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ABSTRACT

In this papemwe considetturbo-codednulti-userDS-CDMA
communications.We first presenta new schemefor Soft-
Input Soft-Output multi-user detection. Our method pro-
videsthe Maximum A Posterioriestimatefor eachuserbit
togethermwith its fiability in theform of anextrinsicinforma-
tion. It is basedon the stackalgorithmover thetreediagram
of the CDMA channel. The Soft-Input Soft-Outputmulti-
userdetectoris thenassociatedo a bankof turbo-decoders
in aglobalturboloopto performiteratively multi-userdetec-
tion and turbo-decoding. Simulationresultsshawv the high
efficiengy of the proposednethod.

1 Introduction

Theturbo principle wasfirst introducedin [4] for theitera-
tive decodingof parallel concatenatedonvolutional codes;
it hasbeengeneralizedo differentcommunicatiorproblems
suchasthe decodingof serially concatenateadodes,joint

sourceand channelcoding, turbo interferencereductionor

turboequalization.

Recently some authorshave consideredthe application
of the turbo principle to the separationand decoding of
K codedusersthat communicateover a CDMA channel
[8][2][10][12]. Basically thesolutionconsistsn considering
the CDMA channelasa code,andin applyingtheprinciples
of theturbo decodingof serially concatenatedornvolutional
coded3].

The problemof Maximum Lik elihood(ML) estimationof
theinformationbitsis brokeninto two “simple” ones:(i) Soft
Input Soft Output(SISO)Multiple Accessinterferencesup-
pressionand(ii) SISOdecoding.Thetwo modulescommu-
nicateiteratively in a globalloop by exchanginga “global”
extrinsic information over information bits and codedbits,
until no substantiahmeliorations providedby anadditional
iteration. The SISO decoderitself is turbo sincethe code
consideredn this paperis the turbo codenormalizedin the
UMTS [1]; the turbo code consistsin the parallel associa-
tion of two elementary8-statecorvolutional codes. There-
fore,in thegloballoop, onepassof the SISOdecodeicanbe
decomposedhto sereral passesn the local turbo decoding
loop. In thelocal loop alocal extrinsic informationover the

information bits is exchangedbetweenthe two component
SISO8-stategrellis decoders.

In Section2, we present suboptimaMaximumA Poste-
riori multiuserdetectowith soft output.Our subMAPdetec-
tor is basedon the stackalgorithm[7] overthetreediagram
of the CDMA channel.Thestackalgorithmpresentgwo ad-
vantagegi) it providestheexactML estimateand(ii) its nu-
mericalcompleity is linearwith the numberof userswhen
the Signalto NoiseRatio (SNR)is high. In Section3 we in-
tegratein the branchmetricsof thetree diagrama Bayesian
prior over the userbits; this Bayesiarprior is in practicethe
global extrinsic information provided by the bank of turbo
decoders.In Section3 we also explain how one computes
the extrinsic information provided by the SISO detector In
Section4, we discusghe associatiorof the multiuserdetec-
tor with the bankof singleuserturbo decoders.Simulation
resultsarepresentedn Section5.

2 Multiuser detection based on the tree diagram

Recall that the model of a CDMA channelwith additive
white Gaussiamoiseis thefollowing:
r=Sb +n, Q)

whereb = [by,...,bk]? is the vectorof usersbits, S =
[s1,-- . ,sk] is thematrix of normalizedsignaturesandn is
a zeromeanGaussiarvectorwith independentomponents:
n ~ N(0,0%I).

Clearly, theproblemof ML detectiorontheadditive white
Gaussiamoisechannelis equivalentto minimizing || Sb —
r %

b=Arg min |[Sb—r|?. 2)

be{+1}¥

Considerthe QR decompositiorof S: S = QR whereR is
anuppertriangularmatrix andwhereQ is a unitary matrix,
thatis to sayQ”Q = I. It canbe showvn that minimizing
|| Sb — r ||? amountsto minimizing || Rb — z ||?, where
z = QTr is an exhaustve statisticsfor the problem. The
uppertriangularstructureof R makesit possibleto solve this
problemasthe detectionof a shortesipathin atreediagram
of theform displayedon Figure 1. The branchmetricsover
thetreediagramare:

branch (bg,bx 1, -+ ,bk) « [(Rb)r — 2] (3)



where(Rb), = 37, r R(k,i)b; isthecomponenhumber
k of vectorRb.

Recently we have proposedo usethe stackalgorithmto
solve this problem[13]. The stackalgorithm (Zigangirov,
1966[14]; Jelinek,1969[7]) keepstrack of a few pathsand
theircorrespondingnetricsin astack;theheadof thestackis
alwaysthe pathwith the shortesmetricamongall the paths
in the stack. At eachstepof the algorithm, the pathat the
headof the stackis extendedby one branch,thusyielding
two successorghetwo successoralongwith theotherpaths
in the stackarereorderedsothatthe headof the stackis al-
waysthe pathwith the shortestmetric. The processof ex-
tendingthe pathis thenrepeatedintil a completepathwith
K branchss found.

The stackalgorithmhasthe advantageto producethe ex-
actML solution,contraryto the othermethodsover thetree
diagramsuchastheFanoalgorithmor thefeedbacldecoding
algorithmwhich aresuboptimal9]. Whatis more,for high
SN Rs, the numberof branchmetricscomputedper useris
equalto 2, leadingto a linear complexity with the number
of users. At a high SN Rs, the stackalgorithmnever turns
backoverthetreediagram;the procesof selectingthe best
successoamongthetwo successoref the headof the stack
alwaysselectsthe true pathbecausehis pathis muchmore
probablethatthe otherpathsin the stack.

User bit = '+1"T
User bit = 1l

User 3 User 2 User 1

Figurel: Treediagramfor K = 3 users.The bold pathis
b= (bl, bz,b3)T = (+]., +]., —].)T.

3 SubMAP detection over thetreediagram

In orderto perform iteratively the multiuser detectionand
thedecodingn aturbo mannerwe mustadaptthe detection
algorithm (i) to accountfor a Bayesianprior over the user
bits (this informationis suppliedby the outputof the turbo
decodersat the previous iteration) (i) andto supply a soft
decisionin form of anextrinsicinformationthatwill beused
astheinputof thebankof turbo-decoders.

3.1 Branch metrics update with Bayesian prior
Supposehatthereis a Bayesiarprior over by:

logp(by, = +1; Zi™) = sign(by,) Z* + constant,  (4)

Thenthe completelog-likelihoodof log p(b | z; Z™*) is, up
to anadditive constanterm:
logp(b | %Z"™) = 3.y sign(be) 2"
_(2‘72)71 Zk:K((Rb)k - Zk)z
®)

Thisis thecumulatednetricsof thepathb wherethebranch
metricsaredefinedas:

: 1
branch (br,brx—_1,---,bk)  sign(by)Zy* — 2—2[
g
(6)

whereZi® = (Zin, ... | Z) istheparameteof thedistribu-
tions.

3.2 Extrinsicinformation computation
Thea posteriorilog-likelihoodratio of by, is:

(b = +1| 7 Z")

p
LLR(b =1 . 7
R‘( k | Z) og p(bk - _1 | Z;Zm) ( )
For computationateasonst is approximateds:
LLR(b | ;Z'") ~ maxy/p, =41 10g p(b, z; Z) ®)

—maxy /p, =1 log p(b, z; zm).

This suboptimalapproachconsidersonly the bestpathsuch
thatb, = +1, andthe bestpathsuchthatb, = —1. This
approximationis valid at high SN Rs. It is corventionalto
use suboptimalcomponentsn turbo loops sincethe itera-
tions have the potentiality to correctthesesuboptimalities
[11]. Notethatin Eq. (8) thejoint log-likelihoodlog p(b, z)
is the cumulatedmetricsof the pathb in the tree diagram
with the branchmetricsdefinedby (6).

Supposefirst of all that k¥ = K, thatis to saythat the
userconsideredorrespondso theroot of thetreedisplayed
on Figurel1. The half upperpartof the tree correspondso
bk = +1 whereagshehalf lower partof thetreecorresponds
tobg = —1.

The most probablepathsuchthatby = +1 is thenob-
tainedby applicationof the stackalgorithmto the tree re-
ducedtoits half upperpart. Thisreductioncanbeperformed,
for example,by settingthe metricsof the branchbx = —1
to minusinfinity. Similarly, themostprobablepathsuchthat
bk = +1 is obtainedwith the stackalgorithmover thetree
reducedo its half lower part.

Supposenow thatk < K sothatthe userk is not at the
root of thetree. We proposehefollowing stratgy: first, we
reordertheusersn vectorb sothatbit b, beattheroot; after
reordering,

b:(bh... Jbr—1,brg1, 7bK;bk)T- 9)

The samepermutationshouldbe appliedon the vectorsz
andZi® aswell asonthe columnsof thematrixR..

Thepermutatiorof thecolumnsof R producenesubdi-
agonaklemenbncolumnsk, k+1,--- , K — 1. With subdi-
agonaklementghetreerepresentationf theproblemis lost.

(Rb)k — zk]z.



Thesubdiagonatélementarethereforeeliminatedoy means
of Givensrotations[6]. Thefirst rotationcombinegheline

K — 1 andtheline K of thematrix R to eliminatethe subdi-
agonalelementR(K, K — 1) of columnK — 1. Thesecond
rotationcombineshelines K — 2 and K — 1 of the matrix

R to eliminatethe subdiagonaklementR(K — 1, K — 2)

oncolumnK — 2, andsoon. ThesameGivensrotationsare
appliedto thevectorz.

Givensrotationsare unitary transforms. Therefore,the
quantity ||z — Rb| |* is not modified by the setof permu-
tationsand Givensrotations. The completelog-likelihood
log p(b, z; Zi™) is the cumulatedmetricsof the pathb in the
reorderedree diagram. And for b the computationof the
a posteriorilog-likelihoodratio (7) canbe doneeasilyfrom
thereorderedreediagram.

Theglobalextrinsicinformationproducedy theSISOde-
tectoris obtainedas:

79w = 0.5 LLR(by, | z; Z") — Zi2. (10)

Theextrinsicinformationrepresentthedistribution of bit by,
giventhesoftchannelaluesz, andgiventheBayesiarpriors
overbitsb;, i # k with anequiprobablerior over bit by:

by = +1|z;Z»
Z" = 0.5 log P | ")

—k’ 11
p(br = —1]2;Z™)) a1

whereZ™, = (Z®,---,Z» 1,0, Z% |,--- , Z®). As al-

ways theBayesiarprior Zi* overby, is nottakeninto account
in theoutputextrinsicinformationZg"* of thesamebit. This

malesit possibleto avoid too strongcorrelationdbetweerthe
successie iterationsof the globalturbo process.Too much
correlatiorbetweertheiterationscouldindeedeadto afixed

pointthatcouldbealocal extremumof thelik elihood.

4 Turbo decoding and the global extrinsic information
passing

In a very similar way to the turbo decodingof serially con-
catenatedodestheextrinsicinformationsZg"* producedy
thedetectoraretheonly inputsof thebankof turbodecoders.
Thesequantitiesare demultipleced at the output of the de-
tector, sothateachturbo decodehasasinputsthe extrinsic
informationsrelative to the information bits and parities of
theconcernediser(seeFig. 3).

Theturbodecodingis performedasif the extrinsic infor-
mationsZg"* weresoftchannelaluesoveranadditive white
Gaussiamoisechannel.Indeedif z = b + n whereb = £1
andwheren is a Gaussiamandomvariablewith mean0 and
variances?, thenlog[p(by = +1 | 2)/p(by = —1 | 2)] =
2/0? 2. z isthereforehomogeneouwm halfthelog-likelihood
ratio. Theturbodecodingloop is displayedon Fig. 2. Each
componentdecodergenerates local extrinsic information
relatively to the informationbits only. This extrinsic infor-
mationis exchangedteratively betweerthe two component
SISOdecodersnsidethelocal loop. At the lastiterationof
turbo decoding,the turbo decoderprovidesa global extrin-
sicinformationrelatively to boththeinformationbits andthe

From the SISO

From the SISO Global Extrinsic Global Extrinsic

Information MultiUser Detector Information

cubMAP j@:: :@:; SUbMAP j@:{
decoding for RSC I decoding for RSC p———————
Interleaver

Decision
Local Extrinsic Information
Delnterleaver |«

Figure2: Local Extrinsiclnformationpassing.
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Figure3: GlobalExtrinsic Informationpassing.

parities. This informationis globally extrinsic becauseif it
concerndit by, it doesnottake into accountheinput of the
turbo decoderrelatively to by but only the inputsrelatively
to bits b;,7 # k. The global extrinsic informationproduced
by theturbodecodeiis thenoneof theinputsof thedetectoy
togethemwith the channelvalues,at the next iterationof the
globalloop.

5 Simulation results

For computationalissueswe considerthe caseof K = 9
userswith N, = 20 chips. The signaturesare Gold se-
guence®f length63, truncatedat N, = 20.

5.1 Treedecoding algorithm

We first simulatethe performance®f the (hardoutput) ML
detectorbasedon the stackalgorithmover the treediagram.
Figure4 plotsthe BER obtainedwith the stackalgorithm,
thefeedbacldecodingalgorithm[13], whichimplementsap-
proximateML detectionby meansof a sliding window of
lengthL (here,L = 3, L = 2, L = 1), thedecorrelatodetec-
tor, aswell asthe singleuserbound(BPSK).At high SN Rs
the stackalgorithm achieses the single userbound, unlike
othertechniquesFor example,againof 3.57 dB is obtained
ata BER of 10~? if onereplaceghe standarcdecorrelator
by the stackalgorithm. The averagenumberof branchmet-
rics computedto go throughthe treeis displayedon Figure
5 for differentS N Rs. At high SN Rsthe numberof branch
metricscomputeds equalto 2 peruser

5.2 Iterative SISO detection/tur bo-decoding

We considernow the iterative associationof the subMAP
multiuserdetectorto a bankof turbo decodersasdisplayed
on Fig. 3. Within eachgloballoop, 5 iterationsof turbo de-
codingareperformed.Moreover, we considerup to 5 global

iterations. The normalizedUMTS turbo codewith 640 in-

formation bits is used; this turbo code hasa free distance
dy = 26 [5]. In the decodingthe SN R is not known and
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Figure5: Averagenumberof branchmetricscomputedper
block of K users.K = 9 usersGold sequencesf length63

truncatedat N, = 20.
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Figure6: K = 9 users,N. = 20 chips,UMTS TurboCode
(rate = 1/3), 640 information bits per user 5 iterationsof
turbodecodingperglobaliteration,5 globaliterations.

we seto? = 1 in the branchmetrics. The SISOcomponent
decodersiremaxlog MAP decodergl11]. The FrameError

Rateafter eachglobaliterationis displayedon Fig. 6. Con-

vergences obtainedafteronly 3 iterations;this caneasilybe

explainedby the quasioptimality of the subMAP detector

andof theturbo decoder(with 5 iterations). A residualgap

of about0.1 dB is obsened betweenthe single userbound

andthemulti userperformance.

6 Conclusion

In this paperwe have proposeda new SISOmultiuserdetec-
tion structureof the subMAPtype,andwe have associatedt
to a turbo-decodem aniterative global detection/decoding
loop. We have checledby simulationsthe high efficiency of
theproposedstructure.
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