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Abstract

The biggestcurrentchallengesin wirelesscommunicationsarein a networkcontext
andaredueto thespatiallydistributednetworktopology. Recentadvancesin sensornet-
works and multi-hop ad hoc communicationnetworksindicatethat the key challenges
relateto networkcommunicationat large scaleswhen the physicalsizeof the network
grows with the numberof nodes. In this paper, we identify two physicalprinciplesthat
provide insightinto networkbehavior atmultiplescalesandin differentcontexts. Thetwo
consilientprinciplesare inspiredby the physicalnatureof point-to-point multi-antenna
communicationover multipathchannels– a naturalprecursorto networkcommunication
at smallerscales.We discusstheimplicationsof thetwo principlesin two contexts: i) the
impactof signal �eld statisticson sensornetworkoperation,and ii) viewing large-scale
multi-hopcooperativecommunicationaswavepropagationin spaceandtime.

1 Intr oduction

Wirelesscommunicationin a network context is radically different from the point-to-point
paradigmin Shannon's seminalwork. The distributedspatialtopologyof the networkis the
key to this paradigmshift anddemandsa fundamentallydifferentcommunicationperspective.
Recentadvancesprovide promisingresultsin differentspecializedaspectsof the puzzle,in-
cluding channel-centricinvestigationsinto networktransportcapacity[1, 2] andcapacityof
vector broadcastandmultiple accesschannels[3], andsource-centricstudiesof distributed
sourcecodingtechniques[4, 5, 6] andrelatedroutingstrategies[7] in sensornetworks.How-
ever, thesource-channel-destinationdistinctionin Shannon's paradigmgetsblurredin a dis-
tributednetworksetting: in a sensethenetworkis simultaneouslythesource, thedestination
andthechannel!Thismotivatesafreshinvestigationof theveryde�nition of networkchannel.

Recentresultsin networkcommunicationunderscorethatthebiggestchallengesarerelated
to cooperativecommunicationat largescalesasthesizeof thenetworkgrowswith thenumber
of nodes.In thiscontext, theimpactof pathlossoncommunicationperformancebecomesvery
important[2, 8], anaspectignoredin virtually all otherworkson networkinformationtheory.
For example,themostfavorablenetworkcapacityscalinglaws have only beendemonstrated
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for small-sizenetworks[2] or underunusuallylow valuesof path lossexponent[8]. Simi-
larly, mostexisting resultson sensornetworksfocuson densenetworksin which nodesare
concentratedin a smallarea(see,e.g.,[7, 5]). In this paper, we presentpreliminaryideason
adifferentperspectiveondistributedsignalprocessingin sensornetworksandmulti-hopcom-
municationin adhocnetworks.Ourperspective is basedonconsilientphysicalprinciplesthat
applyto networkcommunicationatmultipleandarbitrary scales.Thephysicalprincipleshave
emergedfrom our signi�cant understandingof point-to-pointmulti-antenna(MIMO) commu-
nicationover multipathchannels– a naturalprecursorto networkcommunicationat a smaller
scale.We discussthe implicationsof thephysicalprinciplesin two contexts: i) the impactof
signal�eld characteristicsonsensornetworkoperation,andii) viewing multi-hopcooperative
communicationin an adhocnetworkascontrolledspace-timewave propagation.Thesetwo
casesalsoprovidea connectionbetweenthesource-centricapproachin sensornetworksto the
channel-centricview of communicationin adhocnetworks.

2 Two Consilient PhysicalPrinciples

CP1. Node ��� scatterer correspondence.Thisprincipleis relatedto anintriguingconnec-
tion betweenpoint-to-pointwirelesscommunicationvia intermediatescatteringobjectsand
source-destinationnetwork communicationvia intermediatenodes. The basicidea is illus-
tratedin Fig. 1. In both cases,the point-to-pointchannelor the source-destinationchannel
is effectively a time-varying multipathchannelin temporalandspectraldimensions.When
augmentedwith the spatialdimension,via antennaarraysin point-to-pointlinks andvirtual
arraysof nodesin source-destinationnetwork links, the effective channelin both casesis a
time- andfrequency-selective MIMO channel(single-inputmultiple output(SIMO) or MISO
links arealsopossible).Via this principle, we canleverageour signi�cant understandingof
point-to-pointmultipathcommunicationin themorechallengingnetworksetting.
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Figure1: Illustrationof node  "! scatterercorrespondencein CP1.In a point-to-point multipathcommunica-
tion link, multiple delayed( #�$ ), Doppler( %�$ ) shiftedandattenuated( &'$ ) copiesof the transmittedsignalarrive
at the receiver via propagationthroughintermediatescatterers.In a source-destinationmulti-hop networklink,

multiple delayedandDopplershiftedcopiesof the sourcesignalarrive at the destinationvia relayingthrough
intermediatenodes.In both cases,the overall communicationlink canbe modeledasa randomlytime-varying
multipathchannel.

CP2. Multi-dimensional (MD) bandlimited signal �elds. MD bandlimitedsignal�elds
arelurking everywherein wirelessnetworksandprovideausefulconceptualaidin understand-
ing networkbehavior at multiple scales.From a channel-centricview, the effective channel
underlyingthepoint-to-pointwirelesslink in Fig. 1 canbecharacterizedasaMD bandlimited
signal�eld in temporal,spectralandspatialdimensions.Fig.2 illustratesthe2D channelasso-
ciatedwith Fig. 1 in time andfrequency. Thechannelis a stationaryrandom�eld in time and
frequency andis relatedto thedelay-Dopplerrepresentationvia a2D Fouriertransform.Fig.3
illustratestheeffectivestationarychannelin thespatialdimension.Fromasource-centricview,
thesignal�eld in sensorwirelessnetworkscanalsobemodeledasa MD bandlimitedsignal



�eld in spaceandtime. A key insight is that theoverall networkbehavior is governedby the
interactionbetweenthesourceandchannelsignal�elds in time, frequency andspace.
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Figure2: MD bandlimitedsignal�elds in time andfrequency. Representationof thechannelin Fig. 1 in time-
frequency anddelay-Dopplerdomains.Thechannelis a2D stationaryrandom�eld in timeandfrequency whose
bandwidthsaredeterminedby Doppleranddelayspreads( ��� and ��� ). Thechannelremainsstronglycorrelated
over time-frequency coherenceregions(TFCRs)of size ���	�
��� andvariesapproximatelyindependentlyover
TFCRs.Eachdelay-Dopplerresolutionbin (of size � #
��� % ) de�nesavirtual delay-Dopplerchannelcoef�cient
andonly thepropagationpathswhosedelaysandDopplershiftslie in thebin contributeto it.
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Figure3: MD signal �elds in space.It representsthe 2D stationaryspatialrandom�eld correspondingto a

(virtual) MIMO communicationlink. The angularspreadsof the intermediate(nodes)scatterersdeterminethe
spatialbandwidthsandthesizeof thespatialcoherenceregions(SCR's)over whichthechannelremainsstrongly
correlated.Eachangularresolutionbin of size ������������� de�nes a virtual angularchannelcoef�cient andall
propagationpathswhoseangleslie in thebin contributeto it.

Thetwo consilientprincipleshave emergedfrom oursigni�cant understandingof wireless
communicationover multi-antennatime-varyingmultipathchannelsin conjunctionwith more
recentinvestigationsinto distributedsignalprocessingfor sensornetworks.In particular, asim-
plemathematicaltool thatbindsthetwo principles— virtual representationof MD bandlimited
signal�elds — is at theheartof theirdiscovery [9, 10,11,12]. Thevirtual representationchar-
acterizesthestationarybandlimitedchannelin time, frequency andspace(Fig. 2 andFig. 3)
generatedby any given distribution of nodes/scatterers(Fig. 1) in termsof uncorrelatedvir-
tual channelcoef�cients. Eachpropagationpathvia intermediatenode/scatterersis associated
with uniquedelay, Dopplershift andspatialanglesandthenotionof virtual pathpartitioning
quanti�es thecontributionof eachpropagationpathto thedegreesof freedomin thechannel.
Thepropagationpaths(representedby dots)canbepartitionedinto disjointdelay-Dopplerres-
olution bins, as illustratedin Fig. 2, whosesizeis determinedby the signalingdurationand
bandwidth.Similarly, thepropagationpathscanbepartitionedinto disjointangularresolution



bins,asillustratedin Fig. 3, whosesizeis determinedby theeffectivespatialapertures(at the
transmitterandreceiver) associatedwith thecommunicationlink. Eachdelay-Doppler-angle
bin correspondsto a statisticallyindependentvirtual channelcoef�cient, andthe numberof
binsdeterminethedegreesof freedomyandcapacityof thechannel[11]. Notethatthenumber
of binsis proportionalto the”bandwidths”of thesignal�elds whichcorrespondto theangular,
delayandDopplerspreadsassociatedwith thenodes/scatterers.The larger thespatialspread
of thenodes/scatterers,thelargerthebandwidths.

The two consilientprinciples,along with the virtual representationframework, suggest
an approachfor studyingnetworkcommunicationat multiple scalesin time, frequency and
space.In thefollowing sections,wediscusstheimplicationsof theconsilientprinciplesin two
contexts: i) signal �eld modelingin sensornetworks,and ii) viewing multi-hop cooperative
communicationasspace-timewavepropagation.

3 A Model for the SignalField in SensorNetworks

Thekey challengesin sensornetworksaretied to two vital operations[13]: 1) ef�cient infor-
mation routing betweennodes,and2) collaborative signalprocessing(CSP)betweennodes
to extract useful informationfrom the datacollectedby thesensors.Exchangeof sensorin-
formation betweennodesis necessarydue to a variety of reasons,including limited (local)
informationgatheredby eachnode,variability in operatingconditions,andnodefailure. From
a communicationandnetworkingviewpoint,sensornetworksaresimilar to ad-hocmulti-hop
wirelessnetworks,but thereis a key distinction: the information�ow in a sensornetworkis
fundamentallygovernedby theactivity in thephysicalenvironmentsensedby thenodes.Fur-
thermore,in view of limited communicationandcomputationalcapabilityof nodes,anoverar-
chingobjectivein thedesignof sensornetworksis to exchangetheleastamountof information
betweennodesto enableCSP. Thenotionof bandlimitedsignal�elds in CP2suggestsanap-
proachfor modelingthesignal�eld basedon thenotionof spatialcoherenceregions(SCR's)
thatcapturesthesalientsecond-orderstatisticalcharacteristicsof a broadrangeof sources.In
this sectionwe brie�y discusssucha modelingapproachandits implicationson the interplay
betweeninformationprocessingandrouting;see[14] for a detaileddiscussion.

3.1 Underlying Assumptionson Signal Statistics

Eachsignal sourcecorrespondsto a space-timesignal � ��������� �	� asa function of the spatial
coordinates������� � andtime � . Thenetworknodessample� �	�����
� �	� in spaceandtime. Consider
aspatialregionof interest,�
���������������
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�������!� associatedwith
a networkqueryinvolving a singlesource.We assumethat � �	�����
� �	� is a zero-meancomplex
circularGaussianstationary�eld in thespatialandtemporaldimensions
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3.2 Approximate Modeling Via Spatial CoherenceRegions

We proposean approximatesignalmodel,basedon spatial coherenceregions(SCR's) illus-
tratedin Fig. 4(a),thatcapturesthescalesof signalvariation in thespatialcoordinates.To a
�rst approximation,thespatialscalesof variationin � �	�����
� �	� aredeterminedby thebandwidths

A � and A � — thelargerthebandwidths,thefasterthesignalvariationin thecorrespondingdi-
mension.Thespatialbandwidthsinducecoherencedistances, ����� � �

�

��A � and ����� � �

�

� A �

overwhichthesignalremainsstronglycorrelatedin the � and� dimensions,respectively. Thus,
asillustratedin Fig. 4(a),we partition � into disjointSCR's, ����� �

�
	

, of size � ��� �>� � ��� � over
which thesignalremainsstronglycorrelated.On theotherhand,thesignalis approximately
uncorrelatedin distinctSCR's [14].
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Figure4: (a)Spatial coherenceregions(SCR's)over which �
������������� remainsstronglycorrelated.Theregion
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$
! , of size
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� . (b) Implicationsof thePWCmodelfor the

designof sensornetworks.Thebigsquarerepresentsthequeryregion
�

, andthesmallersquaresdepicttheSCR's.

Jointprocessingof high-bandwidthfeature-level datais limited to within SCR's,andgeneratesinformationat the
low-bandwidthsymbollevel. The independentsymbolsfrom differentSCR's canthenbecommunicatedto the
destinationnode/region for �nal processing.EachSCR representsa singlespatialdegreeof freedom. Node
measurementsin eachSCRmaybeaveragedto improve "$#&%

�('*),+ , andthenodesin eachSCRmaycollaborate
asa virtual nodearrayto transportthesymbol-level informationto thedestination.

Speci�cally, we usea piece-wiseconstant(PWC)approximationof the stationarysignal
commensuratewith theSCR's
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Notethatthedistance-bandwidth(DB) products A
�

�@�
�

A
� and A

�
� �

�
A

� areanalogous
to thetime-bandwidthproduct U A of thespaceof signalsof durationU andbandwidthA .

Spatial degreesof fr eedomin the signal �eld. We assumethat �
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areperfectly
uncorrelatedacrossdistinctSCR's. This assumptioncanbe justi�ed by the fact thatmostof
thespatialcorrelationin � �	�����
� �	� is limited to within eachSCR,andthe residualcorrelation



acrossSCR's is primarily limited to adjacentSCR's for smoothsignal spectra[14]. It can
beshown that there are approximately A

/

�

�

����A �

�	�

����A �

� independentspatial degreesof
freedomin ��������������� over � which are preservedby � -0/

�

��������� �	� .1

3.3 Implications of PWC Signal Modeling

Considera networkqueryinvolving sensormeasurementsin a region � � � � � ��� of size
�

� ���������

� . We assumethat thereare A uniformly distributednodesin � . The sizeof
eachSCRis

�

� � � ��� � � ��� � �

�

��A � A ���

� . Thus,thereare A

/

�

�

�

�

� ������A � ���!A � SCR's
in � andthereare A � � A �.A

/

nodesin eachSCR.
Space-Time Sampling of the Signal Field. To extract all informationaboutthe signal

�eld in � , thereshouldbeat leastonenodein eachSCR;that is, A �

=

�

. A � �

�

corresponds
to Nyquist sampling( A ��A � nodesper unit area). If the sensormeasurementsarenoise-free,

A � �

�

is suf�cient. However, in thepresenceof noise,additionalnodemeasurementsin each
SCRareadvantageousfor improving themeasurementsignal-to-noiseratio, ���	� ��

�

/

. [14].
Interplay betweenInf ormation Processingand Inf ormation Routing. Temporalmea-

surementsat eachnodeareoftenprocessedin blocksof samplesfor theapplicationat hand.
Informationcanbe exchangedbetweennodesat two basiclevels of abstraction:feature or
symbollevel. A feature representsa lower-dimensionaldatarepresentation(e.g. a lower di-
mensionaltransformof datablock) that containsthe relevant signal information. A symbol
representsa compressedversionof thefeaturevector;for example,a quantizedrepresentation
in the caseof compressionor a setof local decisions(soft or hard) in the caseof decision
making. As arguedin [14], thePWCmodelsuggestsa hierarchicalstructurefor information
exchangebetweennodesthat is naturallysuitedto thecommunicationconstraintsof thenet-
work (seeFig.4(b)): high-bandwidthfeature-levelexchangeis con�nedto spatiallylocal nodes
within each SCR,whereaslow-bandwidthsymbol-level exchangeis suf�cient acrossspatially
distantSCR's. In otherwords,PWC signalmodelingsuggestsa �xed matchedinterfacebe-
tweenCSPandinformationrouting. For example,assuggestedin [7], joint compressionand
routingcouldbeexploitedin eachSCR.

Distrib uted Detectionand Classi�cation. Detectionandclassi�cationof objectsmoving
throughthe sensor�eld is an importantapplicationof sensornetworks,e.g., detectionand
classi�cationof vehiclesbasedon acousticmeasurements[16]. Therearetwo main sources
of error in distributeddetectionandclassi�cation: i) thenoisein sensormeasurements,andii)
the inherentvariability in thesourcesignal. In [17, 18], we have shown that thestructureon
informationexchangesuggestedby thePWCmodel,illustratedin Fig. 4(b),naturallycombats
the two sourcesof error. First, featurevectorsfrom a subsetof nodesin eachSCRcanbe
averagedto yield an effective featurevectorat a higher ����� ��

�

/

. Second,the statistically
independentlocal nodedecisions(hardor soft, basedon the effective feature)from the A

/SCR'sarecombinedto combatthestatisticalvariability in thesignal.Numericalresultsin [18]
indicatethat a moderatenumberof relatively unreliable2 local nodedecisions(hardor soft)
from differentSCR's canbe combinedat the managernode(even via noisy communication
links) to yield remarkablyreliable3 �nal decisions.

Inf ormation Rate of the Signal Field and Relation to Network Transport Capacity. It
canbeshown thatfor a largenumberof SCR's ( A

/

), thedifferentialentropyrateof thesignal

1Wenotethatsimilarapproximationsarewidelyusedin theanalysisof randomlytime-varyingcommunication
channelsin theguiseof block fadingmodels(see,e.g.,[15]).

2With errorprobabilitiesashigh as0.2or 0.3
3With anerrorprobabilityof 0.01or smaller.



�eld, or theminimumbit raterequiredto compressthesignal�eld at a prescribeddistortion,
is �

�

A

/

A

���������

�

� [14]. Canwe transportthis datato differentpartsin � ? Recentresultsin
networkinformationtheoryshow that the transportcapacityof a networkof A nodesgrows
as �

�
	

A

� (bit-meters/s)[1]. Supposethat ���%�@��� . Then,thereare �

��	

A

� nodesin each
spatialdimension.Therearetwo waysin which the networkcanscale. In the caseof dense
scalingin which theareaof � remains�x ed, the informationrateof thesignal�eld remains
constantat �

�

A

/

A

�

���

�

����A ������A ��A

� , andthusthenetworkshouldbeableto transportit
for suf�ciently large A (this caseis alsodiscussedin [7]). The moreinterestingcaseis that
of expansivescalingwhenthe both the areaof � and A

/

increaseas �

�

A

� (constantnode
spacing). In this case,the �

�
	

A

� networkcapacitywill not be able to transportthe signal
�eld information. However, recentresults(seee.g., [2, 8]) indicatethat cooperative multi-
hop communicationmay yield morefavorablecapacityscalingthat is suf�cient even in this
challenginglarge-scalescenario.

4 Multi-hop Communication asWave Propagation

Froma communicationperspective,a sensornetwork,just like anadhocwirelessnetwork,is
a frothing mix of simultaneousvirtual SISO,SIMO, MISO andMIMO links betweensetsof
sourceanddestinationnodes.Thespatialscaleof a communicationlink primarily determines
thecharacteristicsof theunderlyingchannelin time, frequency andspace.Large-scale(multi-
hop)links exhibit largerangularanddelayspreadsdueto largernumberof intermediatenodes,
whereassmall-scale(single-or few-hop) links exhibit minimal dispersion.An importantim-
plicationis thatwehave theability to createtheeffectivechannelby choosingthenumberand
spatialdistributionof intermediatenodes,whichmakesthechanneltransmissiondependent.

In thissection,we presentsomepreliminaryideasona multi-hopcommunicationstrategy,
inspiredby the two consilientprinciples,that seemspromisingat large scales.The key idea
is to view multi-hop communicationas wave propagationthat exploits a distinct aspectof
thespatialdimension:spatialdiversityor power pooling. It well known thatthecapacityof a
single-antennaAWGN channelwith bandwidth� scales�

�

�

�

���������

�

�

D ���������

���������

�

�

whereasthe capacityof a MIMO systemwith A antennasin a rich scatteringenvironment
scalesas �

�

A

���

A������

�

�

D ���	�

���������

�

� Thus, the capacitysaturateswith � , whereasit
increaseslinearly with A . This is dueto a fundamentaldifferencebetweenthe spectraland
spatialdimensions:different frequenciesare uncoupled(orthogonal),whereasthe different
antennasarecoupleddueto spatialscattering.

Canweexploit spatialpowerpoolingin anetworkcontext to attainmorefavorablescaling
laws? Sincewe have a per-nodepower constraintof � , the idealcapacityscalingpotentialin
a networksettingis A �����

�

�

D A �����

� , which seemspromising. However, thereareseveral
dif�culties. First, MIMO capacityassumesfull cooperationbetweenreceiversthat is dif�cult
in a largescalenetworksetting.Second,theavailability of channelstateinformation(CSI) at
thereceiver is tenuous.Finally, theeffectof pathlossexponentmustbetakeninto account.

BasicIdea BehindWavePropagation.Consideranetworkwith auniformnodespacing6 .
Let !#"

? denotethepathlossexponent.Thebasicideabehindwavepropagationis illustrated
in Fig.5. Thesourcenodebroadcastsits informationto its nearestneighborsin thedirectionof
thedestination(threenodesin the�gure). Thethreenodesdecodeandrelaytheinformationin
thedirectionof destinationin thesecondwavehop.Dueto powerpoolingfrom thethreenodes,
thesecondwavehopreachesalargernumberof nodes,whichdecodetheinformationandrelay
it againin thedirectionof thedestination.Consequently, thenumberof relayingnodesandthe
distancetraveledby the wave increaseswith eachhop. In this way, the sourceinformation



canberapidlytransportedto thedestinationvia cooperationof anincreasingnumberof nodes.
Thisbasicideahasalsobeenproposedin [20].

Figure5: Source-destinationcommunicationvia multi-hopwave propagation.

Impact of Path Losson Speedof WavePropagation.Wenow doanidealizedcalculation
to estimatethe impactof ! on the speedof wave propagation.We assumethat a nodecan
reliably decodethe information if the received power exceedssomethreshold � ���

�

. If the
sourcenodetransmitsat power � , the radiusof reliable decodingfor the �rst wave hop is
given by
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. The numberof nodesreachedin the �rst hop is given by
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Theabovecalculationis idealizedin thesensethat,for estimatingthenumberof nodesreached
anddistancetraveledby 	 -thwavehop,weareassumingthatthetotalpowerdueto the A
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nodesreachedin theprevioushopis concentratedat thecenterof a connectivity diskof radius
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This indicatessomethingremarkableaboutthespeedof wave propagation:A
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� (andhence
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� and
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� ) increasesexponentiallywith eachhop ( 	 ) for ! � � , saturatesto a value
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)

�,P for ! " � , and increasessuper-exponentiallyfor !�� � . Thus, For !�� � ,
thewave accelerateswith eacheachhopat anexponentialrate.On theotherhand,for there-
alisticcaseof !#" � , thewave initially acceleratesbut eventuallystabilizesto aconstantspeed
which is determinedby � : the larger the � the larger the �nal wave speed.Thesedifferent
modesof wave propagationareillustratedin Fig. 6.4

Impact of Path Losson ReceivedPower. Considera receiving (destination)nodeat the
centerof anetworkandassumethatall nodesaroundit aretransmittingatpower � . Thereare
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��� � nodesin the � -th ringof radius
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����� aroundthereceivingnode.Thus,the
receivedpower dueto all thenodesin the � -th ring is � �	�
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4Notethatthenumberof bitscarriedby eachwave,coupledwith its speed,give thetransportcapacityof each
wave in bit-meters/sec.
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Figure6: (a) ������� , � ����� and � ����� asa functionof wave hops( � ) for �

���

. (b) �C��� � for 	�

��������� .

Theabove equationstatesthereceivedpower increaseslinearly with distancefor ! �

�

, loga-
rithmically for ! � � andsaturatesfor !#" � (usuallythecasein practice).

WaveSpeedVersusMultiplexing Tradeoff. Theabove discussionunderscoresanimpor-
tantaspectof ! (alsonotedin [1, 2, 8]) in thecontext of wavepropagation.Large ! decreases
theinterferenceto neighboringnodes(higherspatialreuse)at thecostof wave speed.Smaller

! canyield higherwavespeedsat thecostof increasedinterferenceto othernodes(lesserspa-
tial reuse).The practicalcaseof ! " � seemsfortuitous. It saysthat for any �nite � , each
nodecaneffectively communicatewith only a �nite numberof nodesandcanthusreceiveand
forwardaconstantamountof informationin eachtimeslot. Ontheotherhand,theinformation
from a singlesourcecanbecommunicatedto any singledestinationata constantspeed.

How many simultaneoussource-destination�o ws canbe multiplexed via wave propaga-
tion?To getanidea,considera region in which A nodesarecooperatingto multiplex a single
wave hopof #

=

�

simultaneoussource-destination�o ws. Then,only A ��# nodesareavail-
ablefor each�o w andthusthedistancetraveledby thewavefor each�o w is ���

A � #

�

� ��� � �

�

�

N

(

�

.
(Alternatively, only

�

��# -th of thetotal power, � A , is availablefor each�o w.) Thus,as # in-
creases,thewave speeddecreasesfor each�o w. Furthermore,� directly impactsthenumber
of simultaneous�o ws that canbe multiplexed (for any given 6 and ! ); e.g.,for ! " � each
�o w usesabout A

�

�

�

�

(

L

�

)

�QP nodesperwave hop,where A

�

�

� increaseswith � .
Impact of Antenna Arrays and Scattering. In thecontext of wave propagation,thekey

advantageof antennaarraysoneachnodeis to controlthespatialpatternof wavepropagation.
In essence,wave propagationwouldhappenat two spatialscales:thesmallerscaleof antenna
arrayson eachnode,and the larger scaleof virtual nodearrays(VNA's) formed by differ-
entcooperative nodes.In theabsenceof antennaarrays,thedirectionof wave propagationin
eachhopwill beprimarily governedby opportunisticbeampatterns[21, 20] – thedirections
in which the signalsfrom A cooperatingnodesinterfereconstructively to reacha distance

�

A

�

� ���J� �

�

�

N

(

�

asopposedto theaveragedistance�

A � ���(���

�

�

N

(

�

. Theconsilientprinciples
tell usthat theshapeanddegreesof freedom(thenumberandlocationof hot spots)of oppor-
tunisticbeampatternsdependon both thenumberof cooperatingnodesaswell asthesizeof
theregion they occupy. Thesecondconsilientprinciplealsotells usthat thecontrolledbeam-
patternsdueto antennaarrayswill exhibit variationin angleonlargerscales(dueto thesmaller
arrayapertures)whereastheopportunisticbeampatternsdueto VNA's will exhibit variations
in angleatsmallerscales(dueto largerspatialspreadof cooperatingnodes).Furthermore,the
appropriateantennaspacingof theantennaarrayswould dependon theaveragenodespacing



andthe sizeof the cooperative region to exploit both spatialscalesfor controlling the wave
propagation.The presenceof scatteringwill increasethe node-to-nodeMIMO link capacity
andwould alsofacilitatespatialwave dispersion.However, we canonly expectrich scatter-
ing at suf�ciently largenodespacings.Furthermore,controllingspatialwave propagationwill
comeat thecostof muchhigherchannelstateinformation.
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