
DECENTRALIZED COGNITIVE MAC FOR DYNAMIC SPECTRUM ACCESS

QingZhao, LangTong, andAnanthramSwami

ABSTRACT

Weconsidertheproblemof opportunisticdynamicspectrum
access(DSA) in anadhocnetwork in whichunlicensedsec-
ondaryuserscommunicatethroughchannelsnotusedby the
primaryusers.Decentralizedcognitive mediumaccesscon-
trol protocolsarepresentedthatallow secondaryusersto rec-
ognizespectrumopportunityandtransmitbasedon a partial
observationof theinstantaneousspectrumavailability. Under
a framework of Partially ObservableMarkov DecisionPro-
cess(POMDP),wederiveoptimalandsuboptimaldecentral-
izedstrategiesfor thesecondaryusersto decidewhichchan-
nel(s)to senseandaccessfor themaximizationof theoverall
network throughput.

1. INTRODUCTION

Static spectrumallocationstrategies effectively bypassthe
problemsof spectrumcoordinationand,with adequateguard
bands,avoid interference.Such�x ed allocations,however,
canbewastefulwhentheprimaryuserhasnodatato transmit
or may resultin unacceptabledropsanddelaysif theuser's
demandis too high. DynamicSpectrumAccess(DSA) [1]
representsa new paradigmof spectrummanagement,a shift
from static allocation to dynamic access,allowing oppor-
tunistic communicationsbasedon userdemandsandchan-
nel availability. DSA will becomeincreasinglyimportantas
overlayschemesandtheuseof unlicensedspectraincrease.
DSA is alsocritical in copingwith traf�c loadvariationsover
time and spaceand for heterogeneousnetworks to coexist
withoutexplicit coordination.

1.1. Dynamic SpectrumAccess

TwoapproachestoDSAhavebeenenvisioned:dynamicspec-
trum allocationand opportunisticspectrumaccess. While
sharingcertaincommonfeatures,thesetwo approachesdif-
fer in their rationale,technologicalchallenges,anddomains
of applications.Dynamicspectrumallocationbroughtforth
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by theEuropeanDRiVE project[2] mainly focuseson long-
termcommercialapplicationssuchasUMTSandDVB-T. By
exploiting temporalandspatialtraf�c statistics,it aimsto im-
provespectrumef�ciency throughtime-andspace-dependent
spectrumsharingamongcoexisting radio services.For ex-
ample,theamountof spectrumallocatedtoUMTSandDVB-
T variesover region andthe-time-of-day. Similar to thecur-
rentstaticspectrumallotmentpolicy, suchDSA strategiesal-
locate,at a giventime andregion, a portionof thespectrum
to aradioaccessnetwork for its exclusiveuse.Assuch,white
spacein spectrumdueto burstytraf�c cannotbeeliminated.

Differentfrom dynamicspectrumallocationwhich uses
thestatisticsof spectrumoccupancy, opportunisticspectrum
accessenvisionedby the DARPA XG program[3] aims to
exploit the instantaneousspectrumavailability by opening
licensedspectrumto secondaryusers. The idea is to al-
low secondaryusersto identify availablespectrumresources
and communicateopportunisticallyin a mannerthat limits
the level of interferenceperceivedby primaryusers.It thus
hasthepotentialof eliminatingwhite spacein thespectrum.
SuchDSA strategies are more relevant to applicationsre-
quiringrapidbut short-termdeploymentandapplicationsde-
niedof cooperationfrom existingradioaccessnetworks.Ex-
amplesincludemilitary units penetratingdeepin unknown
and/orhostile territories,wirelessnetworks establishedfor
particularsocialevents,or sensornetworksdeployedfor spe-
ci�c tasks. Requiringlittle cooperationfrom the spectrum
licensees,opportunisticspectrumaccesscan be overlayed
with the currentstaticallotmentpolicy aswell as the envi-
sioneddynamicspectrumallocation. Besidessoftwarede-
�ned radio, the technologicalunderpinningof opportunistic
spectrumaccessincludesef�cient spectrumsensingfor op-
portunityidenti�cation andadaptivemediumaccessandnet-
workingprotocolsfor opportunityutilization.

1.2. DecentralizedCognitive MAC

In this paper, we focus on DSA of the secondkind in ad
hoc networks: opportunisticspectrumaccessbasedon in-
stantaneousnetwork state.Oneof themostcrucialanddif-
�cult challengesin suchnetworks is thedesignof cognitive
mediumaccesscontrol (MAC) that recognizesandutilizes
spectrumopportunitiesfor optimalnetworkperformance.For
ad hoc networks without a centralauthority, it is desirable
to have a DecentralizedCognitive MAC (DC-MAC) where
eachnodedecidesindividually how to sensethe spectrum
andhow to gain access.Becauseuserscannotexchangelo-
cal informationon channelavailability beforeagreeingon a



communicationchannel,sucha protocolshouldnot rely on
cooperationamongsecondaryusers.Thusthedesignof DC-
MAC for DSA networks is more challengingthan that for
standardadhocnetworks.

WefocusoncognitiveMAC whereeachnodemustsense
the channelintelligently by exploiting statisticaltraf�c be-
havior. We do not assumethat eachsecondarynode has
perfectknowledgeof the availability of all channels;such
knowledgeimpliesafull spectrumsensingsynchronousamong
users.Weassumeinsteadthateachnodecanchooseto sense
a subsetof the possiblechannelsandmustdecideif trans-
missionis possiblebasedon thesensingoutcome.As such,
eachnodeobservesonly a partial, not the full, stateof the
network. Furthermore,we allow sensingerrors: the over-
look of an availablechannelandthe mistake of identifying
anunavailablechannelasanopportunity.

The key stepin the designof DSA is to capturethe dy-
namicbehavior of thespectralvacancy which fundamentally
determinesthenetwork performance.Themodellingof DSA
dynamicsneedsto incorporatechannelavailability, channel
bandwidth,andtraf�c pattern.Thelastplaysacrucialrole in
protocoldesign.For example,if weknow thataprimaryuser
favorsa particularchannelandtendsto occupy it for a long
periodof time,thatchannelwouldbelesslikely availablefor
a secondaryuser, andsensingit would likely be a wasteof
timeandenergy.

Thereisalsoaneedtoconsidersensingandaccessjointly,
which leadsto across-layerdesignfor DSA. For example,if
a nodehasno packet to send,doesit make senseto perform
channelsensing?Sensingcostsenergy but gainsinformation
aboutthenetwork state.Sensingproactively betterprepares
thenodefor transmissionbut at thecostof energy consump-
tion. Whatwould thenbe the tradeoff betweenenergy con-
sumptionandspectrumutilization?

1.3. Scope,Contrib ution, and RelatedWork

Scope The scopeof this paperis limited to the technical
(andmoreanalytical)aspectsof theMAC designfor DSA ad
hoc networks. Speci�cally, we focuson the theoreticalfor-
mulationandcharacterizationof decentralizedmediumac-
cessandthedevelopmentof optimalDC-MAC protocols.

While we arenot concernedaboutspeci�c implementa-
tion details(e.g.,packet format and bit de�nitions), we are
concernedaboutimplementationcomplexity, bothin compu-
tationandstorage.Wetakeananalyticalapproach,imposing
certainidealizedmodellingassumptions.It is ourhope,how-
ever, thattheresultspresentedherecanprovide insightsinto
the designof morecomplicatedDSA networks undermore
realisticassumptions.

Contrib ution The contribution of this paperis threefold.
Weprovide(i) ananalyticalframework of DC-MAC in DSA
ad hoc networks; (ii) a characterizationof the optimal pro-
tocol; (iii) thedevelopmentof a low complexity suboptimal

greedyalgorithm.

AnalyticalFramework Wepresentananalyticalframework
for thedesignof DC-MAC for DSA adhocnetworks. This
framework includesthreecomponents.Jointly, they de�ne
protocolsthatintegratechannelsensingandaccess.

The �rst componentis a channeloccupancy model that
capturesthe dynamicsof channelavailability. By using a
Markov chainformulation,we incorporatetraf�c character-
isticsof theprimaryandsecondaryusers.For example,given
that a channelis currentlyoccupiedby a primary user, the
probabilitythattheprimaryuserwill needit for thenext slot
is modelledby thestatetransitionprobability.

Thesecondis theperformancemetric,theobjectivefunc-
tion thatde�nestheoptimalstrategy. In this paper, we focus
onmaximizingspectrumutilizationby designingaDC-MAC
that maximizesthe averagethroughput. The formulation,
however, can be easily tailored to incorporateenergy con-
sumptionsby imposingconstraintsor penalty.

The third componentis a decisiontheoreticapproachto
selectingwhichchannelto senseandaccessgiventhenode's
pastsensinghistory, channeloccupancy statistics,and the
reward-costof sensingandtransmission.

OptimalDC-MAC We presentnext anoptimizationframe-
work basedon the theory of Partially Observable Markov
DecisionProcess(POMDP).The network stateis partially
observabledueto a morepracticalandmoregeneralsensing
modelthatallowsausertosense,notall, butasubsetof chan-
nels. Thestructureof theoptimalDC-MAC is obtainedfol-
lowing theclassicalwork of SmallwoodandSondik[4]. Our
formulationis alsoamenableto otherPOMDPtechniques.

SuboptimalGreedyDC-MAC The optimal DC-MAC re-
quirestheupdateandstorageof aninformationvectorwith a
dimensionexponentiallygrowing with the numberof chan-
nels. We show that the requiredsuf�cient statistichasa di-
mensionlinear in the numberof channels.This leadsto a
muchsimpli�ed suboptimalalgorithmbasedonagreedyap-
proach.

RelatedWork A majorityof existingworkonDSAfocuses
on the approachof dynamicspectrumallocation[2, 5–16].
TheEuropeanDRiVE project[2] focuseson dynamicspec-
trum allocation in heterogeneousnetworks by assuminga
(logical) commoncoordinationchannel. The ef�ciency of
DSA will dependupontheability to predicttraf�c load(thus
spectrumoccupancy). A simulationstudyof the impactof
loadpredictionbasedon loadhistoryandsimpleregression
schemesis reportedin [15]. Regulatoryaspectsandissues
in DSA acrossmultiple networksarediscussedin [5]. Two
centralizedDSA protocolsthat rely on a super-basestation
aredescribedin [8] andtheirperformanceevaluatedvia sim-
ulations.

Therehave beenseveral attemptson developingcogni-
tive MAC for opportunisticspectrumaccess[17–21]. These



techniquestacklethe problemin two separatesteps:(i) the
developmentof an opportunityidenti�cation moduleusing
classicaldetectionandestimationtechniquesassumingcon-
tinuousfull-spectrumsensing;(ii) thedesignof anopportu-
nity allocationmoduleby, for example,graphcoloringtech-
niquesassumingfull knowledgeof spectrumopportunities.
Missing in this line of approachesare two ingredients:the
energy-ef�cient sensingandtheability to handleburstytraf-
�c. First, the assumptionof continuousfull-spectrumsens-
ing, while simplifying the designof cognitive MAC, is un-
desirableandimpracticaldueto theenergy consumptionand
thehardwareimplication. Second,traf�c characteristics,es-
pecially the bursty nature,shouldplay a crucial role in any
ef�cient cognitive MAC scheme.Why pay for the knowl-
edgeof everyopportunityin thewholespectrumall thetime
when a useronly hassporadicneedsfor spectrumaccess?
Hereliesacleardisadvantageof existingapproachesthatde-
coupleopportunityidenti�cation andopportunityallocation.

2. PROBLEM STATEMENT

Network and Channel Model Considera spectrumcon-
tainingN channels1, eachwith bandwidthB i (i = 1; ¢¢¢; N ).
TheseN channelsare sharedamongprimary usersand a
largenumberof secondaryusersseekingspectrumopportu-
nities.Thetraf�c statisticsof theprimaryusersaresuchthat
theseN channelsaresynchronousandslotted. We alsoas-
sumethatthespectrumusagestatisticsremainunchangedfor
T slots.Theenergy andhardwareconstraintsrestrictthesec-
ondaryusersfrom monitoringmorethanonechannelwithin
one slot. Extensionsto a more generalsensingmodel are
discussedin Section5.
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Fig. 1: TheMarkov channelmodel

We focuson a decentralizedDSA adhocnetwork where
a largenumberof secondaryusersjoin/exit thenetwork and
sense/accessthe spectrumindependentlywithout exchang-
ing local information. We assumethat when the network
reachesa steady-state,eachchannelindependentlypresents
itself as an opportunityto a secondaryuseraccordingto a
Markov process.As illustratedin Figure1, channelstates
arerepresentedby 0 (busy)and1 (idle thusavailableto the
secondaryuser). Statetransitionsoccurat the beginning of
eachslot with transitionprobabilitiesgivenby f ®i ; ¯ i g (i =

1Herewe usethe term channelbroadly. A channelcanbe a frequency
bandwith certainbandwidth.It canalsobea collectionof spreadingcodes
in aCDMA network or asetof tonesin anOFDM system.

1; ¢¢¢; N ). Sincetheunavailability of achannelmayalsobe
causedby channelfading,theMarkov chainmodelcanalso
includefadingstatistics.

Objectives We �rst seekanswersto a fundamentalques-
tion: what is the optimal DSA strategy that maximizesthe
averagenumberof bits transmittedby thesecondaryuserin
T slots. Speci�cally, we seektheoptimalDSA protocolfor
thesecondaryuserto determinein eachslotwhichchannelto
monitorandsubsequentlyaccesssothattheaveragenumber
of bits transmittedin T slotsis maximized.We thenexploit
thespeci�c structureof theproblemin searchof simplerbut
nearoptimalsolutions.

ProtocolSpeci�cs We presentherea CSMA-basedimple-
mentation.We�rst discussthebasicstructureof theprotocol
andthencommentonseveralimplementationissues.

Protocol Structure We assumethat channelsare slotted,
andtheslot timing is broadcast2. Thebeginningof eachslot
is dedicatedfor channelsensing.Theprimaryusershave the
highestpriority, andthey sensethechannel�rst basedoncer-
tain priority relatedback-off scheme.For example,we can
imposea minimum valueon the backoff time of secondary
users.Theprimaryusercanclaim theslot beforesecondary
usersstartsensing.Thechoiceof theminimumbackoff time
for secondaryusersdependsonthepropagationdelayamong
neighboringnodesandhow muchthe network cantolerate
interferencefrom secondaryusers.

A secondaryuserwith datato transmitwill havetodecide
which channelto sense.Suchdecisionsarebasedon its past
sensinghistory and channelstatisticsusing the optimal or
suboptimalprotocolspresentedin Section3 andSection4.
If it decidesto sensea particularchannel,it will generatea
randombackoff, possiblya functionof its energy level or its
channelstate[22], andit will transmitwhenthebackoff timer
expiresandnooneclaimsthechannel.

Transmitter-ReceiverSynchronization Thetransmitterand
thereceiverneedto tuneto thesamechannelin orderto com-
municate,andthey needto hopsynchronously. Thesynchro-
nizationproblemcanbeseparatedinto two phases:theinitial
handshake betweenthe transmitterandthe receiver andthe
synchronoushoppingin thespectrumafter the initial estab-
lishmentof communication.

Therearea numberof standardimplementationsto fa-
cilitate the initial handshake. Here we borrow the idea of
receiver-orientedcodeassignmentin CDMA adhocnetworks
[23]. Speci�cally, eachsecondaryuseris assigneda setof
channels(not necessarilyunique)which it monitors regu-
larly to checkwhetherit is anintendedreceiver. A userwith
a messagefor, say, userA will transmita handshake sig-
nal over oneof the channelsassignedto userA. Oncethe
initial communicationis established,the transmitterandthe
receiver will implementthesameDC-MAC protocolwhich

2Theslot informationcanbebroadcastby theprimaryusers.



governschannelselectionin eachslot. In this paper, we fo-
cuson the designof DC-MAC protocolsassumingthat the
initial handshake hasbeenestablished.

Collision Resolutionand Avoidance In a network with a
largenumberof secondaryusersseekingspectrumopportu-
nities independently, thereneedsto bea mechanismto deal
with collision. The proposedDC-MAC schemesdescribed
in Section3 andSection4 make the accessdecisionbased
on thesuf�cient statisticcapturedby theinformationvector,
which in a way randomizesthe choicesof secondaryusers
andreducestheprobabilityof collision.

Collisionscanbe further minimizedby the useof clas-
sical randomaccesstechniquessuchasCSMA or ALOHA.
Speci�cally, a secondaryuserwho hasidenti�ed an oppor-
tunity sensesthecarrierusinga randombackoff time before
accessingthe channel.While suchtechniquesdo not solve
the problemof hidden/exposedterminals,our protocolcan
betailoredto incorporatebusy-tonebasedtechniques.

We �rst studythe designof DC-MAC assumingperfect
collision avoidance. We then extend in Section5 the pro-
posedprotocolsto incorporatecollision which canbemod-
elledasmisidenti�cationof spectrumopportunity.

3. OPTIMAL STRATEGY

In this section,we formulate the DC-MAC problem as a
POMDP. Under this decision-theoreticframework, we de-
rive suf�cient statisticsandestablishthe optimal CD-MAC
protocol.

3.1. The POMDP Formulation

The systemof N channelsgiven in Section2 canbe mod-
elledby a discrete-timeMarkov chainwith M = 2N states
wherethestateis de�ned astheavailability of eachchannel.
The transitionprobability pi;j canbe readily obtainedfrom
f ®i ; ¯ i gN

i =1 . The statediagramfor N = 2 is illustratedin
Figure2 where¹®i = 1¡ ®i andstate(0; 1) indicatesthe�rst
channelis busywhereasthesecondchannelis available.
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Fig. 2: TheunderlyingMarkov processfor N = 2.

Sincein eachslot, theusercanonly selectonechannelto
monitor, thestateof thesystemis only partially observable.

The problemof designinga DSA protocol that maximizes
the transmissionrate in T slots can then be formulatedas
a POMDPover a �nite horizon. Speci�cally, this POMDP
consistsof

² Decisionintervalsf 1; ¢¢¢; Tg: slots;

² StatesS 2 f 1; ¢¢¢; M g: availability of eachchannel;

² Transitionprobabilitiespi;j : functionsof f ®i ; ¯ i gN
i =1 ;

² Actionsa 2 f 1; ¢¢¢; N g: sensechannela andaccess
if available;

² Observation£ j ;a 2 f 0; 1g: availability of thechosen
channela at statej ;

² Rewardwa;µ = µBa : numberof transmittedbitswhen
theobservationis µ underactiona.

Following the illustrationgiven in [4], we show in Figure3
the sequenceof operationsin a decisioninterval. Speci�-
cally, at thebeginningof adecisioninterval, thesystemstate
transitsaccordingto pi;j . According to a chosenaction a
which speci�esthechannelto besensedin this decisionin-
terval (slot), theusersensesthechannelandtransmitsif the
chosenchannelis available.Theresultof channelsensingis
givenby £ j ;a which indicatestheavailability of thechosen
channel.A rewardwa;µ , determinedby theobservationand
theaction,is obtainedat theendof thisslot.

decision intervals

State 
Transition Action

Select
Access

Sense and Reward

# of remaining
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Fig. 3: Thesequenceof operationsin aslot.

Underthis formulation,theoptimalDC-MAC protocolis
givenby theoptimalpolicy (in termsof maximizingtheex-
pectedreward in T slots)of this POMDPover a �nite hori-
zon3.

3.2. Suf�cient Statistic

Let n (n = 1; ¢¢¢; T) denotethenumberof remainingdeci-
sionintervals. For a �nite horizonPOMDPover T slots,the
problemis to selectin slot T ¡ n + 1 an actiona that will
optimizethesystemperformancein theremainingn decision
intervals.

SincetheunderlyingMarkov processis only partiallyob-
servable, the internalstateof the systemis unknown. Our

3The optimal DC-MAC can also be formulatedas a POMDP over an
in�nite horizon.Sincethestatisticsof channeloccupancy varywith timedue
to changesin traf�c load,it is moreappropriateto considerthe�nite horizon
formulation. It is, however, straightforwardto extendour formulationto an
in�nite horizonsetupin whichstationarypoliciescanbeobtained.



knowledgeof theinternalstateof thesystembasedonall the
pastdecisionsandobservationscanbeencodedasan infor-
mationvector¼= [¼1; ¢¢¢; ¼M ] where¼i is theconditional
probability (given all the pastsensinghistory) that the state
of the systemis i at the beginning of the currentdecision
interval prior to thestatetransition.

It hasbeenshown in [4] thatat any time theinformation
vector¼is a suf�cient statisticfor the optimal policy. It is
easyto seethatthedynamicbehavior of theinformationvec-
tor ¼is itself a discrete-timecontinuous-stateMarkov pro-
cess.Given the prior information¼on the stateof the sys-
tem,our currentknowledge¼0 of thesystemafterobserving
µ underactiona canbeeasilyobtainedvia theBayes'rule.

¼0 ¢= [¼0
1; ¢¢¢; ¼0

M ] ¢= T (¼ja;µ); (1)

¼0
j =

P M
i =1 ¼i pi;j Pr[£ j ;a = µ]

P M
i =1

P M
j =1 ¼i pi;j Pr[£ j ;a = µ]

: (2)

whereT (¼ja;µ) is the updatedinformation vector from ¼
basedonobservationµ andactiona.

We have assumedthat the statetransitionprobabilities
f ®i ; ¯ i g areknown. In practice,this may not be available.
The problemthenbecomesoneof POMDPwith unknown
transitionprobabilities. Suchformulationsand algorithms
exist in theliterature[24] andthey areapplicableto ourprob-
lem.

3.3. Optimal Strategy

Theoptimalpolicy determinestheactionin eachdecisionin-
terval so that the expectedtotal reward is maximized. Let
Vn (¼) denotethemaximumexpectedrewardthatcanbeac-
cruedin theremainingn decisionintervalswhenthecurrent
informationvectoris ¼. We canobtaina recursive equation
for Vn (¼) as

Vn (¼) = max
a=1 ;¢¢¢;N

f
MX

i =1

¼i

MX

j =1

pi;j

1X

µ=0

Pr[£ j ;a = µ]

(wa;µ + Vn ¡ 1(T (¼ja;µ))) g; (3)

whereT (¼ja;µ) is the a posteriorinformationvectorgiven
by (1).

It is shown in [4] thatVn (¼) is piecewiselinearandcon-
vex andcanthusbewrittenas

Vn (¼) = max
k

¼° k (n) (4)

for some�nite setof M -dimensionalcolumnvectorsf ° k (n)g.
In otherwords,the spaceof informationvectorscanbe di-
vided into a �nite numberof convex regions separatedby
hyperplanes.Within eachregion,Vn (¼) = ¼° k (n) for some
k. Following theexamplegivenin [4], weillustratethestruc-
ture of Vn (¼) in Figure 4. We considera three-statesys-
tem. An informationvector¼ is representedby a point in

an equilateraltriangle. As shown in Figure4, entriesof ¼
aregivenby thedistancesto thesidesof the triangle. After
weobserve µ in adecisioninterval, theinformationvectoris
transformedinto a point in thespaceof informationvectors
for thesucceedingdecisioninterval (see(1)). For theexam-
ple givenin Figure4, thespaceof informationvectorswhen
thereare n ¡ 1 decisionintervals remainingis partitioned
into four regionswith thecorresponding° -vectorsgivenby
f ° 1(n ¡ 1); ¢¢¢; ° 4(n ¡ 1)g.

PSfragreplacements

11

2 23 3

£ a = 1

£ a = 0 T (¼ja; 1)

T (¼ja; 0)

¼

¼1

¼3

° 1 (n ¡ 1)

° 2 (n ¡ 1)

° 3 (n ¡ 1) ° 4 (n ¡ 1)

n remaining n ¡ 1 remaining

Fig. 4: Thestructureof Vn (¼).

The piecewise linearity andconvexity of Vn (¼) leadto
a linear programmingprocedurefor calculatingthe optimal
policy andthecorrespondingexpectedreward. Speci�cally,
from (3) and(4) weobtain

Vn (¼) = max
a=1 ;¢¢¢;N

f
MX

i =1

¼i

MX

j =1

pi;j

1X

µ=0

Pr[£ j ;a = µ]

(wa;µ + T (¼ja;µ)° l (¼;a;µ ) (n ¡ 1))g; (5)

where l(¼; a;µ) denotesthe corresponding° -vector index
for the region containingthe transformedinformationvec-
tor T (¼ja;µ). Thus,if the setof ° -vectorsfor Vn ¡ 1(¢) has
beencalculated,we canobtain from (5) the optimal action
and the corresponding° -vector for any speci�ed informa-
tion vector for the n-horizon case. A linear programming
algorithmis providedin [4] for computingthe° -vectorsand
the correspondingmappingof thesevectorsonto the setof
actions.Thus,theoptimalpolicy is givenby thepartitionof
thespaceof theinformationvectorsinto convex regions,the
° -vectorsassociatedwith eachconvex region, andthemap-
ping betweenthe ° -vectorsand the optimal actions. Note
that the computationof the partition, the ° -vectors,andthe
mappingcanbedoneoff-line andtheresultstoredin a table.

4. SUFFICIENT STATISTIC WITH REDUCED
DIMENSION

We exploit the structureof the underlyingMarkov process
to reducethedimensionof thesuf�cient statisticfrom expo-
nentialto linear(in N ). Basedonthissuf�cient statisticwith
reduceddimension,wederiveasuboptimalgreedyalgorithm
thatmaximizesper-slot throughput.



4.1. Reduced-StatePOMDP

As statedin Section3, the2N -dimensionalinformationvec-
tor ¼ is a suf�cient statistic. We show in this sectionthat
by exploiting thespeci�c structureof theunderlyingMarkov
process,we canobtaina suf�cient statisticwith dimension
reducedfrom exponentialto linear with respectto N , i.e.,
from M = 2N to N .

Proposition1 Let¤ = [¸ 1; ¢¢¢; ¸ N ] where ¸ i is theproba-
bility that channeli is availableto thesecondaryuser. Then
at anytime, ¤ is a suf�cient statisticfor theabovespeci�ed
DSAsystem.

Proof: To prove ¤ is a suf�cient statistic,we needto show
that (i) ¤ summarizesall the informationon theavailability
of eachchannelobtainedfrom the history of observations;
(ii) themaximumexpectedrewardVn (¢) is completelydeter-
minedby ¤ .

To show (i), we de�ne I (t) asthe total available infor-
mation aboutthe processat the end of decisioninterval t.
Pleasenotethatthetimevariablet increaseswith timewhile
the time variablen usedin the restof thepaperdenotesthe
numberof remainingdecisionintervals,thusdecreasingwith
time. Sincetheonly informationobtainedduringdecisionin-
terval t is ourobservation£ a(t) underactiona(t), wehave

I (t) = f a(t); £ a(t); I (t ¡ 1)g: (6)

Let Si (t) denotethestateof channeli in slot t. Wethenhave

Pr[channeli is availablein slot t jI (t)]

= Pr[Si (t) = 1jI (t)]

= Pr[Si (t) = 1ja(t); £ a(t); I (t ¡ 1)]

=

8
<

:

1 if a(t) = i; £ a(t) = 1
0 if a(t) = i; £ a(t) = 0
¸ i (t ¡ 1)¯ i + ¹̧

i (t ¡ 1)®i if a(t) 6= i
(7)

where¹̧
i (t ¡ 1) = 1 ¡ ¸ i (t ¡ 1), and(7) follows from the

independentMarkov modelonthedynamicsof thechannels.
From (7) we seethat the calculationof ¤( t) basedon the
whole history of observations requiresonly ¤( t ¡ 1) and
thenewly obtainedinformationin decisioninterval t. Thus,
¤( t ¡ 1) summarizesall theinformationonchannelavailabil-
ity gainedprior to decisioninterval t andrepresentsa suf�-
cientstatisticfor thepastsequenceof observationsI (t ¡ 1).

Wenow prove (ii) by induction.For n = 1, wehave

V1(¤) = max
a=1 ;¢¢¢;N

(¸ a¯ a + (1 ¡ ¸ a)®a)Ba : (8)

Clearly, V1(¢) iscompletelydeterminedby¤ . AssumeVn ¡ 1(¢)
is determinedby ¤ . It thenfollows that

Vn (¤) = max
a=1 ;¢¢¢;N

f (¸ a¯ a + ¹̧
a®a)Ba

+
1X

µ=0

Pr[£ a = µj¤ ; a]Vn ¡ 1(T (¤ ja;µ))g

= max
a=1 ;¢¢¢;N

f (¸ a¯ a + ¹̧
a®a)Ba

+( ¸ a
¹̄

a + ¹̧
a ¹®a)Vn ¡ 1(T (¤ ja;0))

+( ¸ a¯ a + ¹̧
a®a)Vn ¡ 1(T (¤ ja;1))g (9)

whereT (¤ ja;µ) denotestheupdatedinformationonchannel
availability giventheobservationµ underactiona. From(7)
we know that T (¤ ja;µ) is completelydeterminedby ¤ for
givenµ anda. We thenconcludefrom (9) that¤ presentsa
suf�cient statisticfor calculatingVn (¢).
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Proposition1 shows thatby exploiting thestatisticalin-
dependenceamongchannels,we canreducethe dimension
of thesuf�cient statisticfrom 2N to N . Theoptimalpolicy
canthusbeobtainedfrom thespaceof informationvectors¤
whosedimensionincreaseslinearly insteadof exponentially
with thenumberof channels(see(9)) for therecursiveequa-
tion on Vn (¤) ). This resulthasthepotentialof signi�cantly
reducingthecomputationalcomplexity andmemoryrequire-
mentasdemonstratedin thegreedyapproachpresentednext.

4.2. A GreedyApproach

Searchingfor theoptimalpolicy canbecomputationallyin-
tense,especiallywhenT andN are large. In this section,
we proposea suboptimalprotocol basedon a greedyap-
proachthatmaximizesper-slot throughput.Since¤ is a suf-
�cient statistic,theoptimalactiona¤ thatmaximizesper-slot
throughputis completelydeterminedby ¤ . Speci�cally,

a¤ = arg max
a=1 ;¢¢¢;N

(¸ a¯ a + ¹̧
a®a)Ba : (10)

Let Wn (¤) denotetheexpectedthroughputin theremaining
n slotsachievedby thegreedyapproach.We obtaina recur-
siveequationfor Wn (¤) as

Wn (¤) = max
a=1 ;¢¢¢;N

f (¸ a¯ a + ¹̧
a®a)Bag

+
1X

µ=0

Pr[£ a¤ = µj¤ ; a¤]Vn ¡ 1(T (¤ ja¤; µ))

= max
a=1 ;¢¢¢;N

f (¸ a¯ a + ¹̧
a®a)Bag

+( ¸ a¤
¹̄

a¤ + ¹̧
a¤ ¹®a¤ )Vn ¡ 1(T (¤ ja¤; 0))

+( ¸ a¤ ¯ a¤ + ¹̧
a¤ ®a¤ )Vn ¡ 1(T (¤ ja¤; 1));(11)

wherea¤ is givenby (10),andT (¤ ja;µ) denotestheupdated
informationon channelavailability given the observation µ
underactiona. Thecalculationof T (¤ ja;µ) is givenin (7).



5. VARIATIONS AND EXTENSIONS

In this section,we discussseveral variationsandextensions
of theproposedanalyticalframeworkandoptimal/suboptimal
DC-MAC protocols.Wefocusonthevariationsof thegreedy
approach;extensionsto theoptimalstrategy followsdirectly.

5.1. Overlook and Misidenti�cation of Opportunities

The Markov model for the channeloccupancy allows easy
incorporationof overlookandmisidenti�cation of spectrum
opportunity. Consider�rst theoverlookof opportunity. Let
² i (i = 1; ¢¢¢; N ) denotethe probability that an idle chan-
nel i is mis-sensedasbusy. Thechannela¤ selectedby the
greedyapproachis thusgivenby

a¤ = arg max
a=1 ;¢¢¢;N

(¸ a¯ a + ¹̧
a®a)(1 ¡ ²a)Ba : (12)

A modi�cation of (7) leadsto theupdateof the information
vector.

Ti (¤ ja;µ) =

8
><

>:

1 if a = i; µ = 1
( ¸ i ¯ i + ¹̧ i ®i ) ² i

( ¸ i ¯ i + ¹̧ i ®i ) ² i + ¸ i ¹̄ i + ¹̧ i ¹®i
if a = i; µ = 0

¸ i ¯ i + ¹̧
i ®i if a 6= i

;

(13)
whereTi (¤ ja;µ) denotesthei th entryof thetransformedin-
formation vector. A recursive equationfor Wn (¤) can be
readilyobtainedby modifyingPr[£ a¤ = µ] in (11).

Considernext thescenariowherewith probability±i , the
secondaryuser mistakes a busy channeli as an idle one.
Whenamisidenti�cationoccurs,theuserwill transmit,lead-
ing to a collision. We assumeinstantaneousanderror-free
acknowledgementfrom thereceiver to thesecondaryuseraf-
ter a successfultransmission.The secondaryusercanthus
identify theeventof collisionandusethis informationto en-
surecorrectupdateof the informationvector. Speci�cally,
let K 2 f 0; 1g denotewhetherthe secondaryuserreceives
theacknowledgement(K = 1 indicatesthereceptionof ac-
knowledgement),wehave

Ti (¤ ja;µ; K ) =

8
>><

>>:

1 if a = i; µ = 1; K = 1
0 if a = i; µ = 1; K = 0
0 if a = i; µ = 0
¸ i ¯ i + ¹̧

i ®i if a 6= i

:

Thechannela¤ selectedby thegreedyapproachin this case
is givenby (10),anda recursive equationfor Wn (¤) canbe
obtainedby modifying(11). Theabove two scenarioscanbe
easilycombinedto modelboth overlook andmisidenti�ca-
tion of spectrumopportunity.

Besidessensingerror, hiddenandexposedterminalscan
alsoleadto overlook andmisidenti�cation of spectrumop-
portunities. Speci�cally, a hiddenterminal (a transmitting
nodewithin the rangeof the receiver but not the transmit-
ter) resultsin a misidenti�cation while an exposedterminal

(a transmittingnodewithin the rangeof the transmitterbut
not thereceiver) causesanopportunityoverlook. Theprob-
lem of hiddenandexposedterminalscanbe handledin the
samemannerassensingerrorsdiscussedabove. Note that
while opportunityoverlookandmisidenti�cationdegradethe
throughputperformance,they do not affect thesynchroniza-
tion betweenthe transmitterand the receiver. By check-
ing whethera packet hasbeensuccessfullyreceived, there-
ceiver is awareof the sensingresultsat the transmitterand
canthusmaintainthesameupdateof theinformationvector
asthe transmitter. Similarly, the acknowledgementscheme
discussedabove ensuresthatboththetransmitterandthere-
ceivercanincorporatemisidenti�cationinto theupdateof the
informationvector.

5.2. Mor eGeneralSensing/AccessModels

It is straightforwardto extendtheproposedDC-MAC frame-
work andprotocolsto accommodatemoregeneralhardware
models. Speci�cally, the usercansenseup to L 1 channels
andaccessup to L 2 channelssimultaneously. Theextension
of thegreedyapproachto thisgeneralcaseis straightforward.
Theoptimalstrategyalsofollowsdirectlyaftermodifyingthe

actionspaceto includeall
µ

N
L 1

¶
possibilitiesof channelse-

lection. It is obvious that without consideringcost in sens-
ing andtransmission,actionsthat selectlessthanL 1 chan-
nelsshouldnotbeconsidered,andthechannelsto accessare
thoseL 2 idle channelswith thelargestbandwidth.

6. NUMERICAL AND SIMULA TION RESULTS

We presentin this sectionnumericalandsimulationexam-
ples on the performanceof the proposedDC-MAC proto-
cols. We focuson theperformancecomparisonbetweenthe
optimalandsuboptimalgreedyapproachesandtheeffect of
opportunityoverlookon theperformanceof DC-MAC.

6.1. Optimal vs. Suboptimal Approaches

In Figure5 andFigure6 we comparethe transmissionrate
(in bits/slot)achievedby theoptimalandthesuboptimalpro-
tocols proposedin this paper. As shown in Figure 5, the
transmissionrateachieved by the greedyapproachmatches
that of the optimal schemein this particularsetup. For the
three-channelscenarioconsideredin Figure 6, the perfor-
mancelossof thegreedyapproachis within 4%. Theseex-
amplesdemonstratethe near-optimal performanceachieved
by the greedyapproachat a much lower complexity. We
point out thatthetransmissionrateincreasesover time. This
is dueto theimprovedinformationaboutthestateof thesys-
tem drawn from accumulatingobservations,demonstrating
thecognitive natureof theproposedprotocols.
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Fig. 5: Transmissionrateof theoptimalandgreedy
strategies(N = 2, B 1 = 1, B 2 = 2, ®1 = 0:44,
¯ 1 = 0:23, ®2 = 0:28, ¯ 2 = 0:12, theinitial information
vectoris setto thestationarydistribution).
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Fig. 6: Transmissionrateof theoptimalandgreedy
strategies(N = 3, B = [0:9; 1; 0:8], ® = [0:1; 0:5; 0:8],
¯ = [0:5; 0:4; 0:3], theinitial informationvectoris setto
thestationarydistribution).

6.2. Robustnessto Opportunity Overlook

In this simulationexample,we studytheperformanceof the
suboptimalgreedyapproachin the presenceof opportunity
overlook. As given in (13), incorporatingopportunityover-
look into the updateof the informationvector requiresthe
knowledge of the overlook probabilitiesf ² i gN

i =1 . We are
particularly interestedin the performanceof the greedyal-
gorithm in the presenceof overlook without the knowledge
of theoverlookprobabilities.Shown in Figure7 is thesimu-
lationresultwherewestudythethroughputof thegreedyap-
proachasa functionof theoverlookprobability ²1 = ¢¢¢=
²N = ². We considerherethreecases:thegreedyapproach
in theabsenceof overlook,thegreedyapproachin thepres-
enceof overlookwith andwithouttheknowledgeof theover-
look probability². Without theknowledgeof ², theinforma-

tion vector is updatedaccordingto (7) as if ² = 0. From
Figure7 we canseethatoverlook resultsin lineardegrada-
tion in throughputsinceonly a fractionof 1 ¡ ² of spectrum
opportunitiesare utilized. The performanceof the greedy
approachis, however, robustto thelackof knowledgeon the
overlookprobability. Without theknowledgeof ² to perform
thecorrectupdateof theinformationvector, theperformance
lossis marginal.
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Fig. 7: Transmissionrateof theoptimalandgreedy
strategies(N = 3, B = [0:9; 1; 0:8], ® = [0:4; 0:6; 0:8],
¯ = [0:9; 0:7; 0:5], T = 30, theinitial informationvector
is setto thestationarydistribution).

7. CONCLUSION

Wehavepresentedanoptimizationframework for decentral-
izedcognitive MAC for opportunisticspectrumaccess.The
protocol is basedon carrier sensingthat allows properas-
signmentof priorities amongprimary andsecondaryusers.
The POMDP formulation allows us to derive optimal and
low complexity suboptimalprotocolsthat maximizeoverall
network throughput.Numericalevaluationandsimulations
indicatethatthesuboptimalalgorithmprovidesnearoptimal
performance.

Theproposedapproachcanbeextendedin a numberof
areas.Existingcarriersensingprotocolsfor adhocnetworks
canbeeasilyincorporatedintoourframework. Opportunistic
communicationtechniquesbasedonchannelrealizationsare
alsocompatiblewith our framework. Of particularinterest
arePOMDPtechniquesthat do not assumea priori knowl-
edgeof transitionprobabilities.
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