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ABSTRACT

A new biasedlinear estimatoy referred to as the covariance
shapingeast-squags(CSLS)estimatoyis proposedor estimating
a setof unknowndeterministicparametes in a linear model. The
CSLSestimatoris directedat improving the performanceof the
least-squaes(LS) estimatorby choosingthe estimateto minimize
theerror variancein theobservationsubjecto a constaint onits
covariance The CSLSestimatoris shownto achieve the Cramer
Rao boundfor biasedestimatos. Furthermoe, the covariance
of the estimatecan be chosensud that ther is a thresholdSNR,
belowwhich the CSLSestimatoryieldsa lower MSEthanthe LS
estimatoyfor all valuesof the parametes.

1. INTRODUCTION

A genericestimationproblemthat has beenstudiedextensiely
in the literatureis that of estimatingthe unknavn deterministic
parameters in thelinearmodel

y =Hx+w, @)

whereH is a known n x m matrix, andw is a zero-mearran-
dom vectorwith positive definite covarianceC,,. For simplicity
of expositionwe assumehatrank H) = m.

A commonapproacho estimatingx is to find the linear esti-
mateof x thatresultsin anestimatedatavectory thatis asclose
aspossibleto thegivendatavectory in a(weighted)least-squares
(LS) sense.Thusthe LS estimateof x, denotedxys, is chosen
suchthaty = Hxr.s = HGy minimizesthetotal squarecerror

ers = (y — HGy)"A(y — HGy), )

whereA is anarbitrarypositive definiteweightingmatrix. If we
chooseA = C,!, thentheLS estimatds givenby

%1s = (H*C,'H) '"H*C,'y. (3)

The Gauss-Markv theorem[1] statesthatwith A = C,?,
the LS estimatominimizesthe total variancedefinedby V' (x) =
E((x — E(%))*(x — E(x))) from all linearunbiasedestimators.
Furthermorejf w is a zero-meanGaussiarrandomvector then
the LS estimator(with optimal weighting) acheves the Cramer
Raolower bound(CRLB) for unbiasedestimatorg1, 2], sothatit
minimizesthetotal variancefrom all linearandnonlinearunbiased
estimators.

TheLS estimatorhasa variety of optimality propertiesn the
classof unbiasecdstimatorsHowever, anunbiasecstimatordoes

notnecessarilyeadto minimummean-squareérror(MSE),where
the MSE of anestimatex of x is definedby

MSE(®) = E(|Ix —x|*) = V(&) + IB®I*. (@)

Here B(x) = E(x) — x denoteghebiasof theestimatorx.

The LS methodis widely emplgyedin diversefields, both as
an estimationcriterion andasa methodfor parametricnodelling
of data(seee.g., [1, 3]). Variousmodificationsof the LS estimator
for the casein which the model (1) is assumedo hold perfectly
have beenproposed4]. Amongthe more prominentalternatves
aretheridgeestimatof5] (alsoknown asTikhonov regularization
[6]) andthe shrunlenestimatof7].

In our methodwe assumehatthe datamodelholdsi.e.,y =
Hx +w with H andy known exactly, andour objectie is to min-
imizetheerrorbetweenx andtheestimateof x. In mary caseghe
datavectory is not very sensitve to changesn x, sothata large
errorin estimatingx maytranslatento a smallerrorin estimating
y, in which casethe LS estimatemay resultin a poor estimateof
x. This effectis especiallypredominanatlow to moderateSNR,
wherethedatavectory is typically affectedmoreby thenoisethan
by changesn x; the exact SNRrangewill dependon the proper
tiesof themodelmatrix H. A difficulty oftenencounteredh this
estimationproblemis that the error in the estimationcan have a
covariancestructurewith avery high dynamicrange.

To improve the performanceover the LS estimatorat low to
moderateéSNR we choosethe estimatorof x to minimize the to-
tal errorvariancein the obsenationsy, subjectto a constrainton
the covarianceof the errorin the estimateof x, sothatwe control
the dynamicrangeandspectralshapeof the covarianceof the es-
timation error. The resultingestimatorof x is referredto asthe
covarianceshapind.S (CSLS)estimatorandis developedin Sec-
tion 2. In Section3 we shav thatboththeridge estimatorandthe
shrunlen estimatorcanbe formulatedasCSLSestimators.

In Section4 we shaw thatthe CSLSestimatorhasa property
analogougo the LS estimator Specifically it is shavn to achieve
the CRLB for biasedestimatord1, 2, 8] whenthe noiseis Gaus-
sian. This implies that for Gaussiamoise, thereis no linear or
nonlinearestimatowith asmallervariance or MSE, andthesame
biasasthe CSLSestimator In Section5 we analyzethe MSE in
estimatingx of boththe CSLSestimatorandtheLS estimatorand
shav thatin mary caseshe CSLS estimatorcanresultin lower
MSE thanthe LS estimatorby allowing for abias.

Basedntheconcepbf CSLSestimationjn Sectioné we pro-
poseanew linearrecever for synchronou€£DMA systemsvhich
we referto asthe covaraicne shapingmultiuser(CSMU)recvier.
The CSMU recever dependsonly on the users’ signaturesand
doesnot requireknowledgeof the channelparametersNonethe-
less,aswe demonstrategver a wide rangeof theseparameterghe



performancef the CSMU recever canapproactthe performance
of the linear minimum mean-squaredrror (MMSE) recever [9]
whichis theoptimallinearrecever thatassume&nowledgeof the
channeparameters.

2. THE COVARIANCE SHAPING LSESTIMATOR

Sincethe biasof an estimatex of x, and consequentlyhe MSE
of (4), dependexplicitly onthe unknavn parameters, x cannot
be chosento directly minimizethe MSE. A commonapproachs
to restrictx to be linear andunbiasedandthenseekthe estima-
tor of this form that minimizesthe varianceor the MSE, which
leadsto the LS estimator In our developmentthe estimatoiis not
constrainedo beunbiased.

The CSLSestimateof x, denotedxcsrs, IS chosento mini-
mizethetotal varianceof theweightederrorbetweery = HXcsus =
HGy andy, subjectto theconstrainthatthe covarianceof theer
rorin xcsws IS proportionatto a givencovariancematrix R.. From
(1) it follows thatthe covarianceof y is equalto C,,, sothatthe
covarianceof xqsws, which is equalto the covarianceof the error
in Xgsis, ISGC,G”. Thus,xcss = Gy is choserto minimize

€csts = B ((y' - HGy’)*C;l(yl - HGy’)) (5)
wherey’ =y — E(y), subjectto
GC,G* =c’R. (6)

Herec > 0 is aconstanthatis eitherspecified or choserto min-
imize ecsis of (5).

This minimization problemis a specialcaseof the weighted
minimummean-squaederror (WMMSE )shapingproblemconsid-
eredin [10]. Specificallytheproblemof (5) and(6) canberestated
asthe problemof finding thetransformatiorW to minimize

E((a-b)'C.'(a—b)), 7
whereb = Wa, subjectto
C, = WC,W* =2Q. (8)

The solutionto the WMMSE shapingproblemhasbeenobtained
in [10], andis incorporatedn thefollowing theorem:

Theorem 1 (WMM SE covariance shaping) Leta € C™ bea
randomvectorwith positivedefinitecovariancematrix C,. Let
W bethe optimal covariance shapingtransformationthat mini-
mizesthe weightedMSE definedby (7), betweerthe input a and
the outputb = Wa with covarianceC, = ¢>Q whee Q is a
givencovariancematrixandc > 0. Then

W =(Qc,)/? = pQ(c.'Q)'*c.

whee

1. if cis specifiedheng = ¢;

2. if ¢ is chosento minimizethe weightedMSEthen3 = ¢

wheeé = Tr((C;'Q)"?)/Tr(C;' Q).

In the problemof (5),a = y’, Co = Cw, W = HG, and
Q = HRH". DenotingG = (1/¢)G it follows from Theoreml
thatthe optimalvalueof G, denotedG, satisfies

HG = (HRH"C,)"/2 (9)

Usingstraightforvard matrix manipulationst canbe shavn that

~

G = (RH'C_'H)"'/?’RH"C,". (10)
If the scalinge inA(6) is specified thenthe CSLSestimatoris
givenby Xcsrs = c(N;y. If ¢ is chosento minimize ecsis, then
XcsLs = ééy, wherefrom Theoreml,
Tr(RH*C,'H)'/?)
Tr(RH*Cy, 'H)

é= (11)

Notethatxcsrs is abiasedestimatornf x, sothatwheno? —
0, Xcsis doesnotconvergeto x. Theadwantageof the CSLSesti-
matoris atlow to moderateSNR,wherewe reducethe MSE of the
estimatorby allowing for abias.Indeed,aswe shav in Section5,
for mary choicesf R, regardlesf thevalueof x thereis always
athresholdSNR, sothatfor SNR valuesbelaw this thresholdthe
CSLSestimatotyieldsalower MSE thanthe LS estimator Exam-
plesconsideredn [10] indicatethatin avarietyof applicationghe
thresholdvaluesare pretty large. Furthermore simulationspre-
sentedin [10] andin Sections5 and 6 strongly suggesthat the
CSLSestimatorcansignificantlydecreas¢he MSE of theestima-
tion errorover the LS estimatoifor awide rangeof SNRvalues.

The CSLS estimatorwith optimal scalingis invariantto an
overall gainin C,. Thusif C, = ¢%C for somecovariance
matrix C, thenthe CSLSestimatorwith optimalscalingdoesnot
dependon o. This propertydoesnot hold in the casein which ¢
is chosenasa constantindependenotf o. In this casethe CSLS
estimatordependsxplicitly on o whichthereforemustbeknown.
Alternatively, if weletc = o, thenthe CSLSestimatowill again
notdepencnao.

The CSLSestimatoris summarizedn thefollowing theorem:

Theorem 2 (CSLS estimator) Letx denotethedeterministiaun-
knownparametesin themodely = Hx+w, wheeH isaknown
n X m matrixwith rankm, andw is a zeo-meanrandomvector
with positivedefinitecovarianceC,,. Let Xcsis denotethe co-
varianceshapingleast-squags estimatorof x that minimizesthe
error (5) subjectto (6), for somec > 0. Then

%costs = B(RH*C;'H)"'/?RH"Cy,
whee
1. if cis specifiedheng = ¢;
2. if cis choserto minimize(5) theng = é givenby (11).
In [10] it is shavn thatthe CSLSestimatolcanbe expresse@s

an LS estimatorfollowed by a WMMSE shapingtransformation,
thatoptimally shapeshe covarianceof the LS estimateof x.

3. CONNECTION WITH OTHER LSMODIFICATIONS

We now comparehe CSLSestimatowith theridge estimatoipro-
posedby Hoerl andKennard[5], and Tikhonov [6], andwith the
shrunlen estimatoproposedy MayerandWillk e [7].

Theridge estimatordenoteddy xx , is definedby
%r = (H*"C,'H +0T) 'H*C, 'y, (12)

whereT is a positive definitematrix andé is a regularizationpa-
rameter The ridge estimatoris equalto a CSLS estimatorwith
covarianceRg , whereRy is thecovarianceof xz andis givenby

Rr = (I+6(H"C,'H) 'T) '(H*C,'H +46T) '. (13)



Indeed by directsubstitutionof (13) into theexpressiorfor Xcsr.s
from Theorem?2, Xcsrs = %Xr . Basedon this connectiorbetween
Xgr andxcsrs Wemayinterpretkg astheestimatothatminimizes
theerrorecsis of (5) from all estimatorsvith covarianceRx .

Theshrunlen estimatoydenotedby s, is a scaledversionof
theLS estimatorandis definedby

%s = kXs = k(H*Cy 'H) 'H*Cy, (14)

wherexk is aregularizationparameterA stochasticallynonlinear)
shrunlenestimatoiis ashrunlenestimatoiin which x is afunction
of the datay, anexampleof which is thewell knovn James-Stein
estimator[11]. The shrunlen estimatorxs canbe formulatedas
a CSLSestimatorwherethe covarianceof x¢sws IS chosento be
equalto the covarianceof xs givenby

Rs =x’(H"C,H)™". (15)

Substituting(15) into the expressionfor xcsr.s from Theorem2,
we have indeedthatxcs.s = %Xs. Thus,we mayinterpretxs as
the estimatorthat minimizesthe error ecsis of (5) from all esti-
matorswith covarianceRs .

In summarysomeof thepopularalternatesto theLS estima-
tor underthemodel(1) arein factCSLSestimatorsThis provides
additionalinsightandfurtheroptimality propertieof theseestima-
tors. However, the CSLSestimatoris more generalsincewe are
not constrainedo a specificchoiceof covarianceR.. By choosing
R to “best” shapethe estimatorcovariancein somesensewe can
improve the performancever thesel S alternatves.

As afinal note,supposeve aregiven an arbitrarylinear esti-
matex of x with covarianceC, . Thenwe cancomputethe CSLS
estimatexcsrs With R = C;. If Xcsts = %, thentheestimatex
hastheadditionalpropertythatfrom all estimatorsvith covariance
C, it minimizesthe (weighted)total error variancein the obser
vations. If, onthe otherhand,xcs.s # %, thenwe canalways
improve thetotal errorvarianceof the estimatewithout alteringits
covarianceby usingXcsrs -

4. CRAMER-RAO LOWER BOUND

The varianceof anunbiasedestimatorx of x canbe boundedby

the CramerRaolower bound(CRLB) [1, 2]. A similar boundis

alsogivenfor the varianceof a biasedestimatoy which is known

asthebiasedCRLB [8]. Specifically supposeve wantto estimate
a setof unknavn deterministicparametersc from given obsena-

tionsy. Let p(y,x) denotethe probability densityfunction of y

characterizetby x. It is assumedhatp(y, x) satisfietheregular

ity condition E(dp(y,x)/0x) = 0. Thenfor ary estimatork of

x with bias B(x), thecovarianceof the estimatomustsatisfy

E((x— EX)(x - E(X)") 2

(Im + %) JH(x) (Im + %)* , (16)

whereJ(x) is the Fisherinformationmatrix definedby

J(x)=E (%) . (17)

For the CSLSestimatoythe biasis givenby

B(%csus) = (B(RH™C,,'H)'/? — L,)x, (18)

and
aB(chSLs) _
0x -
We now shaw thatif thenoisew in (1) is Gaussiamwith zero-mean
andcovarianceC,,, thenthe CSLSestimatorachieresthe CRLB
for biasedestimatorsk with bias B(x) givenby (18).
For the linear model (1) with Gaussiamoisethe Fisherin-
formation matrix is [1] J(x) = H*C3;'H. The CRLB on the
varianceof ary estimatomwith bias B(%Xcsws ) is therefore

E((x - E(X))(x - E(x))")
> B*(RH'C,'H)/?(H'C,'H)"'(H"C_'HR)"/?
= B’R. (20)
Now, for the CSLSestimator E(Xcsts — E(Xcsts))(Xosns —
E(%css))*) = B°R, sothatthe CRLB is achieved. Thus,from

all linearandnonlinearestimatorswvith biasgivenby (18)for some
B andR, the CSLSestimatominimizesthevariance.

BRH"CL'H)Y? — 1. (19)

5. MEAN-SQUARED ERROR PERFORMANCE

In the previous sectionwe shaved thatthe CSLSestimatormini-
mizesthe MSE amongall estimatorswith a particularbias. While
it would be desirableto analyzethe MSE of the CSLS estimator
for more generalforms of bias, we cannotdirectly evaluatethe
MSE of the CSLSestimatorsincethe bias,andconsequentlyhe
MSE, dependexplicitly on the unknavn parameterx. To gain
someadditionalinsightinto the performancef the CSLSestima-
tor, in this sectionwe insteadcompareits MSE with the MSE of
the LS estimator Our analysisindicatesthattherearemary cases
in whichthe CSLSestimatoperformsbetterthantheLS estimator
in aMSE sensefor all valuesof the unknavn parameters.

In our analysiswe assumehatC,, = a2C, wherethe diag-
onalelementof C areall equalto 1, sothatthe varianceof each
of thenoisecomponentsf C,, is o2. To ensurehatthe estimator
doesnotdependn g, which maynotbeknown, we let thescaling
of the CSLSestimatobe 8 = o or 8 = ¢ givenby (11).

5.1. Fixed Scaling

We first considetthe casein which 3 = ¢. TheMSE of the CSLS
estimatoris thengiven by

MSE(Xess) = [|(RB)!? — Lu)x||” + o’ Tr(R),  (21)

whereB = H*C~'H. Thefirst termis the squarechormof the
biasof xcs1s, andthesecondermis thetotal varianceof Xcsi.s .

For largevaluesof o2 in comparisorwith ||x||?, thefirst term
in (21) is negligible andMSE (%csws ) = o>Tr(R). Thus,at suf-
ficiently low SNR, wherethe SNR is definedas ||||* /o, both
MSE(%1s) and MSE(%csis) are proportionalto o wherewe
canalways chooseR so that the proportionalityconstantTr(R)
of the CSLSestimatoris smallerthanthe proportionalityconstant
Tr(B™') of the LS estimator At suficiently high SNR, the sec-
ond term in (21) can be considerednggligible andaso — 0,
MSE(%csws) convergesto the constant||((RB)'/? — I,,,)x||%.
From this qualitatve analysisit is clearthatthereis a threshold
SNRthatwill dependn generabnx belav which, for appropriate
choicesof R, the CSLSestimatoroutperformghelS estimator

It canbeshown thatMSE(%csws) < MSE(Xys) if

Tr(B™") —Tr(R) a:
oy _CWC’

¢< (22)



where¢ = ||x||?/(¢*m) denoteshe SNR per componenty =
arg maxo;, and o; arethe eigevaluesof Q = ((RB)'/? —
I.)*((RB)!/? — 1,,,). Thebound(wc givenby (22)is aworst
casebound, sinceit correspondgo the worst possiblechoice of
parametersyamelywhentheunknavn vectorx is in thedirection
of the eigervector of Q correspondindo the eigervalueo,,. In
practicethe CSLSestimatowill outperformthe LS estimatorfor
highervaluesof SNRthan{wc -

Sincewe have freedomin designingR.,, we mayalwayschoose
R sothat{wc > 0. In this casewe areguaranteedhatthereis
a rangeof SNR valuesfor which the CSLS estimatorleadsto a
lower MSE thanthe LS estimatorfor all choicesof x.

For example,supposave wish to designanestimatomwith co-
varianceproportionalto somecovariancematrix Z, sothatR =
aZ for somea > 0. If we choosea < Tr(B~1!)/Tr(Z), then
thereis an SNR rangefor which the CSLS estimatorwill have a
lower MSE thanthe LS estimatorfor all valuesof x. In specific
applicationdt maynotbe olvioushaw to choosea particularpro-
portionalityfactora. In suchcasesywe maypreferusingthe CSLS
estimatowith optimalscaling,which we now discuss.

5.2. Optimal Scaling

In casesn which thereis no naturalscaling,it may be preferable
to usethe CSLSestimatorwith optimal scaling. In this case the
scalingis afunctionof R andthereforecannotbe choserarbitrar

ily, sothatin generalwe canno longerguaranteghatthereis al-

waysanSNRrangeover whichthe CSLSperformsbetterthanthe

LS estimator However, aswe shaw, in the specialcasein which

R = I,,, thereis alwayssuchanSNRrange.

If 3 =¢andR = 1,,, then

MSE(%csws) = ||(@BY? — L,)x||* + ma®c?, (23)
where
¢ _TBY) YN
o~ T(B) T i h
and);, 1 < i < m denotetheeigervaluesof B = H*C~1H. It
thenfollows thatMSE (Xcsrs ) < MSE(Xys) if
(1/m)>", )\;1 —a?
ey — 1)

o =

(24)

¢ < Stwe, (25)

wherey = argmax |aAl/?> — 1|2, Furthermorewhenkcsrs #
Xis, it canbeshavn that{wc > 0 sothatthereis alwaysarange
of SNRvaluesfor which MSE (%csrs) < MSE(%ys).

The bound{wc given by (25) is againa worst casebound,

sinceit correspondgo the worst possiblechoice of parameters.

In practicethe CSLS estimatorwill outperformthe LS estimator
for highervaluesof SNR than{wc. In [10] we considersome
examplesllustratingthethresholdvaluesfor differentmatricesB.
Theseexamplesndicatethatin avarietyof applicationghethresh-
old valuesareprettylarge,ascanalsobe seenfrom Figs.1-3.
Simulationspresentedn [10] stronglysuggesthatthe CSLS
estimatorcansignificantlydecreas¢he MSE of the estimationer-
ror overtheLS estimatorfor awide rangeof SNRvalues.In Fig. 1
weillustratethe performanceadvantagewith onesimulationfrom
[10]. In thisfigurewe plot the MSE in estimatinga setof AR pa-
rametersn an ARMA modelcontaminatedby white noise,using
the CSLSestimatowith R = I,,, andoptimalscalingandthelLS
estimatoyfrom 20 noisyobserationsof thechannebveragedver

2000 noiserealizationsasa function of —10log o> wheres? is
thenoisevariance As canbe seernfrom thefigure,in this example
the CSLSestimatorsignificantlyoutperformshe LS estimator

10" /i

107 : : : k!

MSE

10° I I I I I I I
SNR [dB]

Fig. 1. Mean-squared error in estimating a set of AR pa-
rameters using the LS estimator and the CSLS estima-
tor.

6. APPLICATIONTO MULTIUSER DETECTION

Basedon the conceptof CSLSestimationwe now proposeanen
linearreceverfor CDMA systemswhichwereferto asthecovari-
anceshapingmultiuser(CSMU)receiver TheCSMUrecevercan
beviewedasadecorrelatoreceier[12] followedby anWMMSE
covarianceshapingtransformation that optimally shapeshe co-
varianceof the decorrelatooutputprior to detection.The CSMU
recever dependsonly on the users’signaturesand doesnot re-
quire knowledge of the channelparameters Nonethelessover a
wide rangeof theseparameterdts performancecanapproactthe
performanceof the linear MMSE recever, that assumeknowl-
edgeof theseparametersSimulationssuggesthatthe CSMU re-
ceiver oftenleadsto improved performanceover the decorrelator
and matchedfilter (MF) recevers. This recever generalizeghe
recentlyproposedrthogonamultiuserrecever[13, 14].
Thediscrete-timamodelfor thereceivedsignaly in aCDMA
systemis y = SAb + w, whereS is the matrix of columnss;
with s; beingthe signaturevectorof theith user A is the diago-
nal matrix with diagonalelements4; > 0 with A; beingthere-
ceved amplitudeof theith users signal,b is the datavectorwith
component$; € {1, —1} with b; beingthesth users transmitted
symbol,andw is a noisevectorwhoseelementsareindependent
CN(0,0?). We assumdor simplicity that the vectorss; arelin-
earlyindependentBasedon the obsered signaly, we designa
recever to detecttheinformationtransmittecby eachuser Were-
strictourattentionto linearreceversthatdonotrequireknowledge
of the receved amplitudesA; or the noiselevel o2. Therecever
estimateghe vectorx = Ab asx = Q"y for somematrix Q.
The ith users symbolis thendetectedasb; = sgn(i;) where
Z; = q;y istheith componenbf %, andq; arethecolumnsof Q.
If we estimatex usingthe LS estimatoythentheresultingre-
cewer is equalto thewell known decorrelatorecever, introduced
by LupasandVerdu[12]. The decorrelatooptimally rejectsthe
multiple-accessnterference(MAI) but doesnot compensatdor



the white noise. Alternatively, we may estimatex usingthe MF
estimatoyxmr = S™y. Theresultingrecever is equivalentto the
single-useMF recever. The MF recever optimally compensates
for thewhite noiseonthechannelput it doesnottake thestructure
of theMAI into account.

The CSMU recever consistof a CSLSestimatorof Ab fol-
lowed by detection. Thus the CSMU recever cross-correlates
the received vector y with eachof the columnsq; of Q =
SR(S*SR)~'/2. The ith users’bit is then detectedas b; =
sgn(q;y). Thechoiceof shapingR canbe tailoredto the spe-
cific setof signatures. Alternatively, we may view the CSMU
recever as a decorrelatorecever followed by an WMMSE co-
varianceshapingtransformatiorthat optimally shapeghe covari-
anceof the outputsof the decorrelatoprior to detection sothatit
compensatefor thenoiseenhancemerdf thedecorrelatarThere-
fore,in contrasto theMF andthedecorrelatathe CSMU recever
takesboththe backgroundcoiseandthe MAI into account.

To demonstratethe performanceadwantagein using the
CSMU recever, we considerthe casein which the signaturevec-
torsarechoserasPN sequencewith norm1 andequalinnerprod-
ucts—1/N, andtheshapingR is choserasacirculantmatrix with
[R]“ =1 and[R]ij = pfOI‘i 75 ]

In Fig. 2 we plot the theoreticalprobability of bit error of the
CSMUr receverin thecaseof 5 userswith p = 0.2, wherethefirst
user thedesireduser has4 interfererssuchthat A; /A, = 0.5 for
i = 2,3,4,5. Thecorrespondingurvesfor the decorrelatarMF
andlinear MMSE recevers are plotted for comparison. We see
thatthe CSMU recever performsbetterthanthe decorrelatorand
the MF andperformssimilarly to thelinear MMSE recever, even
thoughit doesnotrely on knowledgeof the channeparameters.

: T
—&— CSMU receiver
—=— Decorrelator
== - - MF

—— MMSE

Probability of Error
I
5
T

8 I I I I I I I I I
0 2 4 6 8 10 12 14 16 18 20
SNR [dB]

Fig. 2. Probability of bit error with 5 users and p = 0.2,
as a function of SNR. The amplitude A; of the desired
user is 2 times greater than the amplitude A; of any of
the other interferers.

In Fig. 3 we evaluatethe probability of bit errorof the CSMU
recever in the caseof 10 userswith p = 0.35, andwith accurate
power control sothat A; = 1 for all 2. Hereagain,the CSMU
recever performsbetterthanthedecorrelatoandthe MF andper
formssimilarly to thelinear MMSE recever.

T T
—6— CSMU receiver
—=— Decorrelator

10°

Probability of Error
5

0 2 4 6 8 10 12 14 16 18 20
SNR [dB]

Fig. 3. Probability of bit error with 10 users, p = 0.35, and
accurate power control, as a function of SNR.
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