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Abstract— Multiple-Access Interference (MAI) has been con- (MCMC) to generate a number adndom copiesfor PDA
sidered as a major performance-limiting factor in the new statistics by running over the underlying Markov process of
generation CDMA systems. Multiuser detection (MUD) methods the communication channel. By doing so, the Markov chain
have been proposed to mitigate the MAI from the co-channel . '
users by incoporating the cross-correlation properties between can t_ravel acr(_)ss a number of |_rnp0rtz_anpe SamP'es (symbol
users. Recently, two classes of emerging techniques, probabilisticc@ndidates) driven by the dynamic statistics obtained by data
data association (PDA) and Markov Chain Monte Carlo (MCMC) association. The outputs are calculated by averaging over the
methods, have been applied to the multiuser detection. In this conditional APP probabilities of those samples. We show via
paper, we present a new method, named Monte Carlo PDA ymerical examples that the MC-PDA achieves a considerable

(MC-PDA), that incorporates the concepts of both to give a . .
more reliable inference of the CDMA symbols by appropriately improvement over both the generic PDA detector and the

modelling and updating the MAL. The methodology is general MCMC methods through turbo iterations.
and can be applied to other communication channels. The paper is organized as follows. In Section I, the system
model of the synchronous, random-spreading CDMA channel
is described. The iterative receiver structure that performs

Multiuser Detection has attracted much attention during tli@int decoding to the channel is reviewed. In Section IlI-
last decade, and considered as a promising receiver for thea MCMC-type PDA algorithm named MC-PDA is pre-
next-generation wireless system. Iterative detection structwented. We show the conventional PDA and Gibbs sampler
[3], [4], [B], [6], which applies the principle of the well- are special cases of MC-PDA, and the relation of the two
known turbo decoding to the joint detection of the CDMAs discussed in Section IlI-B. A reduced-complexity version
channel, has been ststudiednd shown to achieve the singlethe MC-PDA is developed in Section IlI-C to make the
user performance. cocomputationractable. In Section 1V, we arguably show that

An iterative receiver breaks the task of joint decoding intthe MC-PDA is a more flexible detector scheme than the
two parts: a soft-input soft-output (SISO) multiuser detect@onventional PDA and the Gibbs sampler, and results in
that generates tha posteriori probability (APP), or its ap- a significant improvement on the system performance, via
proximations, for each user, and the channel decoding bankmerical examples. Conclusions are summarized in Section
Extrinsic information on the CDMA signals is exchanged beyY.
tween the two processing cores and improves over iterations. A
number of low-complexity iterative solutions [3], [6] have been
proposed to reduce the interference from co-channel userdVe consider a synchronous-user CDMA system embed-
and resolve the triransmissionata. Recently, a prprobabilisticélgd in an AWGN channel. Each user independently generates
association (PDA) algorithm has been proposed to address ifff@rmation datab,, which are encoded with the FEC codes
detection in a variety of communication channels. In [12], Lu. The coded symbolg;. are then interleaved and spread with
et. al. showed it can achieve near-capacity performance iPepseudoandom signature sequences that are unique for each
fully-loaded CDMA system. In [13], Pham et. al. extendedser, and passed to the CDMA channel. BPSK modulation is
it to a V-BLAST system and reported better performance f@onsidered in this paper, but the extension to more complex
PDA. In [14], [15] Tan and Rasmussen developed an iteratilgodulation is straightforward. The received signal, after pulse-
multiuser receiver based on the PDA and showed that thélitering and perfect sampling, can be expressed in a vector-
new method outperforms linear SISO multiuser detectors Vieim as
numerical examples. Yin et. al. employed the PDA for an
equalizer to do iterative decoding in an ISI channel [16].

In this paper, we propose a new detector, named MC-PD#&here the channel observatignis a length&V vector, A =
that incorporates the concept of Monte Carlo Markov Chaia,, .. .,aK]T is aN x K matrix that contains the normalized

I. INTRODUCTION

Il. SYSTEM MODEL

y = Ad+n, (1)



spreading sequences of all usedsjs a length#" vector of A. MC-PDA Algorithm
coded symbols, and is the AWGN noise samples of variance |, decoding the CDMA channel in (1), APP obtains the

%'. . ] ) } _inference on datal, by summingP(dy,d_x|y,AS) for all
Figure 1 shows an illustrative dlagram of the 'tera“V%ossibled,k in (4), which has a complexity that is exponential
detector for the CDMA channels. In the figurk; and X2 iy terms of the number of users. According to the principle
denote a posteriori outputs pf the SISQ multiuser detector aggine importance sampling, APP in (4) can be approximated
the channels decoders, which are defined for isas by summing over thel_,, that are important, i.e., with larger

N d : P(dy, = 1]y, AS) ) weights. An MCMC detector that serve this purpose calculates
1( k) - n<P(dk:_1y;)\§)> ( ) the APP by

B P(d,, = 1|X§(dk),C) 1 X

Aa(di) = ln< Pl = —1pc.C) ) ®) P(dily. X5) ~ = > Pldr,d")ly), (5)
S n=1

where X5 = [A5(dy1),...,A5(dk)]" are the extrinsic outputs ) b _
of of K single-user channel decoders, anti(d;,) is the With dZ; being a random sample that is drawn from a
extrinsic information of the multiuser detector for uger distribution n,i") that is recursively computed in the Markov

chain. In this paper, we extend this method by including the
multi-tuple of the samples, rather than the explicit samples.
By doing so, a more robust distribution can be estimated to
perform future draws. The APP is estimated as

SISO { SISO Ao

Multiuser ,@ = Deinterleaver FEC Interleaver
Detector }\' x

Decoder(s)

* - N,
e 1 - n
P(di=1ly. %) ~ 5 > P(di{d{ }izly)
S n=1
Fig. 1. lterative receiver structure for a CDMA channel. 1 N (n)
S n=1
(Z?Fx;yotgtziﬁayesmn rule to the APP valué(dx|y, A;) in where dg”) = [diq,-. .,di,M]T is the vector containingy/
' samples that are independently drawn from the distribution
P(dply,AS) = Zp(dk’d—’f|y’)‘§) n§">. The key in the MC-PDA is to construct a reliable
d_. estimate on the interference teiijm= Z#k a;d; with sample

O<ZP(y\dk,d_k,AS)P(d_k,deAE), (4) multi-tuples {dE”)}#k. In classical MCMC methodsl;, is

d_ approximated with the sampld(_”k) asI, = Z#k aidl(.").
In the case that the wrong samples are drawn, this estimate
whered_ = [di,...,dy—1,dy11,dx]" denotes all the data becomes biased, which in turn affects the reliability gt

except for that of the target user. (4) includes the computatigintypically costs the Markov chain a much longer burn-in
of 25~ terms, hence is intractable for even small systemseriod to converge to the stationary distribution, especially
Low-complexity SISO multiuser detectors [3], [6] have beelm a channel with high level of correlations and high SNRs.
developed to provide an approximation to (4). Recently,twaC-PDA addresses this problem by independently drawing
classes of emerging techniques, namely, the PDA and #itiple samplesd" from »; for each user. Therefore, the
MCMC, have been applied to the multiuser detection [12fansition in the Markov chain is not between stafé®), but

[13], [14], [15], [7], [8], [9], [10], [11] and shown to outper- between the multi-tuples of the statéd!”}/  , whereby
form other suboptimal detectors. The basic processing coregirmuch more reliable estimate of. can be achieved. Here
both algorithms include interference cancellation and matge use the concept of the data association, which assumes
filtering, hence it is very promising for implementation.  the interference-plus-noise term, = I, + n as a Gaussian

source, i.e.n; ~ N (p, 3i), with the mean and variance
1. MCMC-TYPE PROBABILISTIC DATA ASSOCIATION  can be approximated as

In this section, we present a novel probability data associa- o l
tion tetechniquehat builds on the random samples generated by a Z ity

. i#k
the Markov chain of the system under study. Hence we name " —
the the new method as the Monte carlo PDA (MC-PDA). We 2;9 _ Zaz‘aT Y omet1(dim — dy) n %I @)
show that the generic PDA and Gibbs Sampler, the two well- ! M -1 27
known algorithms, are the special cases of the more general
MC-PDA. The intrinsic link and differences between the PDAvhere d; = fozl d; m/M is the mean ofM samples.
and Gibbs sampler are then explored. A reduced-complexitherefore, the sampling distribution for usecan be obtained
MC-PDA is developed at the end of the section. as in (8).

i#k



n” = Plde =1,{di}izely, A5)
X exp <—; (y —ag — H;)T (E;c)_l (Y —ag — Hk) + /\g(dk))

exp (2] (24) = ) + X500 ®

R

Now we outline the M-sample MC-PDA algorithm as Equation @7?) is obtained by normalizing the term in (8).

follows The number of indindependentmplég is a parameter that
determines the random nature of the algorithm. Whenh
MC-PDA(M) is large, the sampling multi-tuple represented fy;}x
1 Initialization: setn( — 1/2,k = K draw M contains numerous states. Hence the distribugjpnthat is

calcalculatedsed on the average statistics of these states will

show a trend of convergence. Step 3 in the above algorithm is

sweep counter n=1. . i

> FORE — 1 TO K to serve the purpose of exporting the converged estimate of the
N APP. On the other hand, i¥/ is small, MC-PDA tends toward

Calculate the mean and the covariance for the mterferencerandom machine like the MCMC methods. After a long

independent samples for each udé}i ~ 77k ; set PDA

as enough burn-in period ofV;,, the samples generated by the
o i Z -E(Wl) Markov process cqnform closely to its satstationarystribution,
K = and the average in (11) converge to the true APP value as
=1 i=kt1 . - Ns; — oo. To understand this point better, we look at two
) k-1 M- gtn) _gimy2 special MC-PDA methods:
2 _ 7I+ TZm:l(dz,m dz ) p
k M—1
o PDA: MC-PDA(c0)
K d(” 1) 2 .
n Z aa TZ ( —a; ) ©) When the number of random samples — oo, the estimates
el ' M -1 ’ in (7) converge in probability to the true mean and covariance,
= ie.

and update the sampling distribution by D
we o= (2n—a

o (28] ()7 v — i) + X5(dh) i
77k = (10) ’ P
1+ exp (2ak (Z) 1y — 1) + 2% (dk)) X, & XY= 247% —ni)aal + *I (13)
i#£k
(n) (n) . . .
Draw M indepedent sampleel") ... d";] ~ n{". Therefore, the updating value of the sampling distributign
END FOR solely depends on statistical values of other users, that is,

3 Check the convergence dmx}i,*, if so, let ne = P(dx = 1]y, AS, {ni}ixr). This deterministic process is

known as the proprobabilisticta association (PDA) [12], [13],

_ (n)
Pldi =1y, A2) =y [14], [15], [16]. It was shown by Yin et. al. [16] that the first

fork=1,..., K, got to step 6. sweep of the PDA is equivalent to the conditional MMSE filter
4 If n < Ns+ Ny, n=n+1, go to step 2. [6], while the PDA may need more sweeps to converge to a
5 Calculate the APP more reliable fixed point, implying a better performance than
| Nt that of the conditional MMSE filter at the end.
Py =1y, %) = S @
5 n=Ny+1 Gibbs sampler: MC-PDA(1))
fork =1 K If M =1, then the statistics used for recursionmpnbecomes
6 Calculate the extrinsic LLR as random by noting that the meap, = >, ad]") are

. linear superposition of the random sample, and the covariance

X (dy) = ln< P(dy = 1|.’Y,>\2)‘e ) _S(dy) (12) Y, = 20T reduces down to the noise variance since the

L= Pldi = 1]y, A3) interfering data is assumed to "). As a result,\" will
fork=1,..., K. not converge to a certain value regardless how many sweeps
are conducted. Instead, the samdl@) closely follows the

tin S'm“'at'oﬂs) we check ify, agrees by one per cent in consecutivggrget distribution as the Markov chain becomes stationary, and
sweeps, i. e || _ 19; convergence is reached i the ininequal-the average in (11) serves as a good estimate of the APP. The
ityolds for all users. MC-PDA(1) is actually the Gibbs sampler, a MCMC method

('n. i)




c— n —=(n) M n—1 —=(n—1)
NO 1 X 12771 1(d( ) dl )2 K Z (d1(m ) d )2

2 _ 204 14
%= Ty ; M—1 )J’i:zk;l M—1 (14)

that has recently become popular and widely used in variotie MC-PDA(), and the Gibbs sampler. The system in sim-
scientific explorations [1], [2], [7], [8], [9], [10], [11]. ulation is an overloaded CDMA channel, with the spreading
The numerical experiments show that if we compute ttgain N = 10. The rate3 (5,7) convolutional code is used for
covariance of the MC-PDAJ according to (13) rather than FEC. L = 200 information bits are transmitted per data frame.
the noise variance, the performance is improved. We expldReduced-complexity MC-PDA in (16) is used in simulation.
this phenomenon by arguing that (13) takes into account
the variance of residual interference caused by the random
samples, which in turn results in a more reliable sampling10® — , , . . , , , .
distribution . To distinguish this treatment from the generiGgg o
Gibbs sampler, we denote the method using (13) as the MC- g~ > = =X 56 =030 303 o o0 s 30 X e
PDA(1) and that using®, = %I as the Gibbs sampler. 1l x

B. Remarks

The MC-PDA methods with a finite parametef provide a
vast number of alternatives between the deterministic PDA ando i
the random Gibbs sampler. Compared to the Gibbs sampler,
(10) is based on the dynamic statisticsidfrandom samples,
hence it is not sensitive to the mistakes in the random draw aso™}
the Gibbs sampler. As a result, A more reliable distributjpn
is computed in MC-PDA for each step. It is also advantageous

- PDA (MC-PDA(x))
—x— Gibbs Sampler

over the PDA in cases where the PDA converge subopti- ol — - single user |
mal solution, switching it to the MC-PDA with finitd/ allows
the generation of a number sandom copiesof the PDA Lo B e o B 00098000

results, with increasing reliability that is accumulated through
the Markoy chain. We ve'rlfy this argument with numerical > 4 6 8 10 12 14 16 18 20
examples in the next section. # of Turbo iterations

C. Reduced-Complexity MC-PDA

The MC-PDA detectors need to perform an inverse on tl??g 2. BER comparison between the generic PDA and and Gibbs sampler
N x N covariance matriXxX;, for each update of the proba-Detectors.

bility 7. Luo et. al. reduced the complexity (K N?) per

sweep by applying the Sherman-Morrison-Woodbury formula Figure 2 demonstrates the BER performance of the PDA

to the inverse such that most of the computations can be sh roed ther with that of the Gibbs sample¥( = 100). It shows

among users [12]. Furthermore, Tan and Rasmussen obserY1 both methods can achieve single user performance with
that for large-scale systems, the diagonal elementX ofis . . : .
a few iterations at’ = 15. However, ask increases, which

dominant [15], i.e. corresponds to a more correlated channel, the PDA achieves
N a much lower BER than the Gibbs sampler. This is due
¥, =~ Diag(X) = Zm )+ — | . (15) to the fact that the PDA updates the a posteriori sampling
#k distribution ;, based on the average statistics in (13), while
the Gibbs sampler uses just one random sample for that
purpose. However, ak’ = 22, both detectors fail even with
(n 2 5 , . -1 20 turbo iterations, which means even the more robust PDA
L é{l +exp (‘(7231@ (Y — 1) — )\z(dk)ﬂ , (16) only converges to a suboptimal fixed point at this system load.
i To address this problem, we propose switching the MC-PDA
whereo? is the sum of the residual-interference and the noisom the deterministic "7PDA” mode to a random "MCMC”
as shown in (14) at the top of this page. mode when the PDA reaches its convergence. In Figure 3,
the SISO multiuser detector that switches from the PDA to
MC-PDA(M) at thel1-th turbo iteration is reported. It shows
In this section, we investigate the performance of thethat for M = 1,3,10, improvement is achieved through
number of MC-PDA detectors, in particular, the MC-PDB4), iterations, with the largest gain is obtained by settiig= 1.

We take this assumption and simplify (10) as

IV. SIMULATION



performance. Hence a good algorithm is needed to monitor
0 the dynamic performance of the detector to determine the
turn-on of the MC-PDA. An adaptive receiver that serves
this purpose will be developed to make the system feasible
in practice. Thought the new method is developed for the
synchronous CDMA channel, it can find the applications in
other communication channels.
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