example, to node dropouts or link failures), inipdy to-point chanljel_mto each nodérom its upstream neighbors,
or parentspa(i), in G can be unreliable (e.g., due to uncoded

interference, packet loss) [10]. Thirdly, each nadeceives a
noisy measurement related only to its local (discrete-valued)
hidden state procesk;, the latter correlated with the hidden
states local to all other nodeX,_; = {X;j # i} [7]. Finally,

|. INTRODUCTION

T

miniaturized devices and wireless communications, is ohgr
ing interest in a variety of scientific fields and engineerdpg
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the global decision objective can itself be spatially4ilisited programming approximation to the offline design problem is
e.g., when each node’s state-related decisioshould indicate developed in [20], but it lacks the natural distributed igpl
whether an object is located in the subregion local to nodementation featured by our message-passing solution. I¥inal
Team decision problems are known to be NP-hard, mumerous other authors have advocated iterative message-
general [5]. Also known is a relaxation of the problem thapassing algorithms to solve decision problems in wireless
under certain model assumptions, analytically reduces tosensor networks (e.g., [21], [22]), but with the key diffece
convergent iterative algorithm to be executed offline [&]L]] that they execute on a per-measurement basis duniige
The (generally multiple and non-unique) fixed-points ofthiprocessing. These solutions perform poorly (or becomainfe
iterative algorithm correspond to different so-callpdrson- sible) given the severe online resource constraints cereid
by-person optimaprocessing strategies, each known to satisfyere. It is worth noting, however, that the resources regiy
necessary (but not always sufficient) optimality condisidor our offline message-passing solution (and much of the pnoble
the original problem. This offline algorithm strives to céeip structure under which it is derived) are comparable to that
all nodes’ local rules such that there is minimal total perforequired by these online message-passing solutions.
mance loss from the online processing constraints. HoweverThis paper is organized as follows. Section Il reviews the
the algorithm generally requires all nodes to be initialingth theory of decentralized Bayesian detection in the gertgrali
common knowledge of global statistics and iterative pedenoimplied by Fig. 1, providing examples and notation in prepa-
computation scales exponentially with the number of nodesation for subsequent developments of the paper. Sectlon Il
We identify a class of models for which the convergemtefines the class of models for which the offline iterative
offline algorithm admits an efficiemhessage-passirigterpre- algorithm described in Section Il admits its efficient megsa
tation, itself equivalent to a sequence of purely-local pata- passing interpretation. In Section 1V, we consider a siteda
tions interleaved with only nearest-neighbor commundigeti network of binary detectors and apply the offline message-
[12], [13]. In each offline iteration, every node adjustslitsal passing algorithm to quantify the tradeoff between online
rule (for subsequent online processing) based on incomiagmmunication and detection performance. The empirical
messages from its neighbors and, in turn, sends adjustetilysis also exposes a design tradeoff between conswaini
outgoing messages to its neighbors. The message scheihH#eetwork processing to preserve resources (per online me
consists of repeated forward-backward sweeps through theement) and then having to consume resources (per offline
network: the forward messages received by each node froeorganization) to maintain effective detection perfonca
its parents define, in the context of its local objectives, @onclusions and future research are discussed in Section V.
“likelihood function” for the symbols it may receive online
(e.g., “what does the information from my neighbors mean to II. DECENTRALIZED DETECTION NETWORKS

me”) while the backward messages from its children define,.l.his section summarizes the theory of decentralized
in the context of all other nodes’ objectives, a “cost-to-g

Bayesian detection [4], [5] in th lity treated by-sub
function” for the symbols it may transmit online (e.g., “wha ayesian detection [4], [5] in the generality treated by-su

; . ) equent sections of the paper. It starts with a brief review
does the information from me mean to my neighbors”). Eaﬂ}q bap

d d onlv be initialized with local statisti dai well-known concepts in classical detection theory, gsin
hode need only be initialized with local statistics andatee a1 that may at first seem unnecessarily cumbersome:

pgﬁ—nodle computathn"ls mysrlﬁnt to thbe nu][nbe_r ﬁ;nOdg‘) (tWe do this in preparation for the developments in subsequent
still scales exponentially with the number of neighborst sections of the paper. Throughout, for a random variable

algorithm is best—swtec_i for sparsely—connected ’_‘etWOka_ that takes its values in a discrete (or Euclidean) detwe
The end result of this (_offl!ne) message-passing al_gorlthlla pa : A — [0,00) denote its probability mass (or density)

can be thought of as a d|str|butéd_5|0n pro_to_cql_ln which function; similarly, letc, : A — [0, 00) denote a cost function

the nodes have collectively determined their individudiren associated to the random variable The subscript notation

rules fo(; |rr]1terpret|ng .|r.1forr.n:;1t|on transmlt:]eq b%.ktjheL:_r{_l)_a is suppressed when the random variable involved is implied
ents and then transmitting information to their childrehis by the functional argument; that is, we Ipta) = pa(a)

protocol takes into account explicitly the limits on avai and c(a) = ca(a) for everya in A. Also note thatp(A)

online communication resources and, in turn, producesiyvgh, 4 c(A) are themselves well-defined random variables, each

resourcqful measurement processing strategies. l:ommﬁt‘f’ltaking values irf0, co) according to a distribution derived from
as we will show, the absence of transmission is interpresed and the functiong 4 andc., respectively. The expectation
an extra symbol on each link, which remains of value eVel} random variabled is denoted byE [A]

when active transmissions are of negligible cost or uriidia

The prospect of a computationally-efficient algorithm to ) ) )
optimize large-scale decentralized detection network®is- A Classical Bayesian Formulation
plementary to other recent work, which focuses on asynptoti Let us first focus on Fig. 1(a), supposing the hidden state
analyses [14]-[19] typically under assumptions regaraiey and observable measuremantake their values in, respec-
work regularity or sensor homogeneity. The message-passiively, a discrete product spac® = X; x --- x X, and
algorithm we propose here offers a tractable design atii@ea Euclidean product spacg = ) x - -- x ),. Subject to design
for applications in which such assumptions cannot be made the functiony : ) — X by which the network generates
especially if network connectivity is also sparse and thede its state-related decisiod € X based on any particular
tion objective is itself spatially-distributed. A tractablinear measurement vectay € ). The classical Bayesian problem



formulation [23] (i) describes the (hidden) state procéSs Of course, the sums and integrals over product spatesd
and (observed) measurement procdssby a given joint Y in (2)-(4) become difficult to compute as grows large,
distribution p(x, y) and (ii) assigns a numerical costz,z) especially in the absence of additional problem structure.
to every possible state-decision outcome. The performahce The following elementary examples will help the reader
any induced decision process = v(Y) is then measured by relate the general notation employed above to the more fa-
miliar presentation of classical detection theory. They @so
relevant to our experimental setup in Section IV.

Example 1 (Binary Detection)Suppose the hidden state

Note that the penaltyJ,(vy) specializes to (i) the error ) X )
probability by choosing:(#,z) to be the indicator function PrOcessX takes just two values, which we will label asl
and +1. Making the natural assumption that an error event

on {(z,z) € X x X | & # =z} and (i) the sum-error % ) "
probability (i.e., the expected number of nodes in error) # « is more costly than an error-free evefit = z for

Ju() =E|e(X.X)| =BELGM).X)Y]. @

either possible value of, the function in (2) is equivalent to

choosing ¢(&,z) = ), c(z,2;) where, for everyi, the o ;

local costse(i;, z;) correspond to the indicator function onth€ SO-calledikelihood-ratio threshold rule

{(&,2;) € X; x X; | &; # 2, }. The special case of am-ary z=+1 B B

hypothesis test corresponds|tt;| = m for everyi and prior Pyix(yl+1) _ Aw) O q= 6(+1,-1) —6(-1,-1)

probabilitiesp(z) such thatPr[X; = Xo = --- = X,,] = 1. pyix(yl—1) < "= O(—1,+1) — 0(+1,+1)
Before formalizing the network-constrained processing T=-1

model depicted in Fig. 1(b), we highlight two special typegne gistributionp(|; 7) in (3) is then defined by théalse-

of processing strategies that rely on only the classicarthe 5i3rm and detectionprobabilities, orPr[A(Y) > 5| X = ]

The first we call the optimal centralized strategy which  \ith » — —1 andz = 11, respectively.

minimizes the detection penalty in (1) but pays no regard to Example 2 (Linear Binary Detectors)fhe special case of
the possibility of online communication constraints; tee@nd 5 |inear-Gaussian measurement model allows the decision
we call the myopic decentralized strategy which strictly regions in measurement spageé to retain the polyhedral
enforces zero online communication overhead (and, of @Urg,m of their counterparts in likelihood spacg simplifying
generally yields a greater penalty). The set of feasibl@dec e multi-dimensional integrals that must be solved in (3).
tralized strategies we define thereafter will explicitlyckide Starting with the binary problem in Example 1, denote by
the former yet always include the latter, so their respecti\ﬁ— and i+ the real-valued vector signals associated to the
penalties can be viewed as lower and upper baselines tofthag, possible states and assume the measurement process is
any sensible decer_ltralized so!ution. Moreover, thg mawiter - _ X + W, where the additive noise procels is a zero-
which these baseline strategies are presented (in (2) 9nd (Rean Gaussian random vector with (known) covariance matrix

respectively) puts our problem into a form suitable and r@tu s The Jikelihood-ratio threshold rule then specializes to
for the message-passing algorithm we develop in Section Ill )
+

1) Optimal Centralized StrategyBecause(z|y) is propor- z

. - +/y—1 + =1, —
tional top(z, y) = p(x)p(y|z) for everyy € Y such thap(y) (+— )=y i log(n)+2 T pT o X

is nonzero, it follows thaty minimizes (1) if and only if . ) 2 ’
r=—
) = R ;(p(x)c(x,x)p(ﬂx) 2) which is linear in the measurement vectgr If Y is also

. . i . _scalar (in which case so is the signal and noise variance
with probability one. Note that (i) the likelihood funct|on02)’ then the threshold rule with parametex(in likelihood

p(Ylx), taking its valuesL(y) = p(ylx) in the product space) simplifies to a threshold rule in measurement space,
set L = [0,00)/*l, provides a sufficient statistic of the * Y log(n)+ L2 Ac-
btu

. . . “comparingy to parameter = ( =Z—
online measurement procesds and (ii) the parameter matrix . Hl—n iy .
6 € [0,00)¥XI¥1 where the optimal values are given b)pordlngly, the false-alarm and detectlon probabilitieadify
0(z,2) = p(x)c(d, ), can be determinedffline (i.e., before © Pr [Y_> T|_X_: x_] =1-@ (T;H ) with & denot.lr_lg the
receiving actual measurements). One views the optimateetgumulative distribution function of a zero-mean, unitiwace
tor in (2) as a particular partition of the sétinto the regions Gaussian random variable.

LY, ..., £I* always choosing: such thatL(y) € £*. This Example 3 (Binary Detection with Non-Binary Decisions):

equivalence stems from the fact that (2) implies Con_sider the binary .problem in Example 1 but where the
1 it & = 3(y) d§0|5|on space, call ¢/, can have cardmghtyi > 2. Any
p(fc|y;~‘y)_{ 0 ’ othe:w?sg given rule parameterd < [0,00)?*2? define a particular
’ partition of the likelihood-ratio spaci), co) into (at most)d
and, because(y, #|z;¥) = p(y|x)p(z|y;7), the identity subintervals, characterized dy- 1 threshold values satisfying

3) 0<n' << <y < oo

palsn = [ ey
velyeVILyheLrs) This monotone threshold rulalongside the natural assumption
from which the achieved penalty is determined according tehat thed elements of/ are labeled such that
Ja(3) = D p(@) Y cl@, w)p(afe; ). (4) PriU=uX=+1] PriU=u+t1]X=+1]
TEX fex PrilU=u|X=-1] “ Pr[lU=u+1]X = —1]




for everyu = 1,...,d — 1 simplifies to making the decision regardless of the non-local conditional distribution

u € U such thatA(y) € [n“~%, n%), takingn® = 0 andn? =  p(z_;,y_i|z:, y;) and the collective strategy ; : V_; — X_;

oo. In the special case of a scalar linear binary detector (sef all other nodes. Thus, assuming myopic processing
Example 2), we retain the analogous partition in measurémeonstraints and focusing on a cost function local to node
space(—oo, 00) with respective thresholds i, the global penaltyJ; involves sums and integrals over
only local random variable(SXi,Yi,Xi). This simplification
foreshadows the key problem structure to be exploited in
determined byr* = ( o’ )1og(n“) + L~+" The rule our later developments, seeking to retain a similarly &lalet

—o< << < <o

pt—p= 2

simplifies to deciding: such that € [7“~', %) and, in turn, decompogmon of the genera#sensor sums and mtelgra!s, yet
R U=l also relaxing the constraint of zero online communicatiod a
PriU=ulX=2]=® - (I—£ ), L : o
o o considering costs that can depend on all sensors’ decisions

2) Myopic Decentralized Strategyissume each sensors
initialized knowing only itdocal model for Bayesian detection ) ) )
i.e., the distribution(z;, y;) and a cost function(i;, «;), and, B. Network-Constrained Online Processing Model
using only this local model, determines its component estgm  We now turn to the formal description of Fig. 1(b), which in
Z; as if in isolation i.e., the rule at each nodlés contrast to the preceding subsection assumes that theatecis
. R vectorz € X is generated component-wise in the forward
7,(Yi) = arg M Z p(zi)e(ds, xi) p(Yila:).  (5) partial order of 3 givenn-node Sirected acyclic graph.
T €Ay 6, (#:,2:)€ER Each edgéi, j) in G indicates a (perhaps unreliable) low-rate
That is, the myopic strategy is a particular collection ofgb- communicatioq link from nodé to nodej. In particular, each
node i, observing only the component measuremgnand

sensor rulesy = (v.,...,v ) specified offline by parameters . i o .
i | L . . )
6= @1’ o ’%), Where 1o one node transmits nor recewetg'e,symbm(s)zl received on incoming links with all parents

information and total online computation scales linearly ipa(i) = {J | edge(j, 1) in G} (if any), is to decide upon both
n. It is easy to see that the myopic strategy is sub—optimgﬁ compo_nent e_shmatéi ".md the s'ymbo.l(sal- tran‘sr'mt.t ed on
meaningJy(y) > J4(¥). Equality is achieved only in certain outgoing links with a.‘” Chl|dl’el’th.(z) = {7 | edge(i, ) in g}:
degenerate (and arguably uninteresting) cases, inclutiieg (if any). The collecnon; of recewgd symboisand transmit-
zero cost function i.e(2, ) — 0 for all (#,2) € X x X, or ted symbolsu take their values in discrete product spaces

. .  Z2=2Z2x---xZ,andU = Uy x --- X Uy, respectively.

th?z case of unrelat(?d sm_gle-iensoAr problems i, y) = However, the exact cardinality of the symbol spagesndi/;
[T p(zi,y;) ande(z, x) = > e(&4, z;). More generally, local h nodewill d 4 its in-d , d
the extent to which the myopic strategy falls short from ocal to eac np ewr’ depend upon its in-degrejpa i) anc
optimal performance, or thiss J4(v) — Ja(3), remains a out-degregch(i)| in G, respectlvely., as well as the specifics
complicated function of the global detection model i.eg thOféhe channel n;]odzls a,m_d transm!ssmn §chec|j”nes. :
distribution p(x, y) and cost functiore(, x). Uppose each € g@,_y) In G is assigned an integer

While the optimal centralized strategy and the myopic di; > 2 denoting the size of the symbol set supported by

decentralized strategy, are both functions that map this link (i.e., the link ratg iSog, di—; p|ts per measurement).
The symbol(s)k; transmitted by nodeé can thus takextt most

to X, the different processing assumptions amount - . ,
¢ g : ﬁjeCh(i) d;_.; distinct values. For example, a scheme in which

different sizeft| partitions of the likelihood spacet. ?\%)dez‘ may transmit a different symbol to each child is mod-

In particular, assuming myopic processing, the strateg led by a finite se; with cardinality equal td ], s, .

dependent conditional distribution in the integrand of ( hil h in which nodét its th bol
inherits the factored structung(#y:7) = [1", p(@:ly:: 7). lle a scheme in which nodetransmits the same symbo
- = i to every child corresponds t/;| = min c.p(;) di—;. In any

where eachth term involves variables only at the individual . !
fse, the convention here is that each node must somehow

node i. This structure can lead to desirable computation : . )
ramifications: to illustrate, suppose only the decision aden cOMpress its local data into a relatively small n_umb_er oidal
i is costly, captured by choosing#,z) — c(i, ;) for all outgomg.synjbols (e.g., one S),/mbol per_outgollng link). imtu
(Z,2) € X x X. Then, the strategyj; : Y — A; defined the cardinality of each node’s set of incoming symbdis
by selecting theith component ofi = 7(y) is the global wil reflt?ct the joint cardinalityldyq )| = [T;epa 1M OF its
minimizer of (1), achieving penalty parents f[ransm|ss_|on_s, but the exact relz_mon is dete&_mln
by the given multipoint-to-point channel into each node

In any case, each such channel is modeled by a conditional
Ja(3) =D p@i) D clin,x) Y > pla_ilwi)p(ile;5) . distribution p(ziz,y, upe), describing the informatior?;

z; &5 T Gy received by node based on its parents’ transmitted symbols

p(Tilziiyi)

. _ . . . . 1
In contrast, the myopic rule minimizes (1) over only the Yre() = 1 € Uj | j € pa(i)}. .
subset of rules of the form»_-ly» . X;, achieving penalty The following examples demonstrate how different classes
e v of transmission schemes and channel models manifest them-
p(Zilziy,)

IHere, we have also allowed the channel model to depend orrdicegses
N . (X,Y) of the environment external to the network. Whether sucteggity
Jd(li) = Zp(xz) Z C(Iiv xl) / p(yl|x1)p(xl|1/la Zi) dy; is warranted will, of course, depend on the application.(elg sensor seeks
x; 4 Yi to detect the presence of a malicious jammer), and latefosscwill indeed
(6) sacrifice some of this generality in the interest of scailgbil



selves in different discrete symbol sefs and{;. They are random vectorsZ andU, collectively derived fromY” by the

described assuming independence of the proceg¥e$”) successive application of local channg(s;|z,y, u,q(;)) and

external to the network i.ep(z;|z, y, upa(i)) = P(2ilupai)).  local ruIes(Ui,Xi) = (i, Z;) in the forward partial order
Example 4 (Peer-to-Peer Binary Comms with Erasures): of network topologyg. Denote byl the set of all functions of

Associate each edde, j) in directed grapl§ with a unit-rate the form~ : Y x Z — U/ x X, which includes all centralized

communication link, meaningd; .; = 2. If u,_.; € {—1,+1} strategies that remain agnostic abguandU, and denote by

denotes the actual symbol transmitted by nede its child T c T' only the admissiblesubset inG, which is equivalent

J € ch(i), then the collective communication decisioen toI' = I'; x --- x I', with eachT; denoting the set of all

takes its values if; = {—1,+1}I°*(I. On the receiving feasible rulesy; : V; x Z; — U; x X; local to nodei.

end, letz;_,;, € {-1,0,+1} denote the actual symbol The Bayesian performance criterion is essentially the same

received by node from its parentj € pa(i), where the as in the centralized detection problem, accounting also fo

value “0” indicates an erasure and otherwise.; = u;_.;. the communication-related decision procéss Specifically,

It follows that the aggregate symbal received by node let every possible realization of the joint proce#s X, X)

i takes values inZ; = {-—1,0,+1}P*®Il Let us denote be assigned a cost of the fortu, &, z) = c(&, z) + Ac(u, z),

the collection of all symbols transmitted to a particulawhere non-negative constant specifies the unit conversion

nodej by upa(j)—; = {ui-j;i € pa(j)}. If we assume all between detection costs(#,z) and communication costs

incoming links from parentga(i) experience independentc(u,x). In turn, the global penalty function is given by
and identically-distributed erasures, each such link extas

with probability ¢; € [0, 1], then the local channel model is J(7)=E [c(U,X,X)} =E[E[c(y(Y,2), X)|Y,Z]] (7)
P(zilupa(i)) = P(Ziltpaiy—i) = Hjepa(i)l)(zjﬂﬂuﬁi) with  and the decentralized design problem is to find the strategy
L= g, 2jmi = Wi v* €' C T such that
p(zj—iluj—i) = { 4 ! !

qi y Zj—i =0 ' J(v*) = milg Ja(y) + AJ.(y) subjecttoy e T, (8)
yE
Upa(i)—i Zi Upa(i)—i Zi where functionsJ; : T' — R andJ, : I' — R quantify
-1 -1 Uj—i Uk—i uj—i Uk—i  thedetection penaltandcommunication penaltyespectively.
% 0 % “j;i u}? ~Viewing (8) as a multi-objective criterion parameterized)h
+1 +1 0 o~ the achievable design tradeoff is then captured byPereto-
Given One Parent Given Two Parents optimal planar curve{(J.(v*), Ja(v*)); A > 0}.

The formulation in (8) specializes to the centralized desig

Example 5 (Broadcast Binary Comms with Interference):pmblem whgn or_lline.communication is b_oth unconstrained
As in Example 4, letd;,; = 2 for each edge(i, j) in G. and unpenal_lzed i.el; is t_he set of _aII functionsy : Y — X
However, now assume each nodealways transmits the and\ = () Given any (finite-rate) dlr_ected netwqu, however,
same binary-valued symbol to all of its children, meanintj€ function spac& excludes the optimal centralized strategy
U; = {~1,+1}. On the receiving end, suppose there aré " (2), but still includes the myopic decentralized strgteg

two possibilities: eitherz; = u,,(; or, when there are two 7 in (5). The non-ideal communication model also manifests

or more parents, none of the incoming symbols are recei3f!l @S @ factored representation within the distributinder-
due to inter-symbol interference. Denoting the latter évgn YING (7). By construction, fixing a rule; € T'; is equivalent
% — 0, it follows that Z, — {—1,+1}Pa0l x {0}, If we (O SPecifying the distribution
assume all incoming links from parenis (i) collectively . 1
interfere with one another, each such link blocking the the p(ui, Zilyir 235 %) = { 0
with probability ¢; € [0, 1], then the local channel model is

o I (wi, ) = vi(yi, )
, otherwise

It follows that fixing a strategyy € I' C T' specifies

(1 — g;)lPa®i=1 ) i = Upa(s) n
Zi|Upa(i)) = ; . A %
Pziltpa) { 1—(1—g)lPe@=t 2 =0 p(u, 2, e, y;7) = [ ] p(zil2, 4, wpagi) ) (wis Elyis 265%),
=1
Upa(s) Z; Upa(i) Z; . . L . (9)
1 - _1 wi Uk ui reflecting the sequential processing |mplled by the dn_dacte
41 ——=41 < 0 network topologyg. In turn, the distribution that determines
Given One Parent Given Two Parents the global penalty functio(v) in (7) becomes

n

C. Decentralized Formulation with Costly Communication p(u, &, z;7) = /yp(x’y) Hp(ui,xilx,y,upa(i);%) dy,

As in the classical Bayesian formulation, let distribution = (20)
p(z,y) jointly describe the hidden state proceksand the where the summation oveE is taken inside the product
noisy measurement proce3s Recall that in Fig. 1(a), the i.e., for each node;, we have p(ui, Z:|2, Y, Upagiy; Vi) =
only other random vector is the decision proceSs= v(Y), .. p(2i|,y, upa())P(wi, T4]yi, zi;7i). Note that the integra-
derived fromY by a function of the formy : ) — X. In tion over) cannot be decomposed in the absence of additional
Fig. 1(b), however, there also exist the communicatioateel model assumptions, a possibility we explore subsequently.



91*(“1,57“117,21) :p(I) Z p(zi|x7upa(i)) Z C(uaj?aI)Hp(ujvfcﬂxaupa(j);’}/;)' (15)

u_; EU_; T_€X_; J#i

Example 6 (Selective Binary Commg)s in Examples 4  Assumption 1 is satisfied if e.g., each measureméris a
& 5, let d;—,; = 2 for each edge(i,j) in G. A selective function of X corrupted by noise, each received sym&plis
communication scheme refers to each node having the optefunction ofX (and transmitted symbols,, ;) corrupted by
to suppress transmission, or remain silent, on one or mareise, and all such noise processes are mutually independen
of its outgoing links. We denote this option to remain silent Lemma 1 (Factored Representatioret Assumption 1
by the symbol “0”, and we assume it is always both coshold. For every strategy € I", (10) specializes to

free and reliably received. In Example 4, this implies any n
communicating node selects from an augmented decision plu, &, ;) :p(x)HP(Uiai?JI,Upa(i);%),
space oftf; = {—1,0,+1}*(®I. Meanwhile, upon receiving e

zi—; = 0, any childj € ch(i) is then uncertain as to whetherWhere for everyi
node: selected silence or linki, j) experienced an erasure; '
on the other hand, it;_.; # 0, then childj knows neither  p(u;, |7, Upa(i); 1) =
selective silence nor an erasure has occurred. In Example 5, ZP(Z'|~”C " )/ s |2)p(us, Bilyi, 24 %) dyi.
we letY; = {—1,0,+1} for nodei and capture interference — i Bpa(®) v b T e
effects only among the subset of actively transmitting pte (13)

Proof: Substituting (12) into (9) and (10) results in

Uj*)i Uk*?i Z; Uj Uk Z;
41 41 Ujmsi Ui 41 +1 ui Uk p(u, dfa;y) =
+1 0 gujﬂi 0 1 0 ——/—=u; 0 n
e R s Y > | I pilopzile, wpai) p(us, 2ilyis 2657:) d
0 0 0 0 0 0 0 0 - yl-,lp Yi|T)P 2| Ty Upa(s) )P\Uis Ti|Yis Zis Vi) QY-
Selective Comms in Example 4 Selective Comms in Example 5 N

Because only théth factor in the integrand involves variables
(vi, zi), global marginalization ove(Y,Z) simplifies ton
o ) ) local marginalizations, each ovéY;, Z;). [ |

In general, it is not known whether the strategyin (8) lies Proposition 1 (Person-by-Person Optimality)et
in a finitely-parameterized subspacelaf The team-theoretic Assumption 1 hold. Theith component optimization in
approximation used here is to satisfy a sepefson-by-person (11) reduces to

optimality conditions, each based on a simple observatfon:
a decentralized strategy = (77,...,7;) is optimal overl’,  ~;(Y;, Z;) =arg  min Z 07 (ui, i, x; Zi)p(Yilx)
then for eachi and assuming rules*, = {~; €T, | j # i} (ui &) €U S22

D. Team-Theoretic Solution

are fixed, the ruley’ is optimal overT; i.e., for each, (14)
where, for eachz; € Z; such thatp(Y;, z;;v*,) > 0, the
i = arg nin Ja(V2i, i) + Me(v2i 7i)- (11)  parameter valueg;(z;) € RI4:!<I1XixI¥1 are given by (15).

. L _ . Proof: The proof follows the same key steps by which
Simultaneously satisfying (11) for ail is (by definition) @ (7) is derived in the centralized case, but accounting for
necessary optlmaht.y condition, but it is not suff|C|er.1.t bey composite measuremefit;, Z;) and a cost function that
cause, in general, it does not preclude a decreasé W 5155 depends on non-local decision variablés ;, X_;).
joint minimization over multiple nodes. Under certain mbd%ssumption 1 is essential for the parameter valéieso be
ass_urT_\pti_ons, however,_ finding a solution to thecoup!ed_ independent of the local measuremaht See [24]. -
optimization problems in (11) reduces analytically to figli 1 s jnstructive to note the similarity between a local rule

a fixed-point of a particular system of nonlinear equations. _« ;, Proposition 1 and the centralized strategy in (2). Both

In this and subsequent sections we introduce a SequeB?@cess anX|-dimensional sufficient statistic of the available
of further model assumptions, each of which introduces

T . ; _""erasurement with optimal parameter values to be computed
ditional local structure to our problem which we exploit iny¢ine. In rule ~*, however, the computation is more than
. 7 ’

cqn;tructing our efficient iterative offline algor_ithm. We d simple multiplication of probabilities(+) and costs(u, #, ):
this in stages to help elucidate the value and impact of eaﬁgrametervalue@ € RIU:Ix1%:]x|XIx|Zi] in (15) now involve

of these successive assumptions.

) > . conditional expectations, taken over distributions thepehd
Assumption 1 (Conditional Independenc€&onditioned

X on the fixed rules/*, of all other nodeg # i. Each such fixed
on the state proces&, the measuremeny; and received rule v* is similarly of the form in Proposition 1, where fixing

symbol Z; local to node; are mutually independent as well asparameter values’ specifiesp(u;, @;|, upa(); 07) local to

independent of all other information observed in the ne[wornodej through (13) and (14). Eactth minimization in (11)
namely the measurementS; and symbolsZ_; received by g thereby equivalent to minimizing

all other nodes i.e., for every

J(VE ) = x c(u, &, x)p(u, &|x; 0% ;, 0;
p(yivzi|xay7ia'z7ivu*i):p(yi|x)p(zi|xvupa(i))' (12) (’Y 7) ;p( )%;{( )p( | )



over the parameterized space of distributions defined by total (offine and online) memory/computation requirensent
scale exponentially with the number of nodes In this
section, we establish conditions so that convergent offline
P(wi, &i|2, upa(iy; 0i) Hj;éip(uj’ Zjlz, upa(y); 9;)- optimization can be executed in a recursive fashion: eade no
It follows that the simultaneous satisfaction of (11) atmitles ¢ Starts with local probabilitieg (i), i) and local costs
corresponds to solving fof* = (6%, ...,6%) in a system of c(ug, &4, x;), then in e_ach iteration computes and _exchanges
nonlinear equations expressed by (13)-(15). Specificéye rule-depender_lt statistics, qre_ssageSNnh_onIy its nelghbor_s
let £;(0*,) denote the right-hand-side of (15), then offlin@a(?) U ch(i) in G. We will interpret this message-passing
computation of a person-by-person optimal strategy reslucgorithm as an instance of Corollary 1 under additional etod

p(u, &|z; 0% ,,0;) =

to solving the fixed-point equations assumptions. Thus, when these additional assumptions hold
_ it inherits the same convergence properties. Moreovea] tot
0; = fi(0—:), i=1,...,n (16) memory/computation requirements scale only linearly with

Our message-passing algorithm is primarily built upon the
computational theory discussed in [5]-[7], [9]-[11], atbe
each of these considers only certain special cases of Figd 1 a
so one contribution in this paper is the generality with viahic
OF == fi(0F,....08 00, .. 057, i=1,...,n the results apply. For example, in contrast to [6], our deibn
need not assum&om the startthat all nodes must employ
local likelihood-ratio tests, nor that the penalty funatid
is differentiable with respect to the threshold parameters
(Local likelihood-ratio tests in the general form discubse
Section Il are appropriate, however, so we have not negated
the algorithm in [6] but rather broadened its applicahiity
Our main contribution, however, stems from our emphasis not
'}%st on preserving algorithm correctness as we make these

generalizations, but also on preserving algorithm efficyen

) tracting 1251, it is1ot k hether th As will be discussed, a new insight from our analysis is
convex.f is contracting [25]), it isnotknown whether the se- the extent to which the graphical structure underlying the

k § *
quence{J(y")} converges to the optimal performanégy®), hidden state process may deviate from the network topology

whether the achieved performance is invariant to the Cho'ﬁﬁthout sacrificing either algorithm correctness or efficig

oflinitial parameters”®, nor wheth_er_ Fhe associated S€AUENGG o reover, the local recursive structure of the messagsHp@s
{6%} converges. Indeed, the possibility of a poorly performlngquations can be applied to topologies beyond those for

person-by-person-optimal strategy is known to exist (€4 [\, jc, jt js originally derived, providing a new approximati

forr] SUCT tcraftelt_j examplgs). T;hese tkg)(laoren(?al Imna;ams paradigm for large irregular networks of heterogeneousa@®n
Inherent to noniinéar minimization problems, in generaieve ., \pich the general algorithm of Corollary 1 is intractable

second—qrderoptlmallty conditions can be “Io_caIIy" sﬁmd al and conclusions based on asymptotic analyses [14]-[19] are
many points, but only one of them may achieve the “globa ot necessarily valid

minimum [25]. Nonetheless, the iterative algorithm is ofte

reported to yield reasonable decision strategies, which ha . . ,

also been our experience (in experiments to be described in Efficient Online Processing

Section 1V) providing the initialization is done with somare. ~ We first introduce an assumption that removes the expo-
Corollary 1 also assumes that every nodean exactly nential dependence on the number of nodesf the on-

compute the local marginalization of (13). Some measurémédiine computation i.e., the actual operation of the optirdize

models of practical interest lead to numerical or Montestrategy as measurements are received and communication

Carlo approximation of these marginalizations at eacliien and decision-making takes place. This exponential deperede

k, and the extent to which the resulting errors may affeid due to the appearance of the global state vedfoin

convergence is also not known. This issue is beyond the scdpé), specifically the summation over the full product space

of this paper and, as such, all of our experiments will ineolvt. The following assumption reduces this online processing

sensor models in which such complications do not arise,(e.t®. a dependence only on the local state component of each

Corollary 1 (Offline Iterative Algorithm):Initialize param-
etersf® = (¢7,...,0°) and generate the sequenp@} by
iterating (16) in any component-by-component order e.g.,

in iteration £ = 1,2,... If Assumption 1 holds, then the

associated sequen¢d(v*)} is non-increasing and converges,
Proof: By Proposition 1, each operatgy is the solution

to the minimization of/ over theith coordinate function space

I';. Thus, a component-wise iteration ¢fis equivalent to a
coordinate-descent iteration df implying J(7*) < J(v*~1)

for every k [25]. Because the real-valued, non-increasi
sequence J(7*)} is bounded below, it has a limit point.m
In the absence of additional technical conditions (elgis

local instantiations of the models in Examples 1 to 3). node. The supporting offline computation, however, cominu
to involve summations over an exponential ip number of
I1l. M ESSAGEPASSING ALGORITHM terms: additional assumptions to reduce this offline coriple

a:[e provided in the subsequent subsection.

Assumption 2 (Measurement/Channel Locality):
addition to the conditions of Assumption 1, the measurement
and channel models local to nodelo not directly depend on
any of the non-local state processEs; i.e., for everyi,

Online measurement processing implied by Proposition
is, by design, well-suited for distributed implementation
network topologyG. However, two practical difficulties re-
main: firstly, convergent offline optimization requires g
knowledge of probabilitiep(x), costse(u, &, x) and statistics
{p(ui,iﬂx,um(i);é‘f)} in every iterationk; and secondly, P(WYis zil 2, y—i, 2—i,u—i) = p(yilzs)p(2i|Ts, Upaiy). (A7)



qsr(ulaj:laxlazl) - Z p(SC) Z p(zi|xiaupa(i)) Z C(uv'ivx)Hp(ujaj}ﬂxjvupa(])a’y;) (19)

T_,€EX_; u_ €EU_; T_€X_; JF#i
1 , pa(i) empty
P (zilz:) = Z P(Tpa(iy|Ti) Z (2|, Upa(iy) H 2 i(uglzg) -, otherwise (23)
Tpa(i) Upa (i) Jj€pa(i)
Qi (uj, Tj, wjlui, vi) = Z P(Tpa(s), T5lTi) Z P(uj, 5125, Upa(i); V7)) H P i(umlzm)  (27)
Tpa(j)—i Upa(j)—i meépa(j)—i
Corollary 2 (Online Efficiency):If Assumption 2 holds, j if r; > r;. If the Gaussian noise processgs,..., W,
then (14) and (15) in Proposition 1 specialize to are mutually uncorrelated (i.e., the case of a diagonalr¢ova

. ance matrixx in Example 2), then the observable processes
i (Yi, Zi) = A8 e, n)ﬂgg X, Z @i (wi, &3, wi; Zi)p(Yil i) Y1,...,Y, are also mutually independent conditioned on the
(18) global hidden processX = z i.e., the global likelihood
and (19), respectively. function isp(y|z) = [T;, p(ys|:).
Proof: Recognizing (17) to be the special case of (12)
with p(yi|z) = p(yilz:) andp(z;i|z, upaiy) = p(2ilTi, upay)  B. Efficient Offline Optimization
for everyi, (13) in Lemma 1 similarly specializes to Efficiency in the offline iterative algorithm—i.e., in the
P(Wi, Bl Ti, pagiy; Vi) = algorithm for optimizing at all nodes the decision rules for
) subsequent online processing—requires not only the titafis
> p(zili tpa) , pyilzi)p(ui, &ilys, zi57:) dys locality of Assumption 2 but a bit more, namely that the ollera
s . ) cost function decomposes into a sum of per-node local costs
for every i. We then apply Proposition 1 with@nd thatthe network topology is a polytree.

O (ui, g, i3 20) = S0, 0 (ug, 4, 73 2) - Assumption 3 (Cost Locality)The Bayesian cost function
'3 9 9 9 x_; 1 9 PRl . . . .

It is instructive to note the similarity betweeyj in Corol- 1S additive across the nodes of the network i.e.,

lary 2 and the myopic rule in (5). Online computation is R n R

nearly identical, but withy* using parameters that reflect the clu,@,x) = elui, &, ;). (21)
composite decision spatg x X; and depend explicitly on the i=1

received informatior?Z; = z;. This similarity is also apparent Assumption 4 (Polytree TopologyBraph G is a polytree
in the offline computation implied by (20) for fixed paramsteri.e., has at most one (directed) path between any pair ofsaode
¢F in (18), which per valuez; € Z; involves the same local Proposition 2 (Offline Efficiency)lf Assumptions 2 to 4
marginalization ovel’; highlighted in (6) for the myopic rule. hold, then (18) applies with (19) specialized to

Assumption 2 is a special case of Assumption 1, which was . . .
discussed to be applicable when the measurement and chafta&lfi» ¥i» i zi) o plaa) B (2i4) e, &4, 1) + CF (i, 21)]
noise processes local to all nodes are mutually independe Y thelikelihood f . ¢ ved .(2f2)
Assumption 2 applies when also, for example, the sensirr%?;en(z') Fs?jlet?a Irrr?'ge dl::)ncyhoen%r(zﬁé)re%r rri'c;er:\/'?] (2|g)0r-'th
and communication ranges of each node are on the orde]c q ! e : K W ursi l; Wi
their spatial distances to their neighbors. Then, for everge 0" Ward messagérom each parenj pa(i) given by
1, the peripheral state process&s; will, in comparison to  p* (. |z P (2l Wi Bilaa. 2 24
the local state procesX;, have negligible bearing on the (uslzs) Z Gsles Zp 5Bl 2537, (24)
local measurement and channel models. Note that the channeé
models defined in Examples 4 & 5 satisfy Assumption 2, (if) the cost-to-go functionCi(u;, z;) for transmitted
do the measurement models defined in the following examp'l@format'onU is determined by the backward recursion

Example 7 (Linear Binary Detectors in Noisd)et each , ch(i) empty
ith such sensor be a scalar linear binary detector (seeC* e — . .
Example 2) withlocal likelihood function given by (15, ) 2:( )CJ'—"’(U“ vi) , otherwise

j€E€ch(t
o = Jpzosn (3 () ’ >
PRl = Tam P Ty Wi T ' with backward messageom each child;j € ch(i) given by
Here, we have chosen a state-related signdl = Xi%  C7_ (u;, ;) =3 3N le(uy, 5, 25)
and a unit-variance noise proce$l; so that the single ©; w2y
parameter; € [0,00) captures the effective signal strength Cy (uj, ;)] Q5 (ug, T, jlu, ;)

e.g., measurements by sengare less noisy, or equivalently

more informative on the average, than measurements byrseraud statistioQ?_,, (u;, &;, z;|u;, x;) defined in (27).

Jj—i



Proof: We provide only a sketch here; see [24] for de- = © l @ .

P - . . PYNT . Likelihood Likelihood
tails. Assumption 2 implies the global likelihood functifor messages from Node ' messages to
received informatior¥; is independent of the rules and statesyarentspa(iy 7 pk i j N4 children ch(i)
local to nodes other thahand itsancestorg(i.e., the parents pe(i = ety

pa(i), each such parent's parents, and so on). Assumption 3 (a) Forward Pass at Node “Receive & Transmit”

implies the global penalty function takes an additive form

over all nodes, where terms local to nodes other thamd ® @ @

its descendantdi.e., the childrench(i), each such child’s  cost-to-go Cost-to-go
children, and so on) cannot be influenced by local decisiomessages to > Node < messages from
(u;, #;) and, hence, have no bearing on the optimizatiofarentspa(i) F opaty L ChG children ch (i)

of rule ~;. Assumption 4 implies the information observed L

and generated by all ancestors is independent (conditioned () Backward Pass at Node"Receive, Update & Transmit

on X) of the informationto be observed and generated by:ig. 2. The distributed message-passing interpretaticheokth iteration in
Il d dents. Thi dii lind d betw ihe offline algorithm of Corollary 3, each nodenterleaving its purely-local

all descen _en S IS CO.n _' lonal independence beiween Bmputations with only nearest-neighbor communications.

“upstream” likelihood statistics and the “downstream” giy

terms specializes the parameter valugsof Corollary 2 to

the proportionality of (22). Assumption 4 also guarantees myenerate the sequende”} by iterating (28) in a repeated

two parents have a common ancestor, implying that upstregsdward-backward pass ovér e.g., iterationk = 1,2, ... is

likelihoods decompose multiplicatively across parent esxd X kel ok

and no two children have a common descendant, implying Pleny = 9i(#; 7Ppa(i)ﬂi)

that downstream penalties decompose additively across chiom j — 1.2 ... and

nodes. Altogether, it is the structural implications of Asg- . . .

tions 2 to 4 that yield the recursive formulas (23)-(27). b7 = f’i(Ppa(i)ﬂi’ Och(i)w)
Proposition 2 has a number of important implications. The Clopaty = hilF, Priiy i Cliniy—i)

first is that parameter®? at node: are now completel . .
P ®; ! pietely fgm i=mn,n—1,...,1 (see Fig. 2). If Assumptions 2 to 4

determined by the incoming messages from its neighbc{_‘ : *
pa(i) U ch(i). Specifically, we see in (22) that the globa Old’Ptrgi?_ 'g\e ﬁ}rStSZcé?tggosig%%ﬁdiva)gec0r(le\/nergkes-.s the
meaning of received informatiory; manifests itself as a . - By virt P k" . qu e} i
Bayesian correction to the myopic prigr(z;), while the special case of a sequen¢é }. conS|dere-d n Corgllary L
global meaning of transmitted informati@én, manifests itself Each forward—bac_:kward pass in the pqrtlal—order implied by
as an additive correction to the myopic casu,, &;, ;). g ensures each |teratﬁk_ 'S gengrated in the node-by-node
The former correction requires the likelihood functid®y coordinate descent fashion required for convergence. m
Proposition 2 also implies that, to carry out the iterations

?gr;\),\:zrs;erietg;:;)};*unlqueli d{itﬁrrﬁ.?e:pfg?ir;} t?rirgncjlmmo%ﬁned in Corollary 3, each node no longer needs a com-
parents, while the I%%gﬁfnvolvesjtﬁg cost-to-go functidnh plete descripti(_)n_ of th_e global state distributipfx). This is_ .
expressed by (25), uniquely determined from the ir;Corﬁl_rguably surprising, since we have not yet made a reskictiv
e backward mess,ageS* _{Cr..j € ch(i)} from assumption about the state procé&sAs seen from (22)-(27),
all children. Thus aﬂerc}é&)&ztitutionjgg7(23) and (25) it is sufficient for each nodé to know the joint distribution
see that the right-hand-side of (22) can be viewed as Bffre(i i) Of only the states local to itself and its parents.
operator f,(P* o ). Similarly, person-by-person n our work here, we assume that these local probabilities
optimaliwzatpél\(/%ﬁ7n003g)5t11.er thaz‘nrec;uires the outgoing &' available at initialization. However, computing suobal
messages from nodeto its neighborspa(i) U ch(i). The probabilities for a general random vectar has exponential
outgoing forward messageB’ — (P € c'h(i)} complexity and must often be approximated. Of course, if
are collectively determined ig;%% _right—zﬁéﬁé—side of (24 rocessX is itself defined on a graphical model with structure
which after substitution of (23) and (20) we denote by th ommen;urate with the .polytree. networl§ topology then_
operatorg, (¢*, P* ). The outgoing backward messa e% e distributed computation to first obtain the local priors
CE gi 16*17@(_1‘)_—*1' o arg co%lectivel determinegd P(Tpa(iy, ;) @t each node is straightforward and tractable

i—pa(i) { i—ji) € pa(i)} ) y det e.g., via belief propagation [12].
by tﬁe right-hand-side of (26), which after substitution(25) P - . L .
and (20) we denote by the operatofe?, P* C ) A final implication of Proposition 2 is the simplicity with

i % pa(i)—i’ T ch(i)—i/" i k ifi

Altogether, we see that Proposition 2 sp%cializes the neati mgld;otg; sgg:ﬁncaéségci;{egatg tiizr;i?ér?su'[isgﬁ ipecmcally,
fixed-point equations in (16) to the block-structured form 9 P y 9 y

¢ = fi (Ppagi)—i> Con(iy—i) J(YF) = Z ZP(IJ Z Z c(ui, &4, xi)p(ui, &ilwi; ¢F)
Piﬂch(i) = 9 (¢17 Ppa(i)ﬁi) t=1,...,n 1 l ' il (29)
Ci%pa(i) = h; ((bla Ppa(i)~>i7 Cch(l)ﬂz) with p(“‘h i.l|x7,7 (bk) = Zzl 'P'L * (Zl|xl)p(u17 i.l|x7,7 245 ¢i€)
(28) for everyi. That is, given that the likelihood functioﬁi’“rl
Corollary 3 (Offline Message-Passing Algorithm): is known local to each node(which occurs upon completion

Initialize all rule parameters® = (¢9,...,4%) and of the forward pass in iteratioh + 1), eachith term in (29)
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can be locally computed by nodeand, in turn, computation IV. EXAMPLES AND EXPERIMENTS
of the total penalty/(~*) scales linearly im.

As was the case for Corollary 1, the choice of initial param- This section summarizes experiments with the offline
eter vectorg” in Corollary 3 can be important. Consider, formessage-passing algorithm presented in Section I1l. irou
example, initializing to the myopic strategy=(y,.....7 ), out, we take the global measurement model to be the spatially
where every node employs the rule in (5) that both‘f‘gnorggstrlbuted linear binary detectors defined in Example 7 and
its received information and transmits no information (ofhe network communication model to be the unit-rate selec-
equivalently, always transmits the same zero-cost symmol /€ peer-to-peer transmission scheme with erasure clenne
that Jc(fy) is Zero): given Assumption 2 and Assumption :§iefined in Example 6. The Ovel’al’Ching decision ObjeCtiVe
both hold and also assuming(u;, &, ;) = c(&i,z;) + is simultaneously to avoid state-related decision erréra a
Ac(us, z;) for everyi, it turns out that this myopic Strategyspecified subset of all nodes, which we call the “gateway”
is person-by-person optimal! That is, the parameter vect@®des (and nodes not in the gateway we call “communication-
¢=(0,.....¢ ) isitself afixed-point of (28), and as such thé_)nly” nodes), and to av0|d_gct|ve symbol transmissions on al
algorithm will make no progress from the associated myopifks of the network. Specifically, we choose the global sost
(and typically sub-optimal) performandé~) = J4(7). While ~ ¢(Z,2) andc(u, z) so that detection penalty, and communi-
most details will vary for different classes of models, ongation penalty/. in (8) measure precisely the gateway “node-
general guideline is to initialize with a strategy such tagry €rror-rate” and network-wide “link-use-rate,” respeeti Our
possible transmission/state péir;, z;) at every node has a PUrpose is to characterize the value and overhead of our
nonzero probability of occurrence. This will ensure that thmessage-passing solutions to the decentralized problem fo
algorithm explores, at least to some degree, the cost/henBftlation of Subsection II-C, quantifying the tradeoffsatele
tradeoff of the online communication, making convergemce 0 the benchmark centralized and myopic solutions disclisse
the myopic fixed-point likely only when is so large in (8) in Subsection II-A. Our procedure is, for a given network,
that communication penalty,(y*) should be zero, as will be t0 sample the range of parametgrin (8), or the weight
demonstrated by examples in Section V. on communication penalty. () relative to detection penalty

Assumption 4 is arguably the most restrictive in Propola(7), in each case applying the message-passing algorithm
sition 2, in the sense that satisfying it in practice mu&nd recording (i) the achieved online performaridg, J")
contend with non-local network connectivity constrairfisr and (ii) the number of offline iteratiors* to convergence.
example, while any node may have more than one parentSubsections IV-B to IV-D present our results across difiere
node, none of those parents may have a common ancedigiwork topologies, different levels of measurement/clean
In principle, as illustrated in Fig. 3, this restriction ciwe noise and different prior probability models. These result
removed by merging such parent nodes together into singlemonstrate how the decentralized strategy produced by the
“super-nodes,” but doing this recognizes the associated ngnessage-passing algorithm consistently balances betiheen
for direct “offline” communication among these merged parefwo different decision penalties. Firstly, in all examplése
nodes while designing the decision rules (even though thediimized strategy degenerates gracefully to the myopat-st
decision rules continue to respect the online network tppl €gy as\ gets large i.e.limy .o (J3,J2) — (Ja(7),0).

G). Combining such parent nodes also leads to increasing cop@condly, in every example that satisfies all conditions of
plexity in the offline computation local to that super-nods ( Proposition 2, the optimized strategy achieves a monotonic
we must consider the joint states/decisions at the nodeg beiradeoff between the two penalties i.e., Xf < Ao, then
merged); however, for sparse network structures, suchederg/;’ < J;* and J) > J)2. The experimental results also
state/decision spaces will still be of relatively smalldiaelity. illustrate more subtle benefits of the optimized strategy: f
Alternatively, there is nothing that prevents one from gpyg  €xample, even when actual symbols can be transmitted withou
the message-passing algorithm as an approximation withip@nalty (i.e., when\ = 0), each node will continue to
general directed acyclic network, an idea we illustrate goremploy selective silence to resourcefully convey addélon
simple non-tree-structured model in Section IV. information to its children, which remains of value even if
erasure probabilities are nonzero.
While these desirable performance tradeoffs are not sur-

prising given the developments in Section lll, the experitae
,,,,,,,,,, in Subsection IV-C also demonstrate that they are difficult t
L ensure when the decentralized strategy is selected heallist
(i.e., based on reasonable intuition instead of the proedri
[¢] offline iterative procedure). On the other hand, recogujtirat
(a) Non-Polytree Topology (b) Equivalent Polytree Topglog  P€r offline iteration each linki, j) must reliably compute and

Fig. 3. An example of (a) a non-polytree topologyand (b) its equivalent communicate messagﬁ*-j and CJ'*i' each a COHeCt'O_n of
polytree topology for which Proposition 2 is applicable.eSifically, the UP 1O |X; x U;] real numbers, these performance benefits must
parents of nod&, namely nodes and4, have nodel as a common ancestor glso be weighed against the numlaerof offline iterations to

so we “merge” nodes and 4. This is done at the (strictly offline) expense : : : :
of requiring both direct communication between nodeand4 and increased convergence. Our consideration of this offline overheadasak

local computation by node8 and 4, so the message-passing algorithm inWe believe, an important point in understanding the value an
Corollary 3 can jointly consider the random variabl¥s, X4, Us andUs.  feasibility of self-organizing sensor networks, as it aious
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to assess the price of adaptive organization, or re-orgtaiz T - R TIEITIE ST
In particular, our analysis emphasizes that for such offline 1 Tilel T SiEE
organization to be warranted, it must be that the price of _, | ; e
performing it can be amortized over a substantial number-o - - 0 O+ v oz 0 Oy

of online usages, or_quivalently that the network FeS@IICE(5) Given Nodei has One Child  (b) Given Nodghas Two Children
consumed for organization represent only a modest fraction 0

. . " ig. 4. Theinitial ruley; typically used in our experiments with scalar linear
of the resources available over the total operationalitifet binary detectors of signLaI strengttand the central threshold (in measurement

space) ofr{ = log(n;)/r with 1; = px, (=1)/px, (+1).
A. Basic Experimental Setup

To apply the offline message-passing algorithm developegd..; = 0) when the measurement is near its least-informative
in Section lll, each node in the given networkG requires values or transmitting its local state estimate (with.; = ;)
the following local models: likelihood®(y;|x;), channels otherwise. This initial strategy is clearly sub-optimathiev-
p(zi|ari,upa(lg), costsc(u;, i, ), Priorsp(xyq(;), r:) and an ing the myopic detection penalty but with nonzero communi-
initial rule ;" € I';. This subsection describes the parametriation penalty, yet the message-passing algorithm is eéder
forms of the local models that are in common with allo make reliable progress from this initialization as losglze
experiments to be described in the following subsections. induced statistics at every nodesatisfy p(u;|z;;~Y) > 0 for
particular, only the local priors will be different acrosgese all (z;,u;) € {—1,+1} x {=1,0, +1}hOI,
experiments, so we now describe all other such local modelsThe initial rule of Fig. 4 belongs to the class of monotone
and leave the description of priors for later subsections. threshold rules for linear-Gaussian binary detectors riteesd

As mentioned above, the likelihoogsy;|x;) are those of in Example 3. This class applies directly to a node without
the linear Gaussian binary detectors defined in Examplepd@rents and readily extends to a node with parents, in which
and the channel®(z;|xi, upaiy) = p(2ilupay) are those there can bez;| such partitions of the likelihood-ratio space
of the unit-rate selective peer-to-peer transmission reehe|0, o), or in our experiments one set of such thresholds per
with erasures defined in Example 6. In all experiments &ymbol valuez; € {—1,0,+1}/P*®I The initialization in
follow, however, we will assume homogeneity, meaning th&ig. 4 makes no use of this received information, but the
the signal strength; = r € [0,00) and erasure probability optimized strategy certainly should. This motivates coes-
gi = q € [0,1] are the same for every noden G. tion of a more elaborate initial strategy, in which inforimat

As also mentioned above, the costs:;,Z;,u;) local to Z; is taken into account. One such initialization, which we
nodei are defined such that the detection pendjfyand com- will experiment with in Subsection IV-C, is to utilize the
munication penalty/. in (8) equal the gateway “node-error-neighborhood priop(x,,;), ;) and interpret each received
rate” and network-wide “link-use-rate,” respectively.e8ff- symbolz;_;, € {—1,+1} as the correct value of state process
ically, letting x; = 1 denote that node is in the gateway X i.e., nodei assumes thak,,.; = z;, marginalizing over

and k; = 0 denote otherwise, we chooséu;,Z;,r;) = each stateX; corresponding to a parent for whieh_.; = 0,
Kic(Zi, i) + A Y eon c(ui—j). Here, the detection-relatedand accordingly adjusts the central threshold in Fig. 4 to
costs indicate node errors and the communication-relatsis c 1 (1, —1)
indicate link uses i.e., () = - log DXpagiy, Xi\Zis .
7 (3
r poa(i)in (Zi7 +1)

~ 0, :%i::vi 0, ui_,‘:0

c(xi,xi)—{l i £ and c(uiﬁj)—{l " J7é0
ro ’ BN B. A Small lllustrative Network

As discussed in Example 6, the evént.; = 0 indicates that  Thjs subsection assumes the local models discussed in
node i suppresses the transmission on the outgoing link #Re preceding subsection and considers the prior probabili
child j, so it is associated to zero communication cost. AIS@IOde|p($) and the network topologg depicted in Fig. 5.
note that the myopic threshold for each gateway node reduggsecifically, let the hidden state processbe defined by a
to n; = px,(—1)/px,(+1) in likelihood-ratio space, and to propability mass function
7; = log(n;)/r in measurement space (see Example 2).

A final consideration is the initial rule? local to nodei. p@)oc [ v@i,zy), (30)
As remarked after Corollary 3 in Section lll, initializing the (i,9)€€

myopic rule in (5) would prohibit the offline algorithm fromwhere £ denotes the edge set of thedirectedgraph illus-

making progress. Fig. 4 illustrates our typical choice dfiah trated in Fig. 5(a) and the non-negative function
rule 42, We partition the real;-axis by a central threshold

of 79 = log(n;)/r to decided; € {—1,+1}, followed by Wz, ;) :{ . Ti=

2(21<n@I — 1) thresholds evenly spaced within an interval ) T F T

about7? to decideu; € {—1,0,+1}I<*®I, In essence, eachcaptures the correlation (i.e., negative, zero, or pasiten
node i is initialized to (i) ignore all information receivedw € (0,1) is less than, equal to, or greater tharb,
on the incoming links, (ii) myopically make a maximuan- respectively) between neighboring binary-valued staieand
posteriori estimate of its local state and (jii) make a binaryxX;. Note that, with just: = 12 nodes, both the normalization
valued decision per outgoing linfk, j), remaining silent (with implied by (30) and the marginalizations pfz) to obtain

w
1—w
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silence: intuitively, each node in the cooperative strateg
able to interpret “no news as providing news.” For further
comparison, consider the model with selective commurgoati
disabled, meaning each node must always transmit either a
+1 or —1 to each of its children and, in turn, link-use-rate
is at 100% capacity. Applying th_e m(_ass_age—passing algorith
to these models yields the points indicated by “+” marks:
indeed, we see that selective communication affords up to an
Fig. 5. A small ¢ = 12) decentralized detection network used in theadditional 10% recovery of detection performance whilegsi

experiments of Subsection IV-B: (a) the (undirected) gragon which 0 ; ot ;
the spatially-distributed state proce3s is defined via (30) and (b) a tree- Only 70% of the online communication capacity.

structured (directed) network topology that spans theioestin (a). The tables in Fig. 6 list two key quantities recorded during
the generation of each of the six tradeoff curves, namely
A* and k denoting the lowest value oh for which the
P(Tpa(iy, zi) for each node can be performed directly. Also myopic point is the solution and the average number of offline
observe that, in this example, the links in the network togyl jterations to convergence, respectively. As discussed/egbo
are a proper subset of the edges in the (loopy) undirectgrhgrahe former can be interpreted as the “fair’ per-unit price of
upon which random vectaX is defined. online communication: indeed, from the tables, we see that
Fig. 6 displays the tradeoff curves between node-err@-rat* is inversely related to erasure probabilify quantifying
Ja, where every node is in the gateway (so that the maxim@k diminishing value of active transmission as link reliab
node error rate is twelve), and link-use-rdteachieved by the degrades. Moreover, comparing in (a) and (b), we see that
message-passing algorithm across different model paeasietiower state correlation similarly diminishes the value ofivee
We take the nominal case to e, ) = (0.9,1.0) and the transmission. The empirical value bfs related to the price of
low-correlation case to bew,r) = (0.8,1.0), considering for offline self-organization: we see that over all uses of tigo-al
each such case three different erasure probabilities, lgaméthm in the network of Fig. 5(b), it measures between three
q=10.0,¢=0.3 andq = 0.6. In each of these six parameternd four iterations, implying that maintaining the optietz
settings, we obtain the associated tradeoff curve by sagplionline tradeoff depends (per offline reorganization) upue t
A in increments ofl0~*, starting withA = 0, and declaring exact computation and reliable communication of 684 to 912

convergence in iteratiow when J(v*1) — J(+*) < 1073, real numbers in total, or roughly 57 to 76 numbers per node.
Per instance of parameters, ), we see that the three curves

always start from a common point, corresponding\tbeing
large enough so that zero link-use-rate (and thus myopi
node-error-rate/;(v)) is optimal. The smallest value of
achieving this myopic point, call it\*, can be interpreted
(for that model instance) as the maximal price (in units of
detection penalty) that the optimized network is willingp@y
per unit of communication penalty. For less than\*, we
see that the message-passing algorithm smoothly trades ¢
increasing link-use-rate with decreasing node-errce:-rhfot

o
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N

(a) Correlated Binary States (b) Directed Polytree Network
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surprisingly, this tradeoff is most pronounced when the@ra € @
probability ¢ is zero, and approaches the myopic detectior 8 ' SRR (=06 E ! QT mme +
penalty asq approaches unity. Also shown per instance of g *° - g=03 ] oo N !
parameterw,r) is a Monte-Carlo estimate of the optimal 8°¢ 7=00 Sos
centralized performancé;(y), computed using 1000 samples gos Sos
from p(z,y) and simulating the strategy in (2). oz oz

The second row of curves displays the same data as ig o % 0
the first row, but after (i) normalizing the achieved link- = ° normaiized link-use-rate S ° normalized link-use-rate
use-rate by its capacity (namely eleven unit-rate linksj an
(i) expressing the achieved node-error-rate on a uniesca g | X* k g | X k
relative to the benchmark centralized detection penaltythe 09 | 02061 322044 O | o oo
myopic detection penalty (i.e., representing the fractibthe 0.6 | 0.0960 2.8+0.42 0.6 | 0.0684 2.5+0.50
myopic lossJy(y) — Ja(7) recovered via offline coordination). _ _ .
The curves show that, subject to less than eleven bits (per (2 Nominal Environment (b) Low State Correlation

. . L o
global _estlmate) of online communication, up to 49/0 of thlglg. 6. Optimized tradeoff curves for the network in Fig. Yegi (a) a
centralized performance lost by the purely myopic strate@¥minal environment and (b) low state correlation, eacth servironment
can be recovered. These rescalings also emphasize thatvwitethree different link erasure probabilities = 0 (solid line), ¢ = 0.3

: Sl _ s ashed line) and = 0.6 (dash-dotted line). The second row of figures uses
maximum link-use-rates on each OptImIZEd curve are well bt%e same data as the first, normalizing the penalties torbdtepare across

low network capacity and that the message-passing algoritkhe different model instances. The tables contain the digmh* and k we
consistently converges to a strategy that exploits thecthede record while computing each curve. See Subsection IV-B forendliscussion.
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C. Large Randomly-Generated Networks

This subsection performs a similar analysis as in Subsec
tion 1V-B, but for a collection of randomly-generated model
instances of more realistic size and character. Fig. 7tiHitess /
a typical output of our model generation procedure: it start Y
with n = 100 nodes, each randomly positioned within a unit- =
area square and connected to a randomly selected subset ofé Spatial Configuration  (b) Graphical Model  (c) Networkpdogy
spatial neighbors. The vector state proc&ss described by a Fig. 7. A typical 100-node detection network generated randomly for the

directedgraphical model, constructed such that the correlatigiPeriments in Subsection IV-C: (a) the spatial configoraf all nodes in
the unit-area square, (b) an arbitrary directed acycliplyrapon which the

bejfween neighbo_r.ing states reflects the spatial proxintitiye spatially-distributed state process is defined via (31) and (c) the polytree
neighbors. Specifically, lefia(i) denote the parents of nodenetwork topology with ten randomly-selected gateway nd@ied markers).

i (in the directed acyclic graph underlying process which
we callG) and letD(4, j) denote the spatial distance between
nodei and nodej. The global prior probabilities are equal to Fig. 8 depicts the average-case performance achieved by

n the message-passing algorithm over 50 randomly-generated
p(r) = Hp(x”xph(i)) (31) model instances. Each plot consists of four clusters oftppin
i—1 three corresponding to the optimized point assuming three

different values of A and one corresponding to the point
achieved by the heuristic strategy, essentially inteipgetach
incoming symbol as indicating the true value of the parents’

where, for each parentless nodewe choosep(z;) to be
uniform and, otherwise, choose

(x| 25 W) = { I- p(Ip’a(i)) ;T =—1 local _states as de.sgr_ibgd in Subsecti_on IV-A. In fgct, inlsd_ahe
pat P(Tya (i) ;o rp =417 experiments, we initialized our algorithm with this hetids
strategy, though it's seen to fail catastrophically in tease
> 1(@pa) D0, 5) that communication penalty is nonzero and yet the detection
_ j€pa) penalty is larger than even that of the myopic strategy! This
Plpa(i) = Z D(i, )" ’ unsatisfactory heuristic performance underscores theeval

our offine message-passing algorithm, which via parameter

jepa(i) . .

o A consistently decreases global detection penalty (from tha
1. _ 1, z;=+1 of the myopic strategy) as global communication penalty
i) = 0, zj=-1"7 increases despite the poorly performing initializations.

115, 2 a0 1) biass e conctiona)  E2C% 81e 1 71, 1t the avere pumber meseage
distribution of local state process; to take the same value asIO 9 9 ’ P

. ) ) - of our offline coordination in the same sense discussed in
the (given) states of its spatially-nearest parent node§)i . . . .
. : Subsection IV-B. We see that roughly eight iterations can be
The next step of the model generation procedure is to con-

struct a polytree network topology and derive the associatedrequm?d |n_the 100-node models, in comparison to roughly
. _ . . _“three iterations in the twelve-node models of the previous
priors p(zpq(iy, z:) for every nodei required by the offline

message-passing algorithm. First, we select ten gate Osubsectlon, suggesting the price of offline coordinaticalesc

. sublinearly with the number of nodes. It is worth noting
at random and construét such that (i) these gateway nodeﬁq o . . .
) . : ) at the communication overhead associated with each efflin
are childless and (ii) its undirected counterpart is an eidbd

spanning tree of the undirected counterpart to the proibabil

graphG. This is accomplished using Kruskal’s max-weight \ (r,q) = (1.0,0.3) , (r,q) = (1.0,0.0)
spanning tree algorithm, where we choose edge weights pre | heuristic RS | heuristic
portional to the pairwise correlation between the statesish & ss g ss
each edge irG (and any node pair not sharing an edgegin g iy, myopic 5 , myopic
is assigned the weight o). These pairwise correlations cans A:U_Sfoom ffﬂ 5 % Q f
be computed from the so-called clique marginals,, ), =) § 25 o - § 25 A =001 001 A—0
associated with the factorization in (31), which we obtaim v = | s,
Murphy’s Bayesian Network Toolbox in MATLAR7]. We oo 0o ¢ 0 &
further exploit the Markov properties implied by (31) to find link-use-rate, /. link-use-rate, /.
the neighborhood marginals (still i) via A k A k
0.000 | 5.2+0.40 0.000 | 7.8£0.98
R 1 e ol | 24203
jech(t
(a) Nominal Environment (b) Zero Channel Noise

Finally, because network topology is embedded in the

undlrepted co_unterpart g, We_ hl_’slve_thatva(z) < ne(z) for Fig. 8.  Performance of different strategies for 50 randorggnerated
every ¢ and, in turn, each dIStrIbUtlop(xpa(i)aIi) can be networks of the type shown in Fig. 7 given (a) a nominal eminent and
found by appropriate marginalization of (32). (b) zero channel noise. See Subsection IV-C for more digmuss
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iteration also depends on the connectivity of the network (x) o4 (2:724) = (09,10,00)
topology, each node exchanging a number of messages that 035 L e
scales linearly with its degree (whereas the local comjmutat (x2) (x3) S
of these messages scales exponentially with its degree).

(x9

D. A Small Non-Tree-Structured Network (a) Correlated Binary States

The preceding experiments focused on models that satisfy
all assumptions under which the offline message-passing al-
gorithm is derived. We now discuss experiments for a model
in which the network topology isiot a polytree. In such
cases the local fixed-point equations in Corollary 3 are no
longer guaranteed to be equivalent to the general fixedtpoinb) Directed Non-Tree Topology (c) Performance Comparison
equations in Corollary 1. In turn, the message-passing-algo _ _ _
ithm 1o longer necessarily nherits the general convesger 0.5 The w1l < ) Secentaiies detcion o s
and correctness guarantees discussed for Corollary 1. ibuted state proces¥ is defined via (30); (b) the (directed) network
remarked in Section lll, the team-optimal solution can bepology that spans the vertices in (a); and (c) the perfao@acomparison

; ; i tween the team-optimal solution and the message-paapmgximation.
CompUted by aggregating nodes in the orlglnal topology $r18 (c), three tradeoff curves are shown, dashed being thatewd by

as to form a.p0|ytree to which our message.'pas_Si_ng algor.mﬁﬁ'@ message-passing approximation, solid being that \ahiby the team-
can be applied. Of course, this approach implicitly recgireptimal solution, and dash-dotted being that predictecheymiessage-passing

communication among nodes that have been aggregated agfoximation (but based on incorrect assumptions).
are not neighbors in the original topology; moreover, it is
computationally tractable only if a small number of nodesde
to be aggregated. two performance curves associated with the message-gassin
For the above reasons, it is useful to understand both wigg@proximation, namely that which it actually achieves and
the fully team-optimal methods can achieve as well as wh&@at which it predictsto achieve. Specifically, this prediction
can be accomplished if we simply apply the local messageorresponds to the performanééy”) computed via (29) as a
passing algorithm to the non-polytree topology. In thigisec  function of the forward message3*** (z;|z;), which can be
we present and discuss experiments on a small example iniogorrect because each such message is no longer negessaril
der to explore these questions. Even in such small models, &gjuivalent to the distributiop(z;|x;;7*). To compute the ac-
team-optimal solution produces rather sophisticatedadign tual performance here, we rather determine the full distion
strategies, exploiting the non-tree network structure aysv p(u, &, 2;~*) via (10) and evaluate the expected cost directly.
that cannot be accomplished via the message-passing appAsxin earlier experiments, each curve is obtained by samplin
imation. Nonetheless, with regard to achieved performancein increments ofl0~3, starting withA = 0, and declaring
the local message-passing algorithm is still seen to peogitl convergence in iteratior when J(y*~!) — J(v*) < 1073
effective approximation. (but using the sequence of predicted performances in the
Let us consider a model of the same type as in Subsé¢gessage-passing approximation). Also shown is the erapiric
tion IV-B, except involving only four nodes in the non-treeestimate (plus or minus one standard deviation based or01000
configuration depicted in Fig. 9. For illustration. we fix= 1, samples) of the centralized performance.
g =0, andw = 0.9, so that all measurements have the same Notice first in Fig. 9(c) that the message-passing and team-
noise, all channels have zero erasure probability and #iesst optimal curves coincide at very low link-use-rates, a resim
are positively-correlated. Assume node 4 is the lone gatewahich enough links remain unused so that the network topol-
node, while nodes 1, 2 and 3 are communication-only nodegyy is effectively tree-structured. For higher link-usdes,
The team objective boils down to having the communicatiome see that the message-passing prediction is consistently
only nodes collectively generate the “most-informatiet-y over-optimistic, eventually even suggesting that the excd
resourceful’signal to support the gateway node’s final decinode-error-rate surpasses the optimal centralized pedioce
sion. Indeed, we anticipate node 1 to play the dominant rolein the actual network; meanwhile, the actual performance
any such signaling strategy, given its direct link to eveltyep achieved by the message-passing approximation is comijste
node in the communication network topology of Fig. 9(b)nferior to that of the team-optimal solution, yet for this
Note, in particular, that this communication topology imtés simple model still a reliable improvement relative to myopi
a direct path from node 1 to node 4 which is not present detection performance. Also notice how the message-gassin
the probability graph of Fig. 9(a). Thus, this example alsapproximation does not produce a monotonic tradeoff clinve,
allows us to illustrate the value of longer-distance meisgag the sense that it permits link-use-rates to increase begund
than would be found, for example, if loopy belief propagatiorange over which the node-error-rate remains non-inangasi
[12], [13] were applied to this problem. The team-optimal solution is, of course, monotonic in this
Fig. 9 also displays the tradeoff between node-error-fate sense, with peak link-use-rate well below that determined
and link-use-rate/. achieved by both the team-optimal soluby the message-passing approximation. Finally, the table i
tion and the message-passing approximation. There aretin fieig. 9(c) shows that the team-optimal solution is (i) more

'''''''

node-error-rate/,

o o o

o N (%) w
9
1
1
1
1
\
1

1_ 2 3 4
link-use-rate,J..

solution | \* k
msg-pass| 0.145 3.2+ 0.33
team 0.192 3.84+0.46
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resourceful with its link usage, as quantified By, and the latter case transmitting the same symbol to all otheespd
(i) takes on-average more iterations to converge, as dieght in turn, nodes 2 and 3 employ identical signaling rules toenod
by k. The latter is arguably surprising, considering it ig in which, given node 1 has communicated, the presence
the message-passing approximation that comes without amyabsence of signal indicates agreement or disagreement,
theoretical guarantee of convergence. Indeed, theseplarti respectively, with the symbol broadcasted by node 1. The
experiments did not encounter a problem instance in whichessage-passing approximation cannot recognize the value
the message-passing algorithm failed to converge. of introducing asymmetry and, consequently, determinas th

We conjecture that algorithm convergence failures will larger networkwide link-use-rate is necessary to acheeve
be experienced when the message-passing approximatioedgiparable gateway node-error-rate.
applied to more elaborate non-tree-structured models€lp h
justify this point, Fig. 10 depicts the key discrepancy tesw V. CONCLUSION
the team-optimal solution and the message-passing appaexi A key challenge in modern sensor networks concerns the
tion. As each node performs each of its local message-gasditherent design tradeoffs between application-layer dieci
iterations, it neglects the possibility that any two pasesduld performance and network-layer resource efficiency. In this
have a common ancestor (or, equivalently, that any two chijaper we explored such tradeoffs for the decision-making
dren could have a common descendant), implicitly introdgci objective of optimal Bayesian detection, assuming in-oekw
fictitious replications of any such neighbors and essdntiaprocessing constraints are dominated by a low-rate unreli-
“double-counting” their influence. This replication is rignis- able communication medium. Mitigating performance loss in
cent of the replications seen in the so-calteanputation tree the presence of such constraints demands an offline “self-
interpretation of loopy belief propagation [28]. Howeuigre organization” algorithm by which the processing rules loca
are important differences in our case, as this replication to all nodes are iteratively coupled in a manner driven by
both in upstream nodes that provide information to a specifitobal problem statistics. We showed that, assuming (inenl
nodeand in downstream nodes whose decision costs must beasurement processing is constrained to a single forward
propagated back to the node in question. Moreover, the @atsweep in a finite-rate, sparsely-connected polytree né&twor
of these replications is itself node-dependent, meanirdy edii) the measurement/channel noise processes are spatiall
offline iteration may be cycling over different assumptions independent and (iii) the global decision criterion decosgs
about the global network structure. The potential for theselditively across the nodes, this offline computation aslinit
different perspectives to give rise to erroneous messaggéls terpretation as an efficient forward-backward messagshpas
lies at the heart of the possibility for convergence diffimd algorithm. Each forward sweep propagates likelihood mes-
in more elaborate non-tree-structured models. sages, encoding what online communication along each link

Though we observed no convergence difficulty, the natumeeans from the transmitter's perspective, while each baotw
of the approximation illustrated in Fig. 10 still manifesttelf Sweep propagates cost-to-go messages, encoding whag onlin
in a performance difference between the solutions compame@mnmunication along each link means from the receiver's
in Fig. 9(c), most apparent for small values ®f We have perspective. In each iteration, both types of incoming mgss
more carefully inspected the different strategies and,levhinfluence how each node updates its local rule parameters
both yield signaling in which node 1 takes a leadership rolbefore it engages in the next iteration.
the team-optimal strategy consistently uses nodes 2 and 3 i he key steps by which we obtain these results can be traced
a more resourceful way, ultimately allowing gateway node t a collection of earlier works in the abundant decentealiz
to receive better side information for its final decisionr Foteam) detection literature. As was discussed, howevef) ea
instance, in the team-optimal solution, node 1 typicalgnsis of these earlier works considered only a special case of the
exclusively to node 4 or exclusively to node 3, and only f& thmodel considered here, typically employing a proof techaiq
most discriminative local measurement will it signal to fbotnot immediately applicable to our more general case. For
nodes 2 and node 4; that is, node 1 never signals all th@ample, our results hold for noisy channel models thatiel
other nodes and, in turn, the signaling rules used by node& 2ependence on the local hidden state (e.g., for detedteng t
and 3 are asymmetric. In the message-passing approximatjiesence or absence of a jamming signal) or the composite
however, node 1 typically uses either none or all of its liiks transmissions of all parent nodes (e.g., for modeling tfecef
of multipoint-to-point interference). Our results alsedmew
light on the extent to which the graphical structure undedy
the spatially-distributed hidden state process may deviam
the communication network topology without sacrificingeit
algorithm correctness or efficiency.

Experiments with the efficient message-passing algorithm
underscored how: (i) the algorithm can produce very re-
sourceful cooperative processing strategies in which aade
Fig- 10H Tze t_reer-]based message-pilSSfian_ apgr?\lxirgaﬂﬂmgﬁbdrﬁpe?ﬂxe becomes capable of using the absence of communication
o e e L e g " a5 an addiional informative Signal; (i) design decsidos
which neglects the possibility that any two parents couldeha common reduce online resource overhead by imposing explicit in-
ancestor (or, equivalently, any two children could haveramon descendent). network processing constraints must be balanced with the

(b) At Node 2 (c) At Node 3 (d) At Node 4



offline resource expenditure to optimize performance sbjg13]
to such constraints; and (iii) the message-passing akgorit
can be applied to models that do not necessarily satisfy %ﬁ]
of the assumptions under which it is originally derived. Thgs]
empirical success we've observed with the latter idea rata

X . L 16]
a number of new research questions, including (i) whether th
additional model assumptions introduced in going from the7]
general algorithm in Corollary 1 to the message-passing-alg
rithm in Corollary 3 allow for stronger convergence guaesst 18]
than those presented here; and (ii) whether there existdsoun
on the performance loss resulting from applying the messad!
passing algorithm to more general topologies.

There are other open questions related to application of the]
message-passing algorithm beyond the scope of its denivati
One such question is the degree to which quantization 1]
rors in the offline messages can be tolerated. Another line
of questioning concerns the adverse effects of mismatches
between the local models assumed at any particular n(%zé
from the true ones. Related questions are how much is lost
when not all noise processes are spatially independent en wit?3]
the cost function does not decompose additively across T[Q%
nodes. Better understanding of such robustness propésties
the first step towards addressing the difficult problem of mvhe

. L 25]
a detection network should reorganize i.e., when the ndsctW({%]
topology or the local models have changed enough to merit
re-optimization. Other avenues for research are whetlilanef
) . . . . [27]
message-passing solutions exist for decentralized demsE
problems involving (i) more elaborate online communicatio[2g]
architectures (e.g., [29], [30]) than just the single formiva
sweep analyzed here or (i) continuous-valued state pseses [29]
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