
1

FeedbackConstraintsfor Adaptive

Transmission
Anthony E. Ekpenyong, Member, IEEE, andYih-FangHuang,Fellow, IEEE

Abstract

Adaptivetransmissionhasemergedasacandidatetechnologyfor bandwidth-andpower-ef�cient high

speedcommunicationsystems.By adaptingtransmissionratesto the channelconditions,a signi�cant

gain in spectralef�ciency can be obtained.Conversely, a lower transmitpower is requiredto achieve

a desiredquality of service.However, the performancegainsoffered by adaptive transmissioncan be

compromisedby the quality of the channelstateinformation (CSI) that is available to the transmitter.

For example,in frequency division duplex (FDD) systems,the feedbackchannelis thebottleneckto CSI

acquisitionat thetransmitter. In this paper, we describetheimpactof thefeedbackconstraintson adaptive

transmission.We also examine the role of signal processingtechniquesin mitigating the performance

degradationcausedby feedbackchannelimperfections.

I . INTRODUCTION

The growth of wireless networks in recent years,coupled with applicationsdemandinghigh data

ratesunderscoresthe fact that the communicationsystemis bandwidth-and power-limited. Therefore,

an ef�cient utilization of the radio spectrumis of paramountimportance,particularly in developing

bandwidth-andpower-ef�cient communicationsystems.Adaptive transmissionhasemergedasa viable

approachto boost transmissionratesin a communicationsystem.In a nutshell,adaptive transmission

refersto signalingstrategiesthat adaptsomecombinationof the modulation,transmitpower andcoding

schemein responseto channelvariations.This is ratherdifferentfrom thetraditionaldesignmethodology,

wherea transmissionpower margin is provided to ensurereliablecommunicationin the event of a deep
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fade.The signi�cant spectralef�ciency gainsprovided by AMC hasresultedin its adoptionin current

and proposedwirelessstandardsincluding the WCDMA high speeddownlink packet access(HSDPA)

[1], CDMA2000,third generation(3G) long termevolution [2], IEEE 802.11wirelesslocal areanetwork

(WLAN) and IEEE 802.16broadbandwirelessaccessstandards.

A fundamentallimitation to the gainspromisedby adaptive transmissionlies in the acquisitionof CSI

for resourceallocationandtransmitteradaptation.This is alsotruefor sometransmitdiversityandspatial

multiplexing systems,which requireCSI to optimizetransmitpower andto computea transmitprecoding

(or beamforming)matrix or vector. Furthermore,in multiuserTDMA systems,CSI is requiredto schedule

thebestuserbasedon someschedulingpolicy. For downlink broadcastsystems,CSI is requiredto cancel

or mitigate interferenceduring simultaneoustransmissionto multiple users.The effort requiredin CSI

acquisitiondependson theparticularsystemunderconsideration.For time division duplex (TDD) cellular

systems,the transmittercan infer downlink (forward) channelconditionsfrom an estimateof the uplink

(reverse)channelsincethe samefrequency is usedin both directions.Therefore,the main problemin

CSI acquisitionfor TDD systemsis the channelestimationat the transmitter, and the delay beforethe

transmitterresourcescanbeadaptedbasedon thecomputedchannelestimate.Frequency division duplex

(FDD) systemspresenta greaterchallengesincethe forward and reversechannelsoperateon different

frequencies.In FDD wirelesssystems,downlink rateand/orpoweradaptationdependsonthequalityof the

channelestimatethat is providedby themobilestation(MS) throughthereverse(feedback)channel.The

channelmustbe estimatedat the MS, andtransmittedover a feedbackchannel,which, beinga wireless

channel,is characterizedby bandwidthconstraints,fadingandadditive noise.The channelfadingrateis

alsoof concernbecauseadaptationmaybemeaninglessif thechannelchangesfasterthanthe transmitter

can receive estimatesfrom the MS. Furthermore,channelestimationis limited by the accuracy of the

particularestimationschemethat is employed.

In this paperwe examine the role that signal processingplays in realizing the bene�ts of adaptive

transmissionfor FDD systems.We describein detailthefactorsaffectingCSI acquisition,namely, channel

estimationerror, feedbackdelay, quantizationerror due to bandwidthconstraint,and feedbackerror. In

multiusersystems,CSI is requiredfrom eachuser for joint rate and userselectionaccordingto some

schedulingpolicy. Here,feedbackandquantizationerrorsmaycausetheschedulerto selecta userthat is

not optimal and/ora rate that is too high given the actualfading level on the channel.We shall discuss

the joint effect of quantizationand feedbackerrorson the performanceof a TDMA multiusersystem.

This paperis organizedas follows. An overview of adaptive transmissionis presentedin SectionII

including a survey of the researchliteratureon ideal CSI feedback.Channelmodeling,feedbackdelay
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Fig. 1. A genericadaptive transmitterwith an ideal feedbackchannel.

and channelestimationissuesare presentedin Section III, while the effect of bandwidthconstraints

on CSI feedbackis presentedin SectionV. SectionIV describesthe impact and solutionsto feedback

channelerrors,andan extensionto multiusersystemsis presentedin SectionVI. SectionVII discusses

someopenproblemsin adaptive transmissionandSectionVIII concludesthe paper.

I I . OVERVIEW OF ADAPTIVE TRANSMISSION

The basicprinciple of adaptive transmissionis capturedin Fig. 1. The objective here is to optimize

thesystemspectralef�ciency (SE)subjectto a bit error rate(BER) constraint.Toward this end,thereare
�

transmissionmodesavailable,namely, � �����
	���
�
�
������������ , which could be somecombinationof

modulation,transmitpower andcodingrate.This set � is availableto both the transmitterandreceiver.

Incominginformationbits, ����� aremappedto oneof thesetransmissionmodesbasedon thetransmitter's

knowledgeof thechannelconditions.Given the receivedCSI, the receiver selectsthemodewhich would

maximizethe downlink spectralef�ciency suchthat the averageor instantaneousBER or packet error

rateis below a target level denotedby BER� or PER� . By adaptingto thechannelconditionsa higherrate

is chosenonly if theBER is lower thanthespeci�ed target for thegivenchannelrealization.Thespectral

ef�ciency of a non-adaptive systemcanbe increasedwith a higher ratemodulationbut this implies that

a larger transmitpower is required.On the other hand,adaptive transmissionsystemscan get by with

smallerpower by only increasingtransmissionratesin favorablechannelconditions.

Theadaptivetransmissionconceptwas�rst proposedover threedecadesagoto vary transmissionpower

[3] or symbol transmissionrate [4]. At the time, practicalimplementationsmay not have beenpossible

giventhelimitationsin theavailablehardwaretechnology. Secondly, wirelesscommunicationaswe know

it todaywaspracticallynonexistentat the time andthat reducedtheneedfor adaptive transmission.With

advancesin microprocessortechnology, the adaptive transmissionconceptwas rekindledin the nineties
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with adaptive coding [5] and variableQAM transmission[6]. Goldsmithand Varaiya [7] presentedan

information-theoreticfoundationfor adaptive signaling,showing that the Shannoncapacityis achieved

with both power andrateadaptation.From a communicationtheoryperspective, a completeanalysisof

practicalpower and rate adaptationwith all possibledegreesof freedomwas presentedin [8], where

all combinationsof continuous/discretepower and continuous/discreterate adaptationwere computed

for averageandinstantaneousBER constraints.For multiple antennasystems,AMC in conjunctionwith

diversity combiningwasshown in [9]. It wasshown in [8] that joint rateandpower adaptationhasonly

a slight gain comparedto only rate adaptation.Thus,we will focuson rateadaptation,andspeci�cally

discreterateadaptationsincethis is morepractical.

While the literaturecited above focusedon �at fading channels,thereare also resultsfor frequency

selective channels(seee.g.,[10] for Rake-receiver-assistedAMC systems).An extensionof AMC to an

orthogonalfrequency division multiplexing (OFDM) systemwas shown in [11]. IncorporatingOFDM

with AMC raisesa new question,namely, how should the power and information bits be allocatedto

the differentsubcarriers?This questionwas investigatedin [12], wherea loadingalgorithmis described

to optimize the total systemspectralef�ciency. AMC-OFDM hasalsobeenproposedfor 3G long term

evolution [2]. In interference-limitedsystemssuchas cellular systems,a new performancemetric, the

areaspectralef�ciency (ASE) wasintroducedin [13]. With ASE, theauthorsin [13] show thata tradeoff

exists betweenincreasingthe communicationlink spectralef�ciency and reducingthe interferenceto

otherusersor cells.

In this paperwe considera wirelesssystem,where the forward channeltransmissionrate is varied

basedon short-termor small-scalefading.The MS informs the basetransceiver station(BTS) aboutits

channelinformationvia the reversechannel.Initially, we assumethatperfectCSI is availableto both the

transmitterandreceiver. For a single-inputsingle-outputsystem(SISO)the receivedSNR,denotedby � ,

is suf�cient channelinformationfor rateand/orpower adaptation.This is alsotruefor a transmitdiversity

systemsuchasspacetime block coding,wheretheantennasignalingschemedoesnot dependon channel

stateinformation.The MS computesthe received power that is requiredto achieve an instantaneousor

averageBER constraint  BER! [8]. This BER constraintis usedto computea set of SNR thresholds
"

�#� $%	&��$�����
�
�
���$%�'���%� , which correspondto the modesin � , by inverting the BER expressionto obtain

the requiredtransmitpower. The SNR canbe quantizedinto a setof discretestates()�#�+*
	

��
�
�
��,*
�����

� ,

where �&*.-&/0$1-32
�54)$1-768�9� . Hence,for �;:<*=- , the > th mode �?- is usedfor transmission.The threshold

computationbearssomesimilarity to scalarsourcequantization.The differenceis that while in source

quantizationthe thresholdsare selectedto minimize, for example,the meansquareerror (MSE) [14],
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Fig. 2. Illustration of the spectralef�ciency gainsofferedby adaptive modulationin Rayleighfading,with BER@BADC�E�F�G .

in AMC the thresholdsare chosento achieve a target BER constraint.Furthermore,for a time-varying

channelthere is a time constrainton CSI feedbackfor rate adaptationto be meaningful.For coded

systems,approximateexpressionsfor the instantaneousBER can be obtainedby curve �tting of the

simulatedBER curves [15]. Therefore,without loss of generality, we will focus on rate adaptationfor

an uncodedQAM-modulatedsystembecausethe BER expressionsareeasilyobtained.

To illustratethe performancegainsofferedby AMC, considera systemwith four transmissionmodes,

namely, BPSK (1bps/Hz),QPSK(2bps/Hz),16-QAM (4bps/Hz)and64-QAM (6bps/Hz)operatingover

a �at fading Rayleigh channel.Fig. 2 shows the spectralef�ciency for an uncodedsystemover a

Rayleighfading channelwith an instantaneousBER constraint.For comparison,the spectralef�ciency

of a continuousratesystemis also shown. Thereis a H dB differencebetweencontinuousanddiscrete

ratecurvesat SE �JI bps/Hz. This is the price paid by practicaldiscreteratesystems.This performance

gap would be smallerwith �ner quantization,for example,if KML and HONML QAM are also used.Fig. 2

also shows the performanceof nonadaptive BPSK, QPSK and P�Q -QAM signaling(horizontal lines) for
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Fig. 3. An adaptive transmittershowing the causesof noisy CSI including feedbackdelay, fading and additive noiseon the

reverse(feedback)channel.

BER �#P�R

�TS . Theseresultsareobtainedby computingthetransmitpower requiredto obtainBER �#P�R

�TS

for therespective modulations[16], [17]. TheaverageSNRrequiredfor Q&I -QAM, i.e., 6 bps/Hz,is larger

than HOU dB (not shown in the �gure) while for the continuousratesystem6 bps/Hzis achievedwith an

averageSNR of NOQV
WU dB. Notice that thereis an SNR gain of about P9I dB for discreteratetransmission

over nonadaptive transmissionat 1 bps/Hz (BPSK), which highlights the signi�cant gain offered by

adaptive modulation.Thereare smallergainsof P�N and P�RM
WU dB for QPSK and P�QML QAM respectively.

Thesegainsare achieved by assumingthat perfectCSI is available to the transmitter. In the following

sections,wediscussthefeedbackconstraintsin adaptivetransmissionandthesignalprocessingtechniques

that have beenproposedto mitigate the performancedegradationcausedby thesefeedbackconstraints.

I I I . CHANNEL ESTIMATION AND MODELING

A practicaladaptive transmissionsystemis shown in Fig. 3. Both the forward and reversechannels
X

and Y aresubjectto time selective �at fadingcharacterizedby the Doppler frequency ZV[ . The reverse

channelis also impactedby feedbackdelay, denotedby \ , andby feedbackerrorsdueto additive noise

andfading.Channelestimationis requiredat the receiver both for symboldetectionandfor sendingthe

desiredtransmissionmodeindex to thetransmitter. Thetime variationof theforwardchannelmaybefast

enoughsuchthat the channelrealizationwould have changedby the time the transmittercan adaptits

signaling.A useful measureof this channelvariation is the normalizedDoppler frequency ZM[^]`_ , where

]`_ is the transmittedsymbol duration. In general,feedbackdelay can degradethe performanceof an

adaptive transmitterrelying on CSI feedback.The impactof a delayed,but otherwiseaccurate,channel
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realizationwasinvestigatedby [16], [18] and[19] for AMC-MIMO. It wasshown in [16] thatanormalized

feedbackdelay ZO[�\a�bRM
+RBP canbe toleratedwithout signi�cantly degradingthe BER performancewhen

aninstantaneousBER constraintis usedfor thresholdcomputation.For this case,althoughthetransmitter

adaptsto the delayedCSI it receives, the spectralef�ciency is not affectedby feedbackdelay because

both the delayedandtrue CSI have the samestatistics[16]. However, the BER performanceis certainly

worse if a higher rate mode is selected(due to feedbackerror) when the channelcan only supporta

lower rate mode. It should be clear that a lower rate should be chosenin order to achieve the target

BER. This canbe accomplishedby computingthe thresholdsusinga BER expressionthat accountsfor

the feedbackdelay [20], or using an averageBER constraint,e.g., [21]. We now describesomedetails

of channelestimation,which also includeschannelprediction.

For a SISOsystem,let the received signalat the MS be given by

c

 ed0!f�#g hji

X

 ed0!lk3 ed0!8m
n&i� ed0! (1)

wherek3 ed0! is thedatasymbolwith unity averageenergy,
X

 ed0! is thechannelrealization,nVi is theadditive

white Gaussiannoiseand hfi is the transmittedpower 1. Model-basedestimationis typically doneby

making someassumptionsabout the channelstatistics.For a �at fading SISO channel,the following

assumptionsaremade:

1) Theforwardandreversechannelsaremutuallyindependent,circularly-symmetric,zero-mean,unity

variance,complex Gaussiandistributedvariables.

2) The channelis temporallycorrelated.The correlationfunction oqp%p& r\T! dependson the normalized

Doppler frequency ZO[^]
_ .

Two importantremarkscanbe madeaboutthe secondassumption.First, the correlationbetweentwo

channelsamplesdecreaseswith an increasein Doppler or, equivalently, an increasein mobile speed.

Hence,for a �x ed feedbackdelay, thereis a limit on mobility to realizethe gain of rateadaptation.This

limit can be relaxed with channelprediction [20]. The maximum feedbackdelay (or equivalently the

maximummobile speed)that canbe toleratedfor an AMC systemdependson the Dopplerestimate.If

it is underestimated,this would result in signi�cant degradation.On theotherhand,if it is overestimated

somespectralef�ciency will be lost becausethe systemwould not take full advantageof the dynamic

rangeof the channelvariation.

1For simplicity, path lossandshadowing effectsare includedin s

i
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Fig. 4. Illustration of pilot symbol insertionfor channelestimation.P denotespilot symbolswhile D denotesdatasymbols.

To facilitatechannelestimation,pilot symbolsareinsertedwith a period, t , in the datastreambefore

transmission;a techniqueknown as pilot symbol assistedmodulation(PSAM) [22]. Fig. 4 shows the

PSAM techniquewhereone pilot symbol is assignedto a block of t)LuP datasymbols.The received

signalmodel is now given by

c�v

 edMtw!x�
g y

i

X

 edMtz!lk

v

 edMtz!{m
n&i� edMtz! (2)

cq|

 edMtDm
>1!x�
g

y
i

X

 edMt;m�>1!}k3 edMt~m�>%!`m�n&i� edMt5m
>1!,� (3)

for >3�•P€
�
�
,t•LDP . The �rst equationis the receivedpilot signalwith a known pilot signal kT‚B edMtz! , while

the secondequationdescribesthe tƒL„P received datasignalsin eachtransmittedblock. For simplicity,

hji is assumedto be constantfor both pilot and datasignalsbut the optimal power allocationbetween

training anddatasymbolscanalsobe computed(see[20]). Givena lengthL†… observationvectorat time

dMt , ‡

v

 edMtw!ˆ�‰�

c�v

 edMtz!,��
�
�


c�v

 � edaL
…ŠmbP�!1tz!‹�7Œ , the objective is to estimatethe channelat time dMt;m
\ .

The value of \ determinesthe estimationtechnique:\)2#R implies channelsmoothing,while channel

predictionis performedwhen \Ž••R . Sincethepilot observationof (2) is a linearfunctionof
X

 edMt•ma\T! , it

is straightforwardto show that
X

 edMt‘m’\T! and ‡

v

 edMtw! arejointly Gaussian.Therefore,theoptimalchannel

estimatein the meansquareerror senseis the linear minimum meansquareerror estimate(LMMSE) of
X

 edMt
mJ\T! . The MMSE for channelpredictiondependson the prediction range \ , the �lter length … ,

the pilot power andthe Doppler frequency. The predictionerror usually resultsin a conservative choice

for the thresholds,i.e., a reductionin the spectralef�ciency. This performancereductiondependson the

prediction�lter length, the normalizedDoppler frequency, pilot power and the predictionrangeusedto

compensatefor feedbackdelay. The effect of predictionerror in MIMO-AMC systemswas investigated

by [23].
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IV. FEEDBACK CHANNEL ERRORS

A practicalfeedbackchannelis characterizedby noiseand fadingasshown in Fig. 3. However, it is

commonlyassumedin mostadaptive transmissionschemesthat the feedbackchannelis error-free. This

is justi�ed by assumingthat a suf�ciently powerful error control codecanbe employed sincea low data

rate is usually employed for the feedbackchannel.However, it shouldbe pointedout that for practical

feedbackschemes,therewould still be a nonzerofeedbackerror probability, e.g.,the WCDMA standard

speci�es a feedbackBER of I}“ . Moreover, the feedbackchannelreducesthe power andbandwidthfor

thedatachannelstransmittedon the reverselink. This is particularlyimportantsinceenergy conservation

is critical for a MS. It shouldalsobe notedthat decodingtime increaseswith lower codingrates(more

parity bits) which in turn increasesthe feedbackdelay. This may limit error protectionfor the feedback

channelto simpleerror control codingschemes.In this sectionwe analyzethe impactof noisy feedback

channelson the performanceof a single userFDD AMC system.Prior work in this areaincludesthe

adaptive trellis-codedQAM systemof [24], where the feedbackinformation is protectedby an error

control code.In this section,the feedbackchannelis characterizedby an error probability matrix, which

dependson the feedbackdetectionschemeemployed. A result of this characterizationis that system

performancecanbeshown for any feedbacktransmissionsystemirrespective of the inclusion,or the lack

thereof,of an error control codingscheme.By optimizing the switchingthresholdsbasedon an average

BER constraintit can be shown [25] that there exists an outageregion at low SNR, where adaptive

modulationis not feasible.

To focus on feedbackchannelimperfections,perfect CSI is assumedat the receiver, though some

feedbackdelay \ is allowed. Given that there are
�

modesavailable for selectionat the transmitter,

de�ne ”

�•� u 	���
�
�
�� u �'�����

as the set of feedbackvectors,where –=- is transmittedto the BTS when the > th index is selected.The

impactof the reversechannelcanbe characterizedby an error probability matrix —J�#� ˜O-š™ ›^�œ�•Rž2)>Ÿ�‹ ¡2

�

L„P , where ˜�-š™ › is the probability that �ƒ- is selectedfor transmissionwhen *T› is the true state.The

exact valueof — dependson the feedbackdetectionschemeemployed.

January26, 2007 DRAFT



10

5 10 15 20 25 30 35
0

1

2

3

4

5

6

7

Average SNR on forward channel, dB

S
pe

ct
ra

l e
ffi

ci
en

cy
, b

ps
/H

z

Ideal

q = 10-3

q = 10-2

f
d
 t  = 0

f
d
 t  = 0.05

Fig. 5. Spectralef�ciency for an adaptive modulationsystemaccountingfor feedbackerror and feedbackdelay.

A. Thresholdoptimization

In this sectionwe accountfor bothfeedbackdelayandfeedbackerrorby computingtheSNRthresholds

subjectto an averageBER constraint.The constrainedoptimizationproblemcanbe statedas follows:

¢ž£&¤

t
SE t ! subjectto BER 2 BER�%� (4)

wherethe optimizationvariablet is the SNR thresholdvector, andSE t ! explicitly denotesthe spectral

ef�ciency as a function of t. This problem can be solved using the Lagrangemultiplier method(see

[26, Sec.6.4.4] for the perfectCSI caseand [21] for feedbackdelay). In [25], the impact of feedback

error and feedbackdelay is shown for an adaptive modulationsystem.Comparedto ideal CSI [26] the

existenceof a feasibleregion cannotbe guaranteeddue to feedbackerror.

To illustrate the impact of feedbackerror combinedwith feedbackdelay, consideran adaptive mod-

ulation systemwith maximumlikelihooddetectionof the feedbackchannel,� �•��N

-

L QAM ��¥

-§¦8�

and

BER�¨�©P�R

�TS . Let ª denotethe reversechannelBER which is representative of the desiredreverse

channelquality. Fig. 5 [25] shows the spectralef�ciency versusthe averageSNR on the forward channel
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Fig. 6. Illustration of one-stepboundedtransitionpropertyof the FSMC model.

(in stepsof 1 dB) for ª«�#P�R

�TS and ª¬�•P�R

�T­ . Thesolid lines indicatea normalizeddelay Zq[�\a�bR while

the dashedlines are for Z®[^\Ž�¯RM
+R®U . For ª¬��P�R

�TS , thereis an outage(infeasible)region when °�?4•POP

dB. This outageregion increasesup to NMP dB for ª«�•P�R

�T­ . Theexistenceof anoutageregion canalsobe

explainedby studyingthelimiting casesof low andhighaverageSNR, °� . As °�²±³R , �•	 is themostlikely

rate, thus, transmissionshouldbe turnedoff. Feedbackerror would causea higher constellationto be

transmittedwhich signi�cantly increasesthe instantaneousBER. As a result,the averageBER constraint

may not be satis�ed implying that adaptive modulationis impractical in this region. Conversely, when

°�<±©´ , �ƒµ·¶&¸ is the most likely rate,assuch,feedbackerror would not increasethe averageBER but

would reducethe spectralef�ciency sincea lower constellationis erroneouslytransmitted.Nevertheless,

it is importantto note that for high °� , a feasiblet canbe found to satisfy the constraintof (4).

The impactof feedbackdelaycanbe interpretedasan SNR loss,while feedbackerror introducesan

outageregion asshown in Fig. 5. Sincefeedbackdelayaffectsthe true channelstatethereis a smoother

performancedegradationcomparedto feedbackerror which affects the quantizedchannelstatethat is

sentto the transmitter. Subsequently, we will consideronly the impactof feedbackerrorandwe describe

feedbackreceiversthat will reducethe outageregion.

B. Markov-BasedDetection

The Finite StateMarkov Channel(FSMC) model [27], which is known to be a good approximation

to a slow time-selective Rayleigh fading channel,can be usedto improve maximum likelihood (ML)

feedbackdetection.The FSMC model has the key featurethat statetransitionsonly occur to adjacent

statesasshown in Fig. 6. Mathematicallythis meansthat

h8-¹™ ›•ºbh‘o0 œ*� š»8!��‘*.-Ÿ¼�*� š»½L„P�!��«*B›�!f�uR for ¼ >,Lˆ ·¼0•¾P�� (5)
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where *� š»8! denotesthe channelstateat time » and hj-š™ › is the statetransitionprobability. Therefore,

for a slowly fadingchannel,at most threeeventsneedto be characterizedat eachtime instant,namely,

a transitionto the right (higher SNR region), one to the left (lower SNR region), or no change.These

propertiesof the FSMC model were used to design the following feedbackreceivers [17], [28]: 1)

differential feedback- two bits are suf�cient to fully describeall channelstatetransitions,2) full state

feedbackof � bits - the feedbackreceiver can utilize this boundedstatetransitionproperty to correct

somefeedbackerrors.The resultsof [17], [28] show that the performancelossdueto feedbackerrorcan

be mitigatedby employing FSMC-basedreceivers.

C. BayesianDetection

In mostcommunicationsystems,transmittedsymbolsareassumedto beequallylikely implying thata

minimum probability of error receiver is equivalentto an ML detector. However, this is not the casefor

theAMC feedbackchannelconsideredherebecausefeedbacktransmissionis coupledto theinstantaneous

SNR, � on the forward channel.The stateprobabilitiescanbe computedat the transmitterif the average

SNR °� is known. This impliesthatML feedbackdetectionmaybesuboptimalto MAP, or moregenerally,

Bayesiandetection.Theelementsof theerrorprobabilitymatrix — canbeobtainedby solvinga classical

multiple hypothesestestingproblem,wherethe > th hypothesisis de�ned as

¿

-À/j�D:<Á�-V� >3�uRM��P���
�
�
��

�

L•P�
 (6)

From detectiontheory, ˜�Â7Ã Ä€ÅJh«oB 

¿

-�¼

¿

›�! , which is the probability that the transmitterdecides
¿

- when
¿

› is true. The optimumsolution is obtainedby minimizing the Bayesrisk [29]. The derivation of the

feedbackerror probability is given in [17]. For most Bayesiandetectionproblems ÆÇ-š™ ›Š�ÈÆ€›�™ - , where

ÆÉ-š™ › is the cost of choosing �ƒ- when �D› is the optimal transmissionmode.For the AMC feedback

detectionproblem the cost of choosinga high-ratemode when a lower-rate mode is optimal is more

critical to systemperformance(in term of the BER) than selectinga low rate when a high rate mode

is optimal. It makes senseto apply unequalweights that re�ect the impact of erroneousdecisionson

systemperformance.In [25] a cost factor Ê is de�ned suchthat

ÆÉ-š™ ›Ë�b>{L½ O� Æ€›�™ -=�JÊ¨ÆÉ-¹™ › R’2? ¡4)>É2

�

L•P�� Êƒ:~ rRM��P^�œ
 (7)

We now comparetheperformanceof theBayesianandFSMC-basedfeedbackreceiversfor anaverage

BER criterion.For comparisonwe alsoconsidera cyclic redundancy check(CRC)errordetectionscheme

employing a (7,3) Hammingcode.For this CRC scheme,when the feedbackinformation is detectedto
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Fig. 7. Spectralef�ciency for an adaptive modulation systemfor different feedbackdetectionschemes(BER@•A�C�E�F�G ,
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FOG , Ð3AŽE�Ñ E�C ).

be in error, it is discardedand the transmissionmodeis not changed.The error probability matrix — is

obtainedby simulationfor the Bayesian,FSMC andCRC receiversandis substitutedin (4) to compute

the optimal switching thresholds.The performanceof thesefeedbackschemesis shown in Fig. 7 [25]

for ª•�³RM
+RBP . The Bayesianreceiver with ÊÒ�³RM
WU eliminatesthe outageregion completelywith a

negligible drop in spectralef�ciency. The FSMC-basedreceiver compareswell with the CRC-receiver

and the outageregion is reducedby I dB comparedto the ML detectionemployed in Fig. 5 (see[17],

[25] for moreresults).

V. BANDWIDTH CONSTRAINTS

An importantquestionin CSI acquisitionfor wirelesssystemsis: how muchfeedbackinformationdoes

thebasestationor schedulerrequirefor anoptimalallocationof systemresourcesto a mobilestation?For

the singleantennaAMC system�'�bÓ§ÔOÕ

­

�

bits is suf�cient to achieve maximumspectralef�ciency in

the absenceof estimationandfeedbackerrors.However, it shouldbe notedthat the numberof feedback

bits grows with the numberof transmissionmodesthat areemployed.For AMC systems[30] computes
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the numberof feedbackbits from the channelentropy. For MIMO systems,practicalfeedbackschemes

mustquantizea channelmatrix or vectorat the receiver beforesendingto the transmitterfor adaptation.

The bandwidth-constrainedfeedbackproblemcanbe statedas follows: givena �nite feedback rate of �

bits per channeluse, designa codebookÖ with cardinality ×�Öz×Ë�•NqØ to minimizethe performanceloss

compared to perfectCSI feedback.

An earlystudyof MIMO feedbackbasedon sourcecodingprincipleswaspresentedin [31]. For equal

gain transmission[32] showed that signi�cant performancecould be obtainedby quantizingonly the

relative channelphaseinformation for multiple transmit antennas.A similar techniqueto this partial

phasefeedbackwas standardizedfor WCDMA closedloop transmitdiversity [33]. With the increased

focuson MIMO single-userandmulti-usersystemsin the last few years,codebookdesignwith limited

CSI feedbackhasbecomeand an active areaof research.In [34] codebooksare designedto minimize

outageprobability. This designcriterion is shown to be similar to an SNR maximizationdesign,which

was independentlyproposedin [35]. It was shown in [35] that codebookdesigncan be relatedto the

problem of Grassmannianline packing.Both theseschemesassumederror-free feedbackchannels.A

noisy feedbackchannelis consideredin [36] for an orthogonalspace-timeblock codedsystem.The

capacityof MIMO channelswith �nite rate feedbackis studied in [37]. Limited feedbackis also of

signi�cant interestfor OFDM systemsparticularlywhenmultiple antennasareusedbecausethereis now

an addeddimensionof multiple subcarriers.Codebookdesigncanexploit the time-frequency correlation

propertiesof OFDM by groupingcorrelatedsubcarriersandonly sendingback onequantizedvalue for

eachsubcarriergroup.This hasthe potentialto signi�cantly reducethe amountof feedbackinformation

especiallyfor channelsthat exhibit a high degree of frequency selectivity, i.e. channelswith highly

correlatedfrequency bins.Suchan approachis taken in [38], whereCSI is sentper subcarriergroupand

the transmitterreconstructsthe CSI for all subcarriersusing interpolation.

For a MIMO-AMC system,the problem is to designa codebook,where the > th index representsa

joint selectionof rateandprecodingvector. This is basicallya vectorquantizationproblem[14], which

would be familiar to thesourcecodingcommunity. Initial work in this �eld wasby Xia et al. [39], where

they useLloyd-Max conceptsto designthe codebook.However, the goal hereis to optimizethe spectral

ef�ciency and not necessarilyto minimize the MSE. Recently, the limited feedbackproblemhasbeen

extendedto MIMO broadcastsystems(see[40] and referencestherein).In [40] randomquantizationis

usedby eachmobile to sendits CSI to the basestationover a low rate feedbackchannel.
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VI. MULTIUSER CSI FEEDBACK

CSI acquisition is also important for multiuser systemsto facilitate user schedulingin addition to

resourceallocationat the transmitter. For downlink (also called broadcast)systems,it hasbeenshown

that independenceamongthe channelslinking the BTS anda groupof usersleadsto multiuserdiversity

gain [41], [42], wherebythe BTS transmitsto the userwith the bestchannel.In addition to the delay,

bandwidthconstraintandfeedbackerrorsdescribedearlierfor singleusersystems,thefeedbackchannelis

now interference-constrainedasmultiple usershave to inform theBTS or schedulerabouttheir respective

channelestimates.

Researchinto feedbacktransferfor multiusersystemshasfocusedon the impactof quantization[43],

and on the bandwidthconstraintof the reversechannel[44] but possiblemultiple accessinterference

(MAI) was not explored. This MAI problem was partly addressedin [45] where multiple thresholds

are employed so that with high probability only one usermay needto sendback its CSI information.

However, this schemerequirespolling betweentheBTS andtheusers,andtheensuingdelaymaynot be

practicalfor time-selective fadingchannels.In [46] multiple antennasandspreadingcodesareemployed

to cancelout MAI. For SISO systems,it is shown in [47] that feedbackinformation is proportionalto

the numberof active usersin the system.As a result,although,multiuserdiversity gain increaseswith

the numberof active users,CSI acquisitionplacesa limit on this number.

Eachuseronly needsto inform the BTS of the discreterate it can supportgiven a BER constraint.

For a zero-errorfeedbackchannel,quantizationerror may causethe BTS to selecta user in the same

quantizationregion as the maximumSNR user. However, in contrastto the capacityresultsin [43], the

spectralef�ciency is not affectedbecausethesametransmissionmodewould beselectedfor discreterate

adaptation.Thus,what is of interestis the combinedeffect of quantizationand feedbackerrors.Fig. 8

shows a TDMA systemof Ù active users,i.e., usersfor which the schedulerhasinformationto transmit

to. After decodingall users'feedbackinformation,the d th useris selectedif andonly if its requestedrate

is the highestamongall users.In the event of a tie betweentwo or moreusers,onecanbe picked with

uniform probability [43]. Feedbackchannelerrorswould leadto the twin error eventsof erroneoususer

selectionand erroneousconstellationselection.Not only could the requestedrate be wrongly decoded,

but the selectedusermay not be the bestuser.

Thecombinedeffect of quantizationandfeedbackerror for a zero-delayfeedbackchannelis shown in

Fig. 9 [17] for ª«�bRM
+RBP and ZO[^]�_z�•P�R

�TS . Thesolid linesshow thespectralef�ciency for ÙÚ�•P���NV��UV��P�R

userswhen ML feedbackdetectionis employed, while the dashedlines are for Bayesiandetection.
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Fig. 8. A multiusersystemshowing multiaccessinterferencein the feedbackchannel.

Similarly to the single usercasethat was shown in Fig. 7, thereis an outageregion at low to medium

SNR for ML feedbackdetection.For ÙÛ•ÜP thereis the additionaleffect of wrong userselection,which

widensthe outageregion as Ù increases.Comparedto Bayesianfeedbackdetection,it canbe seenthat

ML detectionresultsin anoutageregion up to NMP dB for ÙÝ�#P���N andincreasesto NON dB for ÙÚ�uUV��P�R .

This shows that feedbackerror hasa moreseriouseffect asthe numberof usersincreasesbecauseof the

doubleeffect of wrong userand wrong constellationselectiondue to quantizationand feedbackerrors.

Therefore,a morestringentquality of serviceis requiredfor the feedbackchannelasthenumberof users

increases.For example,the feedbackBER shouldbe smaller, and/orreverselink power shouldincrease

with Ù .

VII . OPEN PROBLEMS

1) Channelmodelingerrors:the conventionalstatisticalmodelsadoptedfor channelestimationmay

be inadequatefor a speci�c wirelessscatteringenvironment.Much of the channelestimationwork

for AMC hasassumedthe Jakes' isotropicscatteringchannelmodel [48]. While the Jakesmodel

is robust, it may be overly pessimisticin somewirelessenvironmentsbecausethe assumptionof

uniform scatteringmay be valid only for rich scatteringenvironmentssuchas urbanmicrocells.

Abdi et al. [49] have shown thata differentangle-of-arrival distribution, modeledon thevon Mises

probability densityfunction (pdf), is realistic in somewirelessenvironments.
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Fig. 9. SpectralEf�ciency for an Þ -stateadaptive modulationsystemfor ML and Bayesianfeedbackreceivers. The system

target BER is BER@MA5C%E
F�G andthe feedbackchannelquality, ß€AŽE�Ñ E�C .

Other modelingerrorsare possible.For example,Nakagamifading channelsare characterizedby

the Nakagamiparameterà , where àÚ�áP for the Rayleighchannel.The Rayleighchannelis the

worst casein termsof spectralef�ciency [16]. Therefore,if the thresholdsarecomputedbasedon

a Rayleighchannelsomegain is lost if àÚ•¾P . It may be worthwhile to investigatethe impactof

channeluncertainty/modelingerrorson AMC systems.

2) Energy minimization: very little work hasbeendoneto quantify the amountof energy expended

for feedbacktransmission.A differentdesignobjective maybeto computetheswitchingthresholds

to minimize the energy usedfor feedback.

3) Multiuser feedback:we have consideredthe TDMA case,whereonly oneuseris scheduledat any

time instant.This could be extendedto multi-antennabroadcastsystems,where transmissionis

scheduledto more thanoneusersimultaneously.

4) MIMO-AMC feedback:quantizedCSI for rateandprecodingselectioncanbe studiedfor spatially

correlatedchannels,feedbackdelayand feedbackerror.

5) OFDM systems:our studieson the impact of feedbackerror could be extendedto multicarrier
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systems.For such systems,a dual problem to the forward channelis also evident for feedback

channels,i.e., how should feedbackbandwidthand power be allocatedto sendCSI estimatesof

eachsubcarrierto the BTS?

VIII . CONCLUSION

In this paperwe have presentedthe feedbackconstraintsthat limit the potentialof AMC andMIMO

systemsfor FDD systems.It has beenshown that while adaptive transmissionef�ciently utilizes the

availablebandwidthandtransmitpower, feedbackconstraintscouldbea signi�cant impediment.Channel

predictioncanbeemployedto compensatetheimpactof feedbackdelaybut its effectivenesswoulddepend

on the accuracy of the channelmodel.We alsoshowed that feedbackerrorscould causeoutageregions

whereAMC is not feasibleandcouldalsoimpactthe bene�ts of multiuserscheduling.Limited feedback

is a major issuefor MIMO-AMC systemsbecausechannelstate information grows with the rank of

the MIMO system,the numberof transmissionmodes,and the numberof usersfor broadcastsystems.

Sincefeedbacktransmissionconsumesresourcesthat could otherwisebe usedfor datatransmissionon

the reversechannel,feedbackdesignis extremely importantespeciallyfor power-limited devices such

asmobile stations.Finally, we outlinedsomeopenproblemsthat areof interestto adaptive transmission

systems.
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