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Abstract

Multiuser detection permits the joint detection of signals from multiple sources. An
optimal multiuser detector for coded multiuser systems is usually practically infeasible
due to the associated complexity. An iterative receiver consisting of a soft-input soft-
output (SISO) multiuser detector and a bank of SISO single user decoders can provide
a system performance which approaches to that of the single user system after many

iterations. On the other hand, it has a feasible computational complexity.

We first propose and analyze three types of SISO multiuser detectors, which are
mainly based on the underlying ideas of the traditional (non-SISO) multiuser detectors.
These are: decorrelators, linear minimum mean square error (MMSE) detectors and
parallel decision feedback detectors. In contrast to these traditional detectors, our SISO
multiuser detectors make good use of soft inputs provided by SISO single user decoders
and in turn, provide soft outputs to them. The resulting system performance converges
quickly, while keeping the computational complexity of the SISO detectors proportional
to the number of users cubed. This is a significant complexity reduction in comparison to
the optimal detector which has a complexity exponentially proportional to the number

of users.

Secondly, we consider adaptive SISO multiuser detection. As it is well known, the
optimum and many suboptimum SISO multiuser detectors require a lot of a priori infor-
mation of the multiuser system, such as all users’ transmitted waveforms, relative delays
as well as the channel impulse response. In this thesis, we apply adaptive algorithms in
the SISO multiuser detector in order to avoid the need for this a priori information. We
propose two adaptive SISO parallel decision feedback detectors based on the normalized
least mean square (NLMS) and recursive least squares (RLS) algorithms for both syn-

chronous and asynchronous direct-sequence code-division multiple-access (DS-CDMA)



systems. Compared with traditional non-SISO adaptive detectors, our SISO adaptive
detectors effectively exploit the a priori information of coded symbols to further im-
prove their convergence performance. This a priori information is obtained from a bank
of single user decoders. Monte-Carlo simulation results are presented and compared.
Moreover, we extend adaptive SISO parallel decision feedback detection to asynchronous

DS-CDMA systems over slow frequency non-selective Rayleigh fading channels.
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Chapter 1

Introduction

Multiuser detection is indispensable for efficient operation of multiuser systems, such
as cellular wireless communication systems, satellite communication systems, high-speed
data transmission lines, wireless local area networks (LAN), etc, which are subject to
multiple access interference. Multiuser detectors consider the so called interfering signals
as useful information and exploit the structure of the received superimposed multiuser
signal. Employing suitable multiuser detection techniques, we can improve the bandwidth

efficiency of the system while still providing a reasonable performance.

With evergrowing signal processing capabilities, in order to improve the system per-
formance, most multiuser systems employ forward error correction codes. For these coded
multiuser systems, traditional receivers consist of a multiuser detector followed by a bank
of single user decoders. These two parts operate separately and the way in which the
multiuser detector generates and transfers its outputs to the following decoders influences
the system performance. The information loss due to serial concatenation of these two

parts is a main disadvantage of traditional receivers.

The optimum receiver for coded multiuser systems follows maximum likelihood se-
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quence detection based on the super trellis of the multiuser system, which combines the
trellises of the multiple access channel and single user encoders. Its computational com-
plexity is exponentially proportional to the sum of the constraint lengths of individual
encoders. When all single user encoders have the same constraint length, the complexity
is exponentially proportional to the product of the number of users and the code con-
straint length. The resulting complexity is prohibitive for systems with a large number

of users and/or for long constraint length codes.

From the concept of turbo codes, which has revolutionized the field of coding theory,
the concept of an iterative receiver has emerged which can provide a near single user
performance for coded multiuser systems, while being computationally feasible. Similarly
to the traditional receiver, two parts (i.e. a multiuser detector and a bank of single user
decoders) are included in this receiver. However, instead of operating separately, they
cooperate iteratively by transferring extrinsic information (a type of soft information, in
comparison with hard symbol decisions) of coded symbols to one another. Therefore, the
detector and single user decoders have soft inputs and soft outputs and are called soft-
input soft-output (SISO) detector and decoders, respectively. As we increase the number
of iterations and increase the signal-to-noise ratio, the system performance approaches
to that of the single user system. The SISO multiuser detection is the main topic of this

thesis.

1.1 Thesis Outline

This thesis consists of seven chapters including the introduction and conclusion chapters.

The focuses of the five intermediate chapters are listed as follows:

e Chapter 2 briefly introduces multiuser detection fundamentals. First, discrete-

time system models of both synchronous and asynchronous multiuser systems are
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presented. Then, two important performance measures of multiuser systems, i.e.
asymptotic multiuser efficiency and near-far resistance, are introduced. Follow-
ing this, several traditional multiuser detectors: conventional detectors, optimum
detectors, linear and non-linear multiuser detectors, are briefly described and ana-

lyzed.

e Chapter 3 presents the well-known turbo principles, which provide us the under-
lying idea of the iterative receiver. A general SISO a posteriori probability (APP)
module for iterative decoding of concatenated codes is first given. Based on this, we
present turbb principles by using serially and parallel concatenated convolutional
codes as examples. Furthermore, at the end of this chapter, we provide several

algorithms to calculate soft outputs of the SISO APP module.

e Chapter 4 reviews the current literature about SISO multiuser detection for syn-
chronous multiuser systems. It starts by presenting a theory fundamentally based
on minimum cross-entropy for iterative receivers of coded multiuser systems. Addi-
tionally, in order to give a clear description, we introduce a general iterative receiver
structure which is based on turbo principles. Then, a complete review focusing on

SISO multiuser detection is provided.

e Chapter 5 proposes and analyzes three types of SISO multiuser detectors, such
as SISO decorrelators, linear SISO minimum mean square error (MMSE) detectors
and SISO parallel decision feedback detectors, which are adapted from the corre-
sponding traditional (non-SISO) ones, respectively. We conclude this chapter by
comparing these three types of SISO detectors.

e Chapter 6 considers adaptive SISO multiuser detectors when the a priori in-
formation of direct-sequence code-division multiple-access (DS-CDMA) systems is
unknown to the receiver. For example, in some cases, the knowledge of multiple

users’ signature waveforms, relative delays or the channel impulse response is not
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available in the receiver. We propose and analyze adaptive SISO parallel decision
feedback detectors for both synchronous and asynchronous DS-CDMA systems.
The least mean square and recursive least squares algorithms are used. Finally,
we extend our adaptive SISO detectors to DS-CDMA systems over slow frequency

non-selective Rayleigh fading channels.

1.2 Thesis Contributions

This thesis focuses on SISO multiuser detection for coded multiuser systems. Chapter 5

and Chapter 6 contain our main contributions which can be summarized as follows:

e The introduction of a novel SISO decorrelating detector for synchronous multiuser

systems.

e The adaptation of three types of traditional multiuser detectors, namely decorrela-
tors, linear MMSE detectors and parallel decision feedback detectors, to SISO ones

which can cooperate iteratively with a bank of SISO single user decoders.
e Comparison of these three types of SISO multiuser detectors.

e The proposal of an adaptive SISO parallel decision feedback detector for syn-
chronous DS-CDMA systems when multiple users’ signature waveforms are un-
known to the receiver. A training sequence is required by each user. The adaptive

algorithms, normalized least mean square and recursive least squares, are employed.

e An optimum SISO parallel decision feedback detector is derived for an asynchronous
DS-CDMA systems where not only multiple users’ signature waveforms but also
relative delays are not available in the receiver. Furthermore, its adaptive version

is proposed.
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o Evaluation of bit error rate performance of multiuser systems is performed by

Monte-Carlo simulation techniques.

Furthermore, there are many potential applications to which our SISO detectors can
be applied. For example, our detectors can be directly extended to more general multi-
path channels. They can also be used in the distributed antenna system where multiple

antennas introduce interference.



Chapter 2: Multiuser Detection Fundamentals

Chapter 2

Multiuser Detection Fundamentals

Traditional multiuser detectors output hard decisions or some types of soft decisions,
which can either be final decisions in uncoded systems or be delivered to the following
decoders in coded systems. In particular, in a coded multiuser system, the multiuser
detector and multiple users’ decoders operate separately. A good review for traditional

multiuser detectors is provided by [Ver98].

A conventional detector gives hard symbol decisions based on the output of each
matched filter. It treats the matched filter output as a single user signal, considering
the interfering users’ signals as noise. It is the simplest one among all types of multiuser
detectors. However, it has a poor bit error probability performance for non-orthogonal

multiuser systems and suffers severely from the near-far problem.

Optimum multiuser detection is based on the maximum a posteriori (MAP) proba-
bility of each transmitted symbol of each user or the maximum a posteriori probability
of each symbol vector consisting of all users’ symbols. Under some approximation, it
can be implemented by a maximum likelihood sequence detector (MLSD), which has a

computational complexity increasing exponentially in the number of users in the system.
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Due to the poor performance provided by the conventional detector and the pro-
hibitive complexity of the optimum multiuser detector, suboptimum detectors are in-
vestigated. These detectors exhibit good tradeoffs between the system performance and
complexity and fall into two main categories: linear detectors and non-linear (decision-
driven) detectors. Both decorrelating detectors and minimum mean square error de-
tectors belong to the class of linear detectors, which applies filtering to the output of
matched filters to eliminate or suppress multiuser interference. Non-linear multiuser de-
tectors make symbol decisions and then use these decisions in a feedback loop to eliminate
multiple user interference. This type of detectors includes successive detectors (serial in-
terference cancellers), multistage detectors (parallel interference cancellers) and decision

feedback detectors.

In this chapter, we briefly introduce these multiuser detectors, based on which we
exploit the main topic of this thesis, i.e. soft-input soft-output multiuser detectors for
coded multiuser systems, in the following chapters. In Section 2.1, both synchronous and
asynchronous multiuser system models are given. T'wo important performance measures
of multiuser systems — asymptotic multiuser efficiency and near-far resistance — are intro-
duced in Section 2.2. We present the conventional multiuser detector, optimum multiuser
detector, linear multiuser detector and non-linear multiuser detector in the following four

sections, respectively.

2.1 System Model

We will consider both synchronous and asynchronous multiuser systems in this chapter.
Here we give their system models in [Ver98|, based on which we introduce different types

of multiuser detectors in the following sections.

For a synchronous K-user multiuser system with binary phase-shift keying (BPSK)
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modulation, the received signal r(t) can be expressed as:

r(t) = i Agbisi(t) +n(t), te [O,T], (2.1)
k=1

where T is the symbol interval, A is the received amplitude of the kth user’s signal,
by € {—1,+1} is the BPSK modulated symbol of the kth user, si(¢) is the energy
normalized waveform assigned to the kth user and is assumed to be zero outside the
interval [0,T], and n(t) is the white Gaussian noise process with double-sided power
spectral density o2. The waveform sy (¢) can be arbitrary. For example, it can be a narrow
band FDMA (frequency-division multiple-access) waveform or a wideband CDMA (code-
division multiple-access) waveform. In the receiver, we use a bank of matched filters
which are matched to multiple users’ waveforms, respectively. The output y; of the kth

matched filter is:
T
o = /0 r(t)se(t)d. (2.2)
Then the output vector y of a bank of matched filters can be expressed as:
y = RAb +n, (2.3)

where R = {p;;} is the normalized cross-correlation matrix with diagonal elements equal

to 1,
T
pa= [ si)si0a (2.4)
y=1[y, .., yx]", (2.5)
b= [b1,...,bx]7, (2.6)
A = diag[A,,. .., Axl, (2.7)

and n is a zero-mean Gaussian random vector with covariance matrix equal to:

E[nn”] = o*R. (2.8)
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Figure 2.1: Definition of asynchronous crosscorrelations (k < )

The output vector y provides the sufficient statistics for the following multiuser detector.

In an asynchronous multiuser system, the received signal r(¢) can be expressed as:
K M
T‘(t) = Z Z Akbk[i]sk(t — T — Tk) + ’I’L(t), (29)
k=1i=—M
where we assume that each user transmits (2M + 1) frames or packets and 7% is the kth
user’s delay, 7, € [0,T) for K = 1,...,K. For a simple notation and without loss of

generality, we assume that
T <Tp... STk (2.10)

For asynchronous systems, two cross-correlations between any two waveforms are defined,

which depend on the offset between these signals. If £ < [, then we denote:

T

P — 1) = / si(t)si(t — 7 + 1 )dt, (2.11)
TI—Tk

pu(T — Tk) =/0 sg(t)si(t + T — 7 + 7)dt, (2.12)

which are also shown in Fig. 2.1. For simplicity, in the following, we denote:
Pt = pri(T = Tk), (2.13)

o = pue(T — k). (2.14)
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The output of the matched filter for user k is:

T+ T+T
wli] = / r(t)su(t — 3T — 7). (2.15)
T +iT

Then the output vector of a bank of matched filters during the ith symbol duration can

be expressed as:
y[i] = RT[1]Abli + 1] + R[0]Ab[:] + R[1]Ab[i — 1] + n[d], (2.16)

where the matrices R[0] and R[1] are defined by:

1, if j=k

Ryl0l =4 pj, if j <k (2.17)
Pk, it g >k;
0, if j=>k;

Rill] = (2.18)
P if § <K

and the zero-mean Gaussian vector n[i] has autocorrelation matrix:

[ G°RT[1), if j=i+1

o?R[0), if j=1;

a_Tral ) )

E[n[in’[j]] = CRUL i i1 (2.19)

0, otherwise.

\

Denote a K (2M + 1)-dimensional vector of all transmitted symbols by, as:

bar = [bT[=M],bT[-M +1],...,b7[M]]". (2.20)
The corresponding matched filter output vector y,, and the noise vector ny, are:

yu = [y =MLy =M+ 10,y (M) (2.21)
and

ny = [n7[-M],n7[-M + 1],..., 0" [M]], (2.22)

10
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bli]

A > S L] ) > ylil
b

nfi]

FT[01+F 1]z

T n[i]

Figure 2.2: The output vector of a bank of matched filters for a K-user asynchronous

system

respectively. Let Ajs be the K(2M + 1) x K(2M + 1) diagonal matrix whose k + i K
diagonal element is equal to Ax. Let Ry be the K(2M + 1) x K(2M + 1) matrix as

following:
RO} RT[1] o ... o 0
R[] R[0] RT1] ... o© 0
Ry=| 0 R[] R[] ... O o |. (2.23)
0 0 0 ... R[1] R[0

Then the output vector of matched filters y,, in the whole transmission duration for

asynchronous systems can be expressed as:

Y = RuApby +npy. (2.24)

The vector discrete model in (2.16) can be represented in the z-transform domain as

shown in Fig. 2.2, where the discrete-time channel transfer function S(z) is:

S(z) = RT[1]z + R[0] + R[1]z7, (2.25)

11
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and nfi] is a Gaussian vector with covariance matrix o2I. The matrix in (2.25) can be

expressed as:
S(2) = [Fl0] + F(1)2] ' [Flo] + F{1]271], (2.26)

where F[0] is lower triangular and F[1] is upper triangular with zero diagonal, such that

R[0] = FT[0]F[0] + F*[1]F[1], (2.27)
R[1] = FT[0]F(1], (2.28)
detF[0] = exp <% / 1 1og(detS(eﬂﬂf))df>. (2.29)

2.2 Asymptotic Multiuser Efficiency and Near-Far
Resistance

In general, the bit error probability performance is the main performance measure of
interest in digital communications. However, sometimes it is difficult to obtain a closed
expression of the bit error probability. Therefore, usually we resort to simulations to
estimate the bit error rate (BER) . In addition, there are several performance mea-
sures derived from the bit error probability that are useful in performance analysis. In
this section, we introduce two important performance measures for multiuser systems:

asymptotic multiuser efficiency [Ver83b], [Ver86] and near-far resistance.

Multiuser efficiency of user k is a measure of the performance degradation of this user
due to multiple access interference in the multiuser system compared with that in the
single user system. Denote Pi(c) as the bit error probability of user k in a multiuser
system with the background Gaussian noise variance o?. Then the effective energy of

user k, ex(c), is defined as the energy that user £ would require to achieve the same bit

12
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error probability as P(o) in a single user system with the equal background Gaussian

noise, that is:

Pi(o)=Q (iﬂa—)> (2.30)

As we know, the error probability of any multiuser detector is lower bounded by the

single user error probability, i.e. .

A)2 (%) (231
Therefore, the effective energy is always upper bounded by the actual energy:

ex(0) < A2 (2.32)

The multiuser efficiency of user k is defined as the ratio between its effective and actual
energies, ey(0)/A2. From (2.32), the efficiency is in the interval [0,1] and quantifies
the performance loss due to the existence of multiple access interference in the system.
Multiuser efficiency depends on the parameters of the multiuser system, such as multiple
users’ waveforms, received signal-to-noise ratios (SNRs) and the detector employed. The

asymptotic multiuser efficiency is defined as:

(2.33)

In fact, it measures the speed at which Pi(o) goes to 0 when we increase SNRs in the

high signal-to-noise ratio region, that is:
A
Nk = sup{O <r<l: lir%Pk(a)/Q<—\/h> = 0}
o — o
2
= 7 lim o%log[1/ Py(o)] (2.3

Since the asymptotic bit error probability of the single user system is zero, we can
immediately conclude that in those situations where the bit error probability of the
multiuser system does not vanish as the signal-to-noise ratio increases to infinity, the

asymptotic multiuser efficiency is equal to 0. Conversely, if the asymptotic multiuser

13
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efficiency is positive, then the bit error probability of the multiuser system not only goes

to zero but also it does so exponentially as a function of the signal-to-noise ratio.

Another common problem in the system with mobile transmitters is the near-far prob-
lem. Since the distances between these transmitters and the receiver are not equal, the
received signal powers from some transmitters are higher than those from other transmit-
ters. Sometimes, in the receiver the lower power signals will be submerged in the higher
power signals and can not be correctly recovered. This is so called near-far problem.
The measure to quantify the degree of robustness against the near-far problem is called
near-far resistance, which is defined as the asymptotic multiuser efficiency minimized
over the received energies of all the other users in [Lup86|, [Lup89]. For example, the

near-far resistance 7y of user k is defined as:

T = 10i0 00 77, (2.35)

where 7, is the asymptotic multiuser efficiency of user k, A; is the received amplitude of

the jth user’s signal.

In the following sections, we will introduce different types of multiuser detectors and
compare their asymptotic multiuser efficiencies, near-far resistances and computational

complexities.

2.3 Conventional Multiuser Detection

The conventional multiuser detector (i.e. single user matched filter) was first proposed in
[Nor63] and was used for code-division multiple-access (CDMA) modulation in [Sim94].

It gives hard symbol decisions based on the matched filter outputs,

bili] = sign(yx[i)). (2.36)

14
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It considers the multiple access interference to be noise and has the lowest computa-
tional complexity. In the K-user synchronous and asynchronous systems, the multiuser

efficiencies of user k are:

Mo = :max{O, (1 - J% %l%l) H 2 (2.37)
and
" = :max{o, (1- > 2o + 1) }] (239)

respectively. By minimizing (2.37) or (2.38) over signal amplitudes of interfering users
{A;,7 # k}, we obtain the near-far resistance 7¢ of user k according to the definition
in (2.35). We can see that the near-far resistance of the kth user is equal to 0 unless
pit = prj = 0 for all § # k, which means that the kth user’s waveform must be or-
thogonal to each of the partially overlapping waveforms of every interferer. Usually this
condition cannot be satisfied for all offsets in an asynchronous system. Therefore, the
conventional multiuser detector is not near-far resistant, except for the multiuser system

with synchronous orthogonal waveforms.

2.4 Optimum Multiuser Detection

The derivation and analysis of the optimum multiuser receiver appeared in the early
eighties [Ver83al, [Ver83b]. There are two types of optimum multiuser detectors in the
different optimum senses. For synchronous systems, the jointly optimum detector maxi-

mizes the joint a posteriori probability:
Plb|r(t),0 <t < T7, (2.39)

which will provide the minimum joint error probability of the vector b. On the other
hand, the individually optimum detector maximizes the a posteriori probability of each

user’s symbol:

Plbk|r(t),0<t<T], 1<k<K, (2.40)

15
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which provides the minimum bit error rate of b;. The jointly optimum and individually
optimum decisions are not necessarily the same, since usually {bx,1 < k < K} are not
independent of each other conditioned on the received signal r(t). The solution to jointly
optimum detection is the maximum likelihood solution, which has lower computational
complexity compared with individually optimum detection. Moreover, the error prob-
ability of each symbol achieved by the maximum-likelihood solution is extremely close
to the minimum, unless the signal-to-noise ratio is very low. Therefore, in the following
we will focus on the jointly optimum detector. The implementation of the minimum bit

error rate multiuser receiver can be based on a backward-forward dynamic programming

algorithm [Abe70], [Bah74], [Cha66], [Ver87].

Since all possible b are equiprobable, the jointly optimum decision rule selects a vector
b that maximizes the following likelihood probability:
1 /T K 2
p[r(t),0 <t < T|b] =exp <—%5/0 [r(t) - I; Akbksk(t)] dt). (2.41)
The maximum likelihood solution b is chosen such that 3% | Apbrsk(t) is the closest to
the received signal in the mean square error sense. Equivalently, the maximum likelihood
solution in (2.41) maximizes

Tl K Tl K 2
Q(b) = 2 /0 L;Akbksk(t)]r(t)dt— /0 [Z Akbksk(t)] dt

k=1
=2b"Ay —~ bTARAbD. (2.42)
The maximization of (2.42) is a combinatorial optimization problem. It has the compu-

tational complexity ~ O(2% /K) per symbol per user.

Asin the synchronous system, the objective for the asynchronous system is to compute
the by, that maximizes:

b 1 sMT+2T
p[r(t),t € [~MT, MT + 2T)|by] —exp(—ﬁ/_MT

(r(t) - St(bM))zdt) ,(2.43)

16
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where

K M
bM = Z Z Akbk[’b]sk t-’LT—-7‘k) (2.44)

Then the maximization of (2.43) is equivalent to selecting by, that maximizes:

Qby) =2 / S,(bag)r(t)dt — / S2(ba)dt

To search for the symbol vector by, which maximizes (2.45), we can use the Viterbi
algorithm. The computational complexity is ~ O(2K) per symbol per user, which is
exponentially proportional to the number of users and similar to that for the synchronous

case.

The optimum asymptotic multiuser efficiency for synchronous systems is:

d2 1
Tk A2 ee{- 1ronl}K,e,c =1 A,c © (2.46)

where d, i, 18 the normalized minimum distance between any two multiuser signals
modulated by two K-dimensional sequences: b’f and b’zC which differ in the kth compo-

nent. That is:

. = min = / 50k, 1) — sk, 1)t (2.47)
k,min bt bt 4 Jo 1) 15 ; :
where the multiuser signal S(b, t) is defined as:
K
S(b, t) = Z Akbksk(t). (2.48)
k=1

If we assume that the cross-correlation matrix R is nonsingular, we have the optimum

near-far resistance as following:
Ty =1 —ay Ry ay, (2.49)

where (K — 1) x (K — 1) matrix Ry, results by striking out the kth column and the kth

row from R and (K — 1) vector aj results from eliminating the kth component from the

kth column of R.

17



Chapter 2: Multiuser Detection Fundamentals

2.5 Suboptimum Linear Multiuser Detection

The suboptimum linear multiuser detectors include the decorrelating detector [Ver98] and
minimum mean square error detector [Ver98), which we will introduce in this section. The
decorrelating detector recovers the transmitted symbols error-free in the absence of noise,
and does not require knowledge of the received amplitudes. In the synchronous system,
by assuming that the cross-correlation R is invertible, it first premultiplies the output

vector y of a bank of matched filters by R™", then gives the hard decisions:
b = sign((R™"'y)s). (2.50)

For the asynchronous system, the decorrelating detector employs the inverse of the
discrete-time channel transfer function S™!(z) to premultiply the output vector of matched

filters [Koh83], [Lup88], [Lup90].

The multiuser efficiency of the decorrelator for the synchronous case is equal to:
nd =1-alRi'ay, (2.51)

which is the same as (2.49). Since this efficiency only depends on the cross-correlation
matrix (without depending on either the noise level or the interfering amplitudes), it
is equal to the asymptotic multiuser efficiency and to the near-far resistance as well.

Therefore, the decorrelating detector achieves the maximum near-far resistance [Ver86).

The linear MMSE detector applies a linear filter on the output of matched filters which
minimizes the mean square errors between transmitted symbols and recovered symbols
[Mad94], [Xie90]. In the synchronous system, we choose a linear filter my (which is a

K-dimensional column vector) for user k, which satisfies the following MMSE criterion:

min E[(bx — mfy)?]. (2.52)

18
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It is equivalent to choosing a K x K matrix M, whose kth column is equal to my,

satisfying:
nﬁ}[nE[Hb - MTy|?]. (2.53)

The solution of (2.53), i.e. the linear MMSE detector, is:

M=[R+0%A7]. (2.54)

In the asynchronous case, the linear MMSE detector has the following transfer function:

-1

[R[1]2 + R[0] + 0*A~ + R[1]27"] (2.55)

If all of the received amplitudes are fixed and ¢ — 0, i.e. signal-to-noise ratios go to
infinity, then the linear MMSE filter converges to the decorrelating detector. Therefore,
the asymptotic multiuser efficiency and near-far resistance of the linear MMSE detector
are the same as those of the decorrelating detector. For the low signal-to-noise ratios,
the linear MMSE detector provides a better performance than the decorrelator, since it

takes into account both the multiple access interference and the background noise.

2.6 Suboptimum Non-Linear Multiuser Detection

In this section, we introduce three non-linear multiuser detectors: successive detectors
(serial interference cancellers) (for more details, please refer to [Den92], [Div98], [Hol95],
[Koh91], [Pat93], [Yoo93a], [Yoo93b]), multistage detectors (parallel interference can-
cellers) ([Koh90], [Var88], [Var90], [Var91], [Faw95], [Yoo93b]), and decision feedback de-
tectors ([Abd92], [Abd94], [Due92], [Due93], [Due95], [Hafo6], [Pet94], [Tid95], [Var99),
[Wo099], [Weidd4], [Wud4], [Xie90], [Yan94)).

In successive detection, each of the interfering waveforms is cancelled from the received

signal one at a time. First we sort the received powers of the multiple users in a decreasing
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order with the user index, i.e. user 1 has the maximum power and user K has the
minimum power. When making a decision about the kth user in the synchronous case,
we assume that the decisions of users 1,...,k — 1 are correct and we ignore the presence
of users k + 1,..., K. Therefore,

A k—l ~

b, = sign (yk -> Ajpjkbj>. (2.56)

j=1

The order of cancellation influences the performance of the successive detector and is
further examined in [Kub92], [Pat93], [Pat94], [Ped96], [Ses98]. This detector can be

easily generalized to the asynchronous case.

In multistage detection, in each stage (except for the first stage), all of the interfering
signals of each user are cancelled from the received signal based on the decisions of
interfering users in the previous stage. In the mth stage,

b(m) = sign(yk -> A;pipbsi(m — 1)) (2.57)

i#k
In the initial stage, the detector can follow conventional detection, decorrelating detection
or linear MMSE detection. Multistage detectors for asynchronous systems need to store

tentative decisions in sliding windows for each stage.

A general decision feedback detector in [Woo02] for each user consists of a feedforward
filter applied to the received signal and a feedback filter applied to the fedback decisions.
The optimum filters are determined by minimizing the mean square error between the
transmitted symbol and the recovered symbol. For the synchronous system, the received

discrete signal ryx; in each symbol duration can be expressed as:
r=Sb+n, (2.58)
where

S = [S],SQ,...,SK]NxK (2.59)

20



Chapter 2: Multiuser Detection Fundamentals

and the N x 1 column vector s; is the discrete waveform of user k. The noise vector
nyx1 is a zero-mean Gaussian vector with covariance matrix o2I. For user k, we denote
its feedforward filter and feedback filter by vectors (mx)nx1 and (Mg )k x1, respectively.

The output of the decision feedback detector of user k is:
zx = mpr + m},bp, (2.60)

where the K x 1 vector f)D has nonzero elements as the fedback symbol decisions. The

optimum filters satisfy the following MMSE criterion:

; 2| _ ; T T 1, 2
m2i%,,, E[[zk — by ] = m2,, E{[mfkr + m;, bp — by } (2.61)
The solution of (2.61) is:
myi = (Sy - S§ + o’I) sy, (2.62)
mMypr = —SIL; * Mgk, (263)

where the columns of Sy consist of the waveforms of users whose symbols are not fedback
and the columns of Sp are the waveforms of users whose symbols are fedback. The
feedforward filter in (2.62) is actually an MMSE filter for users whose symbols are not
fedback. Note that the general detector in (2.60) can be a successive decision feedback

detector or parallel decision feedback detector depending on the fedback symbols in bo.

2.7 Summary

We reviewed most of traditional multiuser detectors in this chapter. These detectors gave
us the background knowledge for soft-input soft-output multiuser detectors, which will

be focused on in the later chapters.
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Chapter 3

Turbo Principles

The novel turbo code proposed in 1993 [Ber93a] brought a revolution to the channel
coding field. The turbo code is a hot research topic since it can provide a bit error
performance that is very close to the Shannon limit, while it has a computational com-
plexity which is not significantly higher than that of the decoder for single component
codes by iterative decoding. The more important thing is that the underlying principles
of iterative turbo decoders (turbo principles) can be extended and applied to many other
functions in the receiver, such as multiuser detection, channel equalization and channel

estimation, etc, to obtain a good system performance with a feasible complexity.

Based on turbo principles [Chu01], [Hag96], [Sk197], any function block in the receiver
~ can be modeled as a soft-input soft-output module which not only can employ the soft
inputs from all other blocks as a priori information of transmitted coded symbols and
information bits, but also can output the extrinsic soft information to other blocks. All
of these SISO modules cooperate iteratively by transferring extrinsic soft information
between them. The receiver performance should improve in successive iterations and

converge to a near ideal performance.
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a priori LLRs of extrinsic LLRs of
information bits L(u,[) information bits A ¢(u,0)
_———p I
extrinsic LLRs of
Soft-Input Soft-Output coded bits A “(¢,0)
a priori LLRs of Module
coded bits L(c,I) >
—_— ————

a posteriori LLRs of
information bits A (u)

Figure 3.1: The SISO module

In Section 3.1, we first give a general description of a SISO a posteriori probability
(APP) module for iterative decoding of concatenated codes. This model can be further
extended for other functions in the receiver. Then we describe turbo principles, i.e.
the way by which several SISO APP modules in the receiver cooperate iteratively, by
using as examples the iterative decoders of parallel concatenated codes in Section 3.2
and of serially concatenated codes in Section 3.3. Finally, we present the optimum MAP
and log-MAP algorithms, the suboptimum max-log-MAP algorithm and a general APP
algorithm for the SISO APP module in Section 3.4.

3.1 Soft-Input Soft-Output APP Module

Parallel and serially concatenated codes have been shown to yield a remarkable coding
gain close to the theoretical limits [Ben96a], [Ben98], [Ber96], [Div95], [Dum98|, [Sas9g],
[Vit98b] while they have a relatively simple iterative decoding structure. The core of the
iterative decoder is a soft-input soft-output APP module (Fig. 3.1), which is employed
by each component decoder. The SISO APP module has two input ports accepting the
a priori log-likelihood ratios (LLRs) of information bits and coded bits and two output

ports forming extrinsic LLRs of these bits based on the code constraints. It can also
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calculate the a posteriori LLRs of information bits at the output when the final decisions
are required. Denote each information bit frame as u = [uy, u,. .., ug|, where Q is its
length and the corresponding coded bit frame as ¢ = [c1, ¢z, . . ., ¢r|, where F is the coded
bit frame length. The letters I and O refer to the input and output of the SISO module,
respectively. The a priori LLRs of information bits L(u, ) and coded bits L(c, I) at the

input are:

L(u,I) = {L{u;,),1 <1 < Q}, (3.1)

L(e,I) = {L(c;,I),1 < j < F}, (3.2)
where

L(u;, 1) 2 1og§§—zz_?:%;, (3.3)
and

L(c;,I) & log%—:—é—;. (3.4)

The logarithm operation (log(-)) in this thesis refers to the natural logarithm of its

argument. The extrinsic LLRs of information bits and coded bits at the output are:
A%(u,0) = {A%(w;,0),1 < i < Q}, (3.5)
A¢(c,0) = {A%(¢;,0),1 < j < F}, (3.6)

respectively. The output extrinsic LLR A¢(u;, O) of information bit u; is computed based
on the code constraints and a priori LLRs of information bits and coded bits except the a
priori LLR of itself L(w;, I). Similarly, the extrinsic LLR A%(c;, O) of coded bit ¢; depends
on the code constraints and a priori LLRs of information bits and coded bits except the
a priori LLR of itself L(c;, I). That means, the extrinsic LLRs of information bit u; and
coded bit ¢; are independent of their a priori LLRs L(u;, I') and L(c;, I'),respectively. SISO

APP blocks of component codes in the iterative decoder cooperate by exchanging extrinsic
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LLRs of information bits or coded bits as a priori LLRs. The final decisions of information
bits are based on the a posteriori LLRs of information bits A(u) = {A(w),1 <7 < Q}
at the output of one SISO block.

There are the optimum MAP and log-MAP algorithms and the suboptimum max-
log-MAP algorithm for the SISO module to calculate the extrinsic LLRs of information
bits and coded bits, which will be briefly introduced in Section 3.4. In particular, in

Subsection 3.4.3, we present a general algorithm to calculate the three soft outputs of

the SISO module in Fig. 3.1.

The SISO module for the component code in concatenated coding systems can be
extended for other functions in the receiver, such as multiuser detection or channel equal-
ization, by replacing the code constraints by the multiple access channel constraints or
the frequency-selective fading channel constraints, respectively. The SISO multiuser de-
tection is the main topic of this thesis. In order to clearly describe how the SISO blocks
in the receiver cooperate with each other, in the following two sections, we use iterative

decoders for parallel concatenated codes and serially concatenated codes as examples.

3.2 Iterative Decoders for Parallel Concatenated Codes

(PCC)

The well-known turbo codes belong to the category of parallel concatenated convolutional
codes . In this section, we consider the encoder and iterative decoder of a basic turbo
code [Ber96]. Fig. 3.2 shows the encoder structure of a basic turbo code. The data flow
(di, at time k) enters directly to a first component recursive systematic convolutional
(RSC) encoder C; and after interleaving, it feeds (d, at time k) a second component

RSC encoder C;. These two encoders are not necessarily identical. Data flow d is
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data dk Xk
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Figure 3.2: A basic turbo encoder
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Figure 3.3: The iterative turbo decoding structure (without considering the delays intro-

duced by two component SISO decoders, the interleaver and de-interleavers)
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systematically transmitted as symbol X and redundancies Y1 and Ya; produced by C)
and Cj respectively may be completely transmitted or punctured for higher rates. The
two component code rates R; and Ry associated with C} and Cs, after puncturing, give

a total rate R:

1 1 1
—=—=+—=—-1 3.7
R R1+R2 (37

Fig. 3.3 shows the iterative turbo decoding structure, which does not consider the
delays introduced by two component decoders and interleaver. For a discrete memoryless
Gaussian channel and a binary modulation, the decoder input consists of two random

variables zx and yx at time k:

Tk = (2K — 1) + i, (3.8)
Ye = 2V — 1) + g, (3.9)

where i and g are two independent noises with the same variance o2. The redundant

information yx is demultiplexed and sent to decoder DEC; when Y; = Yix and toward

decoder DEC when Y, = Ya.

The a priori LLRs Li(dg, I) of information bit di and L(Y%, I) of redundancy bit Y

are obtained from their channel soft values directly:

L](dk, I) = logmz_l)_ = -2—£Ek, (3.10)

plx|de =0) o2

plyelYe=1) 2

e L = —Yy. 3.11
PlVe=0) ~ 2% (3.11)

L(Yk7I) = lOg

The decoder shown in Fig. 3.3 is made up of two component decoders (DEC; and

DEC;) in a serial concatenation scheme. For the first component decoder, its input of a
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priori LLR Lo (dg, I) of information bit dj, is fedback from the second component decoder,

whose calculation will be shown later by (3.15).
Lo(di, I) = A3(dg, O) (3.12)

The first SISO decoder calculates the a posteriori LLR value A;(dy) of information bit

di based on the code constraints and its soft inputs, which can be expressed as:
Al(dk) = Ll(dk,f) +L2(dk,1)+W1k, (313)

where W, is a function of the a priori LLRs of other information bits {L;(d;, I), # k},
{Ls(d;, I),i # k} and the redundancy bits {L(Y3;, I)}. That means, Wiy is independent
of the a priori LLR of information bit d. Since the a priori LLR Lo(dg, I) is fedback
from the second SISO decoder, the extrinsic LLR of the first decoder A$(dy, O) should

be independent of it and is defined as:

A%(dy, 0) £ Ly(dy, 1) + Wi (3.14)

After interleaving, the extrinsic LLRs A$(d,,O) of information bits from the first
decoder are output to the second decoder as the a priori LLRs L(d,, /). The second
decoder calculates the a posteriori LLR As(d,) of information bit d,, which can be

expressed as:
Ao(dy) = L(dn, I) + A3(dn, O), (3.15)

where A$(d,,O) depends on the sequence {L(d;,I),i # n}, {L(Yar,I)} and the code
constraints. Due to the presence of interleaving between the two cémponent decoders,
extrinsic LLRs {A%(dy, O)} (i.e. the fedback a priori LLRs {La(dk, I)} of the first decoder)
and the a priori information {L,(dx, I)} and {L(Yi4, I)} are weakly correlated. Therefore,
these three values can be used jointly by the first component decoder for carrying out a
new decoding of bit d. The term turbo code is given for this iterative feedback decoding

scheme with reference to the principle of the turbo engine.
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The two SISO component decoders cooperate with each other by exchanging extrin-
sic LLRs of information bits. Note that these extrinsic LLRs provided by different SISO
component decoders are independent, which ensures a fast convergence of the system
performance to a desired one with additional iterations. After sufficient number of itera-
tions, the final decisions on the information bits are given as hard decisions of a posteriori

LLRs of information bits:

dy, = sign[A(dy)]. (3.16)

3.3 Iterative Decoders for Serially Concatenated Codes

(SCC)

Serial concatenation of component codes separated by interleavers has been shown to
have higher interleaver gains and better performance at high signal-to-noise ratios than
turbo codes [Ben98|. Similarly, serially concatenated codes can also be decoded iteratively
[Ben96b], [Ben98]. Fig. 3.4 and Fig. 3.5 show the encoder and decoder structure for
serially concatenated codes, respectively. Differently from turbo decoders, the component
SISO decoders of serially concatenated codes calculate and exchange the extrinsic LLRs

of not only information bits but also coded bits.

The a priori information of coded bits and information bits of the inner decoder is
from its soft inputs: L(c‘,I) and L(u®, I) respectively, which are log-likelihood ratios
without considering the inner code constraints. L(c!,I) = {L(c.,I),k} and L(u,I) =
{L(u%,I),k}, where k is the time index. The LLRs of coded bits {L(c*,I)} are from the
channel soft values directly. Under the assumption of BPSK modulation and an additive
white Gaussian noise (AWGN) channel, the inner decoder receives the channel soft values

Yk at time k as:

yk = (26, — 1) + ny, (3.17)
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Figure 3.4: The encoder structure of serially concatenated codes
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Figure 3.5: The iterative decoding structure for serially concatenated codes (without

considering the delays introduced by two component SISO decoders, the interleaver and

de-interleavers)
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where ny is a Gaussian random variable with zero-mean and variance o2. The a priori

LLRs of coded bits are calculated as:

plyeld, =1) 2
PWklCe =) _ = 3.18
p(ulei = 0) ~ o2 (3.18)

The a priori LLRs L(u’, I) of information bits are fedback from the SISO outer decoder

L(c,I) = log

and initialized as zeros in the first iteration. Based on its soft inputs and the inner code
constraints, the SISO inner decoder calculates the a posteriori LLRs A;(c}) of coded bit
¢, and A;(ul) of information bit ui, which can be expressed as:

Aie) = Lici, I) + Af(ck, 0), (3.19)

Ay(ul) = L(uk, I) + As(ui, O). (3.20)
The extrinsic LLRs A¢(c?, O) of coded bits are not used in the decoder. For information
bit u}, its extrinsic LLR A¢(u}, O) is a function of the a priori LLRs of coded bits L(c?, I),
information bits excluding itself {L(u},I),j # k} and the inner code constraints. That
is, the extrinsic LLR A¢(u%, O) of information bit u¢ is independent from its a priori LLR
L(u}, I). These extrinsic LLRs of information bits are passed through the de-interleaver

(denoted as 1), whose outputs correspond to the a priori LLRs of the coded bits of the

outer code, 1.e.,

L(c®, I) = 71 [AS(u’, O)). (3.21)

The a priori LLRs L(u° I) of information bits of the outer code are set to zeros.
Based on its soft inputs, the SISO outer decoder calculates the a posteriori LLR A,(cg)

of coded bit ¢f, which can be expressed as following:

Ao(cp) = L(c}, I) + AS(cg, O). (3.22)
The extrinsic LLR A¢(c, O) of coded bit ¢ dependes on the a priori LLRs of all coded bits
excluding itself and the outer code constraints. After being interleaved, these extrinsic

LLRs are fedback to the SISO inner decoder as its soft inputs. The final hard decisions

of information bits are based on their a posteriori LLRs A,(u®).
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3.4 The Optimum MAP Algorithm and Suboptimum
Algorithms

The maximum a posteriori symbol decoding algorithm is optimum in the sense of the
minimum bit error probability. The BCJR algorithm [Bah74] is a MAP decoding algo-
rithm. It calculates the a posteriori probability of an information bit or coded bit when
the encoding can be expressed as a Markov process and the channel is discrete and mem-
oryless. Furthermore, the BCJR algorithm can calculate the extrinsic information about
information bits and coded bits, which is essentially required by iteratively decoding,

such as turbo decoding.

In this section, for clear description, first we introduce the original BCJR algorithm
[Bah74] in Subsection 3.4.1. However, the original BCJR algorithm is numerically un-
stable. Its implementation based on the log-likelihood algebra [Hag96], i.e. the log-MAP
algorithm, resolves this problem. The detailed log-MAP algorithm is presented in Sub-
section 3.4.2. To further reduce the computational complexity of the optimum log-MAP
algorithm, we review the suboptimum max-log-MAP algorithm. Then based on the
BCJR algorithm, in Subsection 3.4.3 we present a general APP algorithm for the SISO

module of Section 3.1.

Alternative soft output decoding algorithms include the weighted output decoding
algorithm in [Bat79], [Bat89] and the soft output Viterbi algorithm (SOVA) in [Ber93b],
[Hag89], [Hag95], which are simpler while suboptimum compared with the optimum MAP
algorithm. Comparison of these optimum and suboptimum algorithms is presented in

[Fos98], [Rob95], [Vit98a]. For detailed information, please refer to these references.
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Xt Discrete Yt
Channel > Memoryless > Decoder
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Figure 3.6: Block diagram of a transmission system

3.4.1 The Original BCJR algorithm

The original BCJR algorithm [Bah74] is the optimum algorithm to calculate the a poste-
riori probabilities of coded bits and information bits. Consider the transmission system
diagram in Fig. 3.6. The encoder output is assumed to be a discrete-time finite-state
Markov source. The M distinct states of the Markov source are indexed by the integer
m,m = 0,1,...,M — 1. The state of the encoder at time ¢ is denoted by S; and its
output by X;. A state sequence of the encoder extending from time ¢ to ¢’ is denoted by
S’;I = S, Siq1, - - -, Sy, and the corresponding output sequence is Xi/ = X, Xea1, ..., Xp.

The state transitions of the Markov source are:

pe(m|m’) = P{S; = m|S;.1 = m'}. , (3.23)
Their output, probabilities are denoted as

@(X|m',m) = P{X, = X|S;—1 = m'; S; = m} (3.24)

where X belongs to some finite discrete alphabet.

The Markov source starts in the initial state Sp = 0, and produces an output sequence
1 ending in the terminal state S; = 0. X7 is the input to a noisy discrete memoryless
channel whose output is the sequence YT = Y;,Ys,...,Y,. The transition probabilities

of the channel are defined by R(:|-) so that forall 1 <t <7

P{YYXt) = [] RYIX,). (3.25)

=1
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In the following, first we consider the a posteriori probabilities of states and transitions
of the Markov source. Then we apply these results to calculate the a posteriori LLRs of
information bits and coded bits, and the extrinsic LLRs of coded bits for a linear encoder.

The a posteriori probabilities of states and transitions are the conditional probabilities:
P{S;=m|YT}=P{S;=m; Y{}/P{Y1}, (3.26)
and
P{Sioi=m; S, =m|YT} = P{S;-1 =m/;S; =m; Y]}/P{YT}. (3.27)

Since for a given Y7, P{Y ]} is a constant, we can first focus on calculating the joint
probabilities P{S; = m; Y} and P{S;_1 = m';S; = m; Y]} and then normalize them
to add up to 1 to obtain the same results as (3.26) and (3.27), respectively. Denote the

joint probabilites as
At(m) = P{S; =m; Y]} (3.28)
and

ot(m',m) = Pr{Si-1 =m/; Sy =m; YT} (3.29)

To simplify the notation, we define the following probability functions:

a(m) = P{S; =m; Y}, (3.30)
Be(m) = P{Y {1]5: = m}, (3.31)
v(m',m) = P{S; = m; Y| Si—1 = m'}. (3.32)

Using the property of the Markov source, i.e. the current output depends only on the

current state and current input, we can obtain A;(m) and o;(m’,m) as follows:
Ai(m) = au(m) - Bi(m), (3.33)
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ai(m',m) = ag_1(m’) - e(m', m) - Be(m). (3.34)

The most important part of the algorithm is that «;(m) and G;(m) can be calculated by

forward and backward recursions, respectively.

Zat 1 - ye(m',m) (3.35)

Z Bear(m) - Y1 (m, m) (3.36)

Their boundary conditions are:

1, form=0

ao(m) = (337)
0, otherwise
1, form=20

B,(m) = (3.38)
0, otherwise

v:(m’,m) is determined by the encoder trellis and the channel transition probability: -
Zpt m|m') - g(X|m',m) - R(Y;|X). (3.39)

The summation in (3.39) is over all possible output symbols X. Whenever a transition
from state S;_; = m' to state S; = m exits and its output is X;, the probability ~v,(m’, m)

is reduced to:

Y(m',m) = R(Y| Xz) - p(X3)- (3.40)

Now we consider the application of the BCJR algorithm to decode a convolutional
code. Of course, the algorithm can be applied to any code whose encoder can be ex-
pressed by a Markov process. Assume that a binary rate ko/no convolutional encoder

with constraint length v is employed. The input to the encoder at time t is the block
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U; = (u},ud,...,uf®) and the corresponding output is X; = (z},z%,...,z). For a

convolutional code without feedback, its state can be represented as a kgv-tuple:
St (St ) Sta cey Sfou) = (Uta Ut—l’ tr Ut—u—l)- (341)

The above equation means the informatin bits {u:,1 < < ko} are contained in state S;,

that is:
si=ul,  i=1,2,..., ko (3.42)
Therefore, the a posteriori probability of information bit u! is calculated by:

plui =0lY]) = > \(m)/al, (3.43)
meAL
where AP is the set the states S; such that st = 0 and a! is the normalization constant.

Similiarly, A% is defined. The a posteriori log-likelihood ratio of information bit u! is:

)
log —-— = = og
P(u; =0Y7) mEAw At(m)
Lmeagt () B(m)
= log S = 3.44
Tmeap aa(m)B(m) 349
The a posteriori probability of coded bit z! is:
pla;=0Y) = 3> a(m/,m)/b}, (3.45)

(m’,m)GBéO
where B}° is the set of transitions S;—; = m’ — S; = m such that the ith output digit z!
on that transition is 0 and b; is the normalization constant. Similiarly, define Bi'. The a
posteriori log-likelihood ratio of coded bit z? is:
plz; =1Y7) _ 10gz(m’,m)68é1 or(m’, m)
p(.’L‘% = Ol Y;) Z(m’,m)EBfo Ut(m/7 m)
Y m myesit t-1(m') By (m)y(m', m)
E(m',m)GBfo at—l(m,)l@t(m)Vt(ml7 m) .

= log (3.46)

36



Chapter 3: Turbo Principles

Based on the property of the memoryless channel (3.25) and probability ~:(m’,m) in
(3.40), we have:

p(zt =0]Y7) > myesio e—1(m”) By(m) TI72, R(yi|=i)p(zl)
p(z; =1) R(y;lei = 1)
og———= + lO e e
®pi=0)  CRili=0)
Z(m',m)ezsg‘l at-1(m')B(m) [Ljsi R(yi|=l)p(})
Z(m',m)eBgO a1 (m')By(m) Hj;éi R(y] |x{)p(m{)

=1

+ log (3.48)

The first term in (3.48) is the a priori LLR of coded bit z%, the second term is the LLR
provided by the channel soft value y! and the last term is the extrinsic LLR provided by

the decoder.

3.4.2 The Log-MAP and Max-Log-MAP Algorithms

In this subsection, we present an implementation of the original MAP algorithm (the
original BCJR algorithm) based on the log-likelihood algebra [Hag96]. Compared with
the original MAP algorithm, the optimum log-MAP algorithm is more numerically sta-
ble. Furthermore the suboptimum max-log-MAP algorithm has reduced computational

complexity.

Following the same notations as in Subsection 3.4.1, we define the following:

&¢(m) = logow(m) (3.49)
/Bt(m) = logB;(m) (3.50)
Ai(m',m) = logy(m', m) (3.51)

The log-MAP algorithm consists of two generalized Viterbi algorithms [Vit98a], one

operating with a forward recursion and the other working with a backward recursion.
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For the forward recursion, a trellis G;(m) is initialized according to:

. 0, form=0
do(m) = (3.52)

—00, form##0
The remainder of the trellis is obtained by the generalized Viterbi algorithm, defined by

the recursion relation:
az(m) = mﬁx*[&t_l(m’) + A (m/, m)]. (3.53)
In the above, the operator max % is defined by the Jacobian logarithm:
max *(z,y) = log(e® + €¥)
= max(z,y) + log(1 + e~ 1=, (3.54)
and by the recursion relationship
max * (z,y, z) = max * (max * (z,y), 2)
= log(e” + €Y + €7}, (3.55)

where log(-) is the natural logarithm. In a similar way, for the backward recursion, a
trellis 3;(m) is initialized according to:
. 0, form=20
Br(m) = (3.56)
—oo, form 0
The remainder of the trellis is obtained by a generalized Viterbi algorithm running ac-

cording to the backward recursion:

Be(m) = max [Be (m') + o (m, m')]. (3.57)

Once the forward and backward recursions have been completed, the a posteriori

log-likelihood ratio of information bit u} is found by
Plu; =1]Y7) _ ; ?
Plug = 0[¥7) ~ w7l + Al
— max *[day(m) + B(m)]. (3.58)

meAL

log
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The a posteriori LLR of coded bit ZU}: is:
p____“_(x? = 1|Y1) = max
plzi =0Y]) (m'mpesi

— max x*[@&_1(m) + Bi(m) + Ap(m/,m)]. (3.59)

(m’,m)eB°

log *[du_1(m) + Bi(m) + Fe(m', m)]

In order to further reduce the complexity of the log-MAP algorithm, we use the

following approximation:

logjg1 e~ Jnax a;, (3.60)
where max;e(1,, can be computed by successively calculating (n-1) maximization func-
tions over only two values and log(-) is the natural logarithm. Compared with (3.54), the
approximation in (3.60) ignores the second term in (3.54). Based on this approximation,

we have the suboptimum max-log-MAP algorithm. The forward and backward recursions

can also be implemented by the two generalized Viterbi algorithms and are defined as

following:
Gy(m) =~ ngn@x[dt_l(m') + A(m', m)], (3.61)
m) ~ max(Bess (') + s (m, )] (3.62)

The corresponding a posteriori LLRs of coded bit z! and information bit u} are:
p—————(xt. — 1|Yi) ~ max
p(CE% = 01 Yl) (m!,m)eBi

— max_[dea(m) + Bi(m) + Al m)], (3.69)

(m/,m)eBi0

log [Gy_1(m') + Be(m) + A (m!, m)]

log (“Z = YD) max [Ge(m) + Bu(m)]

Pui=0]Y]) mea
— max [y(m) + i(m)), (3:64)

respectively.
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S5 (e) ¢

Figure 3.7 An edge of the trellis

3.4.3 A General Algorithm of the SISO APP Module

In this subsection, we present a general SISO APP algorithm [Ben97] for the SISO module
introduced in Fig. 3.1 of Section 3.1 which is modified based on the original BCJR
algorithm. This general algorithm works on trellis transitions (“edges”), rather than
pairs of states in the original BCJR algorithm, and is capable of coping with parallel
edges. In the following, we will show how to calculate the soft outputs of the SISO APP
module (i.e. the extrinsic LLRs of information bits and coded bits, and the a posteriori

LLRs of information bits) based on its soft inputs (i.e. a priori LLRs of these bits).

To each edge e on the trellis, the following functions are associated (see Fig. 3.7):
the starting state S%(e); the ending state S¥(e); the input symbol u(e) and the output

symbol c(e). The relationship between these functions depends on the particular encoder.

Recall the time index t € [1,7]. Based on LLRs L(u, I) in (3.3) and L(c],I) in (3.4)
of the jth bit within each symbol at time ¢, we obtain the corresponding probabilities
plul, I and plc], I] respectively as following:

e(2ul-1) L], 1)

I 1= : . :
Plut 1] = T (3.65)
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e(2c-1)L(c].])

pld, 1] = (3.66)

1+ e@d-DI(,])’

The a priori probabilities of bits plul(e), I] and p|c](e), I] associated with the edge e can
be calculated based on (3.65), (3.66) respectively and the edge e on the trellis. If the

bits in each symbol associated with the edge e are independent, the a priori LLR of each

symbol is:
Plus(e), I = Hp ul(e), I], (3.67)
Ple(e), I} = Hp[c7 (e), I). (3.68)

The a posteriori LLR A(c!) and A(u]) for the jth bit within each symbol at time t

are computed as:

o Tagams S Plu(e), 1Pla(e), 11BIS*(C)
Ma) =lees A S5 @) Plw(e), TIP[ele), BISE(E)] (3.69)
and
o Tsioms ActlS )Plue) IPlale), 1 BIS(e)
M) = 98T, gm0 A ST OIPTe), TTPIe), TR (3.70)

respectively. The quantities A;(-) for t = 1,...,7 and By(:) for t = 7 — 1,...,0 are

obtained through the forward and backward recursions, respectively, as

AS) = > Aa[S%(e)|Plule), I|Plede), 11, (3.71)
e:S5(e)=9 .

Bi(S)= Y BulSP(e)Plucrale), [1Plcr(e), 1], (3.72)
eSE(e)=8

with initial values Ag(S) = 1 if S = Sp and A¢(S) = 0 otherwise; B-(S) =1if S = 5;
and B,(S) = 0, otherwise.
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The a posteriori LLRs A(u) and A(c]) of information bit u] and coded bit ¢} can also

be expressed as:
Aud) = L(ud, 1) + A*(u, 0), (3.73)
A(d) = L(d, I) + A*(d, 0), (3.74)

where the extrinsic LLR A°(u!, 0) and A%(c],O) are:

vt o 1 Teviigm AclS"E) s Plui(e). I1Plele), NB{S™(e)
A, 0) = log A Ty PLi(@), TP, B 7
/ o € U\ € ) i#q Ci € 3 t E e

Ye.dd(ey=0 At-1[55 ()] Plur(e), I Tligs Plei(e), 11 Be[S® ()]

Note that the extrinsic LLRs A%(u],0) and A¢(d,0) are independent of the a priori
LLRs L(ul,I) and L(c!, I), respectively.

3.5 Summary

The underlying principles of iterative turbo decoders, turbo principles, are introduced in
this chapter. Component decoders for concatenated codes can be generalized as a SISO
APP module with the a priori LLRs of information bits and coded bits as its soft inputs
and the extrinsic LLRs of these bits and the a posteriori LLRs of information bits as its
soft outputs. We showed the turbo principles, i.e. the way by which component SISO
APP blocks cooperate iteratively in the receiver, by the decoding structures of parallel
and serially concatenated codes. Finally, we gave some optimum and suboptimum APP

algorithms for the SISO APP module.

Turbo principles can be applied by the receivers of coded multiuser systems, where
we consider the multiuser detector as a SISO APP block. Thus, the receiver consists of

several SISO APP blocks, including the SISO multiuser detector and single user SISO
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decoders. These blocks can cooperate iteratively based on the turbo principles. The
resulting system performance approaches to that of the single user system, while the
computational complexity of the receiver is kept low. The following three chapters will

focus on the SISO multiuser detection.
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Chapter 4

Background on Soft-Input

Soft-Output (SISO) Multiuser
Detection for Coded Multiuser

Systems

For multiuser systems with forward error correction (FEC) codes, the optimal receiver
combines the trellises of both the multiuser detector and the individual FEC codes, which
results in a prohibitive complexity of O(2X"), where K is the number of users in the
channel and v is the code constraint length [Gia96al. In [Gia96b], some low-complexity
receivers, which perform multiuser symbol detection and decoding either separately or

jointly, are studied.

In order to reduce the complexity of jointly detecting and decoding for coded multiuser
systems, well-known turbo principles are employed in the receiver. The multiuser detector
and single user decoders transfer the extrinsic soft information of coded symbols to one

another in a turbo-like loop. The resulting iterative receiver can provide near single user
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system performance with feasible computational complexity.

In this chapter, first we introduce a fundamental theory based on minimum cross-
entropy (MCE) for the iterative receiver in Section 4.1. Then, we present a general
iterative receiver structure based on turbo principles for coded multiuser systems in
Section 4.2. In the following sections, we focus on iterative SISO multiuser detectors
and a complete review of it is provided. In Section 4.3, we introduce optimum iterative
SISO multiuser detectors. Based on some approximation, we can obtain simpler while

suboptimum iterative SISO detectors which are reviewed in Section 4.4.

4.1 Theoretical Fundamentals of Iterative Multiuser
Receivers — Minimum Cross-Entropy

The minimum cross-entropy framework [Moh93] — [Moh98c| provides information theory
fundamentals for iterative receivers of coded multiuser systems. In this section, first
we introduce the minimum cross-entropy solution for decoding [Moh93], [Moh97a] and
then present its application on iterative receivers for coded multiuser systems [Moh97b]

~ [Moh98c].

4.1.1 Minimum Cross-Entropy (MCE)

Cross-entropy minimization is a statistical inference scheme. It estimates the probability
distribution function of a random variable that satisfies given constraints on its moments
and minimizes the cross-entropy with respect to an a priori distribution. Let x be a ran-
dom vector with a priori distribution ¢(x). The principle of cross-entropy minimization

finds a distribution p(x) which has the minimum cross-entropy with respect to g(x), i.e.

p= arg{msin H[s, q}, (4.1)
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where Hs,q] is the cross-entropy of two distributions s and ¢g. The distribution p(x) is

subject to the following constraints:
dop(x)=1, (4.2)
X

which is a normalization constraint and
E,[fi(x)] =0, 1=1,..., P (4.3)

where E, is the expectation over the distribution p, {f;} are functions in x that represent

the equality constraints on the moments of x and P is the number of constraint functions.

The minimum cross-entropy distribution p(x) in (4.1) is given by the product of the

a priori distribution ¢(x) and an exponential function of the constraints:

p(x) = glx)exp [—No -y ukmx)] , (4.4

where {u} are the Lagrange multipliers with o determined by (4.2) and the remaining
pr determined from (4.3). That is,

Y q(x)exp [—Mo - I; ,kak(X)} =1, (4.5)

; Fi(x)q(x)exp [-uo - é m fk(x)] =0. i=1,...,P (4.6)
By denoting _

A = exp[—p), (4.7)

Gi(x) = expl-pfix)], i=1,...,P, (4.8)

and based on (4.4), we have the MCE distribution expressed as:

p(x) = Ag(x)q1(x) - - - gp(x). (4.9)
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For coding applications, the constraint functions are parity equations of the code.
The expression for g;(x) simplifies to I;(x), that is, the indicator function for a set of
codewords that satisfy the ith parity equation. Now the MCE distribution is equivalent

to the a posteriori codeword probability and equal to:
p(x) = Ag(x)]1(x) - - - Ip(x). (4.10)

The final decision of x has the maximum a posteriori probability over all possible proba-
bilities of x. Minimum cross-entropy decoding has the following two important properties.
Let J represent the processing performed by the minimum cross-entropy decoder. As-

sume that the binary codeword length is F'. Let x be a random vector with dimension

F

x = {[2(1),2(2), -+, 2(F)] : 2(n) € {~1,+1}}. (4.11)
and y be the corresponding noisy measurement vector at the output of the channel.
e Property 1: Minimum cross-entropy decoding is lossless. That is,

M(x;y) = M(x; T (y)), (4.12)

where M(x;y) is the mutual information between x and y.

e Property 2: Minimum cross-entropy decoding with only a subset of the constraints

is lossless. That is,
M(x;y) = M(x; 7(y)), (4.13)
where J; is the MCE processing based on only one subset of constraints.

Therefore, the MCE distribution in (4.10) can be obtained iteratively. In each itera-

tion, only one subset of constraints are considered. The constraints are grouped into sets
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Ci(x),i = 1,---,V and each of the constraint set is considered separately. We use the
notation go(x) o Cj(x) to represent the MCE distribution corresponding to the a priori
distribution go(x) and constraint set Cj(x). Denote
gy(x) =exp| —po — Y mifi(x)], (4.14)
fi€Cy
where the summation is over the constraints in the constraint set C,. The serial imple-

mentation of the iterative MCE decoder is as follows:
1. set p;(x) = go(x) 0 C1(%x) = c1q0(Xx)g}(x), where ¢; is the normalization constant;

2. determine p;1;(x) as the MCE distribution corresponding to the a priori distribu-

tion p;(x) and the constraint set Cy +5) mod v

Pj+1 (X) = p](x) 0 C(1+J) mod V(X) = Cj‘*‘lpj(x)gzl_}_j) mod V(x)7 (415)

where c;j;.1 is the normalization constant;

3. repeat step 2 until convergence occurs or a required number of repetitions have

been done.

Actually, p;(x) converges to the unique MCE distribution with respect to the a priori
distribution go(x) and satisfies all of the constraints. g, (x) is the extrinsic information

obtained from the constraint set C,,.

Alternatively, the MCE decoder has a parallel implementation which is equivalent to
the above serial implementation. Let pgerigr(x) be the result after V' steps of the serial
algorithm defined by (4.15). Let p*(x) = go(x) 0 Cy(X) = qo(x)g.(x),v =1,---,V be the
V MCE distributions after one parallel step, then the distribution

Hx)p?(x) - - p¥ (x
pparallel(x) = Cparallelp ( )[2;0(()())]‘/_? ( ) = pserial(x)a (416)
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where the constant cperaier normalizes the probability mass. Thus, for the decoding
problem, the constraints can be applied in parallel rather than serially. Moreover, the

parallel version converges to the same limit as the serial version.

It can also be shown that the a priori distribution to be used with the vth branch of

the parallel implementation can be expressed as:

¢"(x) = "go(x)g1 (%) - - g1 (X) g1 (X) -+~ gv (%), (4.17)
where ¢’ is the appropriate normalization constant. Therefore, the a priori distribution
of the vth branch consists of the initial probability go(x) and the extrinsic information
provided by all the other branches. The a posteriori distribution obtained by the wth
branch is p,(x) = ¢°(x) o C,(x) = cPorellelgv(x) g/ (x). This is called the modified MCE

algorithm.

4.1.2 An Iterative Multiuser Receiver Based on the MCE Al-

gorithm

Based on the above parallel implementation of the modified MCE decoder, we show an
iterative multiuser receiver structure for coded multiuser systems in Fig. 4.1. There are K
active users in the system. Each user’s information bits are encoded and then modulated.
Let by denote one coded symbol frame of user k, by, = [bx(0), b (1), ..., bx(F — 1)], where
F is the transmitted symbol frame length. The matrix b is the K-dimensional code

vector corresponding to all users.
b,
b,
b=| (4.18)

bxk KxF

The iterative multiuser receiver calculates the MCE distribution of coded symbols of all

users, i.e. b.
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g,;(b)
Y g,,(b) 130
Decoder 1
A priori
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" computation i
for each !
decoder g8 .(b
Ab ¥
qK"'( )‘ Decoder K »

Figure 4.1: Iterative multiuser receiver structure based on the MCE algorithm

Fig. 4.1 shows the iterative receiver structure, where y = y g, r is the output of K
parallel filters matched to K users’ waveforms respectively and j is the iteration index.

go(b) is the initial distribution of b obtained from the matched filter output y.

o) = Plbly) = “GPIC) = Pyibjoch) (4.19)

where = denotes that both sides contain the same information of b, §(b) is the a priori
probability of b before any decoding procedure, §(y) is the a priori probability of y and
P(y|b) is determined by the channel and it is assumed time-invariant. For an AWGN
channel, it is a joint distribution of a set of K x F jointly Gaussian random variables.
Denote g ;(b) as the a priori probability of b for the kth decoder in the jth iteration.
In the first iteration, g ;(b) is initialized as go(b) for all single user decoders. The kth
decoder calculates the probability pg ;(b), which can be the a posteriori probability of b
or the distribution of b which has the minimum cross-entropy with gx ;(b) by using the
code constraints of the kth user. g ;(b) is the extrinsic information provided only by the

kth decoder which satisfies the following equation:
Pr.i(b) = gk 3(b) - gr;(b). (4.20)
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In the jth iteration, the a priori probability of b is updated by the following equation
for the kth decoder (done by the ” A priori probability computation” block):

gk, (b) = go(b) - g1,;-1(b) -+ - gr-1,5-1(b) - gr+1,5-1(b) - - - gK,j-1 (D). (4.21)

Equation (4.21) shows that the a priori probability of b for the kth decoder consists
of the initial probability go(b) and the extrinsic information provided by all the other

decoders.

After employing all of the code constraints and enough number of iterations, the
decoder gives the final decision b, which has the maximum MCE distribution p(b) over

all possible b:

p(b) = go(b)g1(b)ga(b) - - - gk (b), (4.22)
b= arg{max p(b) } = arg{maxqo(b)g (b)ga(b) - - gxc(b)}. (4.23)

The main drawback of this iterative receiver is its high computational complexity, since
decoding is based on the multi-dimensional distribution of b which corresponds to 2K¥
values. Therefore, we need to make some approximation to obtain simpler iterative

multiuser receivers.

In the following, we introduce a practical iterative multiuser receiver with feasible
complexity. Compared with the previous iterative receiver, the practical one is based
on two simplifications. The first simplification is that in each single user decoder we
can only consider its codewords, not the whole K dimensional code vector bgxr, since
in bg.r only the kth row by is the codeword of the kth single user encoder. The
second simplification is that we employ the BCJR decoding algorithm instead of the
MCE decoding algorithm in each single user decoder. Fig. 4.2 is one directly approximate

receiver structure of Fig. 4.1, where j is still the iteration index.
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Figure 4.2: Simplified iterative multiuser receiver structure based on the MCE algorithm

In the practical iterative multiuser receiver, the kth single user decoder only needs
the a priori information of by, which is denoted by g;(bi) in the jth iteration. In the
first iteration, this a priori information is the corresponding marginal distribution from

qo(b) in (4.19):

go(bx) = D ao(b), (4.24)
bes;

where B, is the set of b which has the kth row equal to by. It will be updated in the

later iterations.

Single user decoders perform K parallel BCJR decodings. In the jth iteration, the kth
decoder performs BCJR decoding using g;(by) as its input and produces the a posteriori

distribution p;(by) of by, which can also be expressed as:

p;(bk) = g;(bx)g;(bx), (4.25)

where g;(by) is the extrinsic information provided by the kth decoder in the jth iteration.

In fact, the BCJR decoder calculates the a posteriori probability of each coded bit. Using
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BCJR decoding instead of MCE decoding is under the assumption that the successive de-
coded bits are independent, which can be achieved by a random interleaver /de-interleaver

pair for each user. In particular, that is:

pi(bi) = lj:pj(bk(i))- (4.26)

The a priori distribution g;(bg) for the kth decoder in the jth iteration is updated

as:

g;(bx) = P;(bxly)

_ Pilylbu)é(b)
0(y)
=10 5 P(yIb) s ()
7 bEBk
= Y0 5 piyib) - TT a1, (4.21)
Cik bes, itk

where c;x is the appropriate normalization constant. Equation (4.27) holds only when
{b;,i # k} are independent. Furthermore, in order to keep independence between mul-
tiuser detection and single user decoding, which is required by turbo principles, we can

replace p;_1(b;) in (4.27) by the extrinsic information g;_1(b;).

After the required number of iterations, the kth decoder gives the final decision by

which has the maximum a posteriori probability:

by = a,rg{ntax[p(bk)]}. (4.28)

To simplify the single user decoder, i.e. employ the BCJR decoding algorithm, the
input coded bits to each decoder are required to be independent, which is achieved by

the de-interleaving process. Thus, the soft information transferred between the multiuser

53



Chapter 4: SISO Multiuser Detection for Coded Multiuser Systems and Its Current Development

detector and a bank of single user decoders can be the a priori probability or the extrinsic
information of each coded bit (instead of the coded bit sequence by) and the final decision
for each information bit is based on its a posteriori probability. In the following, we will
use this approximation to review the iterative cooperation between multiuser detection

and decoding and denote the soft information by the log-likelihood algebra in [Hag96].
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4.2 A General Iterative Multiuser Detection and De-
coding Structure for Coded Multiuser Systems

Fig. 4.3 shows a general iterative multiuser system structure where each user applies
its own forward error correction code [Wan99]. The receiver shown in this figure is a
detailed version of Fig. 4.2. One information bit frame of user k is denoted as d; =
[dk(0), dr(1),...,dp(Q — 1)], where @ is the information frame length. The coded bits of
each user are interleaved before modulation. The function of these interleavers will be
explained later in Subsection 4.2.2. The modulation can be BPSK, M-ary quadrature
amplitude modulation (M-QAM) or a higher dimensional modulation. For simplicity,
here we assume BPSK modulation. The vector by = [b(0), bk(1),...,b(F — 1)] is one
modulated symbol frame of user k, where F' is the transmitted symbol frame length. The
receiver consists of two parts, a soft-input soft-output multiuser detector and a bank of
K single user soft-input soft-output decoders, which are separated by de-interleavers and
interleavers. These two parts cooperate iteratively by transferring updated extrinsic soft
information of coded symbols between them. The notations of soft information in Fig.
4.3 will be explained in the following subsections by the log-likelihood algebra used in
[Wan99).
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Figure 4.3: A general multiuser system structure with the iterative receiver (D and I

denote de-interleavers and interleavers, respectively.)
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4.2.1 SISO Multiuser Detectors

The SISO multiuser detector calculates the a posteriori log-likelihood ratio of a trans-
mitted “+1” and a transmitted “-1” for every transmitted symbol of the kth user by(7)

(assuming binary modulation):

Plbi (i) = +1]r(t)]
Plby(2) = =1|r(8))’

As[br(i)] £ log k=1,...,K; i=0,...F—1, (4.29)

where K is the number of active users in the system and r(¢) is the received multiuser

signal. Using the Bayes’ rule, the above equation can be written as:

1 Plr()]be(i) = +1] Plbi(i) = +1]
B = 8 i (=1 + 8 e = -1
= AP [k (0)] + A7 [Br(9)], (4.30)
where
Plr()|bx(i) = +1]
A0] = o8 B G ) = -1 43y
is the extrinsic LLR of by () provided only by the multiuser detector and
AP ()] £ log P = +1 (4.32)

Ploy(i) = 1]
is the a priori LLR of the coded bit bx (i), which is provided only by the channel decoder
of the kth user in the previous iteration (assuming that the a priori LLR of bi(2) before
any detection and decoding procedure is zero). The superscript £ denotes the extrin-
sic information and ' denotes the quantity obtained from the previous iteration. The
extrinsic LLR AP [bi(7)], which is provided only by the multiuser detector, is obtained
based on the received multiuser signal r(t), the a priori information of the coded bits
of all the other users, {\!'[b;(5)],! # k,0 < j < F — 1} , and the a priori information
of the coded bits of the kth user other than the ith bit, {\J'[bk(5)],7 # ¢}. Note that
the extrinsic LLR AP[by ()] of b(é) is independent of its a priori LLR A}[b ()], which

makes sure that the resulting system performance converges quickly. The extrinsic LLRs
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{AE[Be(3)],0 < ¢ < F — 1} is then de-interleaved and fed into the kth user’s channel

decoder as a priori LLRs.

From (4.30), we can see that the main task of SISO multiuser detectors is to calculate
the extrinsic LLR of each coded bit of each user {\f[b(1),0<i< F-1,1<k < K}
based on the received multiuser signal () and the a priori LLRs of all the other coded
bits {A\Z[bi(5)],1 # k,j # i}, excluding the one of bi(i). The probability P[r(¢)|bx(:)] in
calculating the extrinsic LLR in (4.30) can also be considered as the equivalent channel
transition probability. How to calculate these extrinsic LLRs by SISO multiuser detectors

is the main objective of this thesis.

4.2.2 A Bank of SISO Single User Decoders

In Fig. 4.3, the soft outputs about each user’s coded symbols from the multiuser detector
are first de-interleaved before they are passed into its decoder. Therefore, even when the
channel has memory, the soft inputs into each single user decoder are independent of each
other, which is required by the single user decoding algorithm described in the follow-
ing. Thus, each decoder can work on each coded bit or each information bit separately.
Furthermore, in [Pin03] interleavers are used as one additional way to separate multiple

users. We will consider functions of interleavers/de-interleavers in the next subsection.

The kth user’s SISO decoder computes the a posteriori log-likelihood ratio of each
coded symbol bg(n) based on the a priori LLRs of all coded symbols provided by the
multiuser detector and the code constraints:

Plbi(n) = +1{XF[bx(n)]}azo ; decoding]
Plbr(n) = —1[{X[bx(n)] }2=3; decoding]

n=0)

= M [be(n)] + AP [br(n)]. (4.33)

A

Az[br(n)] = log

The above equation shows that the a posteriori LLR of each coded symbol is also
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the sum of the extrinsic LLR Af[bi(n)] provided only by the decoder and the a priori
LLR A[bx(n)] provided only by the multiuser detector. The extrinsic LLR AZ[bk(n)] of
the coded bit bg(n) is obtained based on the a priori LLR of all the other coded bits
{\F[bx(m)], m # n} and the trellis constraint of the code. The extrinsic LLRs delivered
by K channel decoders {\¥[bx(n)],1 <k < K,0 < n < F — 1} are then interleaved and
fed back to the SISO multiuser detector as a priori LLRs of coded symbols of all users

in the next iteration.

After the required number of iterations, the single user decoders calculate the a pos-
teriori LLR of every information bit di(j):
Pldi(5) = 1|{M [b(n)]}/=g; decoding]

Pldi(j) = O[{ M\ [bx(n)]}1=3; decoding]’
k=1,...,K; j=0,...,Q—1, (4.34)

Az[di(5)] -é-log

based on which we make the final decision for each information bit. That is:

di(5) = sign(As[di(5)])- (4.35)

For the single user decoder, when the input coded bits are from a Markov source
(for example, a convolutional encoder) and independent of each other, the a posteriori
probability of each coded bit and each information bit can be calculated by the BCJR
algorithm [Bah74], the soft output Viterbi algorithm [Hag95] or their modified variations
[Ben96c], [Fra98], [Hue00], [Pap96], [Rob95], [Zhe00] based on the equivalent channel
transition probabilities and the a priori probabilities of information bits or coded bits.
Furthermore, for parallel concatenated convolutional codes (PCCC) and serially concate-

nated convolutional codes (SCCC) , their component decoders can cooperate iteratively

with each other [Ben96b], [Hag96].

When the single user code is a powerful code, such as convolutional code (CC) , serially
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concatenated convolutional code or parallel concatenated convolutional code, it is well
known how to implement its decoder along with the multiuser detector in a turbo-like
iterative way [Ale99], [Ree98|, [Shi01], [Wan99]. References [Ale99] and [Wan99] show
in greater detail that SISO single user convolutional decoders can successfully cooperate
with the SISO multiuser detector iteratively. [Ree98] and [Shi0l] deal with the cases
when multiple users employ SCCCs and PCCCs, respectively.

4.2.3 Functions of Interleavers/De-interleavers for Iterative Mul-

tiuser Receivers

Interleavers/de-interleavers in the coded multiuser system are indispensable for the it-
erative multiuser receiver. Their important functions have been exploited by several

authors.

In [Moh98a], the asymptotic multiuser efficiency of coded multiuser systems is de-
rived. It is shown that the optimal asymptotic multiuser efficiency with coding and ran-
dom interleaving is one. There will be a performance degradation when interleavers/de-
interleavers are not employed in the multiuser system, which is confirmed by simulation
results. Furthermore, in [Moh98a], the influence of the interleaver size on the system
performance is also investigated. Based on simulation results, it is shown that the in-
terleaver size clearly plays a role at low SNRs. In particular, the larger interleaver size
improves performance in the range between the threshold and the single user system
performance, while it has little effect on the threshold behavior of the detector and the

rate of performance convergence.

The synchronous multiuser access channel can be considered as a convolutional code.
Furthermore, in [Ale99], the asynchronous random CDMA channel is considered as a

time-varying convolutional code. Thus, the coded multiuser system appears as a serially
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concatenated coding system, for which we can employ a serially iterative turbo decoder.
Therefore, interleavers are required based on the turbo principles to reduce correlations

between two component decoders, i.e. the multiuser detector and single user decoders.

Interleavers can also be used to distinguish multiple users in a multiple access sys-
tem. An asynchronous interleaver-division multiple-access (IDMA) scheme is proposed
in [Pin03], where users are uniquely specified by different chip-level interleaving methods
instead of by different signatures as in a conventional CDMA system. In the receiver, a
very simple chip-by-chip iterative multiuser detector can provide nearly optimal perfor-
mance for systems with a large number of users. The success of IDMA systems, i.e. the
significant separation function of interleavers, is explained by using a factor graph ap-
proach. Interleavers reduce the number of short cycles in factor graphs of IDMA systems,

which is essential for the success of a message passing process.

4.3 Optimum Iterative SISO Multiuser Detection

Optimum SISO multiuser detectors calculate the extrinsic LLR of each coded symbol of
each user (4.31) directly from the received signal based on the a priori LLRs of other
coded symbols. They can employ the minimum cross-entropy algorithm [Moh97a] —
[Moh98c] or maximum a posteriori algorithm [Ale99], [Bah74]. However, the complexity
of the optimum SISO multiuser detector in calculating extrinsic LL.Rs of coded symbols is
exponentially proportional to the number of users K per iteration. In order to reduce the
complexity, much effort has been given to efficient sub-optimum SISO detectors, which

we will introduce in Section 4.4.
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4.3.1 System Model

For a synchronous multiuser system with K active users on the AWGN channel, its
system model has been given in Section 2.1. Here we briefly repeat it for the reference
in the following sections. In the receiver, we use a bank of matched filters, which are
matched to the K users’ waveforms respectively, as the front end and sample each filter
output at the symbol rate. The matched filter output vector during each symbol interval

is:
y =RADb +n, (4.36)

where R is the K x K normalized cross-correlation matrix of multiple users’ waveforms,

y= [y, yxl", (4.37)
b= [by,...,bk]%, (4.38)
A = diag{A,..., Ak}, (4.39)

where b, and A are the kth user’s transmitted binary symbol and signal amplitude
respectively, and n is a zero-mean Gaussian random vector with covariance matrix equal

to [Moh97a]:
E[nn’] = ¢’R, (4.40)

where o2 is the double-sided power spectral density of the background Gaussian noise

process. The output of the kth user’s matched filter is:

K
yr = Arbg + Z pijjbj + ng, (4.41)
Jj=1,j#k

where {prj,j = 1,..., K} is the kth row of R and pgi = 1.
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4.3.2 Maximum A Posteriori Algorithm

For a synchronous multiuser system, we can calculate probability p(y|bx) in the extrinsic
LLRs of coded symbols (4.31) by marginalizing the joint channel transition probabilitiy
p(y|b) [Moh97a], [Ree98]. The equivalent channel transition probability of the matched

filter output y conditioned on transmitted symbol by is:

p(ylbr) = D p(ylb) x p(b)

bepr
K
= > plyb)x [ p(), (4.42)
besk i=1,i7k

where BF is the set of all possible vectors b with the same b;. Here we use the assumption

that coded symbols of different users are independent.

Alternatively, since a multiple access channel can be considered as a convolutional
code, the coded multiuser system appears as a serial concatenation of two coding systems.
At the reéeiver, we can employ serial turbo decoding strategies. Therefore, in order to
calculate the a posteriori probability of b, we can employ the optimum MAP algorithm
(for example, the BCJR algorithm) [Bah74], log-MAP algorithm [Hag96], suboptimum
SOVA algorithm [Hag95] or their variations based on the equivalent trellis of the multiuser
channel. After subtracting the a priori LLR of by from its a posteriori LLR, we obtain
the extrinsic LLR of b, which will be transferred to the kth user’s decoder.

4.4 Sub-Optimum SISO Multiuser Detection

Due to the high complexity of optimum multiuser detection, there has been much work
devoted to the simple while sub-optimum SISO multiuser detection techniques which are

feasible in practical systems. In this section, several research directions are reviewed.

63



Chapter 4: SISO Multiuser Detection for Coded Multiuser Systems and Its Current Development

4.4.1 Reduced-Complexity Trellis-Based SISO Multiuser De-

tection

As seen in Subsection 4.3.2, the multiuser channel can be considered as a convolutional
code, therefore represented by a trellis. Under some approximation, we can reduce the
complexity of this trellis, thus obtain reduced-complexity SISO multiuser detection algo-

rithms.

In [Ale99], an approximate BCJR algorithm is proposed for the equivalent time-
varying convolutional code of the asynchronous random CDMA system. They use the M
algorithm [Sch97] in the forward recursion and cut the recursion with length FK into FK
recursions of depth two in the backward recursion, where F' is the coded frame length

and K is the number of active users. Finally, the complexity is reduced from O(2%) to

O(K).

In [Qin00a], [Qin01], the reduced-state T-MAP algorithm is used in the SISO mul-
tiuser detector, instead of the optimum MAP algorithm. The T-MAP multiuser detector
keeps only the paths with the metrics which are within a threshold Tof the maximum
metric in the forward recursion of the BCJR algorithm. Then the backward recursion
is performed only for the part of the trellis that survives after the forward recursion. In
addition to have the reduced complexity, the T-MAP multiuser detector is adaptive to
channel conditions. At low received signal-to-noise ratios, since most of the paths are
kept, it is close to the full-complexity MAP detector. Therefore, it has the same worst
case computational complexity as the MAP detector. However, the average number of

extended nodes in the trellis is reduced.
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4.4.2 Soft Interference Cancellation Detection

A soft interference cancellation detector has the minimum complexity (~ O(K?) per sym-
bol in each iteration) among other SISO multiuser detectors [Ale98], [Ket99], [Qin00b],
[Shi01]. The detector first obtains soft symbol estimates based on soft inputs from a bank
of single user decoders. Then it calculates the interfering signal for each user and cancels
this interfering signal from each user’s matched filter output. The output of soft interfer-
ence cancellation consists of the desired signal, residual interference and the background
Gaussian noise. By assuming that the residual interference is also a Gaussian random
variable and independent of the background noise, the detector calculates and outputs
extrinsic LLRs of coded symbols to single user decoders. Although soft interference can-
cellation detection is very simple, the resulting system has a severe performance penalty
at low signal-to-noise ratios and low convergence speed, especially for highly correlated
narrow-band systems and heavily loaded CDMA systems. We will compare its bit error

rate performance with our proposed SISO decorrelator in Subsection 5.2.3.

In more detail, a soft interference canceller for a synchronous multiuser system is
described as follows. Its soft inputs {\J(bx),1 < k < K} (which are LLRs of coded
symbols) are provided by a bank of single user decoders. The soft estimate of each coded

symbol of each user is:

- P AF (b)
b= Blb A (b)) = tanh (22 ), k=1, K. (4.43)

The interfering signal for each symbol of each user can be constructed and cancelled from

its matched filter output:
z=y—-(R-D)Ab=Ab+ (R-I)A(b—Db)+n (4.44)

where b = [by,...,bx|” and I is the identity matrix. For the kth user, its output of soft

interference cancellation is:

K
2 = Agby + Z pijj(bj - bj) + ng. (4.45)
=Ltk
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The second term in (4.45) is the residual interference and can be assumed to be a Gaussian
random variable which is independent of ng. Thus the soft output of the multiuser

detector can be calculated as:
P{Zk‘bk = +1] _ 2Akzk
Plzlby =1 o} '

where o} is the variance of the sum of the residual interference and n; and can be

AEby] = log 1<k <K, (4.46)

statistically estimated by the multiuser detector.

4.4.3 Improved Soft Interference Cancellation

In order to improve the performance of soft interference cancellation, an instantaneous
linear minimum mean square error filter is applied on the output of soft interference
cancellation [Can00], [Wan99], which further suppresses the residual interference. By

Gaussian approximation of the MMSE filter output, the detector calculates soft outputs.

In the SISO MMSE detector for a synchronous multiuser system, first for each user
k, a soft interference cancellation is performed on the matched filter output vector y at

each symbol instant:

v, =y —RAb,=RAb—-by+n, 1<k<K, (4.47)
where

Bk = [b1, .-, bk-1,0,bry1, . .., b7 (4.48)

Next, in order to further suppress the residual interference in y,, an instantaneous linear

MMSE filter (wg)kx1 is applied on y;. The filter output is denoted as:
T = Wi Y- (4.49)

The filter wy, is chosen to minimize the mean square error between the coded bit b and

the filter output zg, i.e.,

2
Wi = arg wr,flei%K E'{ [bk — W{yk] } (4.50)

66



Chapter 4: SISO Multiuser Detection for Coded Multiuser Systems and Its Current Development

By assuming that different users’ coded bits are independent of each other and using the

statistical property of coded symbols indicated in (4.43), we have the following MMSE

filter:

wi = AuR™ Vi + 0?R7] ey, (4.51)
where

Vi &3 A%[1 - Bejel + Aleref, (4.52)

itk
and e is a K-dimensional column vector with the kth element as 1 and all other elements

as Zeros.

Soft outputs are calculated by assuming that the output of the soft instantaneous
MMSE filter z; represents the output of an equivalent additive white Gaussian noise

channel having by as its input. That is:
T = prbr + Mk, _ (4.53)

where py is the equivalent amplitude of the kth user’s signal at the output, and 7 ~

N(0,v?) is a Gaussian noise sample. The parameters u; and v? can be computed as
k p I k p

follows:
-1
Uy = E[xkbk] = Aik [[Vk -+ 0’2R_1] } ) (4.54)
kk
v = var|zi] = ur — 13- (4.55)

From (4.53) the soft output, i.e. the extrinsic LLR of by, delivered by the soft instanta-
neous MMSE filter is then

p[:l:klbk = +1] B 2z

Mol =1 = .
v (o] ng[xklbk:_l] 1 — pg

(4.56)

Employing the recursive algorithm to calculate the matrix inverse in (4.51), the com-

putational complexity of this detector is ~ O(K?3) per symbol in each iteration.
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4.4.4 SISO Decision Feedback Detection

In [Bei02], [GamO00}, [Lam99], a nonlinear MMSE filter consisting of a feedforward filter
and a feedback filter is used. The feedforward part is applied on the matched filter
output directly and the feedback part is on soft symbol estimates. We will introduce
this detector in detail in Chapter 5 and compare it with our proposed SISO multiuser

detector there.

4.5 Summary

1In this chapter, first both theoretical fundamentals and practical implementation of it-
erative receivers for coded multiuser systems are provided based on the minimum cross-
entropy algorithm. Then, based on turbo principles, we introduce a general iterative
receiver structure. Finally, we focus on reviewing optimum and suboptimum iterative
SISO multiuser detectors in detail. In the next chapter, we propose our new SISO mul-

tiuser detectors and compare them with those available in the literature.
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Chapter 5

SISO Multiuser Detection for
Synchronous Coded Multiuser
Systems over AWGN Channels

In this chapter, we propose and derive three types of SISO multiuser detectors for syn-
chronous multiuser systems over AWGN channels. The position and task of the SISO
multiuser detector in the recursive receiver for coded multiuser systems are shown in Fig.
© 4.3. These SISO detectors are adapted from traditional (non-SISO) multiuser detection
techniques [Ver98|, such as, decorrelating detection, linear MMSE detection and parallel
decision feedback detection. Based on the soft inputs of detectors which are fedback
from a bank of SISO single user decoders, these detectors further exploit the a priori
information of coded symbols in their detection. Moreover, they calculate soft outputs,
which are extrinsic log-likelihood ratios of coded symbols, and output them to SISO sin-
gle user decoders in turn. The resulting system performance approaches to that of the
single user system after only a few iterations for moderate and high signal-to-noise ratios.
Furthermore, their computational complexity is kept low, which is a cubic function of the

number of users. For each type of SISO detector, performance analysis and simulation
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results are provided. Performance comparison among these detectors is presented at the

end of this chapter.

In Section 5.1, the system model of a synchronous multiuser system over the AWGN
channel is given. We propose and analyze a SISO decorrelating detector in Section 5.2, a
linear SISO MMSE detector in Section 5.3. The SISO parallel decision feedback detector
in [Bei02], [Gam00] and [Lam99] is introduced in Section 5.4 for comparison purposes.
Comparison among these three types of SISO multiuser detectors is provided in Section

9.5.

5.1 System Model

For clear description and simplicity we consider synchronous multiuser systems with K
active users over the AWGN channel. We also assume that BPSK modulation is used by
each user. This system model has been given in Section 2.1. In the following, we briefly

repeat some of the relevant equations for convenience.

In the receiver, we use a bank of matched filters as the front end and sample the filter
output at the symbol rate. The matched filter output vector during each symbol interval
is:

y = RAb + n, (5.1)

where R is the K x K normalized cross-correlation matrix of multiuser waveforms, y =
[y1,...,yx|T is the matched filter output vector, b = [by,...,bk]? is the transmitted
coded symbol vector, A is a diagonal matrix with diagonal elements as the amplitudes
of multiple users’ transmitted signals, A = diag{A,..., Ak}, and n is a zero-mean

Gaussian random vector with covariance matrix equal to:

Enn’] = ¢’R, (5.2)
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where 02 = N;/2 is the double-sided power spectral density of the additive white Gaus-

sian noise.

5.2 SISO Decorrelating Multiuser Detection

In this section, instead of an MMSE filter [Wan99] introduced in Section 4.4.3, we propose
a novel SISO decorrelator which is applied to the output of the soft interference canceller
(SIC) . Based on the updated soft inputs of the SISO detector which are fedback from
a bank of single user decoders, the equivalent cross-correlation matrix of multiple users
at the output of SIC is also updated and employed in each iteration. If we assume
that the reliabilities of these soft inputs are improved from one iteration to the next,
the cross-correlation matrix will have smaller cross correlation elements. Thus, noise
enhancement introduced by decorrelating will be reduced as well. Because of negligible
residual interference as well as reduced noise enhancement in successive iterations, we
will show in this section that the performance of our iterative receiver approaches to that

of the single user system only after a few iterations.

In the following, first we propose a novel SISO decorrelator in Subsection 5.2.1 and
then analyze its performance in Subsection 5.2.2. Monte-Carlo simulation results are
shown in Subsection 5.2.3 and compared with those of soft interference cancellers. Finally,

the computational complexity of the SISO decorrelator is analyzed in Subsection 5.2.4.

5.2.1 SISO Decorrelating Multiuser Detectors

The soft inputs of the detector, which are provided by a bank of SISO single user decoders,
are the a priori log-likelihood ratios {\in(bx),1 < k < K} of coded symbols.

Pr(by, = +1|decoding in the previous iteration)

Ain(bg) = log (5.3)

Pr(br = —1|decoding in the previous iteration)
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Based on them, we can obtain the soft estimate of each coded symbol of each user:

I;k = E[bkl)\m(bk)] = tanh( 5

), k=1,...,K. (5.4)

The sign of soft symbol estimate Bk is the hard decision of by and its absolute value |l;k|
is the reliability of this hard decision. Then the interfering signal for each symbol of each

user can be constructed and cancelled from its matched filter output:

~

z=y— (R-I)Ab
=RAb - (R—-I)Ab+n
=Ab+ (R—1)A(b—Db) +n, (5.5)

where 1 is the identity matrix.
The output z of the soft interference canceller in (5.5) still has a residual interference
which is shown by the second term in the third equation. Furthermore, it has a new

equivalent cross-correlation matrix R, of multiple users’ waveforms. We can express z

in an alternative way:

z =R,Ab +n, (5.6)
where

R,=R-C+D. (5.7)

Both C and D are diagonal matrices and can be expressed as:

bi—by
b1 0
by —bg
b2
C={ 0 : (5.8)
b —by
(3% KxK
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b
5]1- 0
ba
ba
D = ) 5.9
0 (5.9)
bg
bK KxK
C=I-D. (5.10)

For example, a multiuser system with three users has a symmetric cross-correlation ma-

trix R:
1 piz pi3
R=|p2 1 pal. (5.11)
P13z p23 1
The equivalent cross-correlation matrix R, for the output of the soft interference canceller
is equal to:
1 P12 - 92%;2 P13 - éﬁz—b&
R 1 pas - s | (5.12)
P13 - élg_l—bL P23 - bzfz 1

However, from (5.7) - (5.9), we can see that R,, depends on {b;,1 < k < K}, which
we have not yet recovered. Therefore, we need some reasonable approximation here. For

(5.8) and (5.9), we need to estimate:

be/br, k=1,...,K. (5.13)
For BPSK modulated symbols by € {—1,+1}, we have the following equations:

br/be =by by, k=1,...,K. (5.14)
When the hard decision based on by is correct, that is by = sgn(l;k), we will have:

be/br = b -bp = |bi|, k=1,...,K. (5.15)
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Assuming (5.15) is correct, we can approximate cross-correlation matrix R, in (5.7) by

the following R.:
R,=R-C+D, (5.16)

where
1 — by 0
1 — |by

o
[
o

(5.17)

1- !bK| KxK

D= . . (5.18)

|BK‘ KxK

The corresponding approximate R, of R, in (5.12) is:

1 prz- (L= 1bal) pra- (1 — [Bs])
R, = | pi (1— b)) 1 pas - (1—|bs]) |- (5.19)
P13'(1_|Z’1|) pas - (1 — |i)2|) 1

In order to further reduce the residual interference in z, we decorrelate z by multi-
-1 - A1,
plying it with R, . Assume that R, ~ R, and its inverse R, exists, the output of

decorrelating z will be:

xPEC =R .z=R, R,Ab+ R, -n~ Ab+n,, (5.20)

U
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-1 -1 ‘
where R, R, 1 and R, -n =n,. The equivalent noise vector n, is still a vector of

Gaussian random variables and has the following covariance matrix:

E[n,nl] = B[R, n)(R, n)7]

~—~1 A -]

=o’R, R(R, ). (5.21)

The corresponding noise variable n,; for the kth user’s output zPZ¢ is a Gaussian
random variable with the distribution A/(0, 62, ), where o2, is the kth diagonal element of

the covariance matrix in (5.21) and can be calculated directly by the detector. Therefore,

the soft output of the SISO decorrelator during each symbol interval is:

P[x[‘ Clbk = +1] 2Akx[ EC
DEC k k
Ao [bk] gP[I]?EC“)k; 1] 5k ) = k = (5 22)

Compared with the soft interference canceller in [Ale98] and [ShiOl], our proposed
SISO decorrelator does not consider the possible residual interference which may be
introduced by the approximate R,. In the next subsection, we will show that it is

reasonable to ignore the possible residual interference introduced by Ru

5.2.2 Performance Analysis

In this subsection, we analyze the performance of the SISO decorrelator under the as-
sumption that the reliabilities {|bx|} of coded symbols are improved in successive it-
erations at moderate to high signal-to-noise ratios, which is usually true for iterative

receivers.

Using the approximate R, under (5.15), if one hard decision based on soft symbol es-

- -1
timate by is not correct, decorrelating z by R, will introduce some residual interference.
However, consider that soft estimates are based on soft inputs from single user decoders

in (5.4), equation (5.15) does not hold only when the symbol estimate’s reliability is low,
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i.e. |bg| is small. The resulting difference between R, and R, is small. Therefore, the
introduced residual interference will also be small. Moreover, since the symbol estimate
reliabilities increase on successive iterations, the approximate cross-correlation matrix R,
tends to R,. Thus we can ignore the residual interference which may be introduced by
the approximate R,. However, the detector performance in each iteration does depend

on both hard decisions {sgn(bx)} and reliabilities {|bx|} of soft symbol estimates.

Since |lA)k| € [0,1),k = 1,..., K, absolute values of elements in R,, except diagonal
ones are less than or equal to the corresponding ones in R, which means that cross
correlations between multiple users are reduced. Moreover, since symbol estimates have
improved reliabilities (i.e. larger |bx|) from one iteration to the next, multiple users will
have less cross correlations. Thus, we make good use of the soft inputs from a bank of

single user decoders in both soft interference cancellation and the decorrelating process.

One main disadvantage of decorrelating detection is noise enhancement introduced by
multiplying the inverse of the cross-correlation matrix. In the following, we will analyze
noise variances at the output of the SISO decorrelator. The noise variance o2, of the
output noise variable n,; of the SISO decorrelator for user & is the kth diagonal element

of the covariance matrix (5.21). Denote
G=1—1|b], 1<k<K, &el0,1]. (5.23)

Based on (5.7), (5.15) and (5.21), given the system cross-correlation matrix R, o2, is
a function with multiple arguments {¢;,1 < ¢ < K}. Under the assumption that with
additional iterations the reliability of each coded symbol |b;| increases, &; decreases. In the
first iteration, we have no a priori information of coded symbols, (i.e. {|b;] =0,1 <i <
K1), thus {¢& = 1,1 <i < K}. The SISO decorrelator is now a traditional decorrelator
with noise enhancement. Ideally, all coded symbols would have nearly perfect reliabilities,

(ie. {|bs] = 1,1 <4 < K}), thus {§ = 0,1 < i < K}. At this time, 02, = No/2 and
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there is no noise enhancement introduced by the SISO decorrelator. The relationship
between o2, and intermediate values of {¢;,1 < i < K} is determined by simulation. It
is determined that in general, o2, is an increasing function of {¢;,1 < i < K} respectively,
for moderate and large {&;}. While for small {¢;}, it remains small and changes slowly. In
Appendix A, we show the simulation results to confirm this conclusion. Therefore, with
additional iterations, the noise enhancement of the SISO decorrelator will be reduced or

remains low.

In summary, if we assume the reliabilities of coded symbols based on soft inputs
are improved in successive iterations, the possible residual interference introduced by the
appropriate cross-correlation matrix R, can be ignored and the noise enhancement due to
decorrelating can be reduced or kept small. Therefore, the resulting system performance
will approach fast to that of the single user system, which will be confirmed by Monte-

Carlo simulation results shown in the next subsection.

5.2.3 Simulation Results

For simplicity, in this subsection, we consider a synchronous K-symmetric multiuser
system. Its cross-correlation matrix R has only one parameter p, indicating the cross

correlation between any pair of users.

1L op p
p 1 « .. p

R=| _ (5.24)
p p 1

Since it is difficult to analyze the system performance by a closed expression of bit
error probability for iterative receivers, we use the Monte-Carlo technique to obtain the

bit error rate performance. The number of users, K, is 5 or 10. The cross correlation p
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between any two users is equal. We use p values of 0.5, 0.7, or 0.9 for K = 5 and 0.3 for

K =10.

In the simulation, all users employ the same rate 1/2 convolutional code with con-
straint length 7 and the following generators {1011011}, [1111001]. Iterative SISO single
user decoders are based on the log-MAP algorithm [Hag96] [Bah74]. Different users have
different constant block interleavers which are randomly selected. No effort is taken to
optimize these interleavers. The frame size of information bits is 500 and the total num-
ber of simulated information frames is 10,000. Except the specific notation, we assume
that the received amplitudes of all users’ signals are equal and normalized to be unity.
In this case, since all the users have the same performance, without loss of generality, we

only show bit error rates of the first user.

In the following, we will compare the system performance provided by the SISO
decorrelator and by the soft interference canceller in [Ale98], [Shi0l], which has been
introduced in subsection 4.4.2. The soft interference canceller has the lowest complexity,
compared with other SISO detectors considered in this chapter. Performance-versus-
complexity of these detectors are listed in Table 5.1 at the end of this chapter. In the
first iteration, there is no soft information fedback from single user decoders. Therefore,
at this time, our SISO decorrelating detector follows traditional (non-SISO) decorrelating
detection, while the soft interference canceller follows conventional multiuser detection.
Fig. 5.1 and Fig. 5.2 show comparison of bit error rate performances between the soft
interference canceller and the SISO decorrelator for two K-symmetric multiuser systems
with K =5, p = 0.5 and K = 10, p = 0.3 respectively. Solid curves denote bit error rates
of user 1 provided by the soft interference canceller, while dotted curves are provided by
the SISO decorrelator. The performance of the single user system is also shown in these

figures. Compared with the soft interference canceller, our proposed SISO decorrelator
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has a faster convergence speed towards the single user system performance and better

bit error rates at low SNRs.

Fig. 5.3 and Fig. 5.4 show the bit error rate performances of user 1 in the multiuser
systems with K = 5 and higher cross correlations of 0.7 and 0.9, respectively. Since the
soft interference canceller does not work for these highly correlated systems, we employ
traditional decorrelating detection at the first iteration for both the soft interference
canceller as well as the SISO decorrelator. Our proposed SISO decorrelator still has a
better performance than the soft interference canceller. However, the difference between
these two types of SISO detectors is smaller than those shown in Fig. 5.1 and Fig. 5.2,
since for these highly correlated systems, the decorrelating process at the first iteration
provides a key function. Simulation results of SISO decorrelating detectors and their
comparison with those of soft interference cancellers confirm our analysis in Subsection

5.2.2.

Near-far resistance of the SISO decorrelating detector is also investigated. Fig. 5.5
shows and compares the bit error rate performances of strong users and weak users in
one near-far situation, where K = 5, p = 0.7 and three users have 3dB more energy than
the other two users. Since the users with the same energy in the system have almost
the same bit error rate performance, we only show the performance of any of them. Bit
error rates in the first five iterations are simulated and shown in the figure. Note that
signal-to-noise ratios of strong users and weak users have 3dB difference and are marked
by red color and blue color respéctively in the figure. Signal-to-noise ratios of the single
user are also indicated in blue. From Fig. 5.5, we can see that the performance of weak
users can converge to that of the single user system after additional iterations. For strong
users, they have 3dB more power. Their performance is worse than that of the single

user at the same Ej,/N, values. That means, lower power users benefit from the strong

79



Chapter 5: SISO Multiuser Detection for Synchronous Multiuser Systems over AWGN Channels

interference while higher power users suffer a performance loss from the weak interference.
Furthermore, without power control in the receiver, multilple users’ power difference will
be higher. Fig. 5.6 shows the bit error rate performances of weak users in the fifth
iteration under several near-far scenarios: power difference ranges from 3dB to 23dB.
We can see that in all cases, their performance remains almost the same. Therefore, our

SISO decorrelator has good near-far resistance for lower power users.
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System Parameters: K=5, p=0.5, equal power
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Figure 5.1: Comparison of bit error rate performances between the soft interference
canceller in the first five iterations (SIC-1 — SIC-5), the SISO decorrelator (DEC-1 —
DEC-5) and the single user system (SU) for K = 5, p = 0.5 and equal power users.
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System Parameters: K=10, p=0.3, equal power
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Figure 5.2: Comparison of bit error rate performances between the soft interference

canceller in the first five iterations (SIC-1 — SIC-5), the SISO decorrelator (DEC-1 -

DEC-5) and the single user system (SU) for K = 10, p = 0.3 and equal power users.
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Figure 5.3: Comparison of bit error rate performances between the soft interference

canceller in the first five iterations (SIC-1 — SIC-5), the SISO decorrelator (DEC-1 —

DEC-5) and the single user system (SU) for K = 5, p = 0.7 and equal power users.
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System Parameters: K=5, p=0.9, equal power
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Figure 5.4: Comparison of bit error rate performances between the soft interference
canceller in the first five iterations (SIC-1 — SIC-5), the SISO decorrelator (DEC-1 —
DEC-5) and the single user system (SU) for K = 5, p = 0.9 and equal power users.
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System Parameters: K=5, p=0.7, unequal power
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Figure 5.5: Comparison of bit error rate performances between higher power users in the
first five iterations (HP-usersl — HP-users5), lower power users (LP-usersl — LP-users5)
under SISO decorrelating detection and the single user system (SU). System parameters:
K =5, p = 0.7, three users have 3dB more energy than the other two. Signal-to-noise
ratios of higher power users and lower power users are marked by red and blue colors,

respectively. Signal-to-noise ratios of the single user system are indicated in blue.
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Figure 5.6: Bit error rate performances of lower power users under several power dif-
ferences, provided by the SISO decorrelator in the fifth iteration. System parameters:

K =5, p = 0.7, three users have more power than the other two users.
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5.2.4 Computational Complexity Analysis

Compared with the soft interference canceller, our proposed SISO decorrelator performs
some extra computations at each iteration. Our detector must additionally compute

the inverse of the updated cross-correlation matrix f{u, decorrelate the output of soft

interference cancellation, compute variances of Gaussian noise random variables in xPZC¢

and calculate the soft outputs. In order to reduce the complexity of calculating the matrix

. A —1 . A
inverse R, , we can employ a recursive method. Based on (5.16), we can express R, as:

~

R, D

Il

R-C
E

+
K A
+ > bs| - e - ef, (5.25)
j=1

where E2 R - € and e; denotes a K-dimensional column vector of all zeros, except for

the jth element, which is 1.

_In the following, we present a recursive algorithm to calculate the matrix inverse f{; 1.
Denote
3O g 1=C" R, (5.26)
k -1
k) — (E+Zlbj|-ej-ef> . 1<k<K (5.27)

=1

Therefore, we have
R, = a®, (5.28)

Using the matrix inverse lemma in [Gol96], we can calculate ®® recursively as for
k=12,... K.
o) = (@) +|b-ex-ef)

) .
— k- _ _ L PED gy el ) (5.29)
IERCEN
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Now we analyze the computational complexity of the SISO decorrelating detector. For
DSP-based implementation, we assume three types of computation: summation (ADD),
multiplication (MUL) and multiply and accumulation (MAC), each of which involves
one floating-point operation. For matrix inverse computation, each recursive step (5.29)
consists of K2 MAC and K? MUL. Totally there are K recursions, the whole number of
operations are 2K 3 at each iteration for K users. Decorrelating procedure and calculation
of noise variances for all K users involve K2 and (K? + K% + K) MAC, respectively. In
addition, soft interference cancellation involves (K? + 2K) MAC operations for K users.
Table B.1 in Appendix B shows the number of operations required in each step of the
SISO decorrelator. For each coded symbol interval per iteration, the detector needs

(3K3 + 4K? + 6K) operations, which is a cubic function of the number of users K.

5.3 Linear SISO MMSE Multiuser Detection

In this section, we propose a linear SISO MMSE multiuser detector which applies an
optimum linear MMSE filter to the matched filter output vector y for each user, under
the criterion of minimum mean square error between the desired symbol and the MMSE
filter output. In particular, the detector employs the available statistic information of
coded symbols, which is provided by a bank of SISO single user decoders, in searching
for optimum MMSE filters. First, in Subsection 5.3.1 we derive a linear SISO MMSE
detector. Its performance analysis is presented in Subsection 5.3.2. In Subsection 5.3.3,
we show its simulation results and compare them with those of the SISO decorrelator.

Its computational complexity is analyzed at the end of this section.
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5.3.1 Linear SISO MMSE Multiuser Detectors

In traditional linear MMSE multiuser detection [Ver98], we assume that there is no a

priori information of coded symbols b, that is,
E[b] =0, (5.30)

where 0 is a K-dimensional column vector of all zeros.

However, in the SISO multiuser detector, we do have the a priori information of coded
symbols, which consists of a priori log-likelihood ratios of coded symbols, { A (bx),1 <
k < K} in (5.3), and is fedback from a bank of SISO single user decoders. Different
users’ coded symbols are assumed independent of one another. In summary, we have the
following a priori statistical values of coded symbols for the kth user, which are useful in

the design of the MMSE filter.

Elbe] =0, (5.31)
E[bhin(b)] = bs, i #k, ' (5.32)
Blbs - bj|hin(bi), Ain(b5)] = b - by, i # 5, (5.33)
Ep] =1 1<j<K, (5.34)

where (5.34) is followed by the BPSK modulation assumption and b; is the soft symbol
estimate defined in (5.4).

Based on the above a priori statistics of coded symbols, we design a linear filter
{mg}xx1 with K taps for each user k, 1 < k¥ < K, under the minimum mean square

error criterion:
m{
m;
M =
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— : — NM*y — 2
= arg{ﬁlgE[n b—M*y—U|| ]}, (5.35)
where U is a constant column vector which keeps an unbiased estimation for b.
U = E[b — My]| = E[b] — ME]y] (5.36)

From (5.35), the MMSE filter my, of user k satisfies the following minimum mean square

error criterion:

my, = arg{rrrg?E[bk —mT - (y - E[y]k)r}, (5.37)
where introducing Ely]k is to obtain an unbiased estimate of by and

Elylx = RAE[bl, (5.38)

E[b]k = [817 82) vt >Bk—17 07 Bk+1> ce- 7BK]T' (539)

In the following, we derive the expression of my. The covariance matrix R, of (y —

Elylx):
R, = E[(y - Elyls) - (v - Elyle)"] = Ely -y"] - Elylx - EyIF, (5.40)
where,
Ely-y"| = E[(RAb +n) - (b"A"R" + n")]
= E[RAb - b"A"R +n - n”]
=RAE[b-b"|ATR" + °R, (5.41)
Elylt - E[y]f = RAE[b];, - E[b]LATR”. (5.42)

In (5.41), we have used the fact that coded symbols are independent of noise vector n.

Both R and A are symmetric matrices. Therefore,

R, = RAALAR + 0°R, (5.43)
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where
1— b2
0
Ay £ E[b - b"| - Eb- Eb]] = Lik . (5.44)
0
1— b2

The correlation between (y — E[y]x) and by is:

p. = E|(y = Elylx) - br] = RAE[(b — E[bls) - bx| = RAey, (5.45)

where e denotes a K-dimensional column vector of all zeros, except for the kth element,
which is 1. Based on the optimum linear solution for the Wiener-Hopf equation in (5.37)

[Hay96], the optimum MMSE filter my, for the kth user is:

my = R, ' py
= [RAALAR + o°R] ' RAe,

= [AALAR + o71] . Aey

= AkkR—l (AAkA + UZR_l)_lek. (5.46)
The output of this MMSE filter is:
by — by
oy M5 = m{ - (y — Elylx) =mj - RA - b, +mj -n
b — bx
K ~
= (miRA); b+ > (mfRA); (b — b))+ mj -n. (5.47)

i=1,ik
We can see that in (5.47) the first term is the desired signal, the second term is the

residual interference after soft interference cancellation and the last one is the background
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noise. After assuming that the second term is also a Gaussian random variable which is

independent of the background noise, we can express z2M5F a3 follows:
o M5 = by + i, (5.48)

where

e = (Mg RA);

= A%, [(AAGA + 0®R7Y)7] (5.49)

kk’
and 7, is a Gaussian random variable with the distribution A(0,¢2), where o3 is given

by
K R 2
0',% = E|: Z (mfRA)l : (bl - bz) +m,7; : l’l:!
i=1,i%k

K
= Y (m{RA)?-(1-5)+oc’mjRmy
i=1,izk

= Z(mZRA)f (1= 8% + o’mIRmy, — (mfRA)?

= ;%RA - Ay - (mIRA)T 4+ o*mIRmy, — (mfRA)?

= m; RAA,ARm; + o’mj Rmy, — 1}

= m] [RAALAR + c*R]my, — 2

= m][RAAAR + 0’R] - [RAALAR + 0’R] " 'RAe; — 12

= m] RAe; — 1}

= pk — M- (5.50)
For the second equation in (5.50), we assume that different users’ symbols are indepen-

dent of one another and they are also independent of the background noise vector n. The

extrinsic LLR of by, i.e., the soft output of by, is:

P[:L‘MMSE|bk — +1]
)\MMSE bl =1 k
o [ k] ng{xljcuMSEwk — _1]

MMSE
2z, Uk

2
O
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0 MMSE
==t 1<k<K (5.51)

1 — g
By comparing the above linear SISO MMSE detector with the detector consisting of soft
interference cancellation followed by an instantaneous linear MMSE filter in [Wan99], we
can see that they have exactly the same MMSE filter for each user and the same soft

outputs.

5.3.2 Performance Analysis

Since the output of a non-SISO MMSE filter can be assumed to be a Gaussian random

variable [Poo97] and from (5.47) the output of the SISO MMSE filter only consists of

residual multiuser interference, we can assume that zMM5F is also a Gaussian random

variable, given by (5.48). The signal to residual interference-plus-noise ratio in /M5

1s:

,u2
SNR; = =£ = : : (5.52)
Ok

Here, we are interested in the relationship between SNR;, for each user k (1 < k < K)
and the number of iterations in the receiver. Under the same assumption as that in
Subsection 5.2.2, which is that reliabilities of soft symbol estimates {|bx|,1 < k < K}
increase with additional iterations, in the following we will show that {SNRy,1 < k < K}
also increase with the increased number of iterations. That is, each user’s performance
will be improved and approach to that of the single user system as we increase the number

of iterations.

Based on (5.52), SNRy, is a strictly mono-increasing function of py, with 0 < p <1
in (5.49).

= (Ax +*ATIRTTATY (5.53)
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We denote Ay in (5.44) by the following matrix:

G 0
Ap £ “ : (5.54)
0 Ck
where
G=1-0, 1<i<K,i#k, (5.55)
G =1 (5.56)

Therefore, py is a function with multiple arguments {(;,1 < ¢ < K,i # k}. In the fol-
lowing, we will find the relationship between py and its arguments by using the recursive

algorithm to calculate the matrix inverse in (5.53). Denote
®© £ 1/0ARA, , (5.57)

J _
B0 2 (s2ARIAT + Y Geel) |, 1< <K (5.58)

=1
Therefore, we have
K -1
) 2 <02A'1R“1A‘1 + deief> : (5.59)
i=1
Using the matrix inverse lemma [Gol96], we can calculate ®) recursively as for j =
1,2,...,K.

80 = ((8079)7 + Geyel)
@(j_l)ejeg—'@(j_l)

= $U-1) _ ,
1/G 4 (U157

1<j<K (5.60)

For the kth diagonal element of (5.60), the corresponding recursive algorithm is:

(@U-D)2,
1/¢ + (®U-1);;”

(BD)y = (BUD), — 1<j<K. (5.61)
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Since (@YD), (®U1),; and (®U~1)y; are values obtained in the (j — 1)th recursive
loop, they are independent of ¢;. Therefore, (®1))y, is a strictly mono-decreasing function
of ¢, for 1 < j < K. After K recursive loops, (@) is a strictly mono-decreasing
function of (x. We also note that the above recursive algorithm to calculate ®X) can have
any recursive order with respect to 7 in (5.59), while give the same result. Thus, (&),
i.e. pg, is a strictly mono-decreasing function with respect to {¢;,1 < ¢ < K,i # k},

respectively.

Under the assumption that with the increased number of iterations the reliabilities
of soft symbol estimates increase, {(;,1 <14 < K,i # k} will decrease respectively, which
results in an increasing pug. Therefore, with additional iterations SNRy will increase,
which means that the kth user’s performance will be improved and approach to that of

the single user system.

5.3.3 Simulation Results

In this subsection, we use the same system parameters and Monte-Carlo simulation sce-
narios as those in Subsection 5.2.3, except that we employ the linear SISO MMSE detector
here. In addition, we compare system performances provided by the SISO decorrelator

and those provided by the linear SISO MMSE detector.

At the first iteration, we assume that there is no a priori information of coded symbols.

That is, {b; = 0,1 < i < K} in (5.44) and Ay, = I. The MMSE filter my, is reduced to:

m; = (RAAR + (TQR)—l RAe;
= (R+0*A?). A e, (5.62)

which is a traditional linear MMSE filter in (2.54). Therefore, the linear SISO MMSE
detector just follows the traditional linear MMSE detector at the first iteration. Fig. 5.7
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- Fig. 5.10 show the bit error rate performances provided by the linear SISO MMSE
detector and the SISO decorrelator in the first five iterations for the four K-symmetric
multiuser systems in Subsection 5.2.3 respectively, where all users have the equal received
power. We can see that the system performance provided by the linear SISO MMSE
detector approaches to that of the single user system with only a few iterations and
increased SNRs as well. These figures also show performance comparisons between the
linear SISO MMSE detector and the SISO decorrelator. The linear SISO MMSE detector
is shown to have a slightly better bit error rate performance than the SISO decorrelator.

The explanation will be provided in Section 5.5.

For the near-far resistance of the linear SISO MMSE detector, we simulate bit error
rates of unequal power users in the system with K = 5,p = 0.7 and show the result
in Fig. 5.11, where three users have 3dB more energy than the other two. Note that
signal-to-noise ratios of strong users and weak users have 3dB difference and are marked
by red color and blue color respectively in that figure. Signal-to-noise ratios of the single
user system are also indicated in blue. The linear SISO MMSE multiuser detector is also
near-far resistant for lower power users since their performance converges to that of the
single user system. While for high power users, their performance is worse than that of

the single user system at the same E/N, values.
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System Parameters: K=5, p=0.5, equal power
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Figure 5.7: Comparison of bit error rate performances between the linear SISO MMSE
detector at the first five iterations (MMSE1 — MMSES5), the SISO decorrelator (DEC1 -
DEC5) and the single user system (SU) for K = 5, p = 0.5 and equal power users.
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System Parameters: K=10, p=0.3, equal power
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Figure 5.8: Comparison of bit error rate performances between the linear SISO MMSE

detector

at the first five iterations (MMSE1 — MMSES), the SISO decorrelator (DEC1 ~

DECS) and the single user system (SU) for K = 10, p = 0.3 and equal power users.

98



Chapter 5: SISO Multiuser Detection for Synchronous Multiuser Systems over AWGN Channels

System Parameters: K=5, p=0.7, equal power
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Figure 5.9: Comparison of bit error rate performances between the linear SISO MMSE
detector at the first five iterations (MMSE1 — MMSES5), the SISO decorrelator (DEC1 —
DECS5) and the single user system (SU) for K = 5, p = 0.7 and equal power users.
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System Parameters: K=5, p=0.9, equal power
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Figure 5.10: Cormparison of bit error rate performances between the linear SISO MMSE
detector at the first five iterations (MMSE1 — MMSES5), the SISO decorrelator (DEC1 —
DECS) and the single user system (SU) for K = 5, p = 0.9 and equal power users.
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System Parameters: K=5, p=0.7, unequal power
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Figure 5.11: Comparison of bit error rate performances between higher power users in the
first five iterations (HP-usersl — HP-users5), lower power users (LP-usersl — LP-usersb)
under linear SISO MMSE detection and the single user system (SU). System parameters:
K =5, p= 0.7, three users have 3dB more energy than the other two. Signal-to-noise
ratios of higher power users and lower power users are marked by red and blue colors,

respectively. Signal-to-noise ratios of the single user system are also indicated in blue.
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5.3.4 Computational Complexity Analysis

Now we calculate the total number of operations needed by the linear SISO MMSE
detector. The detection process for each symbol of each user includes: (1) calculating
the optimum filter my, for each user k; (2) computing the output z}¥MSF of the MMSE
filter; and finally (3) obtaining the soft output.

Table C.1 in Appendix C shows the number of operations required in each step of the
linear SISO MMSE detector. In each iteration, for each symbol duration, the detector
needs 4K + 5K? 4+ 3K operation, which is also a cubic function of the number of users.

}

5.3.5 Reduced-Complexity Linear SISO MMSE Detection

In this subsection, we introduce a reduced-complexity alternative to the linear SISO

MMSE detector.

At the first iteration, since there is no a priori information of coded symbols, the
linear SISO MMSE detector follows traditional linear MMSE detection. In particular,
we apply a constant linear MMSE filter to all coded symbols of each user. For the
second and subsequent iterations, the a priori information of coded symbols is available.
After employing this information in the design of the MMSE filter for each user, we
obtain the linear SISO MMSE detector in Section 5.3.1. However, to further reduce the
computational complexity, we assume that for user k£ the soft estimates of interfering
symboals are perfect. That is:

=1 1<i<K,i#k (5.63)

Substituting (5.63) in (5.44), we have:

Ay = exel. (5.64)
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Under this assumption, Ay is all zeros except for a 1 in the kth diagonal element. The

MMSE filter of user k in (5.46) is reduced to:
T 2p] ™!
m;. = [RAeref AR+ 0°R| - RAey, (5.65)

which is constant for all symbols of user & in all iterations. Furthermore, by using the
matrix inverse lemma in [Gol96], we can express the matrix inverse in (5.65) as:
o"2A2

o? + A2

[RAcel AR +0°R] ™ =0 R™ eyel. (5.66)

By substituting (5.66) into (5.65), we can express my as:

—2y -1 o2 A} T
m; = (O' R - m . ekek) . RAek
Ay
o+ A2 e (5.67)

which has only one nonzero element at the kth row. Therefore, in the detector we
calculate the MMSE filter my of user k only once and apply it to all symbols of user k
in all iterations. In contrast, in the linear SISO MMSE detection, we need to update the
MMSE filter my, for each symbol of user k in each iteration. Thus, the computational

complexity of the detector is reduced much.

The output of the reduced-complexity SISO MMSE detector of the kth user, z¥M5E

1s:

zHM5P = mily — E(y)s]. (5.68)
By using Gaussian assumption of this output, similarly to (5.48), we can express M5
as:

aMSF = pb + i, (5.69)

where (5.49) and (5.50) still hold and
AR

HE = 0_—2‘+—A% (5.70)
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The soft output is also calculted by (5.51).

In (5.68), [y — E(y)k] is the output vector of soft interference cancellation and my
only has one nonzero element at the kth row as shown in (5.67). Therefore, the reduced-
complexity SISO MMSE detector is a scaled soft interference canceller in the second
and subsequent iterations. It has a slower convergence speed compared with the linear
SISO MMSE detector. Fig. 5.12 shows the performance comparison between the linear
SISO MMSE detector and the reduced-complexity detector for the multiuser system with
K =5,p=0.7. At the first iteration, both detectors have the same performance since
they follow traditional MMSE detection. We can see that at the following iterations,
the reduced-complexity MMSE detector has a slower convergence speed with additional
iterations. Furthermore, there is a considerable performance difference between these

two types of detectors.
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Figure 5.12: Comparison of bit error rate performances between the linear SISO MMSE
detector at the first five iterations (MMSE1 — MMSES5), the reduced-complexity SISO
MMSE detector (Reduced-MMSE1 — Reduced-MMSES) and the single user system (SU)

for K =5, p = 0.7 and equal power users.
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5.4 SISO Parallel Decision Feedback Multiuser De-
tectors

In this section, we use the same a priori information of coded symbols as that in Section
5.3 to derive the optimum feedforward filter my; and feedback filter my of user £ based
on the minimum mean square error criterion. A similar derivation can also be found in
[GamO00]. For the kth user, the optimum feedforward filter myx 1) and feedback filter
Mk x1) satisfy the following MMSE criterion:

- T T4 12
ol E[by — mf,y — mfby], (5.71)
~ - - - ~ T
where by = [bl, coybk-1,0,b541 ... ,bK] only consists of the fedback decisions of inter-

fering users. Based on the soft inputs from single user decoders, these decisions are soft

symbol estimates shown in (5.4). By constructing two new vectors as follows:

m = (m"’“> , (5.72)
Mg

v = (g’) , (5.73)

the MMSE criterion in (5.71) is equal to:
. 2
min E [bk - mTV] . (5.74)
Applying the Wiener-Hopf solutions [Hay96], we have the optimum my:

R, -mg: = qy, (5.75)

(5.76)
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q = E[v - be. (5.77)

Using the same a priori information as in (5.31) - (5.34) and the assumption that multiple

users’ symbols are independent of the noise vector, we can calculate the elements in (5.76)

as follows:
Ely-y"]=RAE[b -b"|AR+ R, (5.78)
Ely-b'| = RABD', (5.79)
E[b-y7] =bb AR, (5.80)
a = [(RAe)” 07]". (5.81)

Substitute (5.76) and (5.77) into (5.75), we obtain the optimum filter as follows:
my, = (RAALAR + 0°R)'RAe;, (5.82)
my, = -—ARmfk. ’ (5.83)

The output of the SISO parallel decision feedback detector is:

PDFD _ T T {
T =my; -y +my - by

= m?k 'y - m}"k .RAby

= mj; - (y — Elyly)- (5.84)

Comparing (5.82) with (5.46), we can see that the feedforward filter is the same as the
linear SISO MMSE filter for each user. Therefore, for this specific case (i.e. soft symbols
of all interfering users are fedback), the output of the SISO parallel decision feedback
detector (5.84) is exactly the same as that of the linear SISO MMSE filter (5.47).
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5.5 Comparison of the Three Types of SISO Detec-
tors

In this section, we compare the three types of SISO multiuser detectors presented in the
previous three sections. All of these detectors consist of soft interference cancellation,
which makes use of soft inputs of detectors provided by a bank of SISO single user
decoders. In addition, they further successfully exploit these soft inputs in their own
ways. This is confirmed by their performance analysis and simulation results, which
show that the resulting system performance approaches to that of the single user system
quickly with the increased number of iterations. Furthermore, all types of SISO detectors
have roughly the same computational complexity ~ O(K?3) per symbol at each iteration,

which is a cubic function of the number of users K.

It is well known that the traditional decorrelator has a worse performance compared
with the traditional linear MMSE detector [Ver98]. Therefore, the conclusion we obtained
in Section 5.3.3, which is that the SISO decorrelator has a slightly worse performance
than the linear SISO MMSE detector, is intuitive. Another possible reason is explained
as follows. Based on (5.52), (5.49) and (5.46), SNRy, of user &k at the output of the linear
SISO MMSE detector depends only on reliabilities {|bi|, # k} of soft symbol estimates,
excluding their hard decisions {sgn(;),i # k}. While for the SISO decorrelator, its
approximate cross-correlation matrix R, in (5.16) is based on both reliabilities and hard
decisions of soft symbol estimates. Therefore, the linear SISO MMSE detector is more

robust against soft inputs with low reliabilities than the SISO decorrelator.
Comparing the computational complexity of the SISO decorrelator in Subsection 5.3.4

and that of the SISO MMSE detector in Subsection 5.2.4, we can see that the SISO
decorrelator requires roughly 25% less computation than the SISO MMSE detector per
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coded symbol duration in each iteration.

Although the output of the SISO parallel decision feedback detector for each user is
the same as that of the linear SISO MMSE detector, the implementation of these two
types of detectors are different for some specific cases. In linear SISO MMSE detection, we
first cancel the soft interference for each user and then apply a linear MMSE filter on the
output of the soft interference canceller to further suppress the residual multiple access
interference (MAI) and background Gaussian noise in the MMSE sense. However, soft
interference cancellation needs the interfering users’ information, such as their received
waveforms. In contrast, for the SISO parallel decision feedback detector, if we don’t know
the received waveforms of multiple users, we can apply adaptive algorithms to update and
obtain the filter coeflicients [Hon00|, [HonO1] and [Rap99b]. Adaptive SISO multiuser
detection is the main topic of Chapter 6.

5.6 Summary

Traditional multiuser detectors, such as decorrelating detectors, linear MMSE detectors
and parallel decision feedback detectors, are successfully adapted to be SISO detectors,
which can cooperate iteratively with a bank of SISO single user decoders. The resulting
system performance approaches to that of the single user system after only a few iterations
for moderate and high signal-to-noise ratios. Furthermore, the computational complexity
of these SISO detectors is a cubic function of the number of users, making these detectors
far less complex than optimum SISO multiuser detectors. Comparison of these three types

of SISO multiuser detectors has also been shown in this chapter.

For easy reference, Table 5.1 shows the performance-versus-complexity of all the SISO

multiuser detectors discussed in this chapter.
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Table 5.1: Performance-versus-complexity of SISO multiuser detectors for synchronous

multiuser systems. (K - number of users)

Performance

(required Eb/No(dB)

at the 5th iteration, Complexity
SISO Multiuser Detectors at BER 1073, (number of operations
for K-symmetric system | per symbol interval
with K = 5) per iteration)
p=05 p=107
1. Soft interference canceller 34 - K?+5K
2. SISO decorrelator 2.8 —_— 3K3 +4K? + 6K
3. SISO MMSE detector 2.7 3.6 4K3 +5K? + 3K
4. SISO parallel decision feedback 2.7 3.6 4K3 +5K? + 3K
detector
5. Reduced-complexity SISO 4.5 2K? + 9K
MMSE detector
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Chapter 6

Adaptive SISO Multiuser Detection

6.1 Introduction

From Chapter 4 and Chapter 5, we see that the optimum and many suboptimum SISO
multiuser detectors require a priori information of the multiuser system, such as all
users’ transmitted waveforms, relative delays and the channel impulse response. How-
ever, sometimes this information is not available. For example, in practical situations,
this information may not be easily obtainable for time-varying fading channels. Due to
unknown multipath fading channels, the received waveforms of all users and their relative

delays are not available to the receiver.

Fortunately, if system parameters are constant or slowly varying, adaptive detectors
(non-SISO) can successfully track them directly from the received signal [Hon98], [P0o095],
[Rap94]. In many cases, a training sequence is required and transmitted before the
transmission of actual data or inserted in the transmitted data stream. The receiver uses
an adaptive algorithm to adjust its detector when the training sequence is being sent.
While in the data transmission duration, the training sequence is replaced by symbol

decisions made by the detector and the receiver is switched to the decision-directed
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mode. When the receiver does not require the training sequence, we call this as blind

detection which is the topic of [Hon95] and [Wan98].

In general, adaptive multiuser detectors have two main advantages. One is that
by using adaptive detection, the receiver does not require the knowledge of the desired
user’s waveform and delay, the interfering users’ waveforms and relative delays, or the
fading channel coefficients. The adaptive detector can track this information from the
received signal directly. The other advantage is that adaptive detectors may have a
reduced computational complexity. For example, in a time varying environment, the
non-adaptive decorrelator and linear MMSE detector need to recalculate a matrix inverse
for each symbol, which has a high computational complexity. While in the adaptive
detector, we can avoid calculating these matrix inverses. In [Che94] and [Xue99], an
adaptive decorrelator and an adaptive linear MMSE detector are presented, respectively.
Moreover, since the received signal is used as the desired signal, no training sequence
is required. By applying the least squares or MMSE criterion to the desired signal and
reconstructed signal, we can obtain the adaptive decorrelator or adaptive linear MMSE

detector.

In [Rap94], adaptive linear and centralized decision feedback receiver structures for
coherent demodulation in asynchronous DS-CDMA systems over multipath fading chan-
nels are proposed. These adaptive receivers have no knowledge of the signature waveforms
and relative delays of all users as well as the channel impulse response. A training se-
quence is required by each user. Each user has its own single user detector, which is an
adaptive filter with the length at least equal to the spreading gain. Moreover, in order
to make the receiver insensitive to the differences in the signal arrival times of various
users, the detector uses a fractionally spaced filter for each user. Based on the same a

priori information as that in [Rap94], [Bor01] and [Rap99a] present an optimum adaptive
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multiuser detector in the weighted least squares (WLS) sense, which consists of a bank of
linear fractionally chip-spaced MMSE filters and a nonlinear WLS metric minimizer. The
first part can be implemented by a bank of adaptive parallel decision feedback detectors,
which obtain sufficient statistics for the following minimizer. The WLS metric minimizer
exploits and suppresses the multiple access interference and intersymbol interference (IST)

in the received signal by optimum maximum likelihood sequence detection.

In the downlink, each user’s detector usually knows its own waveform and delay, while
without the information of other interfering users’ waveforms and relative delays. Based
on this a priori information, [Lee96], [Mad94], [Sin99], [Str94] propose single user adaptive
filters with the length less than the spreading gain, which follow some preprocessing on
the received signal. Therefore, detectors will have a faster convergence speed and less
computational complexity, compared with those with the length at least equal to the

spreading gain.

In the uplink of a multiple access network, usually all users’ waveforms and relative
delays are known to the base station. When all users’ waveforms and relative delays
are known while the channel coeflicients are not available, the complexity and conver-
gence speed of the adaptive detector can be further reduced and improved respectively,
compared with adaptive detectors in the downlink. In [Nag99], by making use of the
knowledge of the signal space for demodulation of all users’ signals, the receiver sub-
stantially reduces the length of adaptive linear filters. For a good review of adaptive

multiuser detection, please refer to [Wo098] and [Kua03].
For SISO multiuser detectors, [Hon00] presents an adaptive SISO parallel decision

feedback multiuser detector for synchronous DS-CDMA systems with short spreading

sequences. The receiver requires only a training sequence and timing for estimating all
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filter coefficients for each user. By using an approximate least square algorithm and
soft symbol estimates, the detector exploits the joint statistics of soft symbol estimates
and transmitted symbols. The resulting system performance converges to the single user
bound with relative low SNRs. In [Hon01], an adaptive SISO successive decision feedback
detector is proposed for synchronous DS-CDMA systems and compared with the parallel

decision feedback detector.

In this chapter, we want to employ adaptive algorithms in the SISO multiuser detector
in order to avoid the a priori information of users’ transmitted waveforms, relative delays
and the channel impulse response, which is required by the optimum and suboptimum

SISO multiuser detectors. A system model is introduced in Section 6.2.

In Section 6.3, we first derive the optimum SISO parallel decision feedback detec-
tor for synchronous DS-CDMA systems over the additive white Gaussian noise channel.
These detectors need the knowledge of all users’ transmitted waveforms and relative de-
lays. Secondly, we propose two adaptive SISO parallel decision feedback detectors based
on the normalized least mean square (NLMS) and the recursive least squares (RLS) algo-
rithms, respectively. We assume that all users employ randomly selected short spreading
sequences, which are unknown to the receiver. A training sequence is required for each
user. Compared with traditional (non-SISO) adaptive detectors, our SISO adaptive de-
tectors effectively exploit the a priori information of coded symbols, which is based on
soft inputs of detectors provided by a bank of single user decoders, to further improve
their convergence performance. Monte-Carlo simulation results of these two adaptive de-
tectors are presented and compared. We can show that the resulting system performance
converges to that of the single user system as we increase the number of iterations or
signal-to-noise ratios. The adaptive detector based on the RLS algorithm has a better

bit error rate performance than the detector based on the NLMS algorithm and requires
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fewer training symbols, at the expense of increased computational complexity. Further-
more, both adaptive SISO parallel decision feedback detectors are shown to be near-far

resistant.

In Section 6.4, we consider asynchronous DS-CDMA systems over the AWGN channel.
For adaptive implementation of the SISO parallel decision feedback detector (PDFD),
we select practical finite feedforward and feedback filter lengths to obtain a good trade-
off between the system performance and computational complexity of the receiver. We
propose three adaptive SISO parallel decision feedback detectors for asynchronous DS-
CDMA systems where all users’ waveforms and relative delays are unknown to the re-
ceiver. The feedforward filters of these adaptive detectors have the same length, which
covers a two-symbol duration, while the feedback filters have different lengths. That
is, their feedback filters try to cancel different amount of interference for the interested
symbol. Based on the Monte-Carlo simulation results, the resulting system performance
is still shown to approach to that of the single user system with additional iterations and
increased signal-to-noise ratios as well. Furthermore, the adaptive SISO detector with

more feedback filter taps provides a better bit error rate performance.

Finally, in Section 6.5 we extend our adaptive SISO parallel decision feedback de-
tectors to asynchronous DS-CDMA systems over slow frequency nonselective Rayleigh
fading channels. In addition to unknown multiple users’ transmitted waveforms and rela-
tive delays, we assume that the channel impulse response is also unknown to the receiver.

Adaptive detectors and simulation results for this case are presented and analyzed.

6.2 System Model

A general coded DS-CDMA system with an iterative and adaptive receiver is shown in

Fig. 6.1. There are K active users in the system. The information bits of each user
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are first encoded, then interleaved, modulated and spread before they are transmitted
over the channel. The iterative receiver consists of two parts, an adaptive soft-input soft-
output multiuser detector and a bank of SISO single user decoders, which are separated
by de-interleavers and interleavers. These two parts cooperate iteratively by transferring

updated extrinsic soft information of coded symbols between them.

In this section, we consider a general single-cellular DS-CDMA system in [Bor01].

The received signal is:
K N,

r(t) = Z Z bi(2)sk(t — 1T — 7%) + n(t), (6.1)

k=1 i=1
where K is the number of active users in the cell of interest, NV, is the number of symbols

transmitted by each user, b(i) is the ith symbol of the kth user, si(t) and 7, are its
received signature waveform and transmission delay respectively, T is the symbol period
and n(t) is the background white Gaussian noise. Here we assume BPSK modulation, i.e.
bi(2) € {+1, —1}. The received signature waveform of the kth user s;(¢) is the convolution
of its transmitted signature waveform fi(¢) and the channel impulse response hy(t) for

user k:
sk(t) = fu(t) ® hi(?), (6.2)

where fi(t) is a normalized waveform which is non-zero in [0,7]. We can express the

impulse response of a multipath fading channel as follows:

hi(t) = XL: hid(t — ), (6.3)

1=1
where L is the number of multiple paths, hy; is the path gain and 74 is the path delay

of the th path of the kth user, §(-) is the Dirac delta function. The channel gain is
normalized so that the signal power levels at the output and input of the channel are the

same. That is,

i |hiaf® = 1. (6.4)
=1
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Figure 6.1: A general coded DS-CDMA system with an iterative and adaptive receiver

(I and D denote interleavers and de-interleavers, respectively.)
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The multiple path gains are assumed to be time-invariant or very slowly time-varying

in comparison to the convergence speed of the adaptive algorithm employed.

In this chapter, we first assume a synchronous DS-CDMA system over the AWGN

channel in Section 6.3, where the equivalent baseband received signal is:

K N

r(t) =YD bi(@)se(t — iT) + n(t), (6.5)
k=1i=1

and si(t) = fr(t). We will consider asynchronous DS-CDMA systems in Section 6.4. In

the receiver, we employ a chip-matched filter which is matched to the chip waveform on

the received signal r(t) and sample its output at the rate fs, where fs = p/T,, p is an

integer and T, is the chip duration. Thus, the fractionally chip-spaced output vector r

during one symbol interval has the size of N5 x 1 (N, = p- N, N is the spreading gain)

and can be expressed by the equivalent discrete-time signals:

r=S5:b+n =syb, + SEPRLER (6.6)
where

S = [s182 - - - SK|N,x K, (6.7)

S(K/k) = [Sl ©t Bkg—1Sk41 ‘SK]Nsx(K—l), (6-8)

b = [byby - - - bg]7T, (6.9)

bER = [by - - bp_ybpy - - - bk (6.10)

The kth user’s signature vector s is a column vector with size Ns x 1 and n is a complex

Gaussian noise vector with zero mean and covariance matrix:
H 2
R, = E[n-n"] =0 In,xN,, (6.11)

where o2 is the variance of each complex Gaussian random variable and I is the identity

matrix.
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6.3 SISO Parallel Decision Feedback Detectors (PDFDs)
for Synchronous DS-CDMA Systems over AWGN
Channels

In this section, we first derive the optimum feedforward and feedback filters of a SISO
parallel decision feedback detector for synchronous DS-CDMA multiuser systems over the
AWGN channel in Subsection 6.3.1. We use the soft symbol estimates, obtained from a
bank of single user decoders, as the fedback decisions in the derivation of these optimum
filters. Furthermore, the resulting SISO PDFD can be proven to be the same as the linear
SISO MMSE detector. However, the SISO PDFD is preferable in some cases since it can
be implemented adaptively even when some system parameters, such as transmitted sig-
natures and relative delays of users and/or the multipath fading channel coefficients, are
not available in the receiver. Then, we propose two adaptive SISO PDFDs based on the
normalized least mean square and recursive least squares algorithms in Subsection 6.3.2.
All users employ randomly selected short spreading sequences, which are unknown to the
receiver. A training sequence is required for each user. Finally, Monte-Carlo simulation

results of these two adaptive detectors are presented and compared in Subsection 6.3.3.

6.3.1 Non-Adaptive Optimum SISO PDFDs

As we have described in Subsection 5.3.1, for a SISO multiuser detector, it has soft
inputs {\in(br),1 < k < K} which are extrinsic log-likelihood ratios provided by a bank
of single user decoders of K users. Based on these soft inputs, we can obtain the a priori
information of coded symbols which is indicated by (5.31), (5.32) and (5.34) for user k

and is repeated in the following:

E[bi] = 0, (6.12)

E{bjlxm<bj>1=6j=tanh( ) JAR1<i <K, (6.13)
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Ep]=1 1<i<K. (6.14)

The value b; obtained in (6.13) is called the soft symbol estimate. Equation (6.14) is
due to our BPSK modulation assumption. We also assume that different users’ coded

symbols are independent of one another. That is,

Efbs - bl Ain(i), Ain(b;)] = ElbilAin(b:)] - Blbj|Ain(b5)], 1 # 3. - (6.15)

For synchronous systems over AWGN channels, the receiver can focus on one symbol
duration since there is no ISI. In the parallel decision feedback detector, we use N, x
1 column vector ms and (K-1)x1 column vector mek to denote the feedforward and
feedback filter of user k, respectively. The output of the parallel decision feedback detector

of user k is:

~ (K/k
kaDFDzm?k-r—i-mgc-b( /), (6.16)

~(K/k
where b( ® is a vector consisting of the soft symbol estimates of (K-1) interfering users
in the interested cell. The optimum feedforward and feedback filters are derived based

on the following MMSE criterion:

2
. . < (K/k)
min  Elby —z;”"P?= min E|by —mi-r—mf-b .
M g XX M pp, YN0 5

(6.17)

In order to obtain the solution of (6.17), we construct two larger matrices mgsq; and rgpax

as follows:
Mgpde = (mfk> , (6.18)
myy
r
Tafde = : (6.19)
B(K/k)
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Thus, the MMSE criterion in (6.17) is equal to:

in Elb, —mi, 2, 2
mil,lrr%lbk (b Myrax Tafdi] (6.20)

In order to have simple notations, we give the following definitions:
Ry = ssh, (6.21)
R/ = ST/ 1 — diag(6" VB0 st/ (6.22)

The covariance matrix of rgsqx is:

Ryga = FE (I‘dfdk . I‘gcdk)

~ (K/k)H

E[r-rf] E[r b
= ) R ) (6.23)
E[b(K/k) ) I‘H} E[b(K/k) ] b(K/k)H]

o (K/R)y (K/R)H

( (Rk 1 QUE/K) E[b(K/mb(K/k)H] QUE/RH | 031) g&/kb b

B(K/k)B(K/k)HS(K/k)H B(K/k)B(K/k)H

The cross correlation between rgqy and by is:

Sk

Pasar = Elrarar - bx] = ( ) : (6.24)
Ox—1)x1

The Wiener-Hopf equation for the MMSE criterion in (6.20) is:

Rrdfd - Magak = Pyfa- (6.25)

Substitute (6.18), (6.24) and (6.24) in (6.25), we have the following optimum solutions
for the feedforward and feedback filters:

my; = (Re + Ryxyry + 0217 - s, (6.26)
my, = —S(K/k)H - Mygg. (627)
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From (6.26), we can see that the feedforward filter in the SISO PDFD suppresses the
residual interference due to imperfect cancellation provided by the feedback filter and

the background Gaussian noise. The output of the parallel decision feedback detector of

user k is:
~ (K/k)
PP =mf -r+mf -b

(K /k
= m}{k T — mﬁ . S(K/k)b(K/ ). (6.28)

For the comparison purpose, we present the linear SISO MMSE multiuser detector in
the following. By using the same a priori information of coded symbols (6.12) — (6.15) as
those used in the SISO parallel decision feedback detector, we derive the optimum linear
MMSE filter m;, with the size of N, x 1, which is applied on the received signal vector r
directly and satisfies the following MMSE criterion:

. . 2
%?E[bk ~mf - (r - Elrly)], | (6.29)
where introducing E[r]; is to obtain an unbiased MMSE estimate.

E[r)y = Elsgby + SE/HpE/F 4 n
— /MR (6.30)

Applying the Wiener-Hopf solutions to (6.29), the optimum MMSE filter my is:
m; = R! - p,. (6.31)

In the following, R, and p, are calculated based on the a priori information of coded

symbols (6.12) — (6.15).

R, = E[(r — E(r)) - (r — E(r)s)"]
= E[r - r¥] — E[r]s - E[r]7, (6.32)
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where

E[r - 7] = syst! + SE/R g E/RpKMIIGEIRDE 4 527 (6.33)

E[b(K/k)b(K/k)H] = Lg-1yx(k-1) + B(K/k)l")(K/k)H _ diag(f)(K/k)f)(K/k)H), (6.34)
Eft] - B[] = sE/mpEMpE/MEgumn (6.35)
Therefore,
R, = sist? + SE/M - diag(b" /W p O s kmE | 521
= (R + Rx/r) + o), (6.36)
Py = E[r - bk] = s, (6.37)

where in (6.36), we use the notations (6.21) and (6.22). Substitute (6.36) and (6.37) into

(6.31), we obtain the optimum MMSE filter my, for user :
mg = R;l P = (Rk + R(K/k) -+ UZI)_lsk. (6.38)

The output of the MMSE filter is:

tMMSE — [ — E(r)y] = mf .r —mf - gK/mpER (6.39)

By comparing (6.38) and (6.26), (6.39) and (6.28), we can see that the linear SISO
MMSE multiuser detector and the SISO parallel decision feedback detector have exactly
the same output. However, the implementation of these two types of detectors is different.
In the linear SISO MMSE multiuser detector, we first cancel the soft interference for
each user in the interested cell and then apply a linear MMSE filter on the output of
soft interference cancellation to further suppress the residual MAI from the interfering
users due to imperfect cancellation and the background Gaussian noise in the MMSE

sense. However, soft interference cancellation needs the received signatures of interfering

123



Chapter 6: Adaptive SISO Multiuser Detection

users. Sometimes, we do not know the transmitted signatures of these users and/or
the channel impulse response in the receiver. Thus, we cannot realize soft interference
cancellation. On the other hand, for the SISO parallel decision feedback detector, if
the received signatures of users are not available in the receiver, we can apply adaptive

algorithms to update and obtain filter coefficients.

6.3.2 Adaptive SISO PDFDs

In this subsection, we assume that each user has a short spreading code, which is ran-
domly selected and unknown to the receiver. Two adaptive algorithms, normalized LMS
and RLS algorithms, are used in adaptive SISO parallel decision feedback detection to
update the feedforward and feedback filters. Moreover, the a priori information of coded
symbols is employed efficiently to improve the performance of the adaptive detector. The
adaptive SISO PDFD only needs a training sequence for each user to estimate all the

filter coefficients, and even does not know the background noise level.

The adaptive detector based on the normalized LMS algorithm for the MMSE crite-
rion (6.17) updates the feedforward and feedback filters of user & as follows for m=0, 1,
2, ...

iy

myi(m + 1) = myg(m) — ngk(m)lei(m)r(m% (6.40)
my(m + 1) = my(m) — - “B(g?k)(m)“z|l~7k(m)|e,’;(m)f)(f</k)(m), (6.41)

where m is the recursive index and also the time index, fi; and fi, are € (0,2) and are
the step sizes for the feedforward and feedback filters, respectively. a is a small positive

constant. The error signal in the mth recursion is:

ex(m) = by(m) — m(m) - r(m) — mfL(m) - B (m), (6.42)
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where b"/® = by .. bg—1bps1 - .. bx]T, {bi(m) = by(m),1 < i < K} in the training mode

and {b;(m) = b;(m),1 <4 < K} in the decision directed mode. b;(m) is the soft symbol
estimate of b;(m) in (6.13). In the decision directed mode, |by(mn)| is used as the reliability
of the error signal ex(m) in (6.40) and (6.41). Both filters are updated per symbol and

their initial states are m(0) = 0 and my,(0) = 0.

If the adaptive detector applies the RLS algorithm, we denote wi(m) = [mfk(m) mfi(m)]

- (K/k)H

and u(m) = [r¥(m) b (m)]¥. Then the feedforward and feedback filters of user &

are updated for m=0, 1, 2, .. .:

B AP (m)u(m + 1)
ge(m +1) = N Taf (m + P (m)a(m + 1)’ (6.43)

Ee(m +1) = be(m + 1) — wi (m)u(m + 1), | (6.44)
wi(m + 1) = wi(m) + gy (m + 1)|be(m + 1)|&: (m + 1), (6.45)
Pr(m +1) = A71Pg(m) — A7 g (m + Duf (m + 1)Pi(m). (6.46)

The algorithm is initialized with Py(0) = ¢ I, where § is a small positive number and

Wk(O) =0.

Both of the above two types of adaptive detectors try to exploit the joint statistics of
the received signal vector r, the transmitted symbol b or b and the fedback soft symbol

~ (K/k)

estimates b . In the first iteration of the adaptive SISO PDFD, since there is no

fedback information of coded symbols, we only employ a feedforward filter and set the

feedback filter coeflicients to zeros for each user.

The output of the adaptive SISO PDFD detector in the mth recursion 1is:

- (K/k)

z PFP (m) = mfj(m) - x(m) + myi(m) - b (m). (6.47)
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By Gaussian assumption for the output in (6.47), we can calculate the soft output for
each symbol of each user. For the mth symbol of the kth user, the output z£P%P(m)

can be written as:

zfPIP(m) = by (m) + g, (6.48)

where py, is a constant and 7, is a Gaussian random variable with zero mean and variance

2

U"?k'

i = Ebi(m)zf TP (m))] (6.49)
= E[z{P"P(m) — puby(m)]? (6.50)

Estimates of yy and aflk can be obtained by the corresponding sample averages in (6.51)

and (6.52) respectively, where we replace bi(m) by by(m) in (6.49) and (6.50).

1 &
N Zl bk PDFD(m) (6.51)
= Z [xpDFD — fucbr(m)]? (6.52)

Therefore, the soft output, i.e. the extrinsic log-likelihood ratio, of each symbol of each
user is:

P[zPPFD (m)|bg(m) = +1] 2ukxPDFD(m)‘

PlzgPPP(m)bg(m) = —1] A

X (m) = log (6.53)

6.3.3 Simulation Results

For adaptive detectors, we cannot obtain closed analytic expressions for bit error proba-
bilities of multiple users. Therefore, the bit error rate performance is generally obtained
and evaluated by Monte-Carlo simulations. The single-cell DS-CDMA system which
we simulate in this subsection has 12 active users. Each user has a randomly selected

short spreading code, which is unknown to the receiver. All users employ the same rate
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1/2 convolutional codes with constraint length 7 and the following generators [1011011],
[1111001]. The spreading code for each coded bit contains 8 chips. Therefore, the spread-
ing factor is 16 chips per information bit. The system load is 12/16 (K/N).

Each information bit frame of each user consists of 200 information bits. After being
coded and modulated, each coded symbol frame has 400 coded symbols. There are 200
training symbols inserted at the beginning of each coded symbol frame of each user.

Training symbols are randomly selected for each frame of each user.

Iterative SISO single user decoders are based on the log-MAP algorithm in [Hag96].
Different users have different constant block interleavers which are randomly selected.
Ten iterations are implemented in the receiver. In the first iteration, since there is no
soft inputs of the detector coming from single user decoders, only a feedforward filter
is employed by each user. That is, at this time, a linear minimum mean square error
filter is used instead. It is initially trained by the training symbols, then is used for the
following transmitted coded symbols. In the later iterations, both the feedforward and
feedback filters are employed. After the training mode, they are updated by fedback

symbol decisions. After each iteration, the filter coefficients are reset as zeros.

For a single-cell synchronous DS-CDMA system over the AWGN channel, an adaptive
SISO PDFD based on the NLMS algorithm is employed in the receiver. We use a = 0.0001
and step sizes iy = fi5 = 0.2 in the training mode, fif = ji; = 0.05 in the decision
directed mode. We first assume that all users have equal received power. Without loss
of generality, the bit error rate performance of the first user is shown in Fig. 6.2 and
compared with that of the single user system where the receiver knows this single user’s
spreading code. We can see that the performance of the adaptive receiver approaches

to that of the single user system with the increased number of iterations and increased
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signal-to-noise ratios as well.

In order to analyze the convergence property of the NLMS algorithm in the adaptive
SISO PDFD, we show the averaged squared errors e(m) in different iterations of the
detector versus the number of updates in the adaptive algorithm in Fig. 6.3. We set the
SNR of each user to 5dB. Each curve of the squared error is averaged over 100 independent
trials of the experiment. In the first iteration, the feedforward filter is updated only by
training symbols. For the later iterations, after the training mode, the feedforward and
feedback filters are updated by fedback decisions. In Fig. 6.3, during the decision directed
mode the squared error enters into a stable status. Moreover, the squared error in the
tenth iteration has a smaller variance than that in the second iteration, which confirms

the simulation result in Fig. 6.2.

Now we consider near-far resistance of the adaptive SISO PDFD based on the NLMS
algorithm. Here we assume that six users have 3dB more received power than other six
users. Other system parameters remain. The bit error rate performances of both higher
power users and lower power users are shown in Fig. 6.4. Obviously, higher power users
have a little better performance than the users with the lower power. Furthermore, by
comparing this figure with Fig. 6.2, we can see that bit error rates of equi-power users
lie in between those of higher power users and lower power ones. The reason may be
explained as follows. Compared with each lower power user, each higher power user has
one more lower power interfering user and one less higher power interfering user. This
improves or degrades the convergence performance of the adaptive filters for higher power
users or lower power users, respectively. Nevertheless, the bit error rate performances of
both higher power users and lower power users approach to that of the single user system
with additional iterations when their SNRs are increased. Therefore, our adaptive SISO

PDFD has good near-far resistance for both weak users and strong users.
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Bit error rate performance of the NLMS adaptive SISO PDFD
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Figure 6.2: Comparison of the bit error rates in the first five iterations (BER1-BERS)
as well as the tenth iteration (BER10) of the NLMS adaptive SISO PDFD for the syn-
chronous DS-CDMA system and that of the single user system (SU) over the AWGN

channel.
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Figure 6.3: Experimental learning curves of the adaptive SISO PDFD based on the NLMS
algorithm in the different iterations at SNR=5dB, for the synchronous DS-CDMA system
over the AWGN channel.
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Near-far resistance of the NLMS adaptive SISO PDFD
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Figure 6.4: The adaptive SISO PDFD based on the NLMS algorithm in a near-far sce-
nario. Comparison of the bit error rates of higher power users in the first five iterations
(HP-1 - HP-5), the tenth iteration (HP-10) and those of lower power users (LP-1 — LP-5,
LP-10), and that of the single user system (SU). System parameters: six users have 3dB

more energy than other six users, synchronous DS-CDMA systems over AWGN channels.
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Under the same simulation scenarios as the above (i.e. for the adaptive detector
based on the NLMS algorithm), we replace the NLMS algorithm by the RLS algorithm.
We employ parameters: A = 1 and § = 0.04. When all users have the same received
power, the bit error rates of the first user in the different iterations are shown in Fig.
6.5 and compared with those obtained by the NLMS algorithm in Fig. 6.2. We can see
that the bit error rate performance obtained by the adaptive SISO PDFD based on the
RLS algorithm is better than that obtained by the adaptive detector based on the NLMS

algorithm and converges more quickly to that of the single user system.

The averaged squared errors of the a priori estimation error £2(m) in different itera-
tions of the detector versus the number of updates in the RLS algorithm are shown in Fig.
6.6 and compared in Fig. 6.7 with those of the NLMS algorithm. The SNR of each user is
5dB. These learning curves show that the RLS algorithm has a faster convergence speed
than the NLMS algorithm. Furthermore, after about 100 updates, the RLS algorithm
has already converged. Therefore, we can reduce the length of the training sequence for
each user from 200 symbols to 100 symbols. The bit error rate performance based on the

RLS algorithm using 100 training symbols for each user per frame is shown in Fig. 6.8.

The performance of the RLS adaptive SISO PDFD in a near-far scenario is presented
in Fig. 6.9. With the increased number of iterations in the receiver, lower power users
have a little better bit error rate performance than those of higher power users. Compared
with the near-far resistance of the NLMS adaptive detector in Fig. 6.4, this figure shows

that the RLS adaptive detector has a little better near-far resistance for weak users.
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Figure 6.5: Comparison of the bit error rates in the first five iterations (NLMS BER1
- NLMS BERS) as well as the tenth iteration (NLMS BERI10) of the normalized LMS
adaptive SISO PDFD, those of the RLS adaptive SISO PDFD (RLS BER1 - RLS BERS5,
RLS BERI10) for the synchronous DS-CDMA system and that of the single user system
(SU) over the AWGN channel.
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Figure 6.6: Experimental learning curves of the adaptive SISO PDFD based on the
RLS algorithm in the different iterations at SNR = 5dB, for the synchronous DS-CDMA
system over the AWGN channel.
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Near—far resistance of the RLS adaptive SISO PDFD

10° ¢ . , .
107
1072}
@ 3
[+
o4
g
1T}
& sl =
10°H o
| -
[} —-
N
L e
-
10_4: o
-8
v
-
I
|l su
10 1 1 ]

Eb/NO (dB)

Figure 6.9: The adaptive SISO PDFD based on the RLS algorithm in a near-far scenario.
Comparison of the bit error rates of higher power users in the first five iterations (HP-1
— HP-5), the tenth iteration (HP-10), those of lower power users (LP-1 — LP-5, LP-10)
and that of the single user system (SU). System parameters: six users have 3dB more

energy than other six users, synchronous DS-CDMA systems over AWGN channels.
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Based on these simulation results, we can see that the adaptive SISO PDFD based
on the RLS algorithm has a better convergence performance than the adaptive detector
based on the NLMS algorithm. Therefore, the RLS adaptive detector has a better bit
error rate performance than the NLMS adaptive detector and requires fewer training
symbols. However, the RLS algorithm has more computational complexity. Denote the
length of the adaptive filter as L. The computational complexity of the RLS and the
NLMS algorithms are ~ O(L?) and ~ O(L) per update, respectively. By the simulation
results in this subsection, we show that the performance of the adaptive SISO PDFD
based on either the NLMS or RLS algorithm approaches to that of the single user system
with the increased number of iterations and input SNRs as well. Furthermore, both

detectors are near-far resistant.

6.4 SISO PDFDs for Asynchronous DS-CDMA Sys-
tems over AWGN Channels

In this section, we first describe an asynchronous DS-CDMA system model and derive
the non-adaptive optimum SISO PDFDs in Subsection 6.4.1. Then the adaptive SISO
PDFDs in Subsection 6.3.2 are modified for asynchronous DS-CDMA multiuser systems.
Here, the focus is on how to select practical finite-length feedforward and feedback filters
to obtain good tradeoff between the performance and computational complexity of the
receiver. Multiple users’ transmitted waveforms and relative delays are unknown to the
receiver. We propose three adaptive SISO PDFDs for this case in Subsection 6.4.2, which
have the same feedforward filter length and different feedback filter lengths. Based on the
Monte-Carlo simulation results shown in Subsection 6.4.3, we will see that the adaptive
detector with more feedback filter taps provides us a better bit error rate performance,
which approaches to that of the single user system more quickly with additional iteraitons

and increased signal-to-noise ratios. However, the detector with more feedback filter taps
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has an increased computational complexity.

6.4.1 Non-Adaptive Optimum SISO PDFDs

In general, the optimum SISO PDFD filters for asynchronous DS-CDMA systems have
infinite lengths [Hal95]. For implementation purposes, we only consider the finite-length
feedforward and feedback filters. Furthermore, these filters are especially suitable for use

in adaptive applications, which will be discussed in Subsection 6.4.2.

The equivalent baseband received signal in a single-cell is expressed in (6.1) and
the received signal waveform si(t) of user k is the same as the transmitted one, i.e.
sk(t) = fi(t). For simple implementation, we consider a chip-synchronous and symbol-
asynchronous DS-CDMA system. All users’ delays are uniformly distributed in {0, 7]
and are multiples of T, which is the chip interval. In the receiver, first we employ a
chip-matched filter on the received signal r(¢) and then sample its output at frequency
1/T.. If the system is chip-asynchronous, we can oversample the output of the chip
matched filter and design a fractionally spaced feedforward filter instead. Without loss
of generality and for simplicity of notation, we assume the delays of multiple users satisfy

the following inequality:

0<n<7m...<7x <T. (6.54)

The symbol vector consisting of the transmitted symbols of all users is denoted as:
b=[b],....bL, ..., bk| kN1, (6.55)
where

by = [br(1), bk(2), . . ., be (V)] 7. (6.56)
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The received signal vector r at the output of the chip matched filter during the whole

symbol transmission interval can be expressed as follows:

r=S8b+mn, (6.57)
where S is the system signature matrix and can be expressed as:

S =[S1,..., 8k, SKINW+1)xKN, - (6.58)

The construction of Sy in (6.58) is shown in (6.59).

01><D, (Sg)lxN O1xn T Oixn leDr T
O1xp Oixn  (si)ixn - Oixnv  Oixp,

Sk = X l x k, g . X x ,  (6.59)
O1xp,  Oixn o O (80)ixv 01xpr / yiwpriyxa,

where N is the number of chips per coded symbol, the kth user’s signature vector sy is

a column vector with size N x 1, and
Dy =7/ Te, (6.60)
D.=N - D (661)

The vector n in (6.57) is an N(Np + 1) x 1 vector which represents the output noise
component of the chip matched filter. It has zero mean and convariance matrix o2I,

where o2 is the variance of the output noise component.

We denote the processing window length in the receiver as N, which is measured in
chips and is much less than N, x N. In each processing window, the received signal vector
is denoted as 7,1, which consists of N, rows of r falling to this processing window.
The windowed system signature matrix S N,xKN, and noise vector fiy,x1 consist of N,

corresponding rows of S and n, respectively. Therefore, we have the following equation:

7= Sb+n. (6.62)
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We can write b as the following sum:
b=by+ bp, (6.63)

where by consists of the symbols which are not fedback and its other elements are zeros.
The non-zero elements of bp consists of the fedback symbols. They have no common
elements. In the same way by which we construct by and bp, we extract columns of S
and construct the corresponding signature matrices Sy and S p. Therefore, the windowed

received signal vector 7 can also be expressed as:

7= Syby + Spbp + n. (6.64)

The feedforward filter of user k has N, taps and is denoted by a column vector 1 .
The feedback filter of user k, My, has the size KN, X 1, which non-zero elements are
corresponding to fedback symbols. That is, its effective number of taps is determined
by the number of fedback symbols. The optimum filters satisfy the following minimum
mean square error criterion:

_min  E[b(s) - mf - 7 — mi - bp)?, (6.65)
Mg, My

where 7 is the symbol index. Non-zero elements of bp are soft symbol estimates of those
elements of bp (6.13), respectively. Based on the same a priori information of fedback
symbols in bp and non-fedback symbols in by as that in Subsection 6.3.1, we have the
following a priori statistics (6.66) — (6.69) of non-zero elements in by and bp. For fedback
symbols, their mean values are their soft symbol estimates, while non-fedback symbols
have zero mean. Note that bi(¢) in (6.65) belongs to non-fedback symbols. Denote u and
v as one of non-zero elements of by and bp, respectively. The soft symbol estimate of v

is denoted as ©. Thus, we have:

Elu] =0, (6.66)
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E[u? =1, (6.67)
Ev] = 9, (6.68)
E[? =1— (9)% (6.69)

We also assume that all users’ transmitted symbols are independent of one another and

of the background noise vector 77 as well.

Employing the above statistics of the coded symbols, we can get the optimum feed-

forward and feedback filters of user k& which satisfy the MMSE criterion in (6.65):

My = (RU + Rp+ UiI)—l " 8h (i) (6.70)

_ =H

My = _SD . mfk, (671)
where

- ~ sH

Ry = SuSy, (6.72)

5 5 . c pH\ gH

Rp = Sp[I —diag(bpbp)]Sp, (6.73)

and sy, (;y is one column of Sy, which column index is the same as the row index of bi(?) in
by. The feedforward filter in (6.70) is actually a linear MMSE filter which suppresses the
interference from non-fedback symbols, as well as the residual interference after canceling

the fedback symbols and the background Gaussian noise.

From (6.70) and (6.71), we can see that the optimum finite-length feedforward and
feedback filters require the knowledge of all users’ signature vectors and delays. In order
to avoid the need for this information, we can adaptively implement the SISO PDFD,

which will be discussed in the next subsection.
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6.4.2 Adaptive SISO PDFDs

In this subsection, we assume that both short spreading codes and relative delays of all
users are unknown to the receiver. We design and employ adaptive SISO PDFDs to track

these parameters from the received signal directly.

It is well known that the asynchronous system performance can be improved by using
detection filters with an increased number of taps. However, increasing the number of
taps increases the computational complexity of the detector. Moreover, this will have
an adverse effect on the convergence speed. Therefore, we need to select suitable filter
lengths to achieve a good tradeoff among the system performance, detector complexity

and system overhead.

In the parallel decision feedback detector, the feedforward and feedback filters coop-
erate to suppress the multiple access interference. Specifically, the feedback filter tries
to cancel some interfering symbols, while the feedforward filter suppresses the remaining
MALI, as well as the residual interference due to imperfect cancellation by the feedback
filter and the background Gaussian noise. Therefore, if the feedback filter effectively can-
cels most of the interference caused by the interfering symbols, the remaining interference

to be suppressed by the feedforward filter is reduced.

In each iteration except for the first one, the SISO PDFD can obtain soft estimates
of all symbols of all users from soft inputs. Thus, we have both causal and non-causal
soft decisions of interfering symbols for the interested symbol. We may cancel part or all

of them by the feedback filter.

In the following, we employ a feedforward filter which covers two symbol duration

and consider several options for the feedback filter length. The length of the observation
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interval is 27, which is the minimum length such that one complete symbol of each user
falls in this interval regardless of its relative delay. Fig. 6.10 shows the processing window
of the detector in the ith signaling interval. The output vector r(¢) of the chip matched

filter in this processing window is:

b(i — 1)
r(i)= (P~ P° P*)[ b() + n(7), (6.74)
b(i + 1)
where b(i) = [b1(3), b2(4), ..., bx(i)]T and n(i) is a white Gaussian random vector with

zero mean and covariance matrix 031(2 Nx2N). We define the punctured signature vectors

of user £ as:
H
_ r\H H

Py = [(Sk) 0 ](szl)’ (0:79)
p) = [0 st 0] (6.76)

k (IxNp) Sk (IxNY) JaN x1)’ .
pf = [0 (s)#]" (6.77)

k k (2N x1)’ .

where 0 is a column vector. st and s, are denoted in Fig. 6.11 and are parts of si:
INH (or\HH
sk = [(sh)™(sp)"] (6.78)

The matrices P~, P® and P in (6.74) are constructed as follows:

P™=[pi p; --- Pkl (6.79)
P'=[p} p} ... pk], (6.80)
P*=[p{ p; ... Pkl (6.81)

Thus, when multiple users’ delays are unknown to the receiver, for the symbol of interest
bi(2) of user k, it has at most (3K-1) interfering symbols. For implementation of the

adaptive SISO multiuser detector in Fig. 6.1, we consider three adaptive SISO PDFDs
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with the same feedforward filter length, i.e. 2N taps. The feedback filter of the first
detector (labeled as Detectorl) has (K — 1) taps which tries to cancel the current (K — 1)
interfering symbols for the desired symbol. Detector2 has a feedback filter with (2K — 1)
taps which tries to cancel the current (K — 1) and previous K interfering symbols. The
feedback filter of Detector3 has (3K — 1) taps and tries to cancel all possible previous,

current and future interfering symbols.

After determining the lengths of the feedforward and feedback filters, we apply the
normalized LMS and RLS algorithms presented in Subsection 6.3.2 to update and obtain
these filters’ coefficients. In more detail, the adaptive detector employing the NLMS
algorithm updates the feedforward and feedback filters of user k as follows for m=0, 1,

2

y e e e

_ s

mp(m +1) = mp(m) — mlgk(m)lei(m)f‘(m), (6.82)
age(m + 1) = 1 (m) — W’Z"(mﬂgwk(mne;(m)%(m). (6.83)

The error signal in the mth recursion is:

ex(m) = be(m) — my(m) - #(m) — mi(m) - BD(m), (6.84)

where by(m) = by(m) and bp(m) = bp(m) in the training mode, and by(m) = by(m) and
bp(m) = bp(m) in the decision directed mode. In the decision directed mode, |by(m)]
is used as the reliability of the error signal ex(m) in (6.82) and (6.83). Both filters are
updated per symbol and their initial states are m s(0) = 0 and 174x(0) = 0.

For the adaptive detector using the RLS algorithm, we denote wy(m) = [mf,(m) mff (m)]"

and u(m) = [7¥(m) I;g(m)]H . Then the feedforward and feedback filters of user k are

updated as indicated in (6.43) — (6.46).
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In summary, the asynchronous system during a two-symbol interval is considered
as an equivalent synchronous system with 3K users. We use an adaptive SISO PDFD
in the receiver with different lengths of the feedback filter. That is, we give different
task assignments for the feedforward and feedback filters. Our goal is to achieve a good

tradeoff between the detector complexity and system performance.
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Figure 6.10: A processing window of the detector in the ith symbol duration of an

asynchronous DS-CDMA system.
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Figure 6.11: Punctured signatures of the kth user in the asynchronous system.
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6.4.3 Simulation Results

The multiuser system which we simulate in this subsection has almost the same system
parameters as those in Subsection 6.3.3, except that the system here is an asynchronous
DS-CDMA system. We assume a chip-synchronous and symbol-asynchronous DS-CDMA
system. All users’ delays are uniformly distributed in [0,T] and measured by multiples
of T,. These delays are randomly selected and fixed during simulation. Our simulation
in this subsection is based on one fixed delay distribution of user 1 — user 12: [24 6 8 6
144031 1] (each element is measured in chips). The average bit error rate over all of
12 users is investigated. In the receiver, we assume that all users’ short spreading codes
and delays are unknown. There are 300 training symbols which are randomly generated

and inserted at the beginning of coded symbol frames of each user.

For simple implementation, we set all users’ carrier phases as zeros. Only a feedfor-
ward filter is employed in the first iteration, while both a feedforward filter and a feedback
filter are used in the following iterations. Furthermore, in the first two iterations, the
filter coefficients are initialized to zeros before the adaptive algorithm is employed. In
each of the following iterations, the filter coefficients are set to the values obtained at the

end of the previous iteration.

We consider three adaptive SISO PDFDs with the same feedforward filter length
and different feedback filter lengths, which are proposed in Subsection 6.4.2. Fig. 6.12
and Fig. 6.13 show average bit error rates of all users in the first, second, and tenth
iterations provided by three adaptive detectors based on the NLMS and RLS algorithms,
respectively. The parameters in the NLMS and RLS algorithms are the same as those
in Subsection 6.3.3. For comparison, we also show the bit error rate performance of the
single user system in these two figures, where the user’s spreading code and delay are

known to the receiver. In Fig. 6.12 and Fig. 6.13, we observe that at the end of the first
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iteration all three detectors have similar performances and their curves appear to overlap.
A similar behaviour is observed for the second iteration of Detectorl and Detector2 in

Fig. 6.12 and Fig. 6.13.

We can see that with our adaptive SISO detectors, the system performance is im-
proved with the increased number of iterations. Furthermore, Fig. 6.13 shows that the
performance provided by the adaptive RLS receiver approaches to the performance of
the single user system after a few iterations at high signal-to-noise ratios. Among three
adaptive SISO PDFDs proposed in Subsection 6.4.2, Detector3 provides the best perfor-
mance, while it has the highest computational complexity, since its feedback filter has

the maximum number of taps compared with other two detectors.

By comparing average bit error rates of all the users provided by the adaptive detector
based on the RLS algorithm in Fig. 6.13 and those obtained by the NLMS algorithm
in Fig. 6.12, we can see that the bit error rate performance provided by the adaptive
SISO PDFD based on the RLS algorithm is better than the one provided by the detector
based on the NLMS algorithm. For example, at a bit error rate 1073, Detector3 based
on the RLS algorithm has about 0.7dB gain with respect to Detectord based on the
NLMS algorithm. This is due to the faster convergence property of the RLS algorithm,
which is shown by Fig. 6.14. The averaged squared errors ei(m) and £(m) after the
second iteration of the adaptive Detector3 during the training mode versus the number
of updates in the NLMS and RLS algorithms respectively are shown and compared in
Fig. 6.14. We set the signal-to-noise ratio of each user to 6dB. Each curve of the squared

error is averaged over 200 independent trials of the experiment.
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Figure 6.12: Average bit error rate performance provided by three NLMS adaptive SISO
PDFDs for the asynchronous DS-CDMA system at the first, second, and tenth iterations,
and that of the single user system (SU), for the asynchronous DS-CDMA system over
the AWGN channel.
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Figure 6.13: Average bit error rate performance provided by three RLS adaptive SISO
PDFDs for the asynchronous DS-CDMA system at the first, second, and tenth iterations,
and that of the single user system (SU), for the asynchronous DS-CDMA system over
the AWGN channel.
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channel.
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6.5 Adaptive SISO PDFDs for Asynchronous DS-
CDMA Systems over Slow Frequency Nonselec-
tive Rayleigh Fading Channels

We apply our adaptive SISO PDFDs to asynchronous DS-CDMA systems over slow
frequency nonselective Rayleigh fading channels in this section. The channel fading rate is
assumed to be slow, such that the Doppler frequency times the transmitted coded symbol
interval equals to 0.00025. Asynchronous DS-CDMA systems have the same system
parameters as those in Subsection 6.4.3. However, here multiple users pass through their
own frequency nonselective Rayleigh fading channels respectively, which are unknown to
the receiver. All of 12 users’ fading channels have the same statistical property, while
they are generated independently. The channel fading rate is assumed to be slow. The
channel amplitude of each user is normalized to have unity average energy. For simplicity,
we are only interested in slowly time-varying amplitudes of fading channels and assume
that the fading channel’s phase of each user can be perfectly estimated and compensated
in the receiver. Without loss of generality, we assume its phase is zero. If without this
assumption, we can apply differential encoding and detection to transmitted symbols to
alleviate the task of adaptive detectors, which is to on-line estimate the channel phase

as in [Hon97], [Zhu97].

For simplicity, we employ Detector3 based on the RLS algorithm in Subsection 6.4.3
as our detector. The average bit error rates of all users in the first, second, and tenth
iterations are shown in Fig. 6.15. Furthermore, the bit error rate performance of the sin-
gle user system, where the receiver has perfect a priori knowledge of the user’s spreading
code, delay and the channel impulse response, is also included in that figure. We can
see that our adaptive SISO detector can provide a near single user system performance

after a few iterations at moderate and high signal-to-noise ratios even under a slowly
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varying fading channel. For fast time-varying fading channels, we may need to estimate

the channel explicitly.
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Figure 6.15: Average bit error rate performance provided by Detector3 based on the
RLS algorithm for the asynchronous DS-CDMA system under unknown slow frequency

nonselective Rayleigh fading channels at the first, second, and tenth iterations, and that

of the single user system (SU).
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6.6 Summary

In this chapter, we proposed adaptive SISO parallel decision feedback detectors for both
synchronous and asynchronous DS-CDMA systems over the AWGN channel. We as-
sumed that all users employ short spreading codes and system parameters, such as mul-
tiple users’ transmitted waveforms and relative delays, are unknown to the detector. A
training sequence is required by each user. We showed that the resulting system per-
formance approaches to that of the single user system with the increased number of
iterations and signal-to-noise ratios as well. Moreover, the adaptive detector employ-
ing the RLS algorithm provides a better bit error rate performance and requires fewer
training symbols than the adaptive detector based on the NLMS algorithm, while at the
expense of higher computational complexity. For asynchronous DS-CDMA systems, we
further show that the adaptive detector with more feedback filter taps gives a better -
bit error rate performance, while has a higher computational complexity. Finally, we
extended adaptive SISO parallel decision feedback detection to asynchronous DS-CDMA
systems over slow frequency nonselective Rayleigh fading channels. Our adaptive SISO
PDFDs can work successfully for slowly time-varying Rayleigh fading channels. For fast
time-varying channels, we may need to estimate the channel explicitly. Therefore, our
adaptive MUD receivers require short codes and could be very sensitive to channel time
variations. Furthermore, our adaptive SISO detectors can be extended to multipath

channels directly, since the feedback filters cancel intersymbol interference.

In the first iteration, there is no feedback and only a feedforward filter is employed.
Therefore, using a larger number of taps in the feedforward filter may improve perfor-
mance. To limit complexity, the detector reverts to using a 2/N-tap filter as the feedfor-
ward filter in the second and subsequent iterations. Some simulations using a feedforward
filter with 4N taps in the first iteration have been done. However, we did not get a better

performance compared with that of the 2N tap filter. When we increase the number of
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filter taps, its performance is better, however its convergence speed is slower. At the

same time, interference falling in the processing window is increased.

For easy reference, Table 6.1 shows performance-versus-complexity of all the adaptive

SISO multiuser detectors discussed in this chapter.
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Table 6.1: Performance-versus-complexity of adaptive SISO multiuser detectors for DS-

CDMA systems. (K - number of users; N - spreading gain)

Adaptive SISO

Multiuser Detectors

DS-CDMA Systems
(K = 12,
spreading gain 16)

Performance
(required Eb/No(dB)
at BER 1073,
at the 10th iteration)

Complexity
(number of operations
per symbol interval

per iteration)

NLMS synchronous 4.4 ON+K-1)
RLS synchronous 3.7 O(N + K — 1)?
NLMS (K — 1 feed- asynchronous 8.7 O2N+ K -1)
back filter taps)

NLMS (2K — 1 feed- asynchronous 7.4 O(2N + 2K - 1)
back filter taps)

NLMS (3K — 1 feed- asynchronous 5.6 O(2N +3K - 1)
back filter taps)

RLS (K — 1 feedback asynchronous 7.0 O(2N + K — 1)?
filter taps)

RLS (2K —1 feedback asynchronous 6.0 O(2N + 2K —1)?
filter taps)

RLS (3K —1 feedback asynchronous 4.95 O(2N +3K —1)?

filter taps)
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Chapter 7

Conclusions

In this thesis, we focused on SISO multiuser detection for coded multiuser systems. First,
traditional multiuser detectors, such as decorrelating detectors, linear MMSE detectors
and parallel decision feedback detectors, were successfully adapted to be SISO detectors,
which can cooperate iteratively with a bank of single user decoders. The system perfor-
mance converges to that of the single user system after only a few iterations for moderate
and high signal-to-noise ratios. The complexity of these SISO detectors is a cubic func-
tion of the number of users, making these detectors far less complex than optimum SISO
detectors. Performance comparison of these three types of SISO detectors has also been

provided in this thesis.

Secondly, we proposed adaptive SISO parallel decision feedback detectors for both
synchronous and asynchronous DS-CDMA systems over the AWGN channel. Two adap-
tive algorithms, NLMS and RLS algorithms, were used. We assumed that all users
employed short spreading codes, and multiple users’ spreading codes and relative delays
were unknown to the receiver. A training sequence is required by each user. We showed
that the resulting system performance approaches to that of the single user system where

the single user’s spreading code and delay are known, after a few iterations at moderate
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and high signal-to-noise ratios. Moreover, the adaptive detector employing the RLS al-
gorithm provides a better bit error rate performance than the adaptive detector based
on the NLMS algorithm, while at the expense of higher computational complexity. For
asynchronous DS-CDMA systems, we further showed that the adaptive detector with
more feedback filter taps gives us a better bit error rate performance. Finally, we ap-
plied our adaptive SISO parallel decision feedback detectors to asynchronous DS-CDMA
systems over slowly fading frequency non-selective Rayleigh channels where the channel
coeflicients were not available in the receiver. Again, it was shown that our adaptive de-
tectors can provide a near single user system performance after a few iterations at high
signal-to-noise ratios. Furthermore, this result means that adaptive SISO detectors have
good near-far resistance. For fast varying channels, however, we may need to estimate

the channel impulse response explicitly.

There is much work remaining to extend this thesis work, including channel estima-
tion for soft-input soft-output multiuser detection and performance analysis of iterative
SISO detectors. Adaptive SISO multiuser detectors proposed in this thesis can work
successfully only with unknown slow Rayleigh fading channels. For fast fading channels,
it is necessary to estimate channel coefficients explicitly. Efficient channel estimation
methods need to be proposed which are suitable in the implementation of iterative mul-
tiuser receivers, with respect to their performances and computational complexities. In
the iterative receiver for coded multiuser systems, channel estimation can be considered
as an independent SISO module that cooperates iteratively with the multiuser detec-
tor and single user decoders. How to make these three parts cooperate efficiently and
the system performance be improved with the increased number of iterations is a prob-
lem. Using analytical and numerical methods, the performances of several parameter
estimation techniques can be investigated. For example, the following techniques may

be considered: the expectation-maximization (EM) algorithm, pseudo-inverse channel
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estimation, pilot symbol assisted modulation, etc.

Since iterative SISO multiuser detectors are non-linear, it is very difficult to theoreti-
cally analyze their performances. Usually, we resort to Monte-Carlo simulation techniques
to evaluate their bit error rate performances. However, Monte-Carlo simulation has a
high complexity. It will be useful to recognize some underlying factors which dominantly
influence performances of iterative SISO detectors. By analyzing these factors, we can
understand and predict their performance limits and characteristics. The following per-
formance characteristics of iterative SISO multiuser detectors are interesting: threshold

phenomenon, asymptotic performance and convergence speed.
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Appendix A

Analysis of Noise Variances at the
Output of the SISO Decorrelating

Detector

In this appendix, we show the simulation results based on which we give the relationship
between o2,k € [1, K] and intermediate values of {§; € [0,1],1 < ¢ < K} in Section
5.2.2.

In a multiuser system where all users have the same received signal amplitude, they
will have almost the same performance. Therefore, we can assume that at each iteration

we have the same {§;,1 <14 < K}. That is, denote:
£=¢, 1<i<K. (A.1)
Thus, the noise variances {¢2,} of different user k (1 < k < K) are also the same. Denote
ol=02, 1<k<K. (A.2)

In this case, noise variance o2 has only one argument . For the K-symmetric multiuser

systems simulated in Section 5.2.3 (i.e. the number of users K = 5 or 10, the cross
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correlation between any two users p = 0.3, 0.5, 0.7 or 0.9), we can obtain relationships
between the normalized noise variance ¢2/0? (02 is the double-sided power spectral den-
sity of the background Gaussian noise) and &, which are shown in Fig. A.1. Based on
this figure, we can see that in general o2 is a mono-increasing function of ¢ for moderate

and large £. While for small £, it remains small and changes slowly.

When the multiuser system is in a near-far scenario, that is the received signal ampli-
tudes of all users are different, o2, is a function with multiple arguments {£;,1 <i < K'}.
We still consider the K-symmetric multiuser systems in Secion 5.2.3. In this case, we
investigate the relationship between o2, and one &;,7 € [1, K] for all possible (K-1)-
dimensional vectors [£1,...,&-1,&+1,&k], where & € [0,1] and ¢ # j. By simulation,
we found that the relationship between o2, and &; is almost the same as those shown in
Fig. A.1. That is, for small §;, 02, is a mono-decreasing function and has slowly changed
small values, while for moderate and large §;, it is a mono-increasing function. The slope
of the function curve depends on the value of [&1,...,&-1,&+1,&k], thus depends on the

near-far scenario.

For example, Fig. A.2 shows the relationships between the normaized noise variances
{62 /0%, 1 < k < K} and & when the multiuser system has K = 5,p = 0.5 and
(62,835,864, 8&5] = [0.1,0.2,0.3,0.4]. Fig. A.3 shows the relationships when [£s,&3,£4,85] =
[0.5,0.6,0.7,0.8]. By simulation, we can obtain the relationship between any one noise

variance 02,k € [1, K| and any one argument &;, j € [1, K].

In summary, generally o2, is an increasing function of {¢;,1 < i < K} respectively,

for moderate and large {&}. While for small {£;}, it remains small and changes slowly.
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Figure A.1: Relationships between ¢2/0? and ¢ for four K-symmetric multiuser systems

when the received signal amplitudes of all users are the same.
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Figure A.2: Relationships between {02,/0%,1 < k < 5} and & for the multiuser system
with K = 5, p = 0.5, and [€2, &3, &, &) = [0.1,0.2,0.3,0.4).
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Normalized Noise Variance

Figure A.3: Relationships between {02,/0? 1 < k < 5} and £; for the multiuser system
with K = 5,p = 0.5, and (&3, &3, &, &) = [0.5,0.6,0.7,0.8].
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Appendix B

Computational Complexity of the
SISO Decorrelator

In this appendix, Table B.1 shows the number of operations required in each step of the

SISO decorrelator, proposed in Section 5.2.
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Table B.1: Computational complexity of the SISO Decorrelator

Processing Number of Operations
1. soft interference cancellation in (5.5) K% +2K
2. Constructing R, as in (5.16) K?
3. Calculating the matrix inverse f{; ! as 2K3
in (5.28)
4. Calculating the output vector xPFC of K?

the SISO decorrelator in (5.20)

5. Calculating the noise variances which K3+ K+ K

are diagonal elements in (5.21)

6. Obtaining the soft output APZC[bg| in 3K
(5.22) for 1 < k< K

Total 3K3 + 4K2 + 6K
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Appendix C

Computational Complexity of the
Linear SISO MMSE Detector

In this appendix, we analyze the computational complexity of the linear SISO MMSE

detector, proposed in Section 5.3.

Substitute (5.46) into (5.47), we have:

oy M = m{ - (y ~ Elyle)
= (AuR(AAA + PR e [y — Byl
= Aper (AAA + R TIR 7y — E(y)i)- (C.1)

We need to calculate the following matrix inverse ®*) for each user k in (C.1):

3® = (AALA + o2R™1)1

(Z 1 — bYejel + A2 exel + azR_l) g | (C.2)
J#k

In order to calculate (C.2), we can first recursively compute the following matrix inverse
using the matrix inverse lemma [Gol96]:

-1

T = (Z AL - Blleje] +0”R) . (C.3)
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Table C.1: Computational complexity of the SISO MMSE Detector

Processing Number of Operations
1. Recursively calculating ¥ in (C.3) 2K3 + K2
2. Calculating the matrix inverse ®(¢) in 2K3
(C4 for1<k<K
3. Calculating the output of the SISO 4K?
MMSE detector zMMSE in (C.1) for 1 <
E<K
4. Obtaining the soft output A¥M5E[p,] in 3K
(6.51) for 1< k< K

Total 4K3 +5K? + 3K

Then ®®* can be obtained by:

PH) = ((\II(K))_1 + Azki)iekeT) -

1

= @) _ -
(Aribr) =2 + (T E)) g,

[ Ee ][ @ Fe,]T. (C.4)

Table C.1 shows the number of operations required in each step of the linear SISO

MMSE detector.
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