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Abstract

This paper proposesa hew strategy for multiuser de-
tectionin DS/CDMAsystems.The detectos are designed
to meeta deterministionvorst-caseerror performancemea-
sure. Formulationswith andwithouttheuseof training sig-

nals are consideed and a solutionfor ead is presented.

Further, they are shownto be nearfar resistant. An ad-
vantage in posingthe multiuserdetectionproblemthis way
is thatcomputationallyefficientadaptivealgorithmscanbe
derivedfor boththe blind and non-blindcaseswhoseper-
formanceis verycompaableto that of traditional RLS-lile
algorithms.lIt is alsoshownthatsharingof detectos across
uses is possible leadingto significantreductionin hard-
ware requirements.

1. Intr oduction

Multiuser detection(MUD) for Direct-Sequenc€ode
Division Multiple Access(DS/CDMA) systemddealswith
detectionof a desireduserin the presenceof interfering
usersandambientnoise. The principlesof MUD arewell
establishedand understood12]. An optimal maximum
likelihood solutionwas found in [12], whosecompleity
wasexponentialin the numberof users.Much attentionhas
beenfocussedn linearmultiuserdetectorsn which class,
thedecorrelatingletectorandthe MMSE detectomwerede-
rived[5, 6, 11]. The needto know the parameter®f the
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interferingusers(timing, signaturesequenceseceved am-
plitudesetc) is alleviated by adaptve schemeso achiere
thesegoals.However, sincetheseadaptve methodsequire
theuseof trainingbits, blind adaptve multiuserdetections
proposedn [3, 9]. A bottleneckarisesn theseadaptve de-
tectorsdueto thetrade-of betweerachievableperformance
and computationatompleity. Methodsto overcomethis
difficulty have beenproposed10].

Section?2 establishesa new performancecriterion for
MUD by imposinga worst-casedeterministicerror spec-
ification on the detector This type of performancemea-
surehasbeenusedin channelequalization[1, 2]. Solu-
tionsfor both blind andnon-blindMUD arederivedwhen
theinterferencegarameterareknown. Theseareshowvn to
be equivalentin a certainsenseandarealsonearfar resis-
tant[12]. Section3 discussesdaptve solutionsinvolving
projection-basedlgorithms.Somecorvergenceproperties
of therecursve estimatesrealsodiscussedSectiord con-
tainssimulationresultsandadiscussiorof theperformance,
andSection5 concludeghe paper

2.The Criterion for Multiuser Detection

For simplicity, we shall considera synchronouCDMA
network of K users. It is pertinentto note thata K-user
asynchronousystemcan be conceptuallyviewed as an
equvalentsynchronoussystemwith (2K — 1) users|[8].
Throughouthis paperwe assumehatuserQ is thedesired
userto bedemodulatedln asynchronousetup,‘one-shot”
detections possible Thatis, symbolsaredetectedasedn
therecevedsignalin onesymbolperiod(T’). Thereceved



signalin theintenal [T, iT + T), is givenby

r(t) = Aobo(n)so(t—iT) + i Agby(3)sk(t —iT) +n(t)

k=1

(1)
in which Ay, by (i), sx(t) arethe receved amplitude, i**
symbolandsignaturesequencef thek!" usef respectiely.
We further assumethat “short codes” are used,although
thisassumptioris needednly in Section3, whereadaptve
algorithmsarediscussedThisimpliesthatthesignaturese-
guencesare periodicwith a periodequalto the spreading
gain,N:

N—-1
se(t) = ) ar()p(t—IT.); T=NT; telo,T)
=0

and si(t — iT) = sg(t) Vt,i. (t) is a rectangular
chip waveform of durationT, and{a} is a binary-walued
spreadingcode. The receved signalis chip-matchedil-
teredand sampledat the chip-rate(1/T.), which yields a
discrete-timanodelfor the signalasfollows:

r(i) = (AS)Tb(i) + n(i) (2)

wherer(i) isaN x 1 vectorof thesampledecevedvalues,
ST =[so,-.-,sK—1] isan N x K matrix of the spreading
sequencand A = diadl, A;,...,Ax_1] isthe K x K
matrix of receved amplitudes(without loss of generality
we havenormalizedheamplitudesuchthat 4y = 1). Also
b(i) = [bo(i),...,bx_1(i)]T isthe K x 1 vectorof bits of
the K userqby(z) is thedesiredbit to bedetectedandn(s)
isaN x 1 vectorofi.i.d. zero-mearGaussiamoisesamples
eachwith variances?. A lineardetectoiisan NV x 1 vector
co, thatlinearly mapsthe receved vectorto the decision
output:

bo(i) = sgrizo(i)] Vi (3)

whereby (i) is the estimateof by (4).

Commonperformancendicesfor the designof linear
multiuserdetectorsncludethe zero-forcing(decorrelating)
andtheMMSE criteria. Thedecorrelatingletectomullsout
the contribution of the multiple accessnterfererg MAI) in
the output, but resultsin noise-enhancementhe MMSE
detectorachieves a balancebetweenMAIl and noisesup-
pressiorby partially suppressinghe MAL.

2.1 Formulation with training

In this section,we proposea performanceneasurehat
ensureshattheworst-caserrorachiezedby the detectolis
boundedy aspecifiedvaluefor all receveddatathatcome
from a certaindesignspace By doing so, we canbe as-
suredof goodperformanceon a deterministidasis,i.e., of

achieving boundeckerrorsfor a large subsebf the possible
recevedsignalvectors.We mightalsobeableto designthe
detectorsothatit resultsin errorfree decisiondor a subset
of thereceved vectors. In certainspecialcaseswe shav
the equivalenceof this detectorto the MMSE detectorand
thedecorrelatingletector

Let the error specificationbe that the maximumallow-
ableerrormagnitudds setatavaluey > 0. Thatis, design
adetectore, suchthat

sup  lef=  sup  |bo—cir|<y (4)

boe{—1,1},reH boe{—-1,1},reH

whereH is adesignspaceconsistingof all therecevedvec-
torsformedby theadditive noisevaluesboundedn magni-
tudeby someconstan{s,,:

HE {r=(A9)Tb+n: ||n|le < Bn, V¥be {-1,1}%}

where|| - || IS thevectorinfinity norm. GivenH, thereex-
istsasetof detectorshatcanachievetheerrorspecification.
This setis calledthe feasibility setF andwe needto find
ary c, € F. Inthefollowing, a sufiicient conditionfor the
existenceof a non-emptyfeasibility setis given. By upper
boundingtheerrorexpressiorusing(4), (2) andminimizing
overall ¢, it canbeshawvn that

It [I(AScx —&o)ll1 + Bnlleslls < 7, (5)

thenc, is a detectorthat meetsthe error magnitudespeci-
2
ficationwherec, = R 1sg, R = (STA2S + %I) and
& = [1,0,...,0]T is the unit vectorof dimensionk x 1
(Il - |l1 is the vector1-norm). Using (5), 3. canbe chosen

suchthatthereis atleastonedetectomwhich meetsheerror
specificationy. It is interestingo notethefollowing points:

e Thestructureof the detectoris very similar to that of
the MMSE detector In fact, if (5) is metfor 3, =
V(K /N)o,, thenc, isthe MMSE detector

¢ Inthenoise-freecasewecanlet 3, — 0 whichresults
in c, reducingto thedecorrelatingletector Sinceit is
known thatthe decorrelatingletectoris nearfar resis-
tant[5], it followsthatc, is alsonearfarresistant.

e By settingy < 1, we imposethe constraintthat the
detectormale no errorswheneer the receved signal
comesfrom thedesignspace.

2.2 Formulation without training

The MMSE counterparfor blind (anchoredyletectioris
the Minimum OutputEnegy (MOE) criterion. We impose
ananalogougriterionin thisframavork thattheworst-case
outputmagnitudebe boundedrom above by a specifiedy



undertheconstrainthatthe projectionof thedetectoiin the
directionof thedesiredsignaturesequencéefixedatunity.

In this case the problemis to designa detectorc, such
that

sup |z| = sup |cfr| <7, (6)
réeH recH
subjectto the constraintc!'sy = 1. A sufiicient condition
for thisto bepossibles givenby:

[|ASe.lr + Brllexlr < v, (7

wherec, = mR—lso andR is definedas before.
0

This detectoris a scaledversionof the non-blindcaseand

so achieresthe sameperformance. This is similar to the

equialenceof the MMSE andthe MOE detectorg3].

3. Low-Complexity Adaptive Algorithms

The previous sectionoutlined possible“of f-line” solu-
tionsfor theproblemposed.Theserequireknowledgeof the
interferencgarametersanundesirabl@verloadfor imple-
mentationin real systems.In the following, adaptve algo-
rithms are proposedor adaptatiorwith andwithout train-
ing. Thesealgorithmsusea constrainedeast-squares-li
costfunctionandarederivedusingideasof projectiononto
convex sets.In eachof thefollowing caseswe will derive
algorithmswith automatiandvariablegainassignmenand
sparsaipdating.

3.1 Casel: Adaptation with Training

Considetthecasean whichtrainingbits areusedinitially
for corvergenceof the detectoyafterwhich the updatingis
performedin decision-directeanode. For the it symbol,
we receve the vectorr(¢) andthe desiredoutputis the bit
that was transmitted,by(¢). To develop a recursve algo-
rithm, assumehat c(i — 1) is the detectorat time i — 1,
obtainedusingthe values[r(k), bo (k)]i_", . This methodis
similarto thatproposedy theauthordor agenerafiltering
problem[2, 7], namely to constructa quadraticcostfunc-
tion attime i, givenby

Fle)=(c—c(i—1)"W ' (c—c(i—1), (8)

whereW is somepositive-definiteweightingmatrix. The
estimateatthe presentime is thenobtainedby minimizing
this costfunction subjectto the constrainthatthe error be
lessthanor equalto the errorspecification;y. Thatis,

[bo(i) — "x(i)] < 7. 9)

This constraintdescribesa pair of N-dimensionalhyper
planes, the interior of which is denotedby O(i) =
{c:|bo(i) — cTr(i)| < v} - aconvex setin RN . If c(i — 1)

belonggo O(i), thenthereis noneedo updateheestimate
attime . Otherwisethenew estimatdies onthebounding
hyperplanenearesto ¢(i — 1), resultingin an a posteri-
ori error magnitudeof exactly v [7]. The conditionto be
checledis whetherc(i — 1) € O(i), which is equivalent
to checkingwhether|d ()| < -+, whered(7) is the a priori
error, givenby §(i) = by (i) — c(i — 1)Tr(4). Theupdating
equationdor anarbitraryW > 0 are:

@) <y = c@i)=cli-1) (10)
A(2)6(1)Wr ()

0EI>y = el@)=cl-D+ - Saam)

whereG(i) = [|r(i)|2, andA(i) = gy (P8 — 1) is the
time-varying gain term and alsothe Lagrangianmultiplier
in thesolutionof the above constrainegroblem?

In general,the computationalcompleity of the algo-
rithm aboveis of orderN2, butin real-timeimplementation,
is computationallflessintensie dueto selectve updating.
By settingW equalto the inverseof the weightedcorrela-
tion matrix of therecevedvectors,we obtainan RLS-type
algorithmwhich is termedAPEC-RLS(A PosterioriError
ConstrainedRecursie LeastSquares)In this caseattime
i, we have anadditionalupdateof the matrix W givenby

P(i—1) (11)
A@P@G — Dr@)eT ()P —1)
(L+AH)G())

PGi) = P(i—1)—

On the otherhand,by settingW = Iy, wherely is the
identity matrix of size N, we obtainanorder N algorithm
with selectve updatingwhich is termed APEC-LMS, by
analogyto the LeastMeanSquareslgorithm[2]. At each
time, the estimatein APEC-LMSis obtainedsuchthatthe
vectorc(i) — c(i — 1) is orthogonalto the nearesbound-
ing hyperpland2]. This happendecausehe costfunction
(8) reduceso the Euclideannormof the detectorerror. An
importantpropertyof this algorithmis thatat eachtime, the
estimatemovescloser(in the 2-norm)to every pointin the
feasibility set. Hencethe sequencef errorsis monotone
non-increasing.lt canalso be shovn that asymptotically
thevalueof the predictionerrorbecomedessthanor equal
to v in magnitudeandalsothealgorithmsceaseupdating.

For adaptatiorwith trainingbits, thealgorithmsoutlined
above canbe usedto designdetectorsthat guaranteghe
asymptoticworst-caseerror to be boundedfrom above by
the specifiedy. Recursie algorithmsfor blind adaptation
areconsiderechext.

1For somematrix W > 0, the inner productbetweentwo vectorsx
. . A
andy with respecto W is denoteddy (x, y)w = xT Wy, andthenorm
. - A
inducedby thisinnerproductoy ||x||2, = xT Wx.



3.2 Case2: Blind Adaptation

Ideassimilar to thoseusedfor deriving the above algo-
rithmsareemployedin the developmentof blind recursve
algorithmswith anoutputspecification.For blind adaptve
MUD with anMMSE criterion,anLMS algorithmwaspro-
posedin [3], anda blind RLS algorithmhasbeenrecently
proposedn [8] to suppres®othMAI andnarrovbandinter
ference.A blind MUD recever in conjunctionwith beam
forming via an antennaarrayis proposedn [4]. This re-
ceiverusesasimilarcriterionfor adaptve blind MUD to the
oneusedhere,althougha differentalgorithmis proposed.

In theblind casewe havetwo constraintéo meetateach
instant.First,theoutputmagnitudemustbelessthany. The
otheris thatthe componenbf the detectorin the direction
of the desiredsignaturesequencde unity. As before,the
updateshouldbe suchthatthe costfunction F'(c), defined
in (8), beminimizedsubjectto thesetwo constraints,

()] < v

cTso =1

(12)
(13)

We denotethe setof all detectorghatsatisfy(12) by O(3).
Assumehate(i—1) satisfieg13),thenasbeforejf |6(i)| =
|c(i —1)Tr(i)| < v, thereis noneedto updatetheestimate.
However, if suchis notthe casethenthe updateshouldbe
suchthatc(i) € O(®i) N {c:sfc = 1}. The solutionfor
c(i) is obtainedby the methodof Lagrangemultipliersand
is givenby:

6@ <y = (@) =cli—1) (14)
6@) >y = e(@) =c(i—1) - w(0)6()) Wr (i),

where
() = r( —“Tfs);iﬁgzwso (15)
- 2 2
(i) (1 |6(i)|) lIsolls (16)

Ie@ > llsoll — (r(i), s0)%

Here,r (i) is the componenbf r(i) thatis orthogonalto
the desiredsignaturesy, i.e., s Wrt(i) = 0. By set-
ting W = Iy, we obtain an orderN algorithm called
APOC-LMS (A PosterioriOutputConstrained eastMean
Squares)Althoughit is possibleto obtaina corresponding
RLS-likealgorithm.,it is notadvisabldo usetheassignment
in (11)whichresultsn P (i) beingamonotonicallydecreas-
ing sequencef matrices.Numericalinstabilitiescanarise
becausef the denominatoin (16) goingto zero. It is our
conjecturehatthisdifficulty canbeovercomeby settingW
to be an exponentiallyweightedtime-areragedcorrelation
matrix of r(z), but thisissuerequiresfurtherinvestigation.

4. Simulation Studiesand Discussion

A 10-user synchronousDS/CMDA system with a
spreadingainof 20 wassimulated.Theinterferencempli-
tudeswereall choserto befivetimesthedesiredusersam-
plitude,to simulatea severenearfar situation. The spread-
ing sequencevasgeneratedandomlyfor all the usersand
wasvariedfrom trial to trial for all the interferers keeping
thesignaturesequencef thedesireduserinvariantthrough
the trials. This approximatelymodelsthe effect of arbi-
trary delaysin an asynchronousystem. The signal-to-
backgroundhoiseratiowas20 dB afterdespreading.

The time-areragedSignal-to-Interference+NoisRatio
(SINR) wasusedasa measuref performancef theadap-
tive algorithms. The off-line detectorin (5) resultedin a
SINR of 18 dB which was the sameas achieved by the
MMSE detector On the other hand, a matchedfilter re-
sultedin an unacceptable8 dB SINR. The plots of the
performanceof the proposedalgorithmsfor adaptingwith
trainingandblind areshavn in Figures(1) and(2). There-
sultsareaveragedver 500trials. Thetime-avzeragedSINR
attime1 is givenby

220 (e (i — 1)Tsg)?

20 lex (i — )7 (0 (4) — bo,k(4)80)]2

SINR(i) =

?

wherethe subscript: indicesthe k* trial.

In Figure (1), training bits were usedfor the first 500
symbols after which adaptationswitchedto a decision-
directedmode. The valueof v wassetto 0.4. The APEC-
RLS updatedn approximatelyl 10 symbolsout of thetotal
of 1000 while the APEC-LMS updatedabout370 times.
It canbe seenthatthe APEC-LMS andthe standard-MS
(with stepsize= 0.001)have not achieved steady-statén
500 symbolsresultingin a degradationin performancen
the decision-directednode. On the otherhand,the APEC-
RLS performscomparablyto thetraditionalRLS (with for-
gettingfactorof 0.995)while usingonly 10% of the sym-
bols for updating. In Figure (2), it can be seenthat the
APOC-LMSdoesaswell astheforgetting-factorRLS of [8]
while updatingabout460symbolsout of 1000,andoutper
formsthetraditionalLMS algorithm. The valueof v here
was1. A higher~ would resultin reducedupdating,but
therewould be somelossin performancendvice-versa.lt
is at the designerontrol to adjustthe value accordingto
thetrade-of betweertheresourceswvailableandtheperfor
mancedesired.

Previous experiencein generaladaptve filtering with
thesetypes of algorithmsreveal that they are extremely
adeptat trackingtime-varying systems.lt is expectedthat
the algorithms presentechere also feature the ability to
track time-variationsintroducedby usersswitching on or
off. Also, it hasbeenshavn in [1] thatthe sparsaupdating



canbe usedto advantagewhenmultiple filters needto be
adapted. Sincesuchis the casehere,wherewe have one
detectorfor eachuser an updatorsharedschemes possi-
ble by which the numberof updatorsneededs drastically
reduced.This leadsto significantsavings in the hardware
requirementsn a practicalsystem.For moredetails,refer
to[1].

5. Conclusion

This paperhas presenteda new design criterion and
resulting algorithms for linear multiuser detection in
DS/CDMA systems. The detectorensureghat the worst-
caseoutputerror is boundedin magnitudeby a designer
specifiedvalue. Solutionsto this problemfor systemsn-
volving trainingbits andotherwisewerepresentedProper
tiesof thesedetectorsverediscussedandthey wereshavn
to be nearfar resistant. Connectionsto the MMSE and
decorrelatingletectomwereshovn in specialcasesFurther
novel adaptve algorithmswere presentedvhich featurea
selectve-updatingapability It wasalsoshowvn via simula-
tionsthatthesealgorithmscansere asmeango reducethe

computationaloadwhile renderingexcellentperformance.

APEC-LMS

Time averaged SINR

I I I I I I I I I
100 200 300 400 500 600 700 800 900 1000
Symbols

Figure 1. Performance with training
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