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ABSTRACT

This paperconsidersadaptve transmissiorsystemswith imper
fect feedbackchannels. |t is shawvn thatif the averageSNR for
the forward channelis known to the transmitter the feedbackde-
tectioncanbe modeledasa classicalmultiple hypothesesesting
problem.Thoughmaximuma posterioridetections optimalcom-
paredto maximumlikelihood(in the senseof minimum probabil-
ity of error) from a feedbackcommunicatiorlink viewpoint, the
overall effect on adaptve systemperformanceshavs thatML de-
tectioncould be betterin the high SNRrange.The MAP scheme
is generalizedo Bayesiandetectionby de ning a costfunction
matrix, which assigngunequal)weightsto the feedbackdecision
errorprobabilities. Theresultis closeto idealbit errorrate(BER)
performancavith only asmalldropin spectrakf ciency.

1. INTRODUCTION

It is generallyassumedn closedloop adaptve transmissiorsys-
temsthatthe feedbackchannelis perfect. This is justi ed by al-
lowing for low-rate error-control codingto ensurefeedbackreli-
ability [1-3]. However, in wirelesscommunicationsfeedbackis
subjectto noiseandfading, andthe allocatedbandwidthis typi-
cally smallsoasto maximizeusefuldatathroughput.ln addition,
even thoughpower control may be usedto eliminate the effect
of fadingon feedbackinformation[4], this comesat the price of
increasecenegy usagefor a mobile user It is thusworthwhile
to investigatethe impactof feedbackchanneimperfectionsvhen
uncodednformationis sentbackto thetransmitter

This paperanalyzesheimpactof a Bayesiarfeedbacldetec-
tion stratgly onthe performancef anadaptve modulationsystem
(AMS). Sincethe averagesignal-to-noiseatio (SNR)for aslowly
fadingchannelis subjectto large-scaldading,it may beassumed
to beconstanwith respecto small-scaldading. Thus,it is realis-
tic to assumeéhatthe averageSNR canbereliably fed backto the
transmitterwhereit canbeusedto computethe AMS stateproba-
bilities, which arealsothe (unequalfeedbacksignaltransmission
probabilities. The feedbackcommunicationsystemcanthen be
formulatedasa classicamultiple hypothesesestingproblem([5],
and one may presumethat maximumlikelihood (ML) feedback
detectionis sub-optimato maximuma posteriori(MAP) or, more
generally Bayesiandetection. While this is true from a one-vay
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(feedback)lcommunicatiorlink viewpoint, we shav thatthesame
cannotbe saidfor the overall adaptve systemperformance.

Priorworkin thisareaincludesheadaptve trellis codedQAM
systemof [6], wherethe feedbackinformationis protectedby an
errorcontrolcode.Theeffect of arbitrarybit errorson a two-state
systemwasshawn in [4], wherefeedbackpower controlwasused
to ensurea constantreceved power at the transmitter The feed-
backschemen [7] mitigatesperformancelegradatiordueto feed-
backerrorsby emplg/ing a Finite StateMarkov Channelmodel.
In this paperwe generalizahework of [4] to anN -state(N > 2)
AMS withoutfeedbackpower control,andcompareML andMAP
feedbacldetectionstratgies. It is shavn thatthe AMS BER per
formancefor MAP feedbaclkdetectionsatis esatargetBER con-
straintoverapracticalSNRrange while theML detectiorstratgy
failsatlow SNR.Interestinglyit is seerthatthe AMS BER perfor
mancefor ML feedbacldetectionis betterathigh SNRcompared
to MAP detection.This seemingcontradictionmotivatesthe work
in thispaper TheMAP schemeanbegeneralizedo Bayesiarde-
tectionby de ning acostfunctionmatrix, which assigngunequal)
weightsto the feedbackdecisionerror probabilities. The resultis
closeto idealbit errorrate (BER) performancewith only a small
dropin spectrakf ciency

Section2 describesheadaptve systemncludingthefeedback
communicatiormodel,while thefeedbackstratgy is presentedn
Section3. Performanceesultsareshavn in Sectiond andconclu-
sionsaregivenin Section5.

2. SYSTEM MODEL

Consideran adaptve modulationsystemwith N QAM constel-
lations,M = fMigiN:()l, operatingover a at fading Rayleigh
channel. To focuson the effect of the feedbackchannek imper
fections,perfectchanneknowledgeat the recevver andnegligible
feedbacldelayareassumedThe SNRrangefor theforwardchan-
nel canbepartitionedas

si2f < 410 i=0%::;N 1 (1

wheres, is the outagestate, is the receved SNR, andthe re-
gionboundariesf g, canbecomputedrom approximatenstan-
taneousBER expressiongor M [1, 3]. If thefeedbackchanneis
perfectM; is transmittecatthenth timeinstantonlyif (n) 2 s;.
Now for a realisticfeedbackchannel the feedbackmodulatorat
thereceveris givenby

(si)! U=fuo;u;::i;uv—1g;w 2F 1, 1gb

whereU is asetof vectorsof BPSKsymbols.Here,BPSKis cho-
senfor its comparatiely high noiseimmunity for uncodedrans-
mission. The averageenegy of eachsymbolis setto unity, while



b = dog, N e is the numberof bits requiredto uniquelydescribe
M . At the transmitter the receved feedbackvector at the nth
signalinginstantis

v(n) = h"(n)u(n) + 2" (n) )

whereh® C N (0; 1) is the feedbackchannelrealization,andis
assumedo beconstanfor bsymbolsandknown atthetransmitter
The additive noisevectorz® 2 C® consistsof zero-mearindepen-
dentandidentically distributed (i.i.d.) elementshaving variance
2 For a feedbacktransmit power denotedas P" , the feed-
back SNR per symbolis expressecas = jh®j?P®= 2 with
averageSNR = P™= 2. The selectionof P® is basedon
a designerspeci ed feedbackchannelquality. For example,for
an AWGN feedbackchannelanda speci ed BER" , the instanta-
neousBER expressiorfor ML BPSKdetectiormaybeinvertedto
giveP® = 1 Q 'BER® ? whereQ( ) is the right-tail proba-
bility of the standarchormaldistributionand 2 =1 without loss
of generality At thetransmitterthe outputof the feedbacldetec-
tor, 6 = (v), is usedfor rateadaptation.
Let g denotethe probability that M; is selectedfor trans-
missionwhens; is thetruestate.In this casejt canbeshawvn that

thetransmissiomprobabilitybecomeg$4, 7]

”(71
i = Gi | 3
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where ; = Pr(s;) is thej th stateprobability andis equivalent
to the transmissiorprobability in the absencef feedbackerrors.
It canthenbe shavn thatthe modi ed averagespectralef ciency
andBER are[7]

—1

SE= logy(Mi) { (4)
i=1
and
-1
BER = (SE)! log, M
i=1
X1 4
G Po(ej ;Mi)p( )d ; (5)
j=0 Sj

wherePy(gj ;M) is the instantaneocuBER expressionfor M
and p( ) is the probability density function (pdf) of . In this
paper systemperformanceefersto the AMS.

The detectionprocess () determineghe feedbackdecision
error probabilityand,in turn, the systemperformanceln the next
sectionwe derive the decisionerror probability expressiondor a
Bayesiarfeedbacldetector

3. BAYESIAN FEEDBACK STRATEGY

In mostcommunicatiorsystemstransmittedsymbolsareassumed
to beequallylikely sothata minimumprobabilityof errorrecever
is equivalentto an ML detector However, this is not the casefor
the AMS feedbaclcommunicatiomodelconsideredherebecause
feedbackransmissions coupledto theinstantaneousalueof .
Since ; is functionally dependenbn the averageSNR  [1], the
stateprobabilityvector = [ o;:::; ~—1] canbecomputedf

is known at the transmitter This impliesthatML feedbackde-
tectionmay be sub-optimatto MAP, or moregenerally Bayesian
detection.The decisionerror probabilitiesin (3), (5) arethenob-
tainedby solvinga classicalmultiple hypothesesestingproblem,
wheretheith hypothesiss de ned as
Hi: 2s; i=01:::;;N L (6)
In the framework of detectiontheory g; 2 Pr(HijH;) is the
probability thatthe transmitterdecidesH; whenHj is true. The
optimumsolutionis obtainedoy minimizing the Bayesrisk [5]

K11
c = Cij Pr(HijHj)
i=0 j=0
K12
= Ci(v)p(v)dv (7
i=0 Li

whereC; is thecostof choosingH; whenHj is true,p(v) is the
pdfofv,L; = fv2 C°: H; is chosen and

X-1 _
Ci(v) = Ci Pr(Hjjv): (8)
j=0

Thus,theoptimumdetectorchoosed; if
Ci(v) < Cj(v) 8j6i: 9)

It is commonlyassumedhatC; = 0; C; = 18i 6 j. Hence,
insertingthesevaluesin (8) andapplying(9), it canbe shavn that
the Bayesrecever is equivalentto a MAP detectorwhich selects
Hi = max; Pr(H;jv) [5,8]. Thisis not necessarilythe case
for the feedbackcommunicatiormodel considerechere. For ex-

ample,when 2sy, i.e., the outagestate,the costof transmitting
64 QAM shouldbe greaterthanthe costof transmittingBPSK
sinceachie/ing thetargetBER constraintis of greateiimportance
thanmaximizingthe spectrakf ciency.

The computationof Pr(H;jH;) for the multiple hypotheses
problemis dif cult becausehe decisionregions,fL;g, aredeter
mined by N 1-dimensionalhyperplaneg5]. In Section4, we
presenperformancevaluationresultsobtainedby simulationus-
ing (9). For thetwo-statesystemof [4], which becomesa binary
hypothesesestingproblemin this paper closedform expressions
canbeobtainedasshavn in the next section.

3.1. A two-state system

Considerthe binary hypothesigestingproblem,(Ho; H 1) andlet
Cj; = Oforaryj. Then,(7) becomes

p(viH 1) H>1 Ci0 o
. 2
p(viHo) 7, Co1 1

(10)

wherep(vjH;) is equivalentto the multi-dimensionalcomple
Gaussiampdf,

. 1 1
p(thﬂ) u]) = W exp —2kV

fo

fb 2
h uj k2

Taking the logarithm of both sidesof (10), the test statisticbe-
comes
H
kv h® uok® kv h®uk? = 2 gn S0,
Ho Co1 1

(11



Dening = 1In g;g—g theteststatisticcannow beexpresseds

n 0
D(v) 2 Re (h")*(mx wp)' v
H 2
Line 2 kuk®  kuok? >t 1
2 Ho 2
whereRe, *, T denoterespectiely, thereal,conjugateandtrans-
poseoperationsBy notingthatthetransmittedsequencearereal,
it is straightforvardto shawv that[8], conditionedon eitherhypoth-
esis,D (v) is Gaussiardistributedwith

EfDjH 19
EfDjH og

1=2jh"®j? di.,P" (13)
1=2jh"®j? di.,P" (14)

anda commonvariance, =2 jh®j?di,,P™, whered;., is the
Euclideandistancebetweem; andug. Therefore,

2

Pr(HojH1) = E Pr(D(v) < % jH1)
8 OM 19
2 P 2 2 2
_ 1,0 )
= E ?Q% W& . (15)

Similarly, theexpressiorfor Pr(H 1jH o) is obtainedby changing
thesignin thesquaredermof Q( ) in (15).

To analyzethe performanceof the system et Cp1=Cip. In
general, o6 1, resultingin adecisionbiasedn favor of themore
likely hypothesis.e.,

Pr(HojH1) < Pr(HijHo)for <0
> Pr(HijHo)for >0 (16)

sinceQ( ) is adecreasindunctionof its argument.

Atlow SNR, > ; sothattheinequalityPr(H1jHo; ) <
Pr(HojH1; ) holds.Thisis desirabldrom the AMS perspectie
becausea wrongdecisionin favor of H ; increaseshe BER. Con-
versely Pr(HijHo; )>P r(HojH1; ) at higher SNR. There-
fore, if Pr(H1jHo; ) is greaterfor MAP comparedo ML de-
tection,the BER would correspondinglyoe higherbecausé¢he de-
cisionfavorsH 1, implying morefrequenttransmissionlt should
benotedthattheaverageBER of thefeedbackchannelwith MAP
detectionis, in generalpetterthanML detection However, for the
coupledsystemtheindividual cross@er probabilitiesareof more
signi canceto the AMS BER performanceThis clearlyindicates
that the well-known sub-optimalityof ML to MAP detection,in
termsof BER performancejs strictly basedon a one-way com-
municationlink perspectie. The overall effect of feedbackerror
ontheadaptve systenperformancevouldshav that,athighSNR,
the BER for MAP is higherthanthatfor ML feedbackdetection.
This effect is similarly presentfor the more generalAMS when
N> 2 asshavnin Sectiord.

3.2. Bayesian Cost Function

While equalcostfunctionsarethenormin traditionalcommunica-
tion systemsthe importanceof the BER beingassmall aspossi-
ble, andnotsimply to satisfythe BERy , may supersedéhedesire
for maximalspectralkef ciency in someapplications We canthen

generalizeMAP to Bayesianfeedbackdetectionby de ning suit-

ablecostfunctions.

To de ne acostfunctionmatrix for minimumaverageBER, it
is desirableghatCj >C ;i andCj >C; fori>k >j. It is dif cult
to quantitatvely assigncostsin generabueto thesubjectve nature
of theimpactof wrongdecisionoonasystem.In thispaperwe use
thecostfunction

Cij =ji jiCi= Cj i>j 2(0;1] a7)
In otherwords,the costof transmittingat a higherratethanwhat
the channelstatecalls for, is higherthanthe costof transmitting
conseratively. It would be shawvn thatthe choiceof in uences
thesystemperformance.

4. RESULTS

— Ideal

MAP

Average BER

I I
5 10 15 20
Average forward channel SNR, dB

Fig. 1. AverageBER for anN =2 AMS usingML, MAP detection
for afadingfeedbaclkchannel.

For all resultsin this sectionBERy =10 3. The analytical
performanceof a two-statesystemfor an outagestateand BPSK
modulationis shavn in Fig. 1 for afadingfeedbackchannelwith

=15dB. It canbeseernthatatlow SNR,ML detectiorfailsto sat-
isfy the BERy while the BER cune for the MAP schemas lower
thanthe BER; overthe SNRrange.However, thereis a crossoer
pointat =8:75 dB afterwhichthe ML givesbetterperformance.
This validatesour earlieranalysisof theimpactof thesedetection
strateies.

An adaptve M-QAM systemis simulatedwith 7 non-zero
QAM constellationsf 2 QAMg/_, overa at fadingRayleigh
channelwith a normalizedDoppler frequeng of 10~2. Fig. 2
shavstheaverageBER performancdor anAWGN feedbaclchan-
nelwhereP™ is obtainedby settingBERg,= 10~% and 2 =1 for
ML detection. The MAP/Bayesiarschemesreimplementedus-
ing (7). A similar trendfor the two-statesystemis alsoobsered
with a crosseer point at 20:5 dB. Thereareonly nagligible
differencesn thespectrakf ciency andthus,it is notshavn here.
It shouldbe noted,though,thatfrom the point of view of satisfy-
ingtheBERy , MAP is optimumoverthewhole SNRrange.Using
thecostfunctionof (17)with = 0:01, the performances close
to theideal case.However, thereis a small penaltyin the spectral
efciency of lessthan0:02 bps/Hzat high SNR.
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Fig. 2. AverageBER for an N=8 AMS usingML, MAP and
Bayesiardetectionoveran AWGN feedbackchannel.

The BER performancaifferenceis even moresigni cant for
afadingfeedbackchannelasshawvn in Fig. 3. The averageSNR
of the feedbacHink is setto =15 dB. The ML detectorcannot
beusedfor <195 dB, while the MAP canbe usedover the full
SNRrange.Againin the high SNRregionthe ML givesimproved
performanceomparedo MAP. For the Bayesiarschemeshavn
in Fig. 3, theeffect of varying resultsin the BER performance
approachinghatof theidealfeedbackchannebut thereis a small
lossin spectralefciency of 0:03, 0:13 bps/Hzrespectrely for

=0:1; 0:01. Thereforethereis atrade-of betweeroweringthe
BER asmuchaspossibleandmaximizingthe spectrakef ciency.

5. CONCLUSION

It is shavn thatif the averageSNR for the forward channelis
known to thetransmittey MAP feedbacldetectionconsistentlyre-
sultsin an AMS averageBER performancdower thanthe target
BER constraintwhile ML feedbackdetectiondoesnot. However,
aninterestingphenomenors shavn whereML may outperform
MAP in the high SNR region. For applicationswherea small
decreasean spectralef ciency can be tradedfor lower BER, a
Bayesiancostmay be de ned to achieve closeto ideal BER per
formancefor the AMS. The main assumptiorusedin the paper
namelythat the averageSNR is known to the transmitter could
berelaxed by formulatingthe problemasa minimax multiple hy-
potheseproblem.Thiswould be pursuedn futurework.
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