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UNIVERSITY OF SOUTHAMPTON
ABSTRACT

Faculty of Engineering, Science and Mathematics
School of Electronics and Computer Science

A thesis submitted in partial fulfilment of the requirements for the award of DaftBhilosophy

Particle Swarm Optimization aided MIMO transceiver design

by Wang YAO

In this treatise, we design Particle Swarm Optimization (PSO) aided MIMO tamss. The employ-
ment of multiple antennas leads to the concept of multiple-input multiple-outpdlIlsystems, which
constitute an effective way of achieving an increased capacity. When tawdtipennas are employed at the
Base Station (BS), it is possible to employ Multiuser Detection (MUD) in the uphttgkvever, in the down-
link (DL), due to the size as well as power consumption constraints of mohiieets so-called Multiuser
Transmission (MUT) techniques may be employed at the BS for suppreggngultiuser interference
before transmissions, provided that the DL channel to be encountesedaevaccurately predicted.

The MUT scheme using the classic MMSE criterion is popular owing to its simplicibyvever, since
the BER is the ultimate system performance indicator, in this treatise we are maesiatkin the Mini-
mum BER MUT (MBER-MUT) design. Unlike the MBER-MUD, the MBER-MUT sign encounters a
constrained nonlinear optimization problem due to the associated total tramsveit gonstraint. Sequential
Quadratic Programming (SQP) algorithms may be used to obtain the precoakdffisients. However, the
computational complexity of the SQP based MBER-MUT solution may be exedssihigh-rate systems.
Hence, as an attractive design alternative, continuous-valued PS®weé&sd to find the MBER-MUT'’s
precoder matrix in order to reduce its computational complexity.

Two PSO aided MBER-MUTs were designed and explained. The firsthume be referred to as a
symbol-specific MBER-MUT, while the other one may be termed as the avé8gR-MUT. Our simu-
lation results showed that both of our designs achieve an improvement iradsopto conventional linear
MUT schemes, while providing a reduced complexity compared to the stag-8QP based MBER-MUT.

Later, we introduced discrete multi-valued PSO into the context of MMSE ¥&tecoding (MMSE-
VP) to find the optimal perturbation vector. As a nonlinear MUT scheme, there¥des an attractive BER
performance. However, the computational complexity imposed during tiehska optimal perturbation
vector may be deemed excessive, hence it becomes necessary tafioed-eomplexity algorithms while
maintaining a reasonable BER performance. Lattice-Reduction-aied (\/RAgthe most popular approach
to reduce the complexity imposed. However, the LRA VP is only capable aéwnly a suboptimum BER
performance, although its complexity is reduced. Another drawback &f V/R is that its complexity is
fixed, which is beneficial for real-time implenebtations, but it is unable to srtkede-off between the target
BER and its required complexity. Therefore, we developed a discrete nallige¢ PSO aided MMSE-VP
design, which has a flexible complexity and it is capable of iteratively imprawiagchievable.



In Chapter 5, our contributions in the field of Minimum Bit Error Rate Vectardeding (MBER-VP)
are unveiled. Zero-Forcing Vector Precoding (ZF-VP) and MMSEMePrecoding (MMSE-VP) had al-
ready been proposed in the literature. However, to the best of oud&dge; no VP algorithm was proposed
to date based on the direct minimisation of the BER. Our improved MMSE-VPmessed on the MBER
criterion first invokes a regularised channel inversion technique asmd gshperimposes a discrete-valued
perturbation vector for minimising the BER of the system. To further improve ybes1’'s BER perfor-
mance, an MBER-based generalised continuous-valued VP algorithmals@proposed. Assuming the
knowledge of the information symbol vector and the CIR matrix, we consi@sgeheration of the effective
symbol vector to be transmitted by directly minimising the BER of the system. Our simulagalts show
the advantage of these two VP schemes based on the MBER criterioniadiggecrank-deficient systems,
where the number of BS transmit antennas is lower than the number of MBsrtegh The robustness of
these two designs to the CIR estimation error are also investigated. Finallgriputational complexity
imposed is also quantified in this chapter.

With the understanding of the BER criterion of VP schemes, we then comdidgenew transceiver
design by combing uniform channel decompaosition and MBER vector dmnegowhich leads to a joint
transmitter and receiver design referred as the UCD-MBER-VP schienoeir proposed UCD-MBER-VP
scheme, the precoding and equalisation matrices are calculated by the UGaainvetile the perturbation
vector is directly chosen based on the MBER criterion. We demonstratedhthaitroposed algorithm
outperforms the existing benchmark schemes, especially for rank-aefigistems, where the number of
users supported is more than the number of transmit antennas employedovitorour proposed joint
design approach imposes a similar computational complexity as the existingtecschemes.
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Chapter

Introduction

Compared to conventional Single-Input-Single-Output (SISO) systemiogimg a single transmit and a
single receiver antenna, Multiple-Input-Multiple-Output (MIMO) systerhpdre capable of achieving a
higher spectral efficiency. Since their conception, MIMOs have fawntierous applications [2-5], and
since the characteristics of MIMO channels are pivotal in their study, iméxt section we provide a
rudimentary introduction to the subject.

1.1 MIMO Channels

The family of MIMO channels may be grouped into three types, namely poiptim; multipoint-to-single-
point and point-to-multipoint channels, as detailed below.

1. Point-to-point.

The classic point-to-point MIMO system is represented by a transmitter eswdver pair, where
both the transmitter and the receiver use several antennas, eadclat@sbaith a separate modulator
and demodulator. Naturally, the antennas potentially interfere with each btinece interference
cancelation technigues have been proposed for the mitigation of the inéemarinterference (1Al)
[6-8]. Fig. 1.1 shows a typical point-to-point MIMO scenario.

2. Multipoint-to-singlepoint.

The classic multipoint-to-singlepoint MIMO system is represented by desdisen uplink transmit-
ters and a single central receiver. The uplink of multiuser mobile communicgt&iams constitutes
an example of MIMO systems of this type, therefore, it is also often refdoas a multiple access
channel. The joint receiver at the base station has to recover the ualividers’ signals from its
received signal, and since a number of users transmit at the same time imteeéaad, this re-
ceived signal is the superposition of all the active users’ signals. Téuis e the so-called multiuser
detection (MUD) problem, which has attracted substantial research itst¢®ed.2], hence it is not
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TX

Figure 1.1: MIMO system associated with a point-to-point MIMO chann@lX’ stands for transmitter,
while 'RX’ means receiver.

concerned in this treatise. The block diagram of the MIMO multiple accesmeha shown in Fig.
1.2.

TX

TX

TX

Figure 1.2: MIMO system with decentralised MS transmitters and cerB@lreceiver (MIMO multiple
access channel). 'TX’ stands for transmitter, while 'RX’anes receiver.

3. Point-to-multipoint.

The classic point-to-multipoint MIMO system is represented by a centrarraiter and decentralised
receivers. An example of this MIMO system is constituted by the downlink dfinser mobile com-
munication systems, which is also often termed as a MIMO aided broadcéstnsyis is character-
ized by the fact that the end-points of the channels over which the tramsmisges place are not
co-located but distributed. Hence the employment of MUD at the MSs is meildie. As a design
alternative, the signal to be transmitted to all the users has to be pregdchence this technique is
referred to as multiuser transmission (MUT). In this thesis, we will focusattention on the family
of MIMO broadcast systems and discuss several schemes desigrdtTo The block diagram of
the MIMO broadcast channel is depicted in Fig. 1.3.
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RX

RX

RX

Figure 1.3: MIMO system with central BS transmitter and decentralise8l tdceivers (MIMO broadcast
channel). 'TX' stands for transmitter, while 'RX’ means edeer.

1.2 Motivation and Novel Contributions

As stated above, numerous designs have been proposed for multiugé€d ptint-to-point communica-
tions [6-8], and for multiuser MIMO multi-point to single-point communication8-{17]. One of the
methodologies that all these designs share in common is that they would all timioa¢e the multiuser
interference (MUI) at the receiver side. However, this is not partibularactical for multiuser downlink
(DL) MIMO single-point to multi-point communications. Considering a multiuser ibeobroadcast sys-
tem, where there is naturally no cooperation between the MSs at the Dkeedhe multiuser interference
encountered at the MSs cannot be readily mitigated. Hence, the perfmgrothe system is limited due
to the desired signal contamination imposed by the multiuser interferenceefdteewe need other tech-
niques of improving the attainable system performance in this scenario. Thigates the research of
MUT schemes that are capable of mitigating the MUI at the DL transmitter, naméhe @ase Station
(BS), so that the signals received at the MS are only noise-contamifatefiee from MUI. Another re-
lated advantage of DL-MUT techniques is that they allow us to use low-colitpledSs, which require
low-power-consumption single-user-detectors to detect the recdiyeals This is important, because in
the wireless Internet a large proportion of the data transmission woulé&hapghe downlink. Hence, even
if cooperation was allowed among MSs at the receiver side, the employrhieigthecomplexity MUDs at
the MSs would still remain unattractive for the operator companies, betaeisharge that can be stored
in the MS’s battery is limited. Hence the MS’s battery would have to be rectidrgguently, if high-
complexity detection devices are embedded in the MS. Although one may amajusytitems employing
MUT techniques impose an increased power consumption at the BS, whicinaragse the expenses of
the operator company, the company’s profit might still be increased, gimsay benefit from a higher
increase in its revenue than in its expense, owing to supporting more s@eover, in the context of co-
operative mobile communications, MSs may act as relay stations and the emplafrivili T techniques
may reduce the power consumed at the MS’s detector. The third advaitdtidT is that it reduces the
signal latency at the MS caused by high-complexity detection at the cognoflast signal latency at the
BS, which is imposed by transmit pre-processing required.
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Based on the above-mentioned arguments, the advantages and impoftengglaying MUT tech-
niques in a DL broadcast system have been made plausible. Fig.1.4 skedamsily tree of MUT schemes,
which may be grouped into linear and nonlinear classes. Linear MUT schiaclade classic zero-focing
Multiuser Transmission (ZF-MUT) [18], Minimum Mean Square Error Muléu3ransmission (MMSE-
MUT) [18] and Minimum Bit Error Rate Multiuser Transmission (MBER-MUB, 19-21]. The MBER-
MUT class may be further divided into symbol-specific MBER-MUTSs [19-&1d average MBER-MUTs
[5]. Both of these MBER-MUT algorithms will be detailed in Chapter 3. In terfgamlinear MUTSs, two
popular schemes are constituted by the Tomlison-Harashima precodé?s @ and by Vector Precoding
techniques (VP) [23]. Similar to linear MUDs, linear MUTSs tend to impose a lowpmatational complexity,
but exhibit a modest BER performance, while nonlinear approachésvacmn attractive BER performance,
but tend to suffer from a high computational complexity [24].

Multiuser Transmission

|
| |

Linear MUT Nonlinear MUT
l

|

ZF MUT MMSE MUT] MBER MUT THP Vector precoding
l

| !

Symbol-specific

Average
MBER MUT MBER MUT

Figure 1.4: The family-tree of MUT schemes. MUT: multiuser transmissi®IBER: for minimum bit error
rate, THP: Tomlison-Harashima precoding.

Following our literature review in Chapter 2, we will highlight the open redeareas in the field of
MUT, with particular emphasis on the following two main aspects:

1. Computational complexity reduction in linear and nonlinear MUT algorithms;

2. Novel MUT algorithms will be designed, which are capable of improvingotherall system perfor-
mance.

In the field of linear MUT algorithms, MMSE-MUT schemes [25] are desigiwechinimize the mean
square error between the legitimate transmitted signal and received sigeglaiie popular owing to their
appealing simplicity. However, since we are more interested in the achievaltepBrformance, than in
the achievable MSE, a better strategy is to directly minimize the system’s BER. Ttiigtas the design of
MBER-MUT algorithms [19, 20]. The MBER-MUT design is detailed later in @tes 2, which constitutes
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a constrained nonlinear optimization problem [5, 26], where the Sequéntadratic Programming (SQP)
algorithm of [27] may be used for generating the precoder’s coeftifem the MBER-MUT [5, 24, 26].
Moreover, the computational complexity of this algorithm may become exeefsivemployment in a
real-time system [24]. This motivated our work reported in [28] in the fieldMBER-MUT, where the
Particle Swarm Optimization (PSO) [29, 30] technique was invoked for finthe near-optimal MBER-
MUT weights, despite substantially reducing the computational complexity imposed

On the other hand, nonlinear MUT techniques were found to be more fadweterms of approach-
ing the maximum attainable rate of the optimum dirty paper coding (DPC) schemhth{@ilinear MUT
schemes. Vector Precoding (VP) [23] constitutes a promising techniduehachieves a substantial sys-
tem performance gain compared to linear MUT algorithms. The family of clag3ialgorithms based on
the traditional zero forcing criterion (ZF-VP) [23] and on the MMSE ciger(MMSE-VP) [32] employs
a so-called sphere encoding algorithm [23] to find the optimal pertubatictoryevhich will be introduced
in detail in Chapter 4. To elaborate a little further, the sphere encodingithlgomay be deemed to be
the counterpart of the reduced-complexity sphere decoding (SD)@]@8tithm, which is a popular near-
ML MUD algorithm. Despite dispensing with the brute-force full-search Mlatgtgy, the computational
complexity imposed by the sphere encoding algorithm was shown to be rildtigh [23] and hence at
the time of writing it may not be suitable for real-time systems [4]. Although séweraplexity reduc-
tion algorithms have been proposed [4, 34] at the cost of sacrificingtdieable system performance, our
motivation is that of proposing a powerful algorithm, which achieves a simylstesn performance as that
obtained by the high-complexity sphere encoding algorithm, while reducingotiiputational complexity
imposed.

Although ZF-VP and MMSE-VP constitute state-of-the-art algorithms in tHd 6&VP, yet, precod-
ing schemes designed based on the MBER criterion by directly minimizing the BE® gystem may
be deemed attractive, since the BER is the ultimate system performance indicawear MBER-MUT
schemes were proposed in [19, 20]. An advanced VP scheme wasivehin [35] for improving the BER
in a quasi-static fading environment, which was based on the assumptiongHaEE may be expressed
as a direct function of the average MSE, hence this solution naturallyrdgdsad to the true BER ex-
pression, since the MUI distribution is typically non-Gaussian. Theregfeeeembark on deriving the BER
expression for the system and demonstrate that the perturbation vectimdeay be chosen based on the
MBER criterion [36]. Then, based on these findings, we will proceeddpgse the design of the MBER
criterion based vector precoding technique, which we referred to getieralized MBER vector precoding
algorithm (G-MBER-VP) in [37].

As a promising technique, VP has also been invoked in nonlinear MIMOdeares designs [8, 38]
in order to mitigate the interference at the transmitter. A nonlinear transaddggn based on the geo-
metric mean decomposition (GMD) technique was proposed in [6]. The GMRhsuanel decomposition
algorithm, which was proposed as an improvement of the traditional singailae decomposition (SVD)
algorithm [39]. The GMD technique was also shown to be capable of legalbfidiagonalizing the MIMO
channel matrix, leading to identical diagonal elements, hence offeringidgdesubchannel gains. As a
further advance, uniform channel decomposition (UCD) was prapivsg] for improving the GMD. The
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UCD maintains the highest possible capacity at any signal-to-noise ratio)(8N&it achieves the maxi-
mal attainable diversity gain [7]. A brief introduction to the GMD and the UCDoatgms can be found
in Chapter 2, where their advantages over the traditional SVD schemdsardiscussed. The solutions
proposed in [8] extended the idea of [6] to a GMD MMSE-VP (GMD-MMSB) based transceiver design
by invoking the MMSE-VP algorithm. Again, the schemes designed by directlimizimg the BER of the
system may be deemed attractive. It is also expected that a UCD basedigR wél outperform a GMD
based VP design, since the UCD algorithm may be deemed to be an improvecs&idme based on the
MMSE criterion. Although the authors of [7] proposed a UCD based Tektgh (UCD-THP), to the best
of our knowledge, no UCD aided VP transceiver design was proposgate in the open literature. Against
this background, we propose a novel joint UCD-MBER-VP transcalesign by combining the UCD and
the MBER based VP [38].

In summary, the novel contributions of this thesis are listed as follows:

e In Chapter 3, we demonstrate that the employment of PSO in deriving botlrtiteosspecific and
the average linear MBER-MUT precoder’s coefficients is capable lndtantially reducing the com-
putational complexity, when compared to their counterparts using the tradiBQtapproach [27],
which is achieved without eroding the system performance [28, 40, 41].

¢ In Chapter 4, we invoke the PSO algorithm in order to find the optimal petiorbaector of both
ZF-VP and MMSE-VP. We demonstrate that our approach achieves a spaifarmance to that of
using the potentially excessive-complexity sphere encoding algorithm $§23 reduced computa-
tional complexity. The proposed solution will be contrasted to severahmeaik schemes found in
the literature [4, 34], which aim for reducing the computational complexity iragad the cost of
achieving a sub-optimum performance, when compared to that of theesphending algorithm.

¢ In a practical communication system, the BER is the ultimate indicator of the attaiyabéesperfor-
mance, hence algorithms designed based on the MBER criterion by minimizingfReRBhe system
are attractive [19-21]. There are numerous MBER MUD algorithms in thaliiez [12,42—-44]. Sev-
eral contributions based on the MBER criterion can also be found in tleandsliterature of linear
MUTs [19, 20]. Yet, to the best of our knowledge, no VP algorithm wappsed to date based on the
direct minimization of the BER in the open literature. Against this backgrouedpnepose a novel
G-MBER-VP design based on directly minimizing the BER of the system [3@&,37,The resultant
G-MBER-VP design turns out to be a hon-convex continuous-valuéichization problem. Hence,
we adopt the PSO algorithm for efficiently solving this challenging nonlinedifMesign problem.

e In Chapter 5, we extend our proposed G-MBER-VP concept into MIMdDdceiver designs and
propose a joint UCD-MBER-VP transceiver by combining the UCD and tBER based VP [38].

e In Chapter 6, we also demonstrate that our proposed G-MBER-VP ariatMMBER-VP designs
are capable supporting more users than the number of transmit antenriagezigi the BS, which
constitutes a pratical rank-deficient scenario, where the number oSM&sorted is higher than the
number of transmit antennas employed [37, 38, 45]. We demonstrate thdesign outperforms
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all the benchmark designs, especially in the challenging rank-deficienago, where the number
of DL transmit antennas is lower than the number of users supported.imb@tons demonstrate

that in such challenging scenarios, conventional algorithms encourdefleors, while the proposed

schemes do not.

1.3 Thesis Outline

Chapter 1
Introduction
Chapter 2
Preliminaries
Continolus—valued PSO |
I
\'I
Qha%’qer 3 Chapter 5
PSO Aided Minimum Bit

Error Rate Multiuser
Transmission

PSO Aided Minimum Bit]
Error Rate Vector
Precoding

Chapter 4
PSO Aided

Vector Precoding

Discrete-valued

UCD Aided MBER VP

|
|
|
Transceiver Design :
|

l

Chéfpter 7
Conclusion

Figure 1.5: The structure of the thesis.

The structure of the thesis can be seen in Fig. 1.5. An overview of bothr lamehnonlinear MUT
schemes is provided in Chapter 2. In Section 2.1, we describe sevesitd#JT algorithms and compare
both their achievable BER performance as well as their computational catgpl&enerally speaking,
nonlinear MUT algorithms are capable of achieving better BER perfornsahea their linear MUT coun-
terparts, while linear MUT algorithms benefit from a lower computational coxitgldn other words, there

is always a trade-off between the achievable BER performance andrigutational complexity imposed
by the MUT, which is similar to the trade-offs observed for MUDs. An intratiin to PSO is provided
in Section 2.2, which constitute a population based stochastic optimization metipi@dnisy the social
behaviour of bird flocks or fish schools. They are capable of sutistigireducing the search space, hence
have the ability to rapidly converge and they are also capable of 'stedeag of local minima. More
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specifically, our introduction covers the family of both continous-valuedels as discrete-valued PSO.
Finally, Section 6.2 is devoted to the provision of the foundamental knowledgeerning the GMD and
UCD algorithms, both of which are based on the well-known SVD scheme.

The computational complexity reduction issues of linear MBER-MUTs areeaddd in Chapter 3.
Since the state-of-the-art SQP algorithm [27] imposes a high complexity) edieulating the coefficients
of both the symbol-specific and of the average MBER-MUT precodexgrapose continuous-valued PSO
aided symbol-specific MBER-MUT solutions in Section 3.4.1 and continualised PSO assisted aver-
age MBER-MUT designs in Section 3.4.2. It is shown in Section 3.7 that quoaphes are capable of
achieving the same BER performance as the SQP algorithm [27] while imposavegea computational
complexity.

In Chapter 4, we focus our attention on the computational complexity reduatithe nonlinear VP
MUT alogrithm. Deriving the best pertubation vector in VP is challenging, twhias solved by using
the sphere encoding algorithm of [23], which imposes a potentionally sixeesomputational complexity.
Although several complexity reduction schemes have been proposeditethatire [4,34], again, they can
only achieve a sub-optimum BER performance, when compared to thavedHig invoking the sphere
encoding algorithm. We show that by using our proposed discrete-vRlI8€dapproach, we may achieve a
similar BER performance to that of the sphere encoding algorithm, while impassignificantly reduced
computational complexity.

The architecture of the ZF-VP and MMSE-VP is then further developedrioaive the VP based MBER
scheme in Chapter 5. More specifically, in Section 5.2 we first introduce BiER/riterion for the design
of VP scheme, then show how to find the perturbation vector based on tre§ MBER criterion, noting
that the calculation of the precoding matrix still follows the approach of MM&E{n Section 5.3, we
propose the direct generation of the effective symbol vector basétkgoroposed MBER criterion, given
the knowledge of the channel state information and the current informatioba vector to be transmitted,
rather than using the previously proposed two-step optimization procéss afF-VP and MMSE-VP. It is
shown in Section 5.5 that our approach achieves a better BER perfartianrcthe benchmark algorithms
and it is capable of supporting rank deficient systems, where the nurhbeers supported in the DL is
higher than that of the antennas employed at the DL transmitter.

The previously proposed MIMO transceiver designs based on GNIBr@& UCD [7] all assumed that
the number of antennas employed at the transmitter is equal to or larger thaummther of antennas em-
ployed at the receiver. In other words, practical rank-deficieahaos have not been considered. It is
shown in Section 6.6 that all the benchmark algorithms proposed in the liteeuomable to support rank
deficient systems, hence result in error floors. Against this backdrdn Section 6.4 we further extend
the employment of our proposed MBER criterion based VP into MIMO tramsceesigns. More specif-
ically, in our proposed UCD-MBER-VP scheme, the precoding and eguimliz matrices are calculated
by the UCD method, while the perturbation vector is chosen based directlyeodBER criterion. We
demonstrate that our proposed algorithm outperforms the existing berichaemes, especially for rank-
deficient systems, which is achieved at a similar computational complexity asf thatexisting benchmark
schemes.



1.3. Thesis Outline

The thesis is concluded in Chapter 7, along with a range of future woxkestigns.



Chapter

Preliminaries

In this chapter, the underlying fundamentals of this thesis are introducbdseTcover the three major
aspects of multiuser transmission (MUT), particle swarm optimization (PSOeHlsag/geometric mean
decomposition (GMD) and uniform channel decomposition (UCD). A rudtamgrintroduction to MUT is
provided in Section 2.1, where we commence from introducing classic lineAr 8gorithms in Section
2.1.1, namely ZF-MUT and MMSE-MUT. Linear MUT schemes benefit fromlengentational simplicity,
but they achieve a limited BER performance, when compared to that of thdinear MUT counterparts.
One of the promising nonlinear MUT schemes known as vector precodinvgator perturbation (VP)
is introduced next in Section 2.1.2, followed by the characterization of owegful optimization tool,
namely the PSO algorithm in Section 2.2. More specifically, the continousd/&8€& scheme, which is
more suitable for solving continous-valued optimization problems, is introdincgdction 2.2.1, while the
introduction of the discrete-valued PSO algorithm invoked for solving coatbiial optimization problems
is covered in Section 2.2.2. This chapter is concluded in Section 2.3.

2.1 Multiuser Transmission

Motivated by the achievable performance gains of MUD [9, 10] in the uplibk), in recent years the
so-called transmitter preprocessing philosophy was conceived for, Mibrder to mitigate the multiuser
interference at the transmitter by pre-compensating for the effect otiduenel to be encountered for the
downlink (DL) at the transmitter, which has drawn wide attention [3,18,96-¥he advantages of employ-
ing MUT techniques were discussed in Section 1.2, but again, one of itssuiostantial benefit is that it is
possible to employ low-complexity single-user matched-filter (MF) basedvesseat the MSs for mobile
broadcast channels [50]. However, in MUT, the transmitter requirdsiteledge of the DL channels asso-
ciated with each of the MSs in order to carry out transmit preprocesshagsumption that the downlink
channel’s impulse response is known at the BS may be deemed valid in timerthigtex (TDD) systems,
such as for example in combined TDD-code division multiple access (TDBDW,D[51]) or in time divi-
sion aided CDMA (TD-CDMA, [52]). This is because the UL and the DLrshthe same frequency band.
Thus in the absence of strong interference, all channel paramedessralar for the UL and DL [53-55],

10
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provided that the coherence time [56] of the channel is sufficiently lanthat the channel estimate of the
UL receiver is still valid, when it is used by the DL transmit preprocessiggrahm.

Since the broadcast DL channels spanning from the BS to MSs can betestinyaexploiting its reci-
procity with respect to the multiple access UL channels spanning from thetditBe BS, MUT may be
deemed suited for DL transmission in a cellular wireless communications sysitegnTi3D. By contrast,
for systems using for example frequency division duplex (FDD), whiggauplink and downlink channels
may not be considered reciprocal, CSI feedback is required from s Mceivers to the BS’s transmit-
ter. To elaborate a little further, the DL MUT techniques may also be viewedeaBltlcounterpart of the
UL SDMA arrangements. More explicitly, in the UL a MUD is employed at the BSetect all of thekK
UL signals by exploiting the unique, user-specific Channel Impulse RessdCIR) for differentiating the
users. The same principle may be exploited for uniquely and unambigudtfeiedtiating the K" users
also at the BS’s DL MUT, provided that all thH€ users signal their CIRs back to the BS.

In the next section, some well-established MUT techniques, including linerdvind nonlinear MUT
algorithms are briefly reviewed.

2.1.1 Linear Multiuser Transmission

We commence by introducing the system model of linear MUT algorithms, whichbealassified accord-
ing to the family-tree of Fig. 1.4.

2.1.1.1 System Model

The DL of a SDMA system supporting non-cooperative mobile receigeconsidered here. The BS is
equipped withV DL transmit antennas and communicates WitiMSs, each employing a single receive
antenna. The corresponding system model is depicted in Fig. 2.1.

User 1 wl—)

X

G2 Pl o

TK
User R]—>

Figure 2.1: Schematic of the SDMA DL using linear preprocessing basedlMt/the BS. The system
employsN transmit antennas to communicate wikhnon-cooperative MSs.

The vector of(-element information symbots transmitted in the DL is given by

x = [z1,29,- - ,:L'K]T, (2.1)
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wherez,, 1 < k < K denotes the transmitted symbol of thth MS, and the symbol energy is given
by E[\xk\Q] = o2, for 1<k<K, wherexz; is an independently and identically distributed (i.i.d.) uniform
random variableE[e] denotes the expectation operator.

The (K x N)-element channel matrid is given by
H = [hy, hy, -, hg]7, (2.2)
whereh, 1<k< K is thekth user’s CIR also referred to as the spatial signature, which is given by
hy = [h1, he2, - henN]), k=1,2,--- K. (2.3)

We assume that the CIR tapg ;, for 1<k<K and1<:<N are independent of each other and obey the
complex Gaussian distribution associated V#ithy, ;|*] = 1.

The (V x K)-element MUT precoding matril is given by

P:[phpQ?”' 7pK]7 (24)

wherepg, 1 < k < K represents the precoder coefficient vector to be used fortthaser’s data stream.
More explicitly, given the knowledge of all CIRs, thé precoding vectors pre-compensate for the DL MUT
at the BS, so that the MS can use a single-user MR-based receiver.

Given atotal transmit powét at the BS, an appropriate scaling factor should be used after predoding
fulfill our transmit power constraint of having an identical transmit poweh#d of the traditional transmitter
dispensing with MUT.

At the receiver, the reciprocal of the scaling factor, namety, is employed to compensate for this
power scaling at the receiver invoking for example a classic automatic gatnot mechanism, so that
unity-gain transmission is ensured.

The Gaussian noise vectaris given by
— T
n-= [n17n27"' ,’I’LK] 9 (25)

wheren;,, 1<k<K is a complex Gaussian random variable associated with a zero medf|ap[f] =
20% = N,. Thus, the baseband model of the system can be described as

y = HPx + o 'n, (2.6)

wherey = [y1 y2---yx|’ denotes the received signal vector, apd1 < k < K, constitutes sufficient
statistics for theéith MS to detect the transmitted data symbg! Finally, the detector simply subjects the
symbols to hard-decisions according to the modulated signal constellatisynfiduol estimation.

2.1.1.2 Zero Forcing Multiuser Transmission

Similar to ZF-MUD, the aim for Zero forcing MUT (ZF-MUT) is to eliminate the intrénce at the re-
ceivers, which is imposed by transmitting

z = o, P, rx, 2.7)
fPaf (
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wherex is the original information symbol vectoE . is the precoding matrix of the ZF-MUT scheme,
which is given by [25]

P.; = HY(HHY)!, (2.8)
yielding,
HP ;=1 (2.9)

The role of the normalization facter, ; is to fullfill the sum-power constrairiir at the transmitter, which
is given by

oy = \/tr[(HHH)—lRX]’ (2.10)

where the covariance matrix afis defined aR, = E[xx'].

Therefore, an example can be provided for the purpose of demonstréfeconsider the transmission
of a symbol vector of a simple x 2)-element MIMO system, when QPSK modulation scheme is employed.
The information bit of the first user {® 1], while the information bit of the other user(is 1]. Thus, the
information symbol vector isc = [—0.5 + 50.5,0.5 4+ j0.5]7. The transmissions take place over a flat
Rayleigh fading channel, wheld can be expressed as:

g | 700645039 010 0.00
—0.76 + j0.45 — 0.35 + j0.87

When the system is operating B}, /N,=6 dB, the instantaneous noise vector may be expressed-as
[0.005 — j0.03, —0.16 — j0.28]%"

The ZF criterion based precoding matrix can be computed according tdi&y@eB, yielding:

~1.06 — j2.53 0.20 — 50.21
P.; = HA(HH")! = [ J J ] .

—0.63 +72.53 —0.67 —350.94

Suppose the transmit power constrdiit is normalized to be 1, namelyr = 1, then the value of the
normalization factory,  can be computed according to Equation 2.10, yielding:

E
.= T = 0.30.
tr[(HH" )~ 1R4]

Hence, the received signglcan be calculated according to Equation 2.6 as:

y = a 'HoPx+a 'n=x+a'n

= [-0.48 +50.37, —0.05 — 50.43]T.

The resultant bits for the two users are then decoded by simply retaininglety of the signals,
yielding [0 1] and[0 0], respectively. Two errors may be observed amongst the four transiitsed
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It is worth noting that since the ZF MUT assumes that the only signal-contaminiatithe MUI, in
the presence of AWGN it imposes a performance degradation owing to $stcctenise-amplification phe-
nomenon.

Fig.2.2 shows the BER performance of the zero-forcing MUT and MUCeuttte assumption of perfect
CIR knowledge. We considered & x 4)-element MIMO system communicating over an independent flat
Rayleigh fading channel, when a QPSK modulation scheme is employed. Imebenpe of perfect CSI
knowledge, the two schemes share the same BER performance.

2.1.1.3 MMSE Multiuser Transmission

In MMSE multiuser transmission, the aim is to preprocess the transmitted signaento minimize the
MSE between the original information symbol vector and the received Isigth@nce, the optimization
problem to be solved may be formulated as

{Pmmac; mmse} = arg min E[|lo ' (HPx + n) — x||]; s.t. : E[||Px|]*] = Er. (2.11)

To solve this problem, we may introduce the Lagrange multiplieand then find the minimum of the
following function:

L{P,a,\} = E[[la”'(HPx+n) —x]|°] + ME[|Px|* - Er}
= tr(a “HPR,PPHY + R, + 0 ’R, — o 'HPR, — o 'R, PTH"
+APR,P) — \E7, (2.12)

where we defindR,, = E[nn’/]. By setting this Lagrangian function’s gradient with resped®tto zero,
after some manipulations we arrive at [24]:

(@ HTH + \I)P = o 'H, (2.13)

Then, the precoding matrix can be expressed as:
Pumse = oH? (HHY + o?AI)71, (2.14)

The gradient of the Lagrangian function with respect:toan be expressed as

OL{P, a, A
Val{P,a,\} = {804}
= tr(20 S HPR,P"HY + 20°R,,
—a2HPR, — o ’R,PPHY), (2.15)

setting the above gradient to zero and then using the power congféihk|*] = tr(PRxP) = Er, we
may arrive at

o2y = T(Ba) (2.16)
Er
Thus, the solution of the optimization problem formulated in Equation 2.11 beci@Bes
H H 2‘7721 -1
Primse = ammseH (HH + 71) , (217)

Er
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where the normalization facter,,,,s. of Equation 2.11 is given by [24]

Er
mmse — 5 2.1
“ tr(FFH) (2.18)

whereF = HY (HHH + 2%a1)-1,
Er

Let us now return to the example provided in Section 2.1.1.2. According tatiequ2.18, the normal-
ization factora,,,mse Mmay be calculated as:
Ep

mmse — T e — U.ol, 2.1
a )~ 057 (2.19)

while the MMSE criterion based precoding matrix can be computed accordiBguation 2.17, yielding:

9 2
Primse = ammseHH(HHH + %I)il = [
T

—0.54 — j1.35 —0.10 — 50.22
—0.28+j1.24 —0.42 —j0.69 |

Hence, the received signglcan be calculated according to Equation 2.6 as:

-1
Y = HPunseX + 0ppeed

= [-0.18 +50.18, 0.10 — 50.03]T.

The resultant bits for the two users are then decoded by simply retainingliety of the signals,
yielding [0 1] and[1 0], respectively. In contrast to the ZF-MUT example, there is now only orer e
amongst the four transmitted bits.

Fig.2.2 portrays the BER performance of the MMSE MUT and MUD. We carsidia(4 x 4)-element
MIMO system communicating over flat Rayleigh fading channels, when a&kQR&lulation scheme was
employed. As expected, in the presence of perfect CIR knowledg®M@E MUT and MUD exhibit the
same BER performance.

2.1.1.4 MBER Multiuser Transmission

The MMSE-MUT was designed to minimize the mean square error between ifirmétg transmitted signal
and received signal. However, we are more interested in minimizing the B#Rrithan the MSE. Hence
we set out to directly minimize the system’s BER. This motivates the design of tHeERVBUT. There
are two basic types of MBER-MUT. One of them is a symbol-by-symbol MB&Rtiuser transmission
scheme [21], which frequently updates the MUT array weights, namelggon new symbol vector. The
other scheme is the so-called average MBER-MUT, which minimizes the BERgaak over the entire
legitimate signals. This is the direct counterpart of the MBER-MUD, which isreegalized MBER-MUT
[5]. They will be detailed in Section 3.4.1 and Section 3.4.2, respectively.

In the next section, we will briefly highlight some of the seminal contributionseroiben literature up
to date on linear MUT schemes.
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Figure 2.2: BER performances of the several linear MUTs and MUDs. Theate of a(4 x 4)-element
MIMO system communicating over an independent flat Raylégling channel is considered and QPSK
modulation scheme was employed. The single-user BER peaginzes of transmitting over Gaussian and
Rayleigh fading channels are also included.

2.1.1.5 Contributions in linear MUT design

A range of novel concepts were introduced in [57] for establishing ¢hetionship between MUDs and
MUTSs, arguing that for any linear MUD scheme, there exists a linear MUldhtpart, which can be

readily designed from the original linear MUD. In the rest of this subseciome linear MUT schemes are
reviewed. Table 2.1 and Table 2.2 briefly show the evolution of linear MUiniecies.

2.1.2 Nonlinear Multiuser Transmission

One of the most promising and popular nonlinear MUT techniques is knowecisr precoding [35] or vec-
tor perturbation [66] (VP). In this section, a brief rudimentary introducatio VP is provided commencing
from the system model.

2.1.2.1 System Model

The DL of an SDMA system supporting non-cooperative mobile receieconsidered here, where the
BS is equipped withV DL transmit antennas and transmits over frequency-flat fading chatm&lson-
cooperative MSs. Each MS employs a single receive antenna and a ndestide, which will be introduced
later. The corresponding system model is depicted in Fig. 2.3.
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Table 2.1: Selected contributions on linear MUT algorithms (Part 1)

and Fettweis

systems, which assist in reducing the multiuser interference by jointly
preprocessing the transmitted signal based on the knowledge of the
downlink channel. Also proposed an unequal transmit power constrain
and stated that the resultant optimization problem has no closed

form solution.

2002 [25] Derived the transmit Wiener filter concept for DS-CDMA systems,
Johamet al. | which takes into account the noise power encountered at the receivers
Demonstrated that the transmit Wiener filter converges to the transmit
matched filter and to the transmit zero-forcing filter
for low and high SNRs, respectively.
2003 [19] A MBER-MUT scheme was proposed for the TDD code-division
Irmeret al. | multiple-access DL designed for frequency-selective channels.
2003 [21] Extended the symbol-specific MBER transmission to multiple transmit
Irmeret al. | and receive antennas. The multiple antenna aided MUT schemes were

compared, when combined with the application of PreRAKE, RAKE

and Singular Value Decomposition (SVD) aided eigen-mode preproces

ar

lity

Year | Author(s) | Contributions

1998 | [58] Vojcic | Proposed a transmitter preprocessing scheme, which represents a line
and Jang | transformation of the transmitted signals, where the mean squared errors

recorded at the output of all the MS receivers are minimized. It wasshow
that when either a conventional MF-based single-user receiver or a
RAKE receiver is employed, both the multiple access and the intersympol
interference can be eliminated. The authors also discussed the possib

of including a specific transmit power constraint, hence the resultant
solution was referred to as the constrained MMSE transmit filter.

1999 | [59] Karimi, | Introduced the concept of the transmit Wiener filter method. The transmit
Sandell MMSE filter was obtained by simply incorporating a weighted identity
and Salz | matrix in the transmit zero-forcing solution in an intuitive way.

2001 | [60] Barreto | Two precoding schemes were proposed for the downlink of CDMA

t

D

3sing
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Table 2.2: Selected contributions on linear MUT algorithms (Part 2)

Year Author(s) Contributions
2004 [2] Extended the symbol-specific MBER transmission concept from the
Irmeretal. | symbol-by-symbol optimization to the more general chip-by-chip
MBER concept using a phase-only MUT scheme, which imposes a
considerably reduced computational complexity.
2005 | [5] Hjgrungnes| Proposed an average MBER prefilter design for wireless Finite
and Diniz Impulse Response (FIR) MIMO communication systems.
2005 [49] Compared three different types of linear transmit processing
Johamet al. | schemes designed for MIMO systems.
2007 [61] Proposed a new framework for the unconstrained optimization of
Habendorf | systems obeying a fixed transmit power constraint. The linear MBER
and Fettweis | MUT was also extended to higher-order modulation schemes.
2007 [57] Yang Introduced novel concepts for finding the relationship between
MUDs and MUTs. For any given linear MUD scheme, there exists
a linear MUT counterpart, which can be readily designed from the
original linear MUD.
2008 [62] Considered the spread-spectrum TDD-CDMA downlink using
Richteretal. | 4-QAM transmission.
2009 | [63] Azzam | Developed an effective linear precoding algorithm for multiuser,
and Adve multi-cell, MIMO systems.
2009 | [64] Masouros| Introduced a novel channel inversion (CI) based precoding sckame
and Alsusa | the DL of phase shift keying (PSK)-based MIMO systems.
2010 [65] Proposed a linear MUT scheme for the DL of cellular
Ryu systems replying on a decode and forward (DF) based relaying, were
and Choi available information at a BS and a relay station (RS) is asymmetric.

When we compare the system model seen in Fig. 2.3 to the linear MUT seen i@.Ejgve can find

that there are two new components here. At the transmitter, we have a ngvoigent which is used to
perturb the information vector, in order to find its most appropriate perdwbesion is the sense of the CF
used. Its effect will be removed at the receiver by the modulo devicehwt the other new component in
Fig. 2.3. The combined effect of these two hew components will be explaiitbdhe aid of Fig. 2.4 later
in this section.

Our goal is now to find a simple way of modifying or perturbing the symbol velayoexploiting the
knowledge of the CIRs in a conducive way, which allows us to minimize the dettahenpact of MUI at
the receiver. More explicitly, the information symbol vector to be pertuibgilen by

X = [.’17171172,"‘ 7xK}T) (220)

where z;, denotes the transmitted symbol destined for dtle MS, and the symbol energy is given by
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Figure 2.3: Schematic of the SDMA DL using ZF-VP (and/or MMSE-VP) at th®.B he system employs
N transmit antennas to communicate wihdecentralized non-cooperative MSs. It is worth noting,that
when compared to the linear MUT schematic of Fig. 2.1, thezewao new components. One of them is the
perturbation component in the dashed-dot at the trangmitiech perturbs the information vector, while the
other is the modulo component in the dashed-dot at the receitich removes the effect of the perturbation
imposed at the transmitter.

E[|z|?] = 02, for 1<k<K, wherezy, is an i.i.d. uniform random variable.
The perturbed symbol vectarhaving a dimension ok as can be seen in Fig. 2.3 is given by
u=x+w, (2.21)

S0 suppose& = [0.5 + j0.5] andw = [2 — j2], then we haver = x + w = [2.5 — j1.5]. Herew is the
perturbation vector found by using a certain criterion, such as the ZFigrite [23], the MMSE criterion
of [32], etc. The perturbation vectar may be chosen to be [23]

p— (2.22)

where(¢ is a complex-valued vector, whose componentsiargb, with ¢ andb being integers. For example,
¢ =[1-j1], 7 =2 thenw = [2 — j2].

The (K x N)-element channel matrid is given by
H = [hy,hy,--- ,hg|T, (2.23)
wherehy, 1<k<K is thekth user's CIR, which is given by
hy = (bt heo, - s e k=1,2,-- K. (2.24)

The CIR tapsi, ;, for 1<k<K and1<i<N are independent of each other and obey the complex Gaussian
distribution associated with[f, ;] = 1.

The (V x K)-element precoding matriR is given by

P:[php?a"' 7pK]7 (225)

wherepy, 1 < k < K represents the precoder coefficient vector derived foktheiser’s data stream.
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Given a total transmit power &1 at the BS, an appropriate power scaling factor should be used after
precoding in order to fulfill our transmit power constraint of having amiaal transmit power to that of
the classic case of dispensing with MUT.

At the receiver, the reciprocal of the scaling factor, namety is invoked, in order to compensate for
the MUT’s power scaling action at the receiver, so that unity-gain trarssoniss ensured.

The Gaussian noise vectaris given by
n= [nlu na,--- 7nK]T7 (226)

wheren,,, 1<k<K is a complex Gaussian random variable associated with a zero med#{|ap{d] =
202 = N,. Thus, the received signal vector before the modulo operation caedegiloed as

y = HPu+ o 'n. (2.27)
The received signal vectgr = [y; yo - - - yx]” after the modulo operation is given by
y = mod; (y), (2.28)

andy, 1 < k < K, constitutes sufficient statistics for tikgh MS to detect the transmitted information
symbolxy.

The simple transmit-symbol perturbation of Equation (2.21) and the low-coihplenlinear modulo
operation invoked at the receiver side for eliminating the perturbation mbbaf facilitating substantial
performance gains. Explicitly, the effect of the perturbation vector afaéfign (2.21) can be removed by
the modulo operator employed at the receiver. To elaborate a little furteemadulo operator of Fig. 2.3
maps any element of the received signal vector into the fundamentaldfaegion ofy = {a + ibla,b €
[—7/2,7/2)}. Its operation can be described by [23]

%[yk]+7/2JT_j L%[?k}+7/2

T T

mod, (§1) = fi — | |7, (2.29)

where| e | denotes the largest integer less than or equal to its argument, iaralpositive number deter-
mined as a function of the modulation constellation employed. This tehcniquerggssied by the authors
of [23] based on their simulations to be chosen according to

T= 2(|C|max + A/2)7 (2.30)

where|c|nq. IS the absolute value of the original unperturbed modulated symbol having ¢iestanagni-
tude andA is the spacing between the constellation points seen in Fig. 2.4.

Then, a certain degree of freedom is provided at the transmitter for minimizen'Ul at the MS’s
receiver by appropriately choosing any of the perturbed phaspresenting the same original symbol
in Fig. 2.4. More explicitly, a set of perturbed alternative symbols reptethe same original 4-QAM
data [32]. Therefore, the original 4-QAM constellation may be viewedeisgoperiodically extended, as
seen in Fig. 2.4.
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Figure 2.4: Standard 4-QAM constellation and the periodically extende€AM constellation when using
vector precoding. All symbols from the extended constielfaassociated with the same marker represent
the same data [67]. The filled points@b + 0.5: and2.5 — 1.5: are plotted in grey for illustration.

More specifically, consider the original 4-QAM scheme of Fig. 2.4 havirgaimplitude of{4+1/2}>
for the complex-valued model. The valuesdf,... andA are|c|ma. = % andA = 1, respectively. Hence,
according to Equation (2.30), we have= 2.

Let us conside¢ = [1 — ¢] when the original information symbol is = [0.5 + 0.57]. Then, the discrete
perturbation vector of Equation (2.22) becomes- 7¢ = [2 — 2i]. Hence, the perturbed transmitted signal
in Fig 2.4 becomes = x + w = [2.5 — 1.51].

Assuming that transmissions take place over an ideal channel, the tesgwal becomeg = [2.5 —
1.5¢]. Then, taking the modulo function according to Equation (2.29) we faxe[0.5 + 0.5¢], which is
the same as the transmitted sigralThis example demonstrated that the perturbed constellation points of
2.5 — 1.5¢ and0.5 + 0.57 seen in Fig. 2.4 indeed represent the same data, when taking the moddiorfunc
of Equation (2.29) into account.

By contrast, if the transmission channel is not ideal, the contaminated edcsignal may become
y = [2.1 — 0.94]. Then, after the modulo operation of Equation (2.29), we have [0.1 — 0.9¢]. Hence,
compared to the value af = [0.54-0.5:], we can see that a quadrature-phase component error occure Hen
the received signal is mapped into the wrong fundamental Voronoi refiios- {a+ibla,b € [-7/2,7/2)}
after the modulo operation.

2.1.2.2 Zero-Forcing Vector Precoding

The concept of ZF-VP was proposed in [23], where the authorsrobdehat the problems imposed by
inverting the channel’'s attenuation in a linear ZF-MUT wh€n= K are due to the inverse of the nor-
malization factora—!, which often becomes large owing to the large singular values in the invete o
channel matrix. This may result in an amplified effective additive noise. The authors therdfa way of
overcoming this problem by 'perturbing’ the data in a symbol-dependeynt Mare specifically, the inten-
tion is to form a perturbed vector of = x + w from the information symbol vecto, so thatz = H™'u
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has a norm, which is much smaller than the nornHof'x, while the entries ofi can still be individually
decoded at the receivers. As we have shown in Section 2.1.2.1, theedddreedom in choosing = x+w
to convey the information symbols is provided by invoking the modulo operagen s Fig. 2.4. Another
interpretation of this method is to choose a perturbed vector f x 4+ w, which minimizes the required
transmission power.

Hence, the cost function of ZF-VP may be formulated as [23]:
wzp :argrrai)nHHH(HHH)_I(X—I—w)H%, (2.31)

wherew = 7¢ andr is a constant for a fixed modulation scheme. Hence the above equation may be
re-written as [23]:

Czr = argmin P (HET) ™ (x+ 70 3. (2.32)
Interestingly, the authors of [32] demonstrated that the VP scheme gobpo§23] is actually a zero-

forcing VP scheme. More explicitly, the authors of [32] considered thestréssion of a block oiVp data
symbols, during which the scaling facteris kept constant. The received symbols are

y=a 'Hz+a n. (2.33)

The transmit power constraint is then imposed by averaging over the bld€k aymbols as follows:

AL
2
NB; | z ||2< Er, (2.34)
where we have
z = aPu = aP(x + w). (2.35)

The error to be minimized at the receiver by appropriately selecting the Mélghts is defined as the
difference between the desired virtual symhand the received symbgl before the modulo operation of
Fig. 2.4, when the interference is completely cancelled, i.e. when we have

a 'Hz = u. (2.36)

Then, the MSE evaluated for a given data symbol block by averagingthiedd-based MSE over the entire
Np-symbol block is given by:

Np
_ 1 .
e(w,z,07!) = N Y B[y —ullx] (2.37)
n=1

= o %tr(Ry).
Hence, the optimization problem becomes

Np
1
-1 . -1 2
WzR, Z7F, X = ar min e(w,z,a” 7);s.t.: E z ||5< Ep. 2.38
{wzr,2zF ZF} g{ 1) ( ) Ng Z (KA T ( )
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Upon invoking the method of Lagrangian multipliers, the authors of [32] didiine following solutions

—1.
for zzr anda 1.

zzr = aHY (HH?) luy, (2.39)
and
SN wH (HHH)-! (2.40)
aZF NBET . .
Thus, Equation (2.37) can be re-written as
Np
~1y _ tr(Rn) H Hy—1
e(w,z,a™1) = NoE ;{(x +w) I EHED)(x + W)} (2.41)

Therefore, the optimum perturbation vector should satisfy [32]:
wzp = argmin [HY (HET) ™ (x + w)]3, (2.42)
which is identical to Equation (2.31). Hence the solution provided in [23]éddeonstitutes a ZF-VP.

Let us now return again to the example provided in Section 2.1.1.2. When tk@Z€heme is invoked,
the precoding matrix is identical to that of ZF-MUT:

~1.06 — j2.53 0.20 — j0.21
—0.63 + j2.53 — 0.67 — j0.94

P=H'=

The perturbation vectav - may be chosento hezr = [0 4 50, —2 — j2].

Then, the scaling factar can be calculated to be = 0.47. Therefore, the received signal may be
expressed as:

y = mod; [a_lHaP(x +wzr) + o 'n

= [-0.48 +50.42, 0.14 — j0.09] .

The resultant bits for the two users are then decoded by simply retaininglety of the signals,
yielding [0 1] and[1 0], respectively. There is one error among the four transmitted bits.

2.1.2.3 MMSE Vector Precoding

The concept of MMSE vector precoding was proposed in [32]. 14, [8& authors considered the trans-
mission of a block ofVp data symbols, during which the scaling factowas kept constant. The received
symbols are

y=o 'Hz+a 'n. (2.43)

The transmit power constraint was imposed by averaging over the bla¥k afata symbols as follows:

1 &
N > |l =zl5<En, (2.44)
n=1
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where we have:

z = aPu=aoP(x +w). (2.45)

The error to be minimized at the receiver by appropriately selecting the Mé&lghis is defined as the
difference between the desired virtual symioE= x + w and the received symbgl before the modulo
operation. Then, the MSE evaluated for a given data symbol block baging the symbol MSE over the
whole block becomes

Np
_ 1 .
c(w,z,a™) == D B[y —ulx]. (2.46)
B n=1
This can be further expanded to
QL
c(w,z,a7 ) = — Z(uHu — 207 'R Hz) + o 22" H"Hz) + o tr(Ry). (2.47)
NB n=1

Hence the MMSE VP optimization problem becomes

Np
1
-1 . -1 2
w , =a e(w,z, ;.t.:—g < Er. 2.48
{wrmsE, zZvmsE aMMSE} rg{wglglil} (w,z,a” );s Ny 2 |z |[5< Er ( )

Our approach is then to find the joint optimum{maf:MMgE,zMMgE,a;jMSE} in two steps. Firstly,
we assume thab are given and then minimize the MSE of Equation (2.46) over bgth;sr anda—", by
taking the transmit power constraint into account. This process wouldtegtye application of Lagrangian
multipliers. It may be shown that these conditions lead to a unique solution £3jondly, the MSE of

Equation (2.46) is minimized by searching over the legitimate rangewfder the assumption of a specific
z anda .

The corresponding Lagrangian function can be formulated as
1 &
L L) = N+ MY 2z—E 2.49
(w,z,a” ", \) =¢(w,z,a” ") + (Nanlz z — Ep), (2.49)

where is the Lagrangian multiplier. When we set the derivatives of Equation (2v#B)respect taz and
a~! to zero, the following optimality conditions are obtained:

oL 1

o N—(—a_lHTu* +a?HTH*z* + \z*) = 0y, (2.50)
z B
and
oL 1 H 1, HygH ~1
Sl = N—B(—%ﬁ(u Hz) + 2o~ z"H"Hz) + 2a” " =0, (2.51)

while the third optimality condition is that

1 &8,
AM— — Er) =0. 252
(NB;Z z T) ( )
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Taking the transpose of Eq.(2.50) and multiplying it from the right wiViz«, we then arrive at

A
—uf’Hz + o« 'z"HYHz + szz = 0. (2.53)
e

The Lagrangian multiplier may then be expressed from Equation (2.50)as$o

A = a—Z& — a—2w — 04_2§ (2.54)
N5 Yont 2tz Ex 7
where¢ = ”(EP;“)

Upon substituting Equation (2.54) into Equation (2.50) and Equation (2.%lhen arrive at:
zyvse = oHT (HHT 4 ¢1,) , (2.55)

wherel, is the complex-valued identity matrix, and

Np HHHH (HHH 1.)-2
—1 _ \/ZTLZI u ( +£ C) u. (256)

NBET

The authors of [32] pointed out that regardless of what the bestediegirtual symbol vectora = x + w
are, the optimum transmit symbols can be obtained by linearly filteriwgth the aid of an appropriate MF,
where only the scaling facter, s depends om, but not the structure of the MF.

Assuming that the optimum gain factor and MUT vectors are obtained, the Mi8fEdn of Equation
(2.46) can be simplified to
(ufu — " HHY (HH" + ¢1,) ') (2.57)

5(W7ZMMSE7 a]T/[lMSE) =

u(HHY + 1) 'u

|
g o Z-
Mz 1M 1

i
L

(x+w)TEHBA? + 1) (x + w).

Upon introducing the notation of
L7L = (HHY +¢1.)71, (2.58)

whereL can be obtained via Cholesky factorisation [39], the problem of finding piienom MMSE w
value can be written as

wirnsp = argmin | L(x + w)|3. (2.59)
Again, whenr is given, the above equation may be re-written as:

Crnse = arg mén IL(x 4+ 7¢) 13- (2.60)

The search for the optimal perturbation vector in both the ZF and MMSE vpotzoding schemes
finds the legitimate virtual transmit symbol, which is closest to the would-bevetteilymbol, given the
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CSl, as suggested in [23] and [32]. Instead of using the brute-foittsearch based ML solution, the
MUT-based counterpart of the SD may be invoked, which is referetocad the so-callegphere encoding
(SE) algorithm [23]. The conceptually appealing SE philosophy is thamitipg on the SINR experienced,
virtual contellation points are tentatively tested within the SE’s search radarglér to find the best virtual
transmit symbol.

Let us continue the example provided in Section 2.1.1.2. When the MMSE-M#eeis invoked, the
precoding matrix can be computed from Equation (2.55):

—0.48 —j1.21 —0.13 — j0.22

P=HYHH" +¢l)7 = . .
—0.24 4 j1.09 —0.39 — j0.66

The perturbation vectap ;)75 may be chosen to hey e = [0+ 50, — 2+ 50]7.

Then, the scaling factoft can be calculated to be = 0.70, therefore, the received signal can be
expressed as:

y = modT[a_lHaP(x—l—wMMSE)—i—ofln]

= [-0.26 +50.37, 0.28 + j0.03] .

The resultant bits for the two users are then decoded by simply retaininglieéty of the signals,
yielding [0 1] and[1 1], respectively. There are now no errors amongst the four transmitted bits

2.1.2.4 Simulation Results

In this section, the BER performances of several algorithms invoked 4nxa4)-element MIMO system
employing QPSK modulation for communicating over an independent flat Rayfadjing channel are
examined in Fig. 2.5.

From Fig. 2.5, it is clear that the nonlinear ZF-VP is capable of achievingpatantial SNR gain over
the linear ZF-MUT, especially at high SNRs. This shows the BER perfocmadvantage of the nonlinear
MUT schemes over the class of linear MUT schemes. Yet again, this pexfme gain is obtained at the
expense of a significantly higher computational complexity. It can also berebd in Fig. 2.5 that the
MMSE-VP algorithm outperforms the ZF-VP scheme at all SNRs by a mard2rd@ SNR gain.

2.1.2.5 Contributions in Vector Precoding Design

VP was proposed in [23], and it has become a hot research topic sire@niteption. Selected contribu-
tions on vector precoding are summarized in Table 2.3 and Table 2.4. Detaitatssions on our novel
contributions of this treatise can be found in Chapter 4 and Chapter 5.
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Table 2.3: Selected contributions on vector precoding algorithmst(BPa
Year Author(s) Contributions
2005 [23] This pioneering contribution proposed VP, which was later termed ag
Hochwaldet al. | zero-forcing VP in [32].
2005 [32] Proposed a new VP framework based on minimizing the MSE,
Schmidtet al. | which may be deemed to be the predominant MMSE VP scheme.
2006 | [66] Kim etal. | Proposed another VP precoder design which minimize the total MSE.
2006 [68] The statistical properties of the VP scheme were analyzed and guide
Yuen for choosing its parameters in a systematic manner were provided. T
and Hochwald | properties suggest that a large perturbation-parameter is capable of
improving the attainable performance at low SNRs. The benefit of these
improvements is that the scheme operates approximately 1.5 dB closer
to capacity than ZF-VP.
2006 [35] Proposed an algorithm to minimize the MSE instead of the transmit
Callardet al. | power in VP, and improvements of about 2 dB were reported in a
rapidly fading propagation scenario.
2006 [69] Proposed to estimate the search radius in VP based on the statistics
Habendorfet al. | of the preceded symbols in order to reduce the number of legitimate
transmit symbol combinations. The computational complexity was
shown to be reduced.
2007 [70] Designed suboptimum VP schemes having an upper bounded
Habendorfet al. | complexity.
2007 [4] Proposed a lattice-reduction-aided (LRA) MMSE VP for multiple
Liu et al. input multiple output (MIMO) systems.
2007 [71] Proposed an algorithm, which was capable of finding a continuous-
Chuaet al. valued perturbation vector that minimizes the MSE of the received signal.
2008 [72] Provided a new lattice-theoretic approach for analyzing the performance
Ryanet al. of VP in the presence of Rayleigh fading.
2008 [73] Proposed a rapidly-converging least-squares solution-seekeitlaihgor
Ricoet al. for finding the perturbation vector of VP, which reduced the
computational complexity.
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Table 2.4: Selected contributions on vector precoding algorithmst(®a

Year Author(s) Contributions
2008 [74] Minimized the transmit energy by selecting the transmitted symbols
Muller etal. | from an increased alphabet for precoding, which preserved the
minimum distance of the transmitted symbols. The average energy
savings achieved for the transmission over random MIMO channels
under the assumption of a large system were estimated. It was found
that significant gains can be achieved.
2009 [75] Proposed both lattice-theoretic and rate-distortion based approaches
Ryanet al. for analyzing the performance of VP systems, taking into account the
practical restrictions imposed by limited CIR feedback and pilot-baseq
CIR-estimation training. Showed that the attainable performance was
primarily determined by the ratio between the number of users and the
number of transmit antennas.
2009 [76] Studied the symbol error ratio (SER) performance of VP aided systems
Lu etal. using quantized channel feedback.
2009 [77] Proposed an improved VP technique having a low complexity for
Hanet al. the downlink of a MIMO system.
2009 [78] Proposed different convex alphabet relaxation schemes for VP using
de Miguelet al. | binary, quaternary and octal modulation. An alternative channel iiorers
technique was proposed, which assited purely real-valued binaryasha
in performing similarly well to their complex-valued extensions, resulting
in reduced optimization complexity.
2010 [79] Derived expressions for the sum rate in terms of the average energy aof
Raziet al. the precoded vector, and used this to derive a closed-form uppedbou
for the high-SNR region. Proposed a modification of VP, where difteren
transmission rates could be allocated to different users. Also proposed a
low-complexity user selection algorithm that attempted to maximize the
high-SNR sum- rate upper bound.
2010 [80] Addressed the scenario of MUTSs having less antennas than the number of
de Miguelet al. | users supported for the transmission over MIMO channels. while keeping
the received signal free from interference with a certain probability.
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Figure 2.5: BER performances of the ZF-MUT, MMSE-MUT, ZF-VP and MMSE-VIe scenario of a
(4 x 4)-element MIMO system communicating over an independenRadeigh fading channel is consid-
ered and a QPSK modulation scheme is employed. The singleBER performances of transmitting over
Gaussian and Rayleigh fading channels are also included.

2.2 Particle Swarm Optimization

Optimization plays an important role in our daily life, since many problems in owlaegctivities, social
life, scientific, as well as in economic and engineering problems have ptarieat can be tuned to
produce a more desirable result. Given the fact that the complexity of thséepns we attempt to solve has
been increasing over the past few decades, there is a need for immptimization algorithms. Hence,
numerous optimization techniques have been proposed to solve the abotienme diverse problems,
some of which drew their inspiration by mimicking processes found in natarthid treatise, we invoke a
relatively novel optimization technique, namely Particle Swarm Optimization (PSO)

PSO was originally proposed by Eberhart and Kennedy [29, 30] indhtegt of optimizing continuous
nonlinear functions, and it was discovered through simulation of a bir& flying to find food. To elab-
orate a little further, numerous scientists investigated various interpretafitims imovement of organisms
in a bird flock or fish school before Eberhart and Kennedy. BothmBlel [85] and Heppner [85] studied
the model of bird flocks based on their oberservation and understaatliagge numbers of birds flying
synchronously, often changing direction suddenly, then scatteringeginoluping, etc. These models relied
heavily on manipulation of the ’inter-individual’ distances. The synchusrftocking behavior was thought
to be a function of the birds’ efforts to maintain an 'optimum’ distance betweensbkres and their neigh-
bors. However, as observed by Wilson [86] in fish schooling, antigbaun the school should benefit from
the discoveries and previous experience of all other members of thel sthiing the search for food. More
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Table 2.5: Selected contributions related to PSO in the research fieldreless communications.
Year Author(s) Contributions
2004 [17] Proposed a new binary PSO algorithm (BEPD) and applied it to
Lu and Yan | solve multiuser detection problems in a CDMA system.
2005 [16] Presented a novel MUD based on the PSO algorithm
El-Moraet al. | (MUDPSO).
2005 [15] Focused on the problem of MUD using the modified PSO algorithm
Zhao and | for direct-sequence code-division multiple-access (DS-CDMA)
Zheng systems with STBC.
2007 [13] PSO was used to develop a suboptimal MUD strategy, where the
Sooet al. decorrelating detector or linear minimum mean square error
detector was used as the first stage to initialize the PSO-based MUD.
2008 [81] Proposed a PSO-based MUD for receive-diversity aided STBC
Liuand Li | systems.
2008 [11] Advocated a near-optimal, reduced-complexity turbo multiuser receiver
Xu for space-time block-coded MC-CDMA uplink systems operating oyer
frequency- selective fading environments based on the PSO algorithm.
2008 [82] Presented an algorithm capable of efficient decoding of convolutional
Huanget al. | codes, which were based on PSO. The algorithm decided the numper
of decoding paths to be explored by appropriately adjusting the
population sizeV/ in order to reduce the search complexity of the
trellis-based decoding. Hence it was deemed beneficial for decoding
high-constraint length convolutional codes.
2009 [83] A new grouping strategy based on PSO was proposed for the multiuser
Heiet al. MIMO downlink.
2009 [28] PSO was invoked to solve the constrained nonlinear optimization
Yaoet al. problem for the MBER MUT.
2010 [84] Proposed an algorithm based on an improved discrete PSO technique
Gaoet al. (I-DPSO) for the PAPR reduction of OFDM systems.
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Figure 2.6: Number of publications related to PSO from 1995 to 2009. Resere obtained from IEE-
EXplore.

explicitly, the social sharing of the information among all the particles shoutdk® into account, which
is the motivation of PSO.

In contrast to popular gradient-based optimization algorithms, such agdorpde the Conjugate Gra-
dient (CG) algorithm [87] and the family of quasi-Newton algorithms [88, 83} similarly to GAs [90],
PSO also constitutes a stochastic algorithm, which does not require angrgreelated information. This
provides PSO with an advantage in challenging applications, where treerauarerous local optima, or
where the gradient is either unavailable or computationally expensiveit@d&ince its introduction, the
popularity of PSO has been increasing, because it is easy to implementiHeradslity to rapidly converge
and it is capable of 'steering clear’ of local minima. Fig. 2.6 shows the numibeublications related to
PSO from 1995 to 2009, clearly indicating its increasing popularity. Moezifipally, in Table 2.5 we
summarized some of the seminal contributions related to PSO in the researaif fiétéless communi-
cations. PSO was firstly invoked in wireless communications in 2004 [161].7T&erefore, compared to
other optimization techniques, PSO is still a relatively new tool, but its benefitdvimg complex wireless
communication optimization problems has already been clearly demonstratedlsthisotivates the work
proposed in this treatise, demonstrating that PSO is indeed an attractive ofsimagorithm in the field

of wireless communications.

Generally speaking, in a PSO aided system, a swarm of individuals, kaswarticles, 'fly’ through
the search space and try to find the best location quantified in terms of ra gpge function (CF). PSO
algorithms typically commence their operation with the random initialization of a ptpulaf individuals
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Figure 2.7: An example illustrating how PSO operates.

representing legitimate potential solutions. These may be based on randgseguo the problem’s so-
lutions, although often more meritorious suboptimum solutions are also avaiRated on a previously
defined social network structure, which determines the way each individieracts with the rest of the
particle swarm, each particle endeavours to find a globally optimal solutiordolyiglly adjusting its flight

trajectory towards its own best location (its own experience) and towaedbdst position of the entire
swarm (the experience of the entire swarm of particles) at each evaugioptimization step.

Fig. 2.7 shows a simple illustration of the way PSO works. As seen in Fig. 2./& #re at least
two sub-optimum solutions (local minima for instance) and one optimum solutiorhvilais the maximum
‘fitness’ value in the optimization problem in terms of having the best CF valgaim at the beginning,
several particles are randomly dropped in the search space, as $8gn I7(a). Each particle will have
its own initial search direction and speed or velocity. In the next evolutyooptimization step seen in
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Fig. 2.7(b), every particle adjusts its search direction and velocity aftéragging information with other
particles according to the communication structure of the swarm. Fig. 2.7ge)sslvhat happens in the
next iteration. When we compare Fig. 2.7(c) to Fig. 2.7(a), it is quite cleathibgarticles start to exhibit
a tendency to converge as some of them are moving towards the global optivhiletthe rest are moving
towards one of the local optimum. After further adjustments and searchcbf psaticle, we can see in
Fig. 2.7(d) that the particles can be divided into two groups, which cgeveer different locations. More
specifically, the particles in the first group converge towards the glgiiaham, while the particles in the
other group converge to a local optimum. The optimization process doesopohare, however. In the
next evolutionary optimization step observed in Fig. 2.7(e), the group ritles that converged to the
local optimum starts to move towards the global optimum, after the particles egethdimeir information,

while the group of particles that already converged to the global optimumrigseveng around the global
optimum. This shows the ability of PSO to abandon a local optimum. Finally, evetiglpan the swarm

converges to the global optimum, as shown in Fig. 2.7(f), and the optimizatimegs is concluded here.

The employment of PSO is not limited to the solution of continuous-valued optimizptmisiems.
It can also be invoked in the field of solving discrete-valued optimizationlgnad by using its discrete-
valued version. Let us commence by highlighting the operation of contirvalued PSOs, and then move
to discrete-valued PSO.

2.2.1 Continuous-valued Particle Swarm Optimization
2.2.1.1 Contributions on Continuous-valued Particle Swarm Optimization

Continuous-valued PSO is the most popular form of PSO. Contributionsatetrelopment of continuous-
valued PSO are summarized in Table 2.6, Table 2.7, Table 2.8 and Table 2v@e #ay observe in the
example shown in Fig. 2.7, there are several parameters that contraaeidr of the particles. Let us
now commence our more detailed discourse by introducing the parameteesR@ algorithm.

2.2.1.2 Parameters of Particle Swarm Optimization

Numerous parameters may be used in PSO, some of which are basic @retas, while others may be
used optionally to enhance the attainable performance of PSO.

e Basic parameters of PSO

1. Population sizé;
Represents the total number of particles used in a single iteration of the P&thaig which is
typically kept constant. The population size might be interpreted as, fon@rathe number of
birds flying in a specific formation before they change direction during tieit synchronisation
iteration. In the example seen in Fig. 2.7, there are eleven particlés=sb1;

2. Fitness value of a particl{aF(PEl)) p

i=1
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Table 2.6: Selected contributions on the development of continu@lged PSO (Part 1).

Year | Author(s) | Contributions
1995 [29, 30]
Eberhart | The original contributions which introduced PSO.

and Kennedy|
1997 [92] Introduced PSO and invoked it in the context of neural networks. PSO
Kennedy | was shown to be capable of optimizing network weights.

1997 [93] PSO was invoked for parsing natural language phrases.
Salerno
1998 [94] The parameter referenced to as inertia weight was introduced into PSPO.

Shiand Simulations showed the beneficial impact of this parameter on the
Eberhart | attainable performance of PSO.

1998 [95] PSO was invoked to implement knowledge acquisition from input-output
Heet al. samples in a four-layer fuzzy neural network.
1999 [96] The performance of PSO was empirically studied in the context of four

Shiand different benchmark functions in conjunction with asymmetric initial
Eberhart | search range settings. Suggested to use an adaptive inertia weight for
improving the achievable PSO performance in the vicinity of the optimum.

1999 [97] Presented a low-complexity iterative PSO algorithm, which relied on &
Clerc single equation and a social parameter.
2000 [98] The performance of particle swarm optimization using an inertia weight

Eberhart | was compared to that of five benchmark functions.

2001 [99] Provided a review on the applications of PSO in engineering and
Eberhart | computer science
and Shi

It quantifies the fitness value of thh particle at théth iteration based on the related cost func-
tion. For a specific minimization problem, a particle position yielding a reducedf@ostion
value is regarded as having a higher fitness;

3. {Py}5,
It identifies the best position that thigh particle has ever visited until thiéh iteration, yielding
the highest fitness value so far for this particle. More explicitly, it reprisstiie best experience
of theith particle during the optimization process;

4. G

It represents the best particle position that any of the particles has si#edwntil thelth
iteration, i.e. the position exhibiting the best CF value so far for all particleprovides the
'social information’, which is shared among all the particles in the swarm;

5. The velocity of a particlé V" }5_;
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Table 2.7: Selected contributions on the development of continualised PSO (Part 2)

of
SO
ms

thm.

DN

D

Year Author(s) Contributions
2001 [100] Designed a fuzzy system for dynamically adapting the inertia weight
Shi and the PSO. The experimental results showed that the adaptive fuzzy P
Eberhart was a particularly promising optimization method for dynamic proble
2002 [101] Extended the heuristic PSO to deal with multi-objective optimization
Coello problems by using the concept of Pareto dominance to determine the
and Lechuga most beneficial flight direction of a particle.

2002 [102] Introduced an improvement in the PSO in order to overcome premature
Krink et al. convergence to a local optimum in iterative optimization.

2003 [103] A hierarchical version of the PSO method (H-PSO) was introduced,
Janson and where the patrticles are arranged in a dynamic hierarchy used for
Middendorf defining a neighborhood structure. Depending on the quality or

fithess of their so far best value, the particles are encouraged to moy
in the most promising direction in the hierarchy to ensure that the
highest-fitness particles have a higher influence on the entire swarm,

2003 [104] Proposed the improvement of mutations in PSO in order to speed ug
Staceyet al. convergence and to escape from local minima.

2004 [105] Presented an approach for effectively finding the global minimum

Parsopoulost al. | with the aid of PSO.

2004 [106] Exploited the cooperative behavior of the particles, in order to signifi

van den Berglet al. | cantly improve the attainable performance of the original PSO algori

2004 [107] Time-varying acceleration coefficients (TVAC) were introduced in

Ratnaweerat al. | addition to the time-varying inertia weighting factors in PSO. Based ¢
TVAC, two different strategies were discussed in order to improve thg
performance of the PSO. Firstly, mutation-based PSO was combine
with TVAC (MPSO-TVAC); secondly, the concept of "self-organizing
hierarchical particle swarm optimization” was combine with
TVAC (HPSO-TVAC).
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Table 2.8: Selected contributions on the development of continualged PSO (Part 3)

Year | Author(s) | Contributions

2005 [108] Based on this proposal, each particle adjusted its position according
Yang to both its own previous worst solution and based on its group’s
and Simon | previous worst solution to find the optimal particle position.

2005 [109] Transformed PSO into a self-adaptive algorithm based on specific
Breaban and swarm-inspired operators, which improved the PSQO’s efficiency
Luchian | especially when applied to multimodal functions.
2005 [110] This algorithm made each wave of particles partially independent,

Hendtlass | hence the algorithm advocated became suitable for problems having
multiple local optima.

2006 [111] Proposed a hybrid algorithm combining PSO and simulated
Yanget al. | annealing [112].

2006 [113] Proposed two hybrid algorithms based on the PSO and the so-called
Maeda and | simultaneous perturbation optimization method [114].

Kuratani

2006 [115] Presented a hybrid PSO algorithm, which relied on some element
Peietal. | of the simplex optimization algorithm designed for nonlinear
bilevel programming.

2007 [116] Defined so-called gravitation field model and proposed a new PSO
Kanget al. | algorithm based on this model.

2007 [117] A hybrid evolutionary optimization algorithm based on the
Xie etal. | combination of PSO and GAs was presented to solve the
biclustering problem [118].

2008 [119] The Orthogonal PSO (OPSO) concept was proposed for solving
Hoetal. | otherwise intractable large parameter optimization problems.

It is the velocity of the moving particles, i.e. birds. At thé iteration, the velocity of théth
particle is denoted by/z(l). It is updated from iteration-to-iteration, while at the initial stage, it
is common to sefV\*}5 | = 0.

iy .
6. The position of a particl¢P("15

It represents a candidate solution to the corresponding optimization prohtéhe /th iteration,
the position of theth particle is denoted b?gl), which is updated at every iteration.

7. The acceleration coefficients, cs;
The acceleration coefficients represent the weighting of the stochastieeation terms in order
to move the particle towards its best individual visted Iocaiﬁmgl) . and towards the best
ever visited location of the entire swai@b"). Low acceleration coefficients of andc, allow
particles to roam far from their target regions before being slowly pulbek bwhereas high
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Table 2.9: Selected contributions on the development of continualged PSO (Part 4)

Year | Author(s) | Contributions
2008 [120] A novel formula was introduced for updating the particle velocity,
Fanget al. | allowing the majority of the particles to adjust their movements
during the search process.
2008 [121] Introduced the concept of cultural cooperative PSO based on &idiahe
Chenet al. | combination of the cooperative PSO and the cultural algorithm [122].
2009 [123] Proposed to use PSO in solving multi-stage stochastic financial
Wu et al. | optimization problems.
2009 [124] Presented a hybrid PSO by applying a novel adaptive
Tang and | mutation operator. Experimental results demonstrated the
Zhao efficiency of the proposed algorithm.
2009 [125] Proposed an improved PSO algorithm which exhibited both global
Hao and local search capabilities. As part of the global search process,
and Hu | the algorithm also enhanced the local search capability by
improving random perturbations on the local search.
2010 [126] Presented an improved PSO algorithm by using a novel learning
Bai and | strategy. Namely, each particle relies on its own experiences, such asvitsysr
Ding best individual position and previous swarm best position.
2010 [127] Proposed to partition the swarm into a set of compaosite particles based
Liu etal. | on their similarity and demonstrated its efficiency in solving dynamic
optimization problems.

values result in abrupt tugging movement toward or away from the taegein. Ifc; < ¢

holds for theith particle, then the movement of partide will be directed more towards the

best position found so far by the whole swarm, namely, tow&ttisather than towards its own

best positiorPb;, and vice versa for the case@f > cs.

e Control parameters of Particle Swarm Optimization

1. Inertia weighto®;

Itis used to control the impact of the velocity of previous iterations on thecitglof the current
iteration. This parameter balances the global and local exploration capalifitiee particle and
controls the smoothness of the exploration trajectory, of a single bird, sdwnching for food.
For the initial stage of the search process, employing a large inertia weigittdmmended in
order to enhance the global exploration capability, whereas for latezsstdge inertia weight is
reduced for the sake of achieving an improved local exploration.

. Maximum velocityV,,,z;

The particle velocity is limited by the maximum velocit,,.., which determines the resolution
of the search. The value &f,,,.. is usually selected empirically.
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3. Maximum value of legitimate particle positions,,.;

This parameter limits the search to the legitimate search space.

2.2.1.3 Search Process of Particle Swarm Optimisation

Let us consider a general complex-valued optimization problem, ratherathraal-valued optimization
problem, since the complex-valued one is more general. The optimum solutienasehwhich minimizes

the CFF(P) formulated as:

P, = argmin F(P); s.t.:P e SV*K (2.61)
P

whereP is aS = (N x K)-element complex-valued particle-position matrix to be optimized, and

S= [_PmaX7 Pmax] + j[_PmaX7 Pmax]7 (262)

defines the search range for each element ofteéement particle-position matrR. The flow chart of the
PSO algorithm is shown in Fig. 2.8. A swarm of partic{efsl(.l)};-gz1 which represents the set of legitimate
potential solutions is evolved across the entire search ﬁﬁéé‘ , whereS is the swarm size and the index
[ denotes the iteration index. The search process of PSO proceedswas:fo

1) The swarm initialization With [ = 0, the initial particles,{f’go) ;9:1, are randomly generated in the
search spacg8” *¥ as seen in block 1 of Fig. 2.8.

2) The swarm evaluatiorEach particle positio:ﬁ’f_l) has a fitness vaIuE(PZ(.l)) associated with it, which
is evaluated in block 2 of Fig. 2.8 according to the cost function. Each tmﬂlicpositionf)gl) remembers
its best position visited so far, denotedFHél), which provides the so-called cognitive information. Every
particle is also assumed to know the best position visited so far by the entina sdenoted a&b("), which
resulted in the best CF value. This provides the so-called social informatlembest particle and swarm
position{PbEl) le andGb) are updated at each iteration as follows:

For(@=1;i<85;i++)
it (F®Y) < F(Pp")) PV
End for;
i* = argminj<;<g F' sz(»l));
If (F(PbY) < F(GbV)) GbO = PpY;

pY;

3) The swarm updateEach particle positiorPgl) is associated with a velocity, denoted V§Z), which
determines its flight-speed. The velocity and position ofitheparticle are updated in each iteration in
block 3 of Fig. 2.8 according to [92]:

v 0 v 4 rand() - ¢y - [Pbl(-l) - Pl)]

+rand() - ¢ - [GbD — PV, (2.63)
PZ(HI) _ p(l)+VZ(l+1)’ (2.64)

i
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Figure 2.8: Flow chart of PSO algorithm

whererand() denotes a uniform by distributed random number between 0 and 1. Thizghinterpretation
of Equation 2.63 is that in its first term, we take into account the weighted velti(gﬂ)pf thelth iteration,
which is then randomly adjusted by taking into account the particles’ devi&ibﬁrﬁ) — PZ@] from its best
ever position according to the 2nd term, after weighting it by the accelaratiohe third term is the
dual pair of the 2nd one, where the deviat[@b(l) — PZ@] from the overall best position is weighted by
co. In order to avoid the excessive roaming of particles beyond the sepeate [128], a velocity range,

1+1)

V = [~ Viax, Vinax] + 7[—Vimax, Vmax), iS imposed on each eIementV\g so that we have

) al = Vinax
H—l)‘P q} < —Viax) %[Vz(,l+1)|p7q] = —Viax;

al > Vinax) SV Z(HD ] = Vinax;
VD] < Vo) SV D] = Vi

Moreover, if the velocity approaches zero, it is reinitialised proportiortally;,,.x with the aid of a
small scaling factor as follows;

V(l+1 |Pq - irand() : (Vmax + ijax)- (265)



2.2.1. Continuous-valued Particle Swarm Optimization 40

(I4+1) .

Similarly, each element (P is checked to ensure that it stays inside the search space

If (RP], 0] > Pana)
%[P(H—l)‘p q] = rand() - Puax;
If (RP], 0] < = Pana)
%[P“”\pq] = —rand() - Prax;
If (S]] > Poa)

S[Pgl 1)‘10 q] = rand() - Pnax;

%[Pz( 1)‘17 q] = _Tand() max -

That is, if a particle is outside the search space, it is randomly moved badé& the search space, rather
than forcing it to stay at the border. This is similar to the scheme proposed8h [1

4) Termination condition checklf the maximum number of iterationd,,.«, is reached, terminate the
algorithm with the solutiorGb(/max); otherwise, set = [ + 1 and go to Step) of Fig. 2.8.

2.2.1.4 Particle Update Examples

4.5

Py

Imag
w
T

25F

p(l+1)

1'5 | | | | |

Real

Figure 2.9: An example to show the particle update operation, which $etan block 3 of Fig. 2.8.

The core operations of PSO are based on Equation (2.63) for the paetiotity update and on Equation
(2.64) for the particle position update. In Equation (2.63), the termi() - ¢; - [Pbgl) — Pgl)} is associated
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with cognition, since it only takes into account the individual particle’'s owpegiences. Hence, if the
PSO algorithm is constructed in such way that it only makes use of the cagimtormation, then we have
co = 0 and Equation (2.63) would be simplified to:

VY — O VY L rand() - e - [PHY - PV (2.66)

Moreover, the performance obtained by the simplified PSO model of Equati68), which is based
on the cognition-only model, is substantially improved by the model of Equati@3),2because the latter
exploits the interaction between different particles. More explicitly, the termi() - ¢, - [Gb) — P\V] in
Equation (2.63) represents the social interaction amongst the particles.

It should be pointed out that in a complex-valued optimization problem, theitelealso complex-
valued, but the update of the real and imaginary parts of the velocity sheuddrried out seperately, since
there should be no correlation between the real and imaginary parts. folldweing, a simple example is
used for demonstrating, how the particle update is implemented, as detailed h%ig.

Let us now consider a complex-valued optimization problem. We assume thaighion of a particle
in Fig. 2.9 at théth iteration isP() = 1+ j4 and that its best ever visited positioni.”) = 2 + j4, while
the best ever visited position of the entire swarr@ig!) = 3+ ;3. We firstly proceed to the velocity update
operation of block 3 in Fig. 2.8, let) = 0. Then the impact of the previous velocity on the current one is
minimized. Then Equation (2.63) is simplified to:

V§l+1) = rand() - ¢ - (Pbl(.l) — Pgl)) +rand() - c2 - (Gb(l) — PEZ)). (2.67)

Furthermore, let; = co = 2, the two variables returned by the functiesand() are randomly chosen to
be 0.80 + ;j0.25 and0.91 + j0.43 respectively. Then the value of the cognitive information part can be
calculated as:

rand() - ¢1 - [PHY — PY) = 0.51 + 50, (2.68)

where again, the update of the real and imaginary parts is carried @rasely, while the value of the social
information is calculated as:

rand() - ¢ - [GbD — PV = 1.72 — j1.82. (2.69)

Then the velocity for this specific particle is adjusted according to Equatié8)2nd block 3 of Fig. 2.8
as:

V<l+1) e rand() - C1 - [Pb’fl) — Pgl)] + Tand() cC9 [Gb(l) - Pl(l)] (270)

2

= 2.24— j1.82.

Let us now proceed to the update of the particle’s position in Fig. 2.9. Aloapto Equation (2.64) and
block 3 of Fig. 2.8, the new particle position can be calculated as:

P — p) L v — 3044 j217. (2.71)
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Table 2.10: Particle positions during the optimization process

Particles 1 2 3 4

Initialized positions 441 | -231| 245 | 4.09
Positions in iteration 1 | 2.41 | -2.31| 0.99 | 2.09
Positions in iteration 2 | 1.52 | -0.31| 0.99 | 1.67
Positions in iteration 3| -0.47| -0.31| 0.76 | 0.54
Positions in iteration 4 | -0.40| -0.31| -1.22| -0.17
Positions in iteration 5| -0.15| -0.25| 0.01 | -0.17
Positions in iteration 6 | 0.11 | -0.02| 0.01 | -0.08
Positions in iteration 7 | -0.04| 0.05 | 0.01 | 0.03
Positions in iteration 8 | 0.02 | -0.04 | 0.01 | -0.00
Positions in iteration 9 | 0.01 | -0.02 | -0.00 | -0.00
Positions in iteration 10 0.00 | 0.01 | -0.00| -0.00
Personal best position| 0.00 | 0.01 | -0.00 | -0.00

This particle’s update during théh iteration is then completed, as also seen in Fig. 2.9, where the distances
covered by the particles are proportional to the velocity calculated in Equiti@0).

After the review of the position and velocity update of a single particle, noimple one-dimensional
search problem is formulated, in order to show how the entire swarm t€lparacts in unison, in order to
find the global optimum.

As a rudimentary example, the minimization of the objective funcijoa x? is considered, where
S = 4 particles are used, which are initialized randomly in the range-6f 5|, and V.., is set to 2,
c1 = co = 2 andw = 0. The positions of the particles during the optimization process based on.&igre2
listed in Table 2.10.

It can be seen from Table 2.10 that the particles gradually improve theirgpois terms of finding the
optimal point. We may notice that at early stages of the search, the veloc#iggarally large, hence the
particles are wandering across a relatively large area attempting to firttea fesition associated with an
improved CF. The positions of the four particles at initialization as well as a8rthesth and 10th iteration
are plotted in Fig. 2.10. It may be observed that the PSO algorithm rapid\ecges to the optimal point.

2.2.2 Discrete-valued Particle Swarm Optimization

In the previous section, we imposed no constraint on the value of the partidtevever, many real world
optimization problems have to operate on discrete values, hence there iseasing demand for devel-
oping algorithms regarding this type of optimization problems. The contributiortbe development of
discrete-valued PSO are summarized in Table 2.11.
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Table 2.11: Selected contributions on the development of discreteedhPSO

@

Year Author(s) Contributions
1997 [129] The discrete binary version of the particle swarm
Kennedy and algorithm was proposed.
Eberhart
2004 [130] A discrete PSO algorithm was derived for solving the
Panget al. travelling salesman problem.
2005 [131] A binary particle swarm optimization method based
Afshinmanestet al. | on the theory of immunity in biology was advocated.
2006 [132] Discrete PSO was combined with GA-style mutation to
Huang and Tung | solve optimization problems.
2007 [133] Proposed a cellular learning automata [134] based discrete
Jafarpouret al. PSO.
2007 [135] Presented an effective, discrete, multi-valued PSO, which
Veeramachanemt al. | used probabilistic transition rules to move from one discrete
value to another.
2008 [136] A discrete PSO based on quantum evolution concept [137]
Li etal. was introduced.
2008 [138] Designed an improved discrete PSO based on cooperativ
Xu et al. swarms, which partition the search space into lower-
dimensional subspaces in order to reduce the complexity.
2009 [139] Presented a multi-level, discrete-valued PSO algorithm and
Songet al. demonstrated its performance compared to genetic algorithm.
2010 [140] Proposed a PSO algorithm featuring two beneficial chara;
Chenet al. cteristics. Firstly, the set-based representation sche-
me allow the PSO to characterize the discrete search space
of combinatorial optimization problems. Secondly, the
candidate solution and velocity were defined as a crisp set
and a set with possibilities, respectively.
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Figure 2.10: A PSO example minimizing the functian= 2. (a): Initial particle positions. (b): Positions
at 3rd itertion. (c): Positions at 6th itertion. (d): Posits at 10th itertion.

2.2.2.1 Binary Particle Swarm Optimization

PSO was firstly designed for solving nonlinear optimization problems, in daodfénd the optimum con-
tinuous value [30]. With the aim of extending its applications to discrete optimizptianlems, Kennedy
proposed a discrete binary version of PSO [129], which may be inviskezkample to find d<C-bit BPSK
vector in a MUD or MUT problem, as detailed later in this section. The velo{dt{/) | of a particle
may be updated according to the same equation as that used for contimlieed-PSO, namely Equation
(2.63), which is repeated here for convenience [129]:

V(IH) = Vgl) +rand() - ¢ - [Pbgl) — P(-l)]

+rand() - ¢y - [GbY) — fv’gl)].

The velocity is then transformed into a number within the rang@ of- - 1], where the resultant nor-
malized velocity is then used for updating the particle’s position. This tramsfiton may be carried out for
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Table 2.12: The parameter values of thith particle

PO v ¢ | rand()| ¢, | rand() | P5" | Gb®
1 /067 2| 054 |2 097 1 0

example by using the sigmoid function given by [129]:

1

(i+1)
1+e Vi

sig(VIT)y = (2.72)

which is plotted in Fig. 2.11. Then, the particle’s position update may be canieaccording to [129]:

. 0, if 2> sigVitY
PEH—I) — { ;| zZ Slg( )7 (273)

1, if z<sig(V

wherez is a random uniformly distributed number assuming the binary valufs af.
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Figure 2.11: Sigmoid function value.

The decision regarding the position and velocity update of the particle éiopd8; is now probabilistic,
implying that the higher the value of the veloci¥;, the higher the value ofig(V;) becomes, albeit it
still remains within the continuous range [of - - - 1]. Hence the probability of opting for '1’ fos;|, is
increased. Again, the sigmoid function is plotted in Fig. 2.11. We may obsemea properties of the
sigmoid function from the figure, namely, that for— oo, we havesig(z) — 1; whenz = 0, sig(z) = 3;

and forr — —oo, sig(x) — 0.

Let us now consider an example, demonstrating the velocity and positioteupfdtaeith particle in a
specific iteration. The parameter values considered are listed in Table 2.12.
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According to Table 2.12, the new velocity can be calculated as:

V§l+1) = Vgl) +rand() - c; - [Pbgl) — Pgl)] +rand() - c2 - [Gb(l) — 151@]
= —1.27. (2.74)
Then we have
) I+1 1

Assuming that the uniformly distributed random number in Equation (2.73)-is0.4529, therefore, the
new position for this particle becomé’él”l) =0.

The discrete binary PSO has been invoked for example for MUD [16N&jt, a simple MIMO MUD
example is considered in order to demonstrate the operation of the discrateg B®O algorithm. Let us
consider the transmission of a symbol vector: [z1 zo z3 x4 z5]7 ina(5 x 5)-element MIMO system
employing BPSK modulation communicating over an independent flat Raylaigigfahannel, where the
received signay can be expressed gs= Hx + n. The related parameters are summarized in Table 2.13.

Note that in the step of calculating the particle’s fithess in block 2 of Fig. 2. &g to the ML fithess
function based on the ML detection formula of:

F(x) = |ly — Hx|}3, (2.76)

the positions of the particles have to be mapped to a BPSK symbol, namely-1 and1 — 1.

When the first iteration commences, we have:

1. For particle 1: According to block 3 of the flow-chart in Fig. 2.8,

e For the 1st element, we have:
The velocity iSV%Ll) = Vg?l) +rand()-c; - [Pbg,)n —13831)] +rand()-cy- [Gb©) —PE??U] =
04+2-0.91-042-0.45-—1 = —0.91. Then according to Equation (2.72’)'g(V%171)) = 0.82,
and assuming that the random number is= 0.90, the new particle position becomes now
158’)1) =0.
e For the 2nd element:
The velocity become¥, , = 0+2:0.29-0+2-0.78-1 = 1.56. Thensig(V, ,)) = 0.2863,

the random number is = 0.05, hence, the new position is nd?f(i)z) =1.

e For the 3rd element:

The velocity isV{, ;) = 0+2-0.21-042-0.77-0 = 0. Thensig(V{, ,,

number isz = 0.6968, hence the new position becomes nﬁé\})g) =0.

) = 0.5, the random

e For the 4th element:
The velocity isV; ) =0+2-0.90-0+2-0.60-0 = 0. Thensig(V{, ,)) = 0.5, the random

number isz = 0.5446, hence the new position is ndfvg)ﬂt) =0.
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Table 2.13: The parameters of th& = 5-user MUD example

Related parameters Value
SNR 10dB
Symbol vectorx 11 —-11 —y*
[ —2.3794 — j1.5611 |

—0.0936 + 50.4151
Received signay 1.7978 + 41.3970

0.5584 + 70.5969

| 1.9298 + 70.9380 |

Fitness funcion'(x) ly — Hx||3
cl 2
co 2
Size of particle swarny 4
Initial position for particle 1P 1o 10 07
Initial fitness value for particle 1 7.83
Initial position for particle 2P oo 1o yf
Initial fitness value for particle 2 9.09
Initial position for particle 3P§0) o110 07
Initial fitness value for particle 3 6.25
Initial position for particle 4P§0) oo 11 07
Initial fitness value for particle 4 6.69
Initial global best positionG(®) o110 07
Initial fitness value foiGH(©) 6.25
Maximum velocity|V;,q. | 6

e For the 5th element:
The velocity isV(, ;) =0+2-0.75-0+2-0.87- 0 = 0. Thensig(V{, ;) = 0.5, the random
number isz = 0.8938, hence the new position is ndﬁﬁ?& =0.
Therefore, the position for the 1st 5-bit particle at the 1st iteratid?nﬁ% =[0 10 0 0.
The associated fithess function value calculated according to Equatiéj f2Gomes then 5.71.
Since this CF value is lower than the previous value of 7.83 in Table 2.13 fdstiparticle, the
best visited position of this particle is updated from0 1 0 0] toPb" =0 1 0 0 0]7.

2. For particle 2: According to block 3 of the flow-chart in Fig. 2.8,

e For the 1st element:

The velocity iSV%2,1) = Vgg?l) +rand()-cy - [Pbgg?l) — ng?l)] +rand()-co- [Gb(o) _ ng?l)] =

0+2-085-0+2-0.68-0 = 0. Then according to Equation (2.723)7;g(V(12 1)) = 0.5,
and assuming that the random numbet is= 0.40, the new particle position becomes now

(1)
P(2,1) =1.
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e For the 2nd element:
The velocity become¥ (, ;) = 0 +2-0.04-0+2-0.23- 1 = 0.47. Thensig(V, ) = 0.61,
the random number is = 0.01, hence the new position is nd# 99) = 1-

e For the 3rd element:
The velocity |sV(2 5 =0+2:038-0+2-0.90-0=0. Thensig(V ) = 0.5, the random
number isz = 0.30, hence the new position becomes 'ﬁ@ =1.

e For the 4th element:
The velocity |sV(2 4y =0+2-086-0+2-0.14-0=0. Thensz‘g(V%M)) = 0.5, the random

number isz = 0.30, hence the new position is nd?/g)@ = 1.

e For the 5th element:

=0+2-041-042-0.21-—1 = —0.42. Thensig(V}

lys) = 0.39, the

The velocity |3V(2 5)

random number is = 0.76, hence the new position is nol3'v<2 (25 = =0.

Therefore, the position for the 2nd 5-bit particle at the 1st |terat|d?12][§ =1 111 07
The associated fitness function value calculated according to Equatid) {&¢omes 3.59.
Since this CF value is lower than the previous value of 9.09 in Table 2.13 f@nthparticle, the
best visited position of this particle is updated frgm0 1 0 1]7toPb" =[1 1 1 1 0]7.

3. For particle 3: According to block 3 of the flow-chart in Fig. 2.8,

e Forthe 1st element:
0 v
The velocity sV ) = V(5 +rand()-c1-[Pbly),, — P | +rand()-ca- [Gb<0> PO =
0+2-0.24-0+42-0.88-0 = 0. Then according to Equation (2.72)g(V (3 1)) 0.5, and

assuming that the random numbetis- 0.29, the new particle position is noivgg)l) =1.
e For the 2nd element:
(32)=0+2-0.19-0+2-0.72-0 = 0. Thensig(V(, ,)) = 0.5, the random
number isz = 0.95, hence the new position is nd?/E;)Q) =0.

The velocity sV}

e For the 3rd element:
The velocity |sV(3 5 =0+2:090-0+2-0.70-0=0. Thensig(V%&S)) = 0.5, the random

number isz = 0.81, hence the new position is nd?/g)g) =0.

e For the 4th element:
The velocity |sV(3 4y =0+2-086-0+2-0.88-0=0. Thensig(V%gA)) = 0.5, the random
number isz = 0.23, hence the new position is nd?/g)4) = 1.

e For the 5th element:
The velocity |sV(3 5=0+2:0.62-0+2-0.24-0=0. Thensig(V%Sﬁ)) = 0.5, the random

number isz = 0.44, hence the new position is nd?/g?@ = 1.

Therefore, the position for the 3rd 5-bit particle at the 1st iteratid?léf% =100 1 1%
The associated fitness function value calculated according to Equatid) {&¢omes 6.33.
Since this CF value is higher than the previous value of 6.25 in Table 2.13d@rthparticle,
the best visited position is stil?bél) =0 110 0.
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4. For particle 4: According to block 3 of the flow-chart in Fig. 2.8,

e For the 1st element:
. . 0 ~ 0 ~
The velocity isV}, ) = V{1 +rand()-c1-[Pb}, — P | +rand() ¢ [GbO — P[] =
0+2-0.78-0+4+2-0.71-0 = 0. Then according to Equation (2.72)g(V %4 1)) 0.5, and
assuming that the random numbetis- 0.24, the new particle position is nolvg4)1) =1

e For the 2nd element:
The velocity |sV(4 9 =0+2-073-0+2-090-1= 181 Thensz’g(V(1472)) = 0.86, the
random number is = 0.84, hence the new position is no‘l}‘v(4 (a2 = L

e For the 3rd element:
The velocity |sV(4 5 =04+2-097-0+2-0.14-0 = 0. Thensig(V%4?3)) = 0.5, the random
number isz = 0.85, hence the new position is ncﬁ/&)?’) =0.

e For the 4th element:
The velocity isV(, ) =0+2-0.76-0+2-0.76 - —1 = —1.52. Thensig(v%w) =0.17, the
random number is = 0.4594, hence the new position is nd??/g4 1)

e For the 5th element:
The velocity isV(1475) =0+2-038-0+2-0.10-0=0. Thensig(V%4’5)) = 0.39, the random
number isz = 0.12, hence, the new position is nd?/!f(ig) = 1.
Therefore, the position for the 4th 5-bit particle at the 1st iteratid?’lﬂ% =110 0 1%
The associated fitness function value calculated according to Equatid) {&¢omes 5.28.
Since this CF value is lower than the previous value of 6.69 in Table 2.13 feltkthearticle,
the best visited particle position is updated frgim0 1 1 0/TtoPs{” =[1 1 0 0 1.

5. Update oiGb()
Since now the best ever visited positionﬁégl) =[1 1 1 1 0%, which is associated with a
fitness value of 3.59 and hence it is lower than thaGaf®) given by 6.25 in Table 2.13. Therefore,
the global best ever visited position after the 1st iteration is updatébtd =[1 1 1 1 0]”.

Then the algorithm proceeds to its 2nd iteration:

1. For particle 1:
The position for the 1st 5-bit particle at the 2nd iteration is found t(f)f?zé =1 1 1 0 0.
The associated fitness function value calculated according to Equati@) (®gomes 5.82. Since
this CF value is higher than the previous value of 5.71 for the 1st particlégstevisited position is
sl Po® =0 1 0 0 0.

2. For particle 2:
The position for the 2nd 5-bit particle at the 2nd iteration is found t(f’ézé =0 1 1 0 0.
The associated fitness function value calculated according to Equatid@) @&fomes 6.25. Since
this CF value is higher than the previous value of 3.59 for the 2nd particlegiterisited position is
sl Po? =1 1 1 1 0.
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3.

For particle 3:

The position for the 3rd 5-bit particle at the 2nd iteration is found t(f’l§2(3 =0 10 0 17,
The associated fitness function value calculated according to Equati@) (®&gomes 7.65. Since
this CF value is higher than the previous value of 6.25 for the 3rd particlddstevisited position is
sl Py =0 1 1 0 0]

For particle 4:

The position for the 4th 5-bit particle at the 2nd iteration is found t@{;)zé =1 00 0 0. The
associated fitness function value calculated according to Equation (2@@nles 5.15. Since this CF
value is lower than the previous value of 5.28 for the 4th particle, the béstd/igosition is updated
toPb? =[1 0 0 0 0]T.

. Update o0iGb(?)

Since now the best ever visited position is mv»g?) =[1 1 1 1 0]%, which is associated with
a fitness value of 3.59 which is equal to that@b(!), therefore, the global best ever visited position
after 2nd iteration stays the same, whiclgig® =1 1 1 1 0]”.

The algorithm then proceeds to its 3rd iteration:

. For particle 1:

The position for the 1st 5-bit particle at the 3rd iteration is found td5l§gé =0 1 0 1 1)
The associated fitness function value calculated according to Equatid@) @&fomes 7.91. Since
this CF value is higher than the previous value of 5.71 for the 1st particl®ettevisited position is
sl P =0 1 0 0 0.

. For particle 2:

The position for the 2nd 5-bit particle at the 3rd iteration is found t@égé =1 11 1 0T.This
is its best visited position, sBb) =[1 1 1 1 0].

. For patrticle 3:

The position for the 3rd 5-bit particle at the 3rd iteration is found tcﬁé@ =0 1 1 1 0. The
associated fitness function value calculated according to Equation (2@@nles 5.49. Since this CF
value is lower than the previous value of 6.25 for the 3rd particle, the st/ position is updated
from[0 1 1 0 0]TtoPb) =0 1 1 1 0.

. For particle 4:

The position for the 4th 5-bit particle at the 3rd iteration is found tcPlﬁ%—:) =1 11 1 1]%.
The associated fitness function value calculated according to Equatid@) [@&fomes 6.02. Since
this CF value is higher than the previous value of 5.15 for the 4th particle gitevisited position is
sl P =[1 0 0 0 0.

. Update oiGb(®)

Since now the best ever visited position is gmé” =[1 1 1 1 0]%, which is associated with
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a fithess value of 3.59 which is equal to that@6(?), therefore, the global best ever visited position
after 3rd iteration stays the same, whiclds® =1 1 1 1 0]7.

The algorithm then proceeds to its 4th iteration:

1. For particle 1:
The position for the 1st 5-bit particle at the 4th iteration is found td:’@@ =0 0 1 1 0.
The associated fitness function value calculated according to Equatid) &domes 6.69. Since
this CF value is higher than the previous value of 5.71 for the 1st particlbgttevisited position is
sl P =0 1 0 0 0.

2. For particle 2:
The position for the 2nd 5-bit particle at the 4th iteration is found tcﬁ’&é =[1 10 1 0. The
associated fitness function value calculated according to Equation (2@@les 0.54. Since this CF
value is lower than the previous value of 3.59 for the 2nd patrticle, the tstd/position is updated
fom[1 1 1 1 0]TtoPy’=[1 1 0 1 0]T.

3. For patrticle 3:
The position for the 3rd 5-bit particle at the 4th iteration is found tcf’é@ =1 111 0. The
associated fitness function value calculated according to Equation (2@@xles 3.59. Since this CF
value is lower than the previous value of 5.49 for the 3rd patrticle, the st/ position is updated
from0 1 1 1 0TtoPb) =1 1 1 1 0.

4. For particle 4:
The position for the 4th 5-bit particle at the 4th iteration is found tcPtf;@ =1 1 1 0 0.
The associated fitness function value calculated according to Equatid@) @&domes 5.82. Since
this CF value is higher than the previous value of 5.15 for the 4th particle giftevtsited position is
stil Py =1 0 0 0 0.

5. Update ofGb(*)
Since now the best ever visited position becoﬂ%g‘) =[1 1 0 1 0], which is associated with
a fitness value of 0.54 and hence it is lower than the valug@f). Therefore, the global best ever
visited position after the 4th iteration is updated@® = [1 1 0 1 0]7. We may also notice
that the solution is the ML solution, hence the optimum position (solution) hasfbaed in the 4th
iteration.

The above example shows how the discrete binary PSO algorithm operdtimantire update process
is summarized in Table 2.14. Let us now consider some other aspects of thighatlg In the above
example, it took the algorithm of Fig. 28= 4 iterations to find the ML solution. However, since PSO
constitutes a stochastic optimization algorithm, the number of iterations it needs tiodiaoptimum solution
may vary in each single simulation. Hence, a histogram showing the numberaifate the discrete
binary PSO algorithm required to find the ML solution may help us to arrivebattar understanding of the
capabilities of this algorithm, which can be seen in Fig. 2.12. The parametes\ale the same as in Table
2.13.
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Table 2.14: Particles update process
1st particleP; 2nd particlePs
Initial position (fitness) =[10100]7 (7.83) =1[00101]T (9.09)
Best position after 1st iteration (fitnes<) Pb =[01000]T (5.71) =[11110]T (3.59)
Best position after 2nd iteration (fitness)Pb =[01000]T (5.71) 2 = 111107 (3.59)
Best position after 3rd iteration (fitness)Pb =[01000]7 (5.71) Y =11110] (3.59)
Best position after 4th iteration (fitnes<)Pb =[01000]7 (5.71) Y = [11010]T (0.54)
3rd particleP; 4th particleP 4
Initial position (fitness) =[01100]7 (6.25) 9 =100110]7 (6.69)
Best position after 1st iteration (fitnes<) Pb =[01100]7 (6.33) V=1110017 (5.28)
Best position after 2nd iteration (fitness)Pb =[01100]7 (6.33) be) =[10000]7 (5.15)
Best position after 3rd iteration (fitness)Pb =[01110]7 (5.49) 9 =110000] (5.15)
Best position after 4th iteration (fitneSC)Pb =[11110]7(3.59) Y = 110000]" (5.15)
Global best particle
Initial position (fitness) =[01100]" (6.25)
Best position after 1st iteration (fitneSC)Gb =[11110]"(3.59)
Best position after 2nd iteration (fitness)Gb(® = [11 11 0] (3.59)
Best position after 3rd iteration (fitness)Gb®) = [11 11 0] (3.59)
Best position after 4th iteration (fitness)Gb®) = [11 01 0] (0.54)
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Figure 2.12: The histgram showing the number of iterations the discrietar PSO algorithm needs to find
the ML solution. 50 random simulation runs are used to olitarresult.
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Table 2.15: Pairs of MUT shemes and MUD schemes

MUD algorithms| MUT algorithms
Linear approaches ZF-MUD ZF-MUT
MMSE-MUD MMSE-MUT
MBER-MUD MBER-MUT
Nonlinear approaches VP SD

A total of 50 simulations were carried out in order to generate Fig. 2.12antobserved that 14 of
them needed as few as three iterations to find the ML solution, while nine ofrixguired four iterations.
On average, it may take the algorithm around four iterations to find the MltignluHowever, we also
note that it requires more than eight iterations to guarantee that the ML sakifiotnd. Bearing in mind
that more iterations impose an increased computational complexity, there iallyaduradeoff between the
computational complexity imposed and the achievable performance whenRS{hg

2.2.2.2 Integer Particle Swarm Optimization

This discrete binary PSO algorithm [129] is specifically designed for aypsystem. It can be argued that
arbitrary multi-level discrete variables can be transformed into an eqobvagileary representation, and then
the binary PSO can be used. However, the range of the discrete vaéiele does not match the upper limit
of the equivalent binary representation. For example, a discrete kaeabuming values of [0,1,2,3,4,5]
requires a three-bit binary representation, which ranges betwegh Thwus, special measures are required
to handle the values outside the original range of the discrete variablen@gcthe Hamming distance
between two discrete values undergoes a nonlinear transformationawlegpiivalent binary representation
is used instead. This often increases the complexity of the search prébegbird reason is that the above-
mentioned binary representation increases the dimension of the particliheBerreasons, an extension to
the original discrete, but binary-valued PSO converting it to a discrete ralited PSO is necessary.

Several researchers have proposed discrete multi-valued PSO atgofitB5, 139]. In our work, we
follow the proposal in [135] and invoke their discrete multi-valued PSO dtguarin the context of vector
precoding, which is detailed in Chapter 4.

2.3 Conclusions

In this chapter, the preliminary knowledge required for the detailed dismsssf this treatise was provided.
More specifically, in Section 2.1, we offered a rudimentary introduction tolblvering the family of lin-
ear MUT schemes, namely ZF-MUT, MMSE-MUT and MBER-MUT, as welllas nonlinear VP MUT
algorithm. The MUD counterparts of the MUT algorithms can be seen in Tabfe 2thas been shown
in [57] that several linear MUT schemes may be readily designed fromlthear MUD counterparts, in-
cluding the ZF-MUT and MMSE-MUT provided that the number of antenth#seeBS is no less than that of
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the MSs supported. Generally speaking, nonlinear MUT schemes aieleayh achieving a better attainable
BER performance than linear MUT algorithms at the expense of higher datignal complexity as stated
in Section 2.1. In Section 2.2, the PSO algorithm was introduced, where gphsexl into two parts, focused
on continuous-valued PSO and discrete-valued PSO, respectivelg. ddecifically, the continuous-valued
PSO scheme which is more suitable for solving continuous-valued optimizatibteprs, was introduced
in Section 2.2.1, while Section 2.2.2 covered the introduction of the discriteeVRSO algorithm invoked
for solving combinatorial optimization problems. The PSO algorithm is a promigitighization tool and
has been invoked in our research intensively, which will be discussateinchapters. In the next chapter,
we are going to address the computational complexity reduction issues inNBER-MUTSs, namely in
the context of the symbol-specific MBER-MUT scheme and average MBER-algorithm.



Chapte

Particle Swarm Optimization Aided
Minimum Bit Error Rate Multiuser
Transmission

3.1 Introduction

In this chapter, an MBER-MUT designed for the Down-Link (DL) of SDM#stems will be discussed.
More explicitly, PSO is invoked for deriving the MUT precoder’s coeéffits with the aim of directly mini-

mizing the system’s BER as well as for reducing the related computational donitaposed by using the
state-of-the-art SQP algorithm.

The MMSE-MUT has been introduced in Chapter 2, where the coeffictdritee precoder are chosen
to minimize the mean square error between the transmitted signal and redgivadd Since the BER is the
ultimate system performance indicator, the research community’s interestiRWased MUT techniques
has increased recently. More specifically, in [19, 20], an MBER-MWE wroposed for the Time Division
Duplex Code Division Multiple Access (TDD-CDMA) DL communicating in freey-selective channels.
Later, this work was extended to multiple transmit and receive antennas]inffadn, a chip-level MBER-
MUT scheme was proposed in [2], and a phase-only chip-level MBERFMcheme having a reduced
computational complexity was also conceived in [2]. Reference [14dlet that the number of spatio-
temporal dimensions given by the number of transmit antennas and time-sidie e&xceeded in certain
circumstances by using the MBER-MUT, for the sake of supporting manes ursthe DL than the number of
transmit antennas. The array-weights of these MBER-MUT techniquesdesigned for the given MIMO
transmit symbol vector and therefore the coefficients of the precodertbebe specifically calculated for
every transmit symbol vector. An MBER-MUT design minimizing the averag® B¥as proposed for
Binary Phase Shift Keying (BPSK) in [5] and for Quadrature Phask iséying (QPSK) in [26], where the
coefficients of the precoder only have to be re-calculated, when tmmeheoefficients have changed.

We will show in Section 3.4 that the MBER-MUT design constitutes a constrainatinear optimiza-

55
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tion problem [5, 26], and the SQP algorithm [27] may be used to obtain tleogees coefficients for the
MBER-MUT [5,24,26]. However, the computational complexity of this altjon may be deemed excessive
at the time of writing for a real-time system [24]. This motivates the work intredun this chapter in the
field of MBER-MUT, with the aim of finding an efficient algorithm which imposeseduced computational
complexity by invoking the PSO algorithm [30].

In Section 3.2, the MBER criterion is introduced. The system model usedghout this chapter is
detailed in Section 3.3, followed by the description of the cost functions ofyh#ol-specific MBER-
MUT and the average MBER-MUT in Section 3.4, respectively. The PS&dadBER-MUT method is
introduced in Section 3.5. Section 3.6 quantifies the computational complexitg @ approach and
of our PSO approach for both the symbol-specific MBER-MUT and foraterage MBER-MUT. Our
simulation results are provided in Section 3.7, followed by our discussiahgh@nchapter conclusions in
Section 3.8.

3.2 Minimum Bit Error Rate Criterion

Let us continue with a simple example to demonstrate the importance of the MBERbarite

}Q 3}\%]

> R[yx]

Figure 3.1: Symbolz;, of a QPSK constellation with the interference-contamidaepectatiory;, of the
estimated signaJ;, and the PDFs of the in-phase and quadrature-phase compribatestimated signal.

Consider a QPSK system associated with the constellatidn%ot j%, where the desired user’s sym-
bol x;, is % + j%. Fig. 3.1 shows the desired symhx), the interference-contaminated expectatiprof
the estimated signaj, and the Probability Density Functions (PDF) of the in-phase and quadsphase
component of the estimated signal. The error probabilities of the in-phdsguadrature-phase component

are denoted by, . and P, respectively, whileP, ;. denotes the average error probability of the system.

0.k
We commence from the calculation of the in-phase error probal#lify.. When the real part of the
received symbolR[y;] falls in the interval of(—oco, 0] due to the effect of the Gaussian noise, we have
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sgn(R[zx])R[yx] < 0, therefore it is clear that an error occurs. Hene,;, is given by [26]:
Pe, e = Prob{sgr(R[zx])R[yk] < 0}, (3.1)

whereX[e] denotes the real part, while when the imaginary part of the received $y&ibg falls in the
interval of (—oo, 0] due to the effect of the Gaussian noise, we havé3pn|)S3(yx] < 0, hence again, an
error occurs. Thusi%, x is given by [26]:

Peg i = Prob{sgn(S{zx])Syx) < 0}, (3.2)

whereS|e] denotes the imaginary part.

Then the error probability of this QPSK systefh, can be obtained by averagidg, , and P, x,
which is given by [26]:

Pej= (Pepi+ Pog)/2 - (3.3)

3.3 System Model

The system to be considered throughout Chapter 3 will be introduced] twaiere the DL of a SDMA
system supporting non-cooperative mobile receivers is considehedB S is equipped wittV DL transmit
antennas and communicates wih MSs, each employing a single receive antenna. The corresponding
system model is depicted in Fig. 2.1 . The vector of information symbdtansmitted in the DL is given

by

x = [x1, 29, ,xK]T, (3.4)

wherex, 1 < k < K denotes the transmitted symbol of thih MS, and the symbol energy is given by
E[|z|?] = 02, for 1<k<K.

The (V x K)-element MUT precoder matriR is given by

P:[Php%'" >pK]7 (35)

wherepg, 1 < k < K represents the precoder coefficient vector foritieuser’s data stream, as exampli-
fied in Equation (2.8) and Fig. 2.1.

Given a total transmit power£at the BS, an appropriate scaling factor should be used after precoding
to fulfill our transmit power constraint of having an identical transmit pawehat of the scenario operating
without a precoder, which is defined as

Er
=\ EPx (3.6)

(3.7)

for the average MBER-MUT, and as
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for the symbol-specific MBER-MUT.

At the receiver, the reciprocal of the scaling factor, namety, is used to scale the received signal to
ensure unity-gain transmission. The channel matiis given by

H = [hy, hy, - hg]T, (3.8)
wherehy, 1<k<K is thekth user’s CIR, which is given by
hy = [l hio, o ] k= 1,2, K. (3.9)
The CIR tapsi ;, for 1<k<K and1<i<N are independent of each other and obey the complex Gaussian
distribution associated with[|y, ;|| = 1.

The Gaussian noise vectaris given by

n-= [nlan27"' 7nK]T7 (310)

wheren;,, 1<k<K is a complex Gaussian random variable with zero mear&ing|*] = 202 = N,,. The
SNR of the DL is defined aSNR = Ey, /N,, whereEy, = Er/(Nlog, M) is the energy per bit per antenna
for M-ary modulation. Thus, the baseband model of the system can be ddsasibe

y = HPx+ o 'n, (3.11)

wherey = [y1 ya- -~yK]T denotes the received signal vector, and1 < k < K, constitutes sufficient
statistics for thesith MS to detect the transmitted data symbgl Finally, the detector simply subjects the
symbols to hard-decision according to the phase constellation for syntlrohgen.

Two main MBER-MUT strategies exist in the literature. The first design mayeberred to as the
symbol-specific MBER MUT [24], while the other one may be referred to asatlterage MBER MUT
[5, 26], which are outlined below.

3.4 Cost Functions of the Minimum Bit Error Rate Multiuser Transmission
Algorithms

In this section, the cost functions of both the symbol-specific MBER-MUT @frihe average MBER-MUT

algorithms derived for BPSK and QPSK systems are introduced. We staivthéh resultant opmization
probelms are constrained by the transmit power constraint, hence a fienatipn approach is adopted to
convert the constrained optimization processes into unconstrainedrmhsautomatically perform power
allocation in order to meet the transmit power constraint. This approach isqjuiilar to the Lagrange

multiplier based method used in [26].

3.4.1 Symbol-specific MBER-MUT

The symbol-specific MBER-MUT approach was developed based omathéhat the information symbols
to be transmitted are known exactly at the transmitter. Given the knowledge Gffgs to be encountered by
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the individual antenna elements, the precoding matrix can be specificaigrciiar the giverd-component
MIMO symbol vectorx so that the BER is minimized. In the rest of this subsection, we will provide the
derivation of the cost function of the symbol-specific MBER-MUT.

First, let us consider a BPSK system. Based on the system model estalis$extion 3.3, only the
real part of the received signglshould be taken into account. According to the MBER criterion depicted
in Section 3.2, when the real part of the received sigtigl|, 1 < k£ < K falls in the interval of(—oo, 0],
namely, when we have s@R[z;])R[yx] < 0,1 < k < K, errors occur. Hence, the error probabiliy, ;
of the in-phase component associated withitieuser, wherd < k < K, is given by [26]:

P.,r = Prob{sgnR[zx])R[yx] < 0} (3.12)
= Prob{z§, < 0},

wherez% is the signed decision variable given by:

2y = sgr(R[ar]) Rlyx]- (3.13)

=
25

-

Figure 3.2: Probability density function of the decision variablg, where the shaded area represents the
BER.

The decision variable};, according to central limit theorem, obeys the Gaussian distribution assbciate
with the mean ot} = sgnR[z,])R[h,Px], its probability density function (PDF) can be seen in Fig. 3.2.
More explicitly, the PDF of the decision variabié is given by [26]:

k _ k2
exp (_M) . (3.14)

2
207

1
k
z =
p( R) onV 2T

The erroneous decision events are associated with the area undeRlce®Bin the interval—oo, 0],
namely, the shaded area shown in Fig. 3.2. Hence, Equation (3.12) cawiitten as [26]:

0
P = Prob{z% < 0} :/ p(zh)dh, (3.15)

k
_ °r
- (%),
where(Q(e) is the standard Gaussian error function.

As we mentioned, in the symbol-specific MBER-MUT, the precoding m&ris specifically chosen
for the currentK’-component MIMO symbol vectat. Hence, given the symbol vectarto be transmitted,
the average BER of the in-phase component at the receiver is [19]

P —1§K:Q h (3.16)
er,x — Kk:1 ., . .
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Thus, the BER of BPSK signalling is given by

Pex = Pe; x. (3.17)

Let us now consider a QPSK system, where the BER of the in-phase centploas already been
introduced above, and the BER of the quadrature-phase compomeln¢ ckerived in a similar way. Let us
furthermore introduce the notation of

o = sgn(Sae]) Syl (3.18)
cf = sgn(Sfzx])ShyPx], (3.19)

then, the error probability , , of the quadrature-phase component associated wittittheiser, where
1 <k < K, is given by [26]:

Pegr = Prob{sgnS[zg])S{yx] < 0} (3.20)
= Prob{z¥ <0}

0
= / p(2f)dz}

k
i
- Q <Un> I
where we have
1 (Zk _ Ck)2
k I 1

= —_ ). 3.21
p(zf) Unm exp ( 20_% ( )

Hence, given the symbol vectaito be transmitted, the average BER of the quadrature-phase component
of y is [19]:

1 K ck
Pegx = 7 > @ ((4) . (3.22)

k=1

Thus, the BER of QPSK signalling is given by

Pe,x = (Pehx + PeQ,x)/2- (323)

Therefore, the solution of the symbol-specific MBER-MUT weight optimizaisotefined as

PrxmBerx = argHgHPe,x (3.24)

st |Px|? = Er.

As we mentioned, the so-called penalty function approach is adopted heoavert the constrained
optimization process of Equation (3.24) into an unconstrained one andftorpgyower allocation for the
sake of meeting the transmit power constraint. To introduce the cost furfictitnis optimization problem,
we define the following penalty function for the power constraint

F(P) = P.x(P) + Gx(P) (3.25)
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with the penalty function given by

0, |Px]||?> — Er <0,

Gx(P) = (3.26)
) { A([Px|? — Er), [[Px]? - Er >0,

where the penalty factox > 0 should be chosen appropriately so that the symbol-specific MBER-MUT
design of Equation (3.24) becomes the following unconstrained optimization

PTXMBER,x = arg mPin{Pe’x(P) + GX(P)} (327)

3.4.2 Average MBER-MUT

The problem associated the symbol-specific MBER-MUT approach is ¢hatvery transmitted symbol
vectorx, the precoder matri¥ must be calculated by solving our optimization problem of Equation (3.27),
which imposes a high computational complexity in the long run, as discussetl&ection 3.6.

To avoid the computational complexity associated withkheomponent MIMO symbol-specific MBER
MUT scheme, in this section we introduce the average MBER-MUT, whengréemder matrix remains op-
timal in terms of minimizing the average BER for all the legitimate transmission symbtargec

Let us commence by considering a BPSK system. As stated in Section 3.414 wehiatroduce the
definitions of

2f = sgn(Rlzx])R{yxl, (3.28)
¢k = sgnRfzy])R[hyPx], (3.29)

then, the error probability?, , of the quadrature-phase component associated witlkttheiser, where
1 <k < K, is given by [26]:

Ck:
Pop=Q (UR) , (3.30)

where we have
1 (Zk o Ck )2)
k R CR
z = —F=¢€X — 5 | - 331
p( R) (X—lgn\/ﬂ p< 20%06_2 ( )
In the average MBER-MUT, the precoder matrix remains optimal in terms of minigikie average
BER for all the legitimate transmission symbol vectors. Therefore, the gedBER of the in-phase com-
ponent ofy at the receiver can be shown to be [142]

ME K (q) (@
P, = ﬁ%ﬂ{ I (Sgr(%[w;f L)%[hkP ! ]> . (3.32)
g=1 k=1 "

Here M ¥ is the number of equiprobable legitimate transmit symbol vecté¥sfor M-ary PSK sig-
nalling andq:,(f) is thekth element o&k(?), with 1 < ¢ < MX. Thus, the BER of BPSK signalling is

Pe:Pe[7 (333)
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with MK = 2K,

Similarly, the average BER of the quadrature-phase componsgnisofiven by [142]

ME K 31z\)) S [hy, Px(@
Pro = i 22 2@ (Sgr( b S R ]> , (334)

g,
q=1 k=1 n

and the BER recorded for QPSK signalling is given by
Pe = (Pe; + Peyy)/2, (3.35)
with MK = 4K,

Hence, the average MBER MUT solution is defined as

Prxmer = al“gﬂgnpe (3-36)
st. E[|Px|? = Er.

To introduce our cost function used for this optimization problem, we defiaddliowing penalty
function for incorporating the power constraint

G(P) =

{ 0, E[[Px|*) - Er <0, 337
B

IPx|? - Er, E[|Px|? —Er >0,

which assists us, when the precoder’s output pdjgP*x ||%] exceeds the total power constraint, for every
. MK
possible symbol vectofz; } ;2 .

Then the cost function is given by
F =P, + \G(P), (3.38)

which allows us to convert Equation (3.36) into the unconstrained optimization o
PrxvBer = arg mfi)n{Pe + A\G(P)}, (3.39)

where) is the penalty factor and its value should be chosen to ensure rapid gencer

3.5 PSO assisted MBER-MUT

In this section, PSO assisted symbol-specific (PSO-SS) MBER-MUT afdagSisted average (PSO-A)
MBER-MUT algorithms are proposed.

The process of the proposed PSO aided MBER-MUT algorithm may bédddry the flow chart seen
in Fig. 2.8. A swarm of particles{,PEl) |, that represents the set of potential solutions is evolved in the
search spacg” % where

S = [~ Pmax, Pmax] + j[~Pmax; Pmax] (3.40)

is the square area in the complex plane that defines the search rangectioelement of the precoder
coefficient matrix,S is the swarm size antddenotes the iteration index. Our empirical results suggest that
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the search limit can be set 18, = 1 for our application, as shown quantitatively in Section 3.7.Let us
briefly revisit Fig. 2.8 here with reference to the specifically numberedblas follows:

1) The swarm initialization-block 1 of Fig. 2.8

With I = 0, setP\”) to the MMSE-MUT solution, while the rest of the initial particled®'”}5_,, are
randomly generated in the search spafe™. Another potential solution might be using ’hill-climbing’,
where every single bit of the MMSE-MUT is inverted and as a result, if thev@g improved, the related
solution is retained.

2) The swarm evaluation-block 2 of Fig. 2.8

Each particIePZ(l) has a cosiF(PEl)) associated with it, which is evaluated according to either Equation
(3.27) or Equation (3.39), depending on whether the symbol-specifie@avitrage MBER-MUT design is
considered. Each particlégl) remembers its best position visited so far, denoteBbél%, which provides

the cognitive information. Every particle also knows the best position visitedrswhen considering all
individuals of the entire swarm, denoted @s"), which provides the social informatior!{.Pbgl)}f:1 and
Gb(® are updated at each iteration.

Firstly, the entire particle set's positiobeEl) 2 | is updated. For théth particle, where we have
1 <4¢< S, the CF value oiF(PE”) and that ofF(Pbgl)) are compared as in block 2 of Fig. 2.8, and if the
value ofF(PZ@) is equal to or higher than that ﬂ(PbZ@), this means that the new position visited by the
ith particle at théth iteration yields a higher CF value. This higher CF value represents a fitness in
our case, hence the most recently visited position is no better thathtparticle’s previously visited best
position during the previoud ¢ 1) iterations. Hence the value (ﬁf(PbZ@) and Pbgl) will remain at their
previous values, namely ﬂt(Pbgl*”) andeElil), respectively. If, however, the value ET(PZ(Z)) is lower
than that ofF(PbEZ)), the new position that théh particle visited at théth iteration yields a reduced CF
value. This corresonds to an increased fitness, hence the new vissiidp better than théh particle’s
previously visited best position during its-€ 1) previous iterations. As a result, the vaIueR‘n(ﬂDbEl)) and

Pbl(.l) will be replaced by those df“(PbEl)) andegl), respectively in block 2 of Fig. 2.8.

Following the update o{PbEZ) S Gb is also updated in block 2 of Fig. 2.8. The best individual
particle positionsz@ found at thelth iteration provides the lowest CF value, namely the highest fithess
value. Then, the CF value df(Pb!") is compared to that of (Gb(")) in block 2 of Fig. 2.8. If the CF
value ofF(Pbﬁ)) is found to be lower than that d¢f(Gb("), the best position that all members of the whole
swarm ever visited at thigh iteration results in a lower CF value, namely a higher fitness value. Hence the
individual particle position onEQ results in a better CF value than the whole swarm’s previously visited
best positiorGb('~1) during its previousi(— 1) iterations. Consequently, the CF valuereiGb(!)) andGb(®)
will be replaced by those af (Pb{) andPb\", respectively. Otherwisds (Gb(!)) andGb(") will remain as
those of F(Gb('~1)) andGb(*—1), respectively. The related pseudocode explicitly describing the opesatio
is as follows:

For(@=1;i<85;i++)
it (FPY) < F(Pb)) Pol = PY;
End for;
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7= arg min1<l<s F(Pb(l))
it (F(PLY) < F(GHD)) Gb) = PpY;

3) The swarm update-block 3 of Fig. 2.8
Each particIePZ(.l) has a velocity, denoted agg”, which controls its 'flight’. The velocity and position of
theith particle are updated in each iteration according to Equation (2.63) aradi&y(2.64), respectively.

It was reported in [107] that using a time varying acceleration coeffi¢ieAC) enhances the attainable
performance of PSO. We adopt this mechanism, in whictiecreases from 2.5 to 0.5 anglvaries from
0.5 to 2.5 during the iterative procedure according to [107]:

=(0.5—2.5) - I/ I jpax + 2.5,
(3.41)
ca =(2.5—0.5) - 1/Ipax + 0.5.
This TVAC mechanism was found to perform well in our application. We adsoave the influence of the
previous iteration’s velocity by setting = 0, as suggested in [107].

In order to avoid the excessive roaming of particles beyond the segaachk §128], we limit the velocity
range according t&% = [—Viax, Vinax] + 7[—Vimax, Vmax|- Given this choice of particle positions, the

1+1)

velocity limit can be set td/,.x = 1, which is imposed on each element\éj‘ so that when the velocity

exceeds its limit, it would be constrainted to its maximum legitimate range, namely to:

If RV gl > Vina) RV gl = Viaax:
If(%vl“)\qu Vinax) RV = —Vinasd
“”|pq}>vmax) °[ VI ] = Vinas

J <

%

SV, ] = —Viax -

Moreover, if the velocity in Equation (2.63) approaches zero, it is reiniédljzroportional by td/,,,, with
the aid of a scaling factoy

V(l+1 |Pq - :I:rand() ! (Vmax + ijax)y (342)

7

where an appropriate value of the scaling faegtan Equation (3.42) which would allow us to avoid having

a zero velocity was found to be = 0.1 in our experiments to be detailed in Section 3.7. The reason for
avoiding zero velocity is quite plausible, since a zero velocity at this iteratiaidvomply that the particle

will not move, hence discarding an opportunity to explore the searcle spak; as a result, potentially would
delay convergence.

Similarly, each element chl“) is checked to ensure that it stays inside the search spaddore
explicitly, if a particle is outside the search space, it is moved back inside #iehsspace to a random
position, rather than forcing it to stay at the border. This is similar to the plglosof the scheme proposed
in [128]. The related pseudocode of block 3 in Fig. 2.8 is as follows:

If (R[P il“ Ipa] > Prnas)
RP), 4] = rand() - Poax;
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If (R[P 5’“ Ipal < —Pinax)

RIPUY), ) = —rand() - Prax;
I (SIP]0] > Pavas)

S{PEZ 1)‘10 q] = rand() - Pnax;
If (%[Pgl“ lpa] < —Prnax)

S[PV 0] = —rand() - Pras;

4) Termination condition check-block 4 of Fig. 2.8
Still referring to Fig. 2.8, if the maximum number of iteratioris,.«, iS reached, terminate the algorithm
with the solutionGb(/m=x); otherwise, set = (I + 1) and go to Step) of Fig. 2.8.

The corresponding pseudocode of the algorithm can be written as follows

Step (1) Initialize the positions of the particleﬁPE 5 1, setall the{ F(PbY)}7_, andF(GH?) to a large
positive number;
For (( = 0;1 < Imax; [++)
Step (2) Evaluate{ F (P l))} for all the particles according to Equation (3.27) in PSO-SS MBER-MUT
optimization or Equation (3.39) in PSO-A MBER-MUT optimization;
Step (3) For @ = 1,1 < S; i++)
it [F(P) < F(Pb)]
Pyl = PV
End if;
End for;
i* = argminj<;<g F(Pbgl));
It [F(PbY) < F(GbY)]
G0 = Py,
End if;
=(0.5—25) - 1/ Ipax + 2.5 ;
= (2.5—0.5) - 1/Imax + 0.5 ;
For(@=1;i<8S;i++)
VZ(ZH) =w- V(l) +rand() - ¢ - [Pbgl) - 152([)] +rand() - ¢z - [GbY) — Pgl)] ;
it (v, ==0)
If (rand() < 0.5)

Vglﬂ) g =1and() -7+ (Vinax + JVinax);
Else

VEHI lp.g = —rand() - v - (Vimax + jVimax);
End if;

End if;

IF RV ] o] > Vinax)
§R[V§H1)|p7q] = Vinax;

End if;

If (%[ e ’p gl < —Vimax)
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§R[V§l+1)|p7q] = —Viax;
End if;
IF(SIVIY o] > Vinax)
SV ] = Vinaxd

End if;
I STV ] gl < —Vinax)
I
[Vz( ) |P7Q] = —Vinax;
End if;

P(l+1) 1f)(l) + V§l+1);

(2

If (RP™ |0 > Proa)

RIPUY), 0] = rand() - Puas;

End if;
If (R[P pity |p,q] < —Pmax)

7

RV, ] = —rand() - P,

End if;
I (SIPY Y ]0] > Proax)

%[PEHULD,(J] = rand() - Prmax;

End if;
If(\s[f’ |p ql < —Pmax)
[PV, ) = —rand() - P,
End if;
End for;
End for;

3.6 Computational Complexity

In this section the computational complexity of the symbol-specific MBER-MUWTadithe average MBER-

MUT algorithms using SQP and PSO are studied. Our computational compleldtyataon follows the

suggestions in [26]:

"For the sake of fair comparisons of the MUD algorithms, the number aFwlued operations is used

as the unit of complexity, and the complexities imposed by a real-valued linatign and a real-valued

addition might be considered equivalent. A single complex-valued additgmmplexity is equivalent to

that of two real-valued operations, and a complex-valued multiplicatioorapiexity is equivalent to that

of six real-valued operations.”

3.6.1 Symbol-specific MBER-MUT

The computational complexity per iteration of the SQP-based symbol-spedfeERMMUT scheme, ex-
tracted from [26] and that of our proposed PSO-SS MBER MUT schamedjsted in Table 4.4 for QPSK
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modulation. The total computational complexity equals the number of iterationthéhalgorithm required
in order to arrive at a globally optimal solution multiplied by this complexity per itematio

Table 3.1: Computational complexity per iteration of two symbol-sifiedMBER MUT designs for QPSK
signalling, wherel is the number of transmit antennds, is the number of mobile users, adis the
particle size.
Algorithm | Flops

SQP | O[8-K3 N3 +8-K3 N?>+8-N?.K2+22-K?-N+8-K-N?
+14-K24+18-K-N—-2-N?2+2- K+ N +11
PSO (38 N-K+8 N+7-K+3)-5+8

More explicitly, a detailed complexity calculation table for our proposed PS®ABER MUT scheme
per iteration is listed in Table 3.2, which considers the most complex operatiatgrally, the total com-
plexity depends on the number of transmit antenMathe number of user&” and on the size of the swarm
S, which is often set betwee$ =20 and 40.

Table 3.2: Detailed computational complexity per iteration for PSSO8BER MUT designs for QPSK
signalling, whereV is the number of transmit antennds the number of mobile users, asds the particle
size. The numbers in () indicate the index of the correspantiock in Fig. 2.8.

Stage Flops
Evaluate fitness (2) | (8 - N- K +7-K)-S
Updatec, ¢ (3) 4.2
Update velocities (3 2:-7-N-K-S
Update positions (3) 2-N-K-S

3.6.2 Average MBER-MUT

The computational complexity per iteration of the SQP-based average MBER &igorithm, extracted
from [26] and that of our proposed PSO-A MBER MUT scheme, are ligiethble 3.3 for QPSK mod-
ulation. The total computational complexity equals the number of iterations multipfi¢kebcomplexity
per iteration. It should be pointed out that for the symbol-specific MBEBMMhe precoding matrix has
to be recalculated for every symbol vector to be transmitted, while for thegeeVIBER-MUT, the pre-
coding matrix only has to be recalculated when the channel's complex eaviesgpchanged. Hence the
symbol-specific MBER-MUT exhibits a significantly higher computational comifyleOn the other hand,
it is expected that the symbol-specific MBER-MUT design provides a sliglgtieb performance, which
will be demonstrated in Section 3.7.

More explicitly, the detailed complexity calculations for our proposed PSOBER MUT algorithm
per iteration are listed in Table 3.4. Naturally, its complexity depends on the mwhbransmit antennas
N, the number of userk, the size of symbol constellatiolf and the sizes' of the swarm.
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Table 3.3: Computational complexity per iteration of two average MBERIT designs for QPSK sig-
nalling, whereN is the number of transmit antennds,is the number of mobile userd/ = 4 is the size of
symbol constellation and is the particle size.
Algorithm | Flops

SQP | K x (8 N2.K?2+6-N-K+6-N+8-K+4)- MK
+0[8- N3 K3 +8-N? - K2+16-N-K?+8-N?- K
+12-N-K+6-K?—-2-N>4+ N—-2-K +11
PSO |[(16-N-K+7-K+6-N+1)-MX+20-N-K+2]-S+8

Table 3.4: Detailed computational complexity per iteration for PSOWBER MUT designs for QPSK
signalling, wherel is the number of transmit antennds, is the number of mobile userd/ = 4 is the
size of the symbol constellation arfflis the particle size. The numbers in () indicate the indexhef t
corresponding block in Fig. 2.8.

Stage Flops
Evaluate fitness (2) | [(16 - N- K +7-K+6-N+1)- M¥ +2].§
Updatec, cs (3) 4-2
Update velocities (3 2-7-N-K-S
Update positions (3) 2-N-K-S

3.7 Simulation Results and Discussion

In this section, our simulation results are provided along with our related stimms. Since the terms
“TXMBER” and “TXMMSE" can also be seen in the literature [24], the noglature “TXMBER” and
“MBER-MUT” are used interchangeably, and so are “TxXMMSE” andVI8E-MUT".

3.7.1 The choice ofP,,..

The appropriate choice d?,,,, for the PSO-SS MBER-MUT and PSO-A MBER-MUT algorithms is con-
sidered here. The distribution of the absolute valuB gf , recorded for the PSO-SS MBER-MUT scheme
can be seen in Fig. 3.3, where 100 PSO-SS MBER-MUT precoding matveestaken into account for
the system employingv=4 transmit antennas to suppdit=4 QPSK users for communicating over flat
Rayleigh fading MIMO channels. It can be seen that among alMhéex - 2 - 100 = 3200 absolute values,
2496 fall in the interval 0of0, 0.5], 704 fall in the interval of 0.5, 1.0], while none of them exceeds 1.0.
This suggests that setting the valueRyf.. to be|Pp.x| = 1 for the PSO-SS MBER-MUT scheme should
be appropriate.

The distribution of the absolute value Bf|, , of the PSO-A MBER-MUT scheme can be seen in Fig.
3.4, where 100 PSO-A MBER-MUT precoding matrix are taken into acctarmthe system employing
N=4 transmit antennas to suppdtt=4 QPSK users for communicating over flat Rayleigh fading MIMO
channels. It can be seen that, among all the 3200 absolute values alid@tte interval of(0, 0.5], 579
fall in the interval of(0.5, 1.0], while none of them goes above 1.0. These suggest that setting the f/alue o
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Figure 3.3: The distribution of the absolute valueBf|,, , of the PSO-SS MBER-MUT scheme, where 100
PSO-SS MBER-MUT precoding matrices were taken into accfarrthe system employing/’=4 transmit
antennas to suppoit =4 QPSK users for communicating over flat Rayleigh fading Mkghannels.
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Figure 3.4: The distribution of the absolute valueBf|,, , of the PSO-A MBER-MUT scheme. 100 PSO-A
MBER-MUT precoding matrices were taken into account fordggtem employingv=4 transmit antennas

to supportik=4 QPSK users for communicating over flat Rayleigh fading Mighannels. We may notice

that the result is similar to what we have seen in Fig. 3.3.
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Table 3.5: Simulation parameters summary. CSIT means CSI at the titesside.

Parameter Value or Type
System
Modulation scheme QPSK
Transmit antennas 4
Receive end users 4
Channel flat Rayleigh fading
CSIT knowledge perfect
Channel realizations 100
PSO
Proax
Vinax

Ppax t0 be| Pax| = 1 for the PSO-A MBER-MUT algorithm is sufficient.

3.7.2 The effect of TVAC

The effects of TVAC described in Section 3.5 on the for PSO-SS MBERFMbUOd PSO-A MBER-MUT
algorithms are considered here. The simulation parameters are listed in Table 3

The effect of TVAC on the performance of the PSO-SS MBER-MUT suhéor the system employing
N=4 transmit antennas for supportifig=4 QPSK users communicating over flat Rayleigh fading MIMO
channels at Eb/No=15dB can be seen in Fig. 3.5. The performancebtaieed by averaging over 100
channel realizations.

It can be observed in Fig. 3.5 that, when the TVAC scheme is adopted, BeSBSVBER-MUT
algorithm converges to the optimal solution slightly earlier namely after aroQrigi@&tions. This suggests
that the TVAC scheme is capable of slightly enhancing the attainable perfoenshiour PSO-SS MBER-
MUT approach.

The effect of TVAC on the performance of the PSO-A MBER-MUT schéanghe system employing
N=4 transmit antennas for supportifg—4 QPSK users communicating over flat Rayleigh fading MIMO
channels at Eb/No=15dB can be seen in Fig. 3.6. The achieved penficenas obtained averaged over
100 channel realizations. As we can see in Fig. 3.6, the PSO-A MBER-&Igdrithm converges to the
optimal solution after around 40 iterations when the TVAC scheme is adoflitgdut]ysearlier than without
the TVAC scheme. This shows that the TVAC scheme is capable of modes#p@ng the performance of
PSO in our PSO-A MBER-MUT approach.

3.7.3 The choice ofy

The effect of the parameterdescribed in Equation (3.42) of Section 3.5 on the for PSO-SS MBER-MUT
and PSO-A MBER-MUT algorithms is considered in this part using the simulaticanpeters of Table 3.5.
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Figure 3.5: The effect of TVAC on the performance of the PSO-SS MBER-MUfesne for the system
employing N=4 transmit antennas to suppdft=4 QPSK users for communicating over flat Rayleigh fad-
ing MIMO channels at Eb/No=15dB. The benchmark performasfabe symbol-specific MBER-MUT at
Eb/No=15dB which can be observed in Fig. 3.16 is also showthigfigure. All system parameters are
summarized in Table 3.5.

The effect of the choice of in Equation (3.42) on the performance of the PSO-SS MBER-MUT scheme
for the system employingy=4 transmit antennas to suppdft=4 QPSK users for communicating over flat
Rayleigh fading MIMO channels at Eb/No=10dB is shown in Fig. 3.7. Agtia,performance averaged
over 100 channel realizations. It can be seen in Fig. 3.7 that fer 0.1, the PSO-SS MBER-MUT
algorithm converges to the optimal solution after about 20 iterations, whilgrneg slightly more iterations
for v = 0.05 and~ = 0.2. Hence, we can conclude that in this cages 0.1 is the best design option.

The effect of the choice of on the performance of the PSO-A MBER-MUT scheme for the system
employingN=4 transmit antennas to supp@&t4 QPSK users for communicating over flat Rayleigh fading
MIMO channels at Eb/No=10dB can be seen in Fig. 3.8. The BER perforen&vas averaged over 100
channel realizations. Again, itis clear that foe= 0.1, the PSO-A MBER-MUT algorithm converges to the
optimal solution after about 20 iterations, while requiring slightly more iterations = 0.05 and~y = 0.2.
Therefore, we can see that= 0.1 is also the best choice in this case.

3.7.4 The choice ofS

The effect of the swarm siz8 for the PSO-SS MBER-MUT and PSO-A MBER-MUT algorithms are
quantified in this part using the simulation parameters of Table 3.5.

The influence of the swarm sizeon the attainable performance of the PSO-SS MBER-MUT scheme
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Figure 3.6: The effect of TVAC on the performance of the PSO-A MBER-MUheme for the system
employing N=4 transmit antennas to suppdft=4 QPSK users for communicating over flat Rayleigh fad-
ing MIMO channels at Eb/No=15dB. Again, the benchmark penfince of the average MBER-MUT at
Eb/No=15dB which can be observed in Fig. 3.16 is also showthigfigure. All system parameters are
summarized in Table 3.5.

for the system employingy=4 transmit antennas to suppaétt=4 QPSK users for communicating over flat
Rayleigh fading MIMO channels at Eb/No=15dB can be seen in Fig. 3.@aldth the associated compu-
tational complexity. The related performances were recorded upoagaugrover 100 channel realizations.

Observe in Fig. 3.9, theff = 10 failed to ensure convergence to the optimal solution, while the algorithm
associated witth = 20, 30 and 40 converged to the optimal PSO-SS MBER MUT solution. ljunotion
with S = 20, the algorithm converged after about 28 iterations at a complexityt835,984 Flops, while
for S = 30 and 40, the algorithm converged after 20 iterations at the complexity @0402,760 Flops and
536,960 Flops, respectively. In this case the best design chafte-ig0.

The effect of the swarm siz€& on the performance of the PSO-A MBER-MUT scheme recorded for
the system employingv=4 transmit antennas to suppdit=4 QPSK users for communicating over flat
Rayleigh fading MIMO channels at Eb/No=15dB can be seen in Fig. 3.1dhnjunction with the related
computational complexity. The performances were obtained by averagingesiilts over 100 channel
realizations.

It can also be observed that= 10 failed to ensure convergence to the optimal solution while the
algorithm associated with S = 20, 30 and 40 converged to the optimal PSOERMBJT solution. When
using S = 20, the algorithm converged after around 40 iterations at a ¢atigmal cost of 63,541,120 Flops,
for S = 30, the algorithm converged after 27 iterations at the costs of 64,335|8@86, while forS = 40,
the scheme requires 79,426,200 Flops to converge after 25 iterationse,Hethis case, the best choice of
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Figure 3.7: The effect of the choice of in Equation (3.42) on the performance of the PSO-SS MBER-MUT
scheme for the system employifg=4 transmit antennas to suppdit=4 QPSK users for communicating
over flat Rayleigh fading MIMO channels at Eb/No=10dB. Thedienark performance of the symbol-
specific MBER-MUT at Eb/No=10dB which can be observed in Bid6 is also shown in this figure. All
system parameters are summarized in Table 3.5.

Table 3.6: Simulation parameters in showing the BER cost functionesias.

Parameter Value or Type
Modulation scheme QPSK
Transmit (or receive) antennas 1
Number of users 1
Channel flat Rayleigh fading
CSIT (or CSIR) knowledge perfect
Channel [—1.09678 + j0.481258]

S is also 20.

3.7.5 Single-user BER cost function surface

Here, three types of BER CF surfaces are shown far & (1)-element system, namely, the one for the
MBER-MUD [143], the one for the average MBER-MUT as well as thokthe symbol-specific MBER-
MUT concerning each of the four legitimate transmitted symbols, when the #adebceived signals are
expressed in the form of Equation 3.43. The simulation parameters are listedla 3.6. Let us now



3.7.5. Single-user BER cost function surface 74

g
©
L7}
&

BER

—©—y=0.1

—=—vy=0.05

——y=0.2

Averaged MBER-MUT

1073 | | | | | | |
0 5 10 15 20 25 30 35 40

Iteration index

Figure 3.8: The effect of the parameterin Equation (3.42) on the performance of the PSO-A MBER-MUT
scheme for the system employifg=4 transmit antennas to suppdit=4 QPSK users for communicating
over flat Rayleigh fading MIMO channels at Eb/No=10dB. Agdhre benchmark performance of the av-
erage MBER-MUT at Eb/No=10dB which can be observed in Fi$j63s also shown in this figure. All
system parameters are summarized in Table 3.5.

consider the MUD and MUT scenarios formulated as:

y = W(Hx+n) forMUD (3.43)
= HPx+oa 'n forMUT.

First of all, the BER CF surface of the system invoking the MBER-MUD atgor and employing
N=1 receive antenna to suppdit=1 QPSK user communicating over a flat Rayleigh fading channel at
Eb/No=5dB is shown in Fig. 3.11. Both the MMSE-MUD and the MBER-MUD $iolis are characterized.
The BER CF does not have a closed-form solution for the MBER-MUD ksidor transmission over
Rayleigh fading channels. Hence, an iterative strategy based on thestelescent gradient method can be
adopted for finding the MBER solution [26]. It is observed in Fig. 3.11 thatMMSE-MUD solution does
not coincide with the MBER-MUD solution, since the output of the detectionissamussian distributed. It
can also be observed from Fig. 3.11 that there are infinite number of MBEERonNs.

The BER cost function surfaces for the system invoking the symboHgp8BER-MUT algorithm
and employingN=1 transmit antenna to suppdki=1 QPSK user for communicating over flat Rayleigh
fading MIMO channels at Eb/No=5dB is shown in Fig. 3.13. All the BER &tef of the four legitimate
transmission symbols can be seen. Both the MMSE-MUT and the MBER-MUificos are characterized.
As for the MBER-MUD characterized in Fig. 3.11, the BER CF surfacdsbéixless smoothly evolving
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Figure 3.9: (a)The effect of the choice of on the performance of the PSO-SS MBER-MUT scheme
for the system employingv=4 transmit antennas to suppdit=4 QPSK users for communicating over
flat Rayleigh fading MIMO channels at Eb/No=15dB. The benaHaperformance of the symbol-specific
MBER-MUT at Eb/No=15dB which can be observed in Fig. 3.16heven in this figure as well. (b) The
related computational complexity. All system parameteessammarized in Table 3.5.
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Figure 3.10: (a) The effect of the swarm siz& on the performance of the PSO-A MBER-MUT scheme
for the system employingv=4 transmit antennas to suppdit=4 QPSK users for communicating over
flat Rayleigh fading MIMO channels at Eb/No=15dB. Again, tflenchmark performance of the average
MBER-MUT at Eb/No=15dB which can be observed in Fig. 3.16lahown in this figure. (b) The
related computational complexity. All system parameteessammarized in Table 3.5.
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MMSE-MUD solution

log(Pe)

Figure 3.11: The BER cost function surface for the system invoking the MBHEUD [143] algorithm and
employing N=1 receive antenna to suppdit=1 QPSK user for communicating over flat Rayleigh fading
channel at Eb/No=5dB. The channel coefficierlis= [—1.09678 + j0.481258]. Since the cost function is
undefined whefW = [0 + ;0], hence there is a blank point in the figure.

shapes than say the typical paraboloid-like MMSE surfaces. Henceemgnable to derive closed-form
solutions for the weights of the precoding matrix of the symbol-specific MBERF scheme of Section
3.4.1. As a solution, an iterative strategy is used. Interestingly, we camabm Fig. 3.13 that in this

(1 x 1)-element system, the BER cost function surfaces for the four legitimatentitted symbol are
identical. This phenomenon suggests that ih a ()-element single-user system, the shape of the BER cost
function surface is only affected by the CIR as well as the SNR, namelndise level.

The BER cost function surface for the system invoking average MBER- algorithm of Section 3.4.2
and employingV=1 transmit antennas to suppdft=1 QPSK users for communicating over flat Rayleigh
fading MIMO channels at Eb/No=5dB is shown in Fig. 3.12. This was aaxbby averaging the BER cost
function surfaces of all legitimate transmission symbols. The MMSE-MUT sallii@also characterized.
Again, both the symbol-specific MBER-MUT and the average MBER-MUToallgm outperformed the
MMSE-MUT solution. It is quite interesting to see in Fig. 3.12 and Fig. 3.13 titépagh there is a power
constraint, there are again infinite number of MBER solutions for the peztsocbefficients for thid x 1
system.
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MMSE-MUT solution

Figure 3.12: The BER cost function surface for the system invoking theaye MBER-MUT algorithm
and employingN=1 transmit antenna to suppdki=1 QPSK user for communicating over flat Rayleigh
fading channel at Eb/No=5dB. The channel coefficiedis- [-1.09678 + j0.481258]. The cost function
is undefined wheW = [0 + ;0], therefore there is a blank point in the figure.

3.7.6 Two-user scenario

In the above example, we showed that the BER cost function surfadee &iBER-MUD, the symbol-
specific MBER-MUT and average MBER-MUT are identical fod&(l)-element single user QPSK system,
hence resulting in the same MBER solution. The same conclusions remain vhbd, more users are
supported, namely, also in the scenario when MUI is imposed. In this pam-ader scenario is considered,
where there ar@/ X = 42=16 legitimate transmission symbol vectors. The simulation parameters are listed
in Table 3.7. The CIRs of the&(x 2)-element system are:

g | 0-045+70121 —0.797 — j0.435
—0.574 — j0.340 — 0.262 — j1.920 |

If the baseband received signals are expressed in the form givequatin 3.43, for the MUD receiver
weightsW ..., we have

1.865 — 70.004  — 0.562 + 70.726
J J ] , (3.44)

Wmmse = X .
—0.459 + j0.533 — 0.140 + 50.169
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Figure 3.13: The BER cost function surfaces for the system invoking thatsy-specific MBER-MUT
algorithm and employingv=1 transmit antenna to suppdii=1 QPSK user for communicating over flat

Rayleigh fading channel at Eb/No=5dB. The channel coefficie H = [—1.09678 + ;j0.481258]. (a)
x = [‘/75 +j§]. (b)x = [@ —j\/g]. c)x = [—‘/75 +j§]. (d)yx = [—@ —j‘/TE]. Since the cost

function is undefined wheW = [0 + 0], hence there are blank points in these figures.

and
1.074 — 50.053 —0.470 + 50.612
Winber = ! +J . (345)
—0.328 +50.333 —0.115+ 50.113
By contrast, in the case of the MMSE-MUT and the average MBER-MUTr #lgus, the precoder
weights are:
1.865 — 70.004  — 0.562 + j0.726
Pumse = J J , (3.46)
—0.459 + j0.533  — 0.140 + j0.169
and
1.074 — 50.053 —0.470 + 50.612
Pa—mber = / i . (347)
—0.328 + j0.333 —0.115+ 50.113
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Table 3.7: Simulation parameters in th€ = 2 users case.

Parameter Value or Type
Modulation scheme QPSK
Transmit (or receive) antennas 2
Number of users 2
Channel flat Rayleigh fading
CSIT (or CSIR) knowledge perfect
SNR 10dB
When the symbol-specific MBER-MUT algorithm is considered, we arrivifferent results emerging
from our simulations. Whex = [\[ -l—j\[ ‘[ -|-j\2f] orx = [— @ —j@ — @ —j@]T
[\f f ‘[ ‘[] orx = [— ‘[ +7% ‘[ f + jf]T, the values for the precoding matrix
are:
1.058 + j0.090  — 0.287 + j0.496
Pssfmber,l = *J i . (348)
—0.440 4 50.264 — 0.115+ 50.258
By Contrast, forx = [@ — j@ v2 +]§]T orx = [—@ +j§ — @ - j@]T orx =
5+ J% + %2 orx = [-¥2 — j¥2 2 5V2T the values for the precoding matrix are:
F+ig —F i F —i¢ ¢~ i*¢)", the values for the precoding matri

1.118 — j0.061  — 0.394 + 50.430
Pssfmber,2 = . ) . (349)
—0.425 4 50.398 —0.004 + 50.252
Forx = [ 475 479 orx = PR =g = =) orx = P24 2 - p )"
orx = [-¥2 —j¥2 — Y21 j¥21T the values for the precoding matrix are:
1.001 + 50.180  — 0.245 + 50.872
Pss_mber3 = . . . (350)
—0.158 4+ 50.258 —0.213 — 50.087

Finally, forx = [—Y2 — j¥2 Y24 j¥2|T orx = [V2 4 j¥2 _v2 V2| Tory — [V2 _ j¥2 _
@ + j@]T orx = [—§ +i%E 2 j?]T, the values for the precoding matrix are:
1.017 — 5j0.258  — 0.823 + 50.365
Pssfmber/l = . . . (351)
—0.156 + j0.212  — 0.067 — 50.108

As we can see, the weights of the MBER-MUD and those of the averageRVIBHT are identical,
since they are obtained by averaging over all the 16 legitimate transmissionlsygotmrs. Moreover, those
of the latter are more difficult to derive in practice owing to the additional toaalsimit power constraint of
Equation (3.6).

For the symbol-specific MBER-MUT scheme, there are four differetd e precoding matrice®
based on the 16 legitimate transmission symbol vectors considered. Th#upsts that different sets
of legitimate transmission symbol vectors may results in the same precoding malfieesrtheless, this
precoding matrix is specifically designed for these sets of legitimate transmssitool vectors, which
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is in contrast to the more generic average MBER-MUT solution. This explaéBER performance gain
of the symbol-specific MBER-MUT over the average MBER-MUT, whichdkiaved at the expense of an
increased computational complexity.

3.7.7 Convergence and complexity

SNR=10dB
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Figure 3.14: Convergence performance of the SQP as well as PSO-SS and\REEER-MUT schemes
for the system employingy = 4 transmit antennas to suppdit = 4 QPSK mobile users over flat Rayleigh
fading channels abb/No=10 dB and 15 dB, repsectively. All system parameters arevanmed in Table
3.5.

In this section, we provide a convergence and complexity study for theaSQ¥Il as for the PSO-SS
and PSO-A MBER-MUT schemes for the system employMg= 4 transmit antennas to suppdit = 4
QPSK mobile users communicating over flat Rayleigh fading channels. The sonigarameters are listed
in Table 3.5.

Fig. 3.14 compares the convergence performance of the SQP as welCaddsed symbol-specific
and average MBER MUT schemes, operating at the SNR valuég dB and 15 dB, respectively. For
the symbol-specific MBER MUT communicating at SNRLO dB, it can be seen from Fig. 3.14 that the
SQP algorithm converged to the optimal solution after 70 iterations, while its P8@tarpart arrived at
the same optimal solution after 20 iterations. In the case of the average MBERdesign operating at
SNR= 10 dB, the SQP algorithm converged to the optimal solution after 100 iterationte thie PSO
algorithm arrived at the same optimal solution after 20 iterations.

Fig. 3.15 shows the complexity versus iteration index for the four MBER-MId3igns studied at the
SNR value of 10 dB. For the symbol-specific MBER MUT communicating at SNR) dB, the SQP
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Figure 3.15: Complexity versus iteration index comparison of the SQP aB as PSO-SS and PSO-A
MBER-MUT schemes for the system employing= 4 transmit antennas to suppdit = 4 QPSK mobile
users over flat Rayleigh fading channels at Eb/No=10 dB. ydtem parameters are summarized in Table
3.5.

algorithm required 3,180,170 Flops to converge to the optimal solution, whil® 8@ aided algorithm
converged to the same optimal solution at the cost of 268,560 Flops. HenP&®-aided symbol-specific
MBER-MUT design imposed an approximately twelve times lower complexity than i &interpart
for this case. For the average MBER MUT design operating at-SNR dB, the SQP algorithm needed
229,351,100 Flops to converge to the optimal solution, while the PSO aidedahgyaonverged at the cost
of 34,561,760 Flops. Therefore, the PSO-aided average MBER-Mi$igd imposed an approximately
seven times lower complexity than its SQP counterpart in the scenario invedtigate

It can also be seen from Fig. 3.14 that at SNR5 dB the SQP based symbol-specific MBER MUT
converged after 80 iterations, which required 3,634,480 Flops, whileSkedtded symbol-specific MBER
MUT achieved convergence after 30 iterations, which required 40ER43. Thus, the PSO-aided symbol-
specific MBER-MUT design imposed an approximately nine times lower complextyitea SQP counter-
part for the SNR value of 15 dB. Similarly, it can be seen from Fig. 3.14ah8NR= 15 dB the SQP based
average MBER MUT algorithm took 140 iterations to converge at a total coditypleost of 321,091,540
Flops, while the PSO-aided average MBER MUT design needed 40 iteratiarmverge at a total cost
of 63,541,120 Flops. It was then plausible that the PSO-aided averagdRMUBJT design imposed an
approximately five times lower complexity than its SQP-based counterpartigates! in this scenario.
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Figure 3.16: BER versus SNR performance of the PSO-SS MBER-MUT and PSCBERIMUT commu-
nicating over flat Rayleigh fading channels usiNg= 4 transmit antennas to suppdtt = 4 QPSK mobile
users, in comparison with the benchmark MMSE-MUT. The clehestimation error was assumed to be
Gaussian and had a standard deviation of 0.05 er noise-diarenAll system parameters are summarized
in Table 3.5.

3.7.8 Performance and Discussions

The BER versus SNR performances of the PSO-SS MBER-MUT andARSBER-MUT schemes com-
municating over flat Rayleigh fading channels usifig= 4 transmit antennas to suppdit = 4 QPSK
mobile users, can be seen in Fig. 3.16 in comparison to the benchmark MM8Eskheme. The simula-
tion parameters are listed in Table 3.5.

Fig. 3.16 compares the BER performance of the MMSE-MUT scheme to tlidke BSO-SS MBER-
MUT and PSO-A MBER-MUT schemes, assuming a perfect CSI knowledigiee BS. It is seen that the
PSO-SS MBER-MUT achieved an SNR gain of 4.5 dB over the MMSE-MUihatiarget BER ofl0—4,
while the PSO-A MBER-MUT provided an SNR gain of 3 dB over the MMSE-M&theme at the same
target BER level. The robustness of the two PSO-aided MBER-MUT schémnmehannel estimation error
was also investigated by adding a Gaussian white noise with a standard deefddi®5 per dimension to
each channel tajp; . to represent channel estimation error. The BERs of the MMSE-MUT antiit PSO
based MBER-MUT schemes under this channel estimation error are atsedgloFig. 3.16. It can be seen
that both the PSO-SS and PSO-A MBER-MUT designs were no more sensitthannel estimation error
than the MMSE-MUT design.
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3.8 Conclusions

Table 3.8: Computational complexity summary.

Complexity(Flops)/SNR Complexity(Flops)/SNR
SQP (Average MBER-MUT) 229,351,100/10dHE 321,091,540/15dH
PSO (Average MBER-MUT) 34,561,760/10dB 63,541,120/15dB
SQP (Symbol-specific MBER-MUT 3,180,170/10dB 3,634,480/15dB
PSO (Symbol-specific MBER-MUT 268,560/10dB 402,840/15dB

In this chapter, we focused our attention on the computational complexitgtiedwf linear MBER-
MUTSs, namely that of the symbol-specific MBER-MUT and of the averagsee RBVIUT. The MUT using
the MMSE criterion is popular owing to its implementational and concept simplicityvener, since the
BER is the ultimate system performance indicator, we are more interested in tERNBJT design.
Unlike the MBER-MUD, the MBER-MUT design encounters a power coirstihnonlinear optimization
problem. The SQP algorithm [24] may be used to obtain the precoderoieets. However, the computa-
tional complexity of the SQP based MBER-MUT solution may be excessivieifbrrate systems. Hence,
as an attractive design alternative, in this chapter, continuous-valuedvas invoked in order to find the
MBER-MUT’s precoder matriX for reducing its computational complexity.

Two PSO aided MBER-MUTs were designed and characterized in thigerhafhe first one may be
referred to as the symbol-specific MBER-MUT, while the other one as thimge MBER-MUT. Simulation
results of Fig. 3.15 demonstrated that both of our designs provide an ierpemt in comparison to conven-
tional linear MUT schemes at a reduced complexity compared to the stateSPR based MBER-MUT.
More explicitly, in the case of the symbol-specific MBER-MUT of Section 3.4t ekample, in a4 x 4)-
element MIMO system communicating over flat Rayleigh fading channels ﬁt\lﬂmf% = 10dB when
a QPSK modulation scheme is adopted, observe in Fig. 3.14 that our PSOVIEER-MUT algorithm
arrives at the MBER-MUT solution at a twelve times lower complexity than the B&ed MBER-MUT
design as seen in Table 3.8. Similarly, observe in Table 3.8 that its computat@nplexity is nine times
lower than that of the SQP based approach when the operating Sﬁfg?:ism dB. In the case of the aver-
age MBER-MUT scheme of Section 3.4.2, for example, it & {)-element MIMO system communicating
over flat Rayleigh fading channels at an given SN%f = 10dB when a QPSK modulation scheme is
adopted, our PSO aided MBER-MUT algorithm arrives at the MBER-MUOITiton at a seven times lower
complexity than the SQP based MBER-MUT design. Similarly, its computational leaitpis seen to be
five times lower in Fig. 3.14 than that of the SQP based approach, whenehatiog SNR isﬁ—g = 15dB,
again, these are summarized in Table 3.8.

These results demonstrated the efficiency of using continous-valuedal®@thms in deriving the
linear MBER-MUT'’s precoder weights at a reduced computational cortiplér the next chapter, we will
look into the application of discrete-valued PSO algorithm in the area of thamigiry nonlinear MUT
scheme, namely vector precoding.



Chapte

Particle Swarm Optimization Aided Vector
Precoding

4.1 Introduction and Relevance to Previous Chapters

In Chapter 3, we demonstrated the efficiency of using continous-val8€& d&gorithms in deriving the
linear MBER-MUT's precoder weights at a reduced computational coritpléxowever, the computational
complexity becomes potentially higher fir the VP considered in this chapterhwbiastitutes a nonlinear
MUT.

As we argued in Section 2.1.2.3, the classic sphere encoding algorithrmf#sh has a similar reduced-
search philosophy to that of the sphere decoding algorithm [33] usedJb M], is indeed capable of
achieving the optimum performance. However, its computational complexity meynie prohibitive in
high-dimensional problems. Several suboptimum algorithms have beeasgajn order to reduce the
average complexity at the expense of some performance degradatjd4], lime authors adopted the lattice
reduction method [144] and Babai's approximate closest point solutiof] fb4 the sake of reducing the
complexity of the nonlinear VP, following a similar philosophy to those of [14%] §l46]. The authors
of [4] extended these solutions to MMSE-VP based on [32].

Against this background, in this chapter we embark on designing a lowdegitypsearch algorithm
based on the discrete-valued PSO instead of the sphere encoding atgufr[&8] for finding the optimum
perturbation vector in order to reduce the computational complexity imposeslapproach provides a flex-
ible computational complexity as a benefit of its iterative optimization, while the lakdeetion approach
of [4] has a non-reconfigurable complexity.

The system model is introduced in Section 4.2 and we revisit the cost fuadtoWP in Section 4.3.
In Section 4.4, a rudimentary introduction to the discrete multi-valued PSO iglpbvT he discrete multi-
valued PSO aided low-complexity VP design is proposed in Section 4.5 anartespgonding computa-
tional complexity is discussed in Section 4.6. Our simulation results are prowvidgection 4.7, followed
by our discussions and the chapter conclusions in Section 4.8.
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4.2 System Model

As previously detailed in the context of Fig. 2.3 in Section 2.1.2.1, the DL ofla/& system supporting
non-cooperative mobile receivers is considered here, where theg@iped with/N transmit antennas
communicates with’ non-cooperative MSs over frequency-flat fading channels, eagsioying a single
receive antenna and a modulo device. The system model used throtigb@hapter is the same as the one
we introduced in Section 2.1.2.1, which is repeatly described in the followindpéoreader’s convenience.

The K-element information symbol vector to be perturbed is giverxby [z1, 2o, -, zx]7, Where
the symbol energy i&[|z|?] = o2, for 1<k<K, andzy is an i.i.d. uniformly distributed random vari-
able. Recall from Section 2.1.2.1 that the perturbed symbol vectmaving a dimension of( is given
by u = x + w, wherew is the perturbation vector given as [23] = 7¢. The (V x K)-element
precoding matrixP is denoted a®¥ = [pi,p2, - - ,Pxk], Wherepg, 1 < k < K represents the pre-
coder’s coefficient vector configured for théh user’s data stream. Th&(x N)-element channel matrix
H is denoted adl = [hy, hy,--- ,hg|T, whereh,, 1<k<K is the kth user's CIR, which is given by
hy = [hg1, b2, - s hin], k=1,2,---, K. The CIR tapsy, ;, for 1<k<K and1<i<N are independent
of each other and obey the complex-valued Gaussian distribution assogititeE]| 1y, ;|*] = 1. The Gaus-
sian noise vecton is given byn = [ny,n9,--- ,nx]?, wheren;, 1<k<K is a complex-valued Gaussian
random variable with zero mean aBfln;|*] = 202 = N,. When the total transmit power is constrained
to beEr at the BS, an appropriate scaling factor is used to fulfill this transmit poamstaint, which is
defined asy = \/W At the receiver, the reciprocal of the scaling factor, nametly, is used to
scale the received signal in order to maintain a unity-gain transmission, agaietailed in Section 2.1.2.1.

Thus, the signal vector before the modulo operation can be descrilyed &Pu+a~'n, the received
signal vectoly = [y; y2 - - - yx|” after the modulo operation is given py= mod. (y), andyy, 1 < k < K,
constitutes sufficient statistics for tl¢h MS to detect the transmitted information data symiothrough
gquantization.

4.3 Cost Functions for Vector Precoding

The cost functions for ZF-VP and MMSE-VP have been introduced ati@e2.1.2.2 and Section 2.1.2.3,
respectively. More explicitly, the cost function of ZF-VP was formulateBduation (2.31) as:

wzp = argmin [HY (HET) " (x + w)]3,
while the cost function of MMSE-VP was given in Equation (2.59) as:

WM MSE = arg n&i)n IL(x 4+ w)|f5-

The perturbation vector is given by = 7¢, wherer is a positive number determined by the modulation
constellation employed. More explicitly, if th&/-point square-shaped Gray coded quadrature amplitude
modulation (QAM) constellation of

{i;...inQ—l}H{i;...,iWQ—l}
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is used, the modulo operation parameter can be settoyv M [4,32], and¢ is a complex-valued vector
whose components ate+ jb, wherea andb are integers.

4.4 Discrete Multi-Valued PSO

Typical discrete particle swarm optimization algorithms are designed forybirsdned optimization prob-
lems [129]. As we will show in Section 4.7, for each corresponding fespace of the real and imaginary
part of theKK -element complex-valued may be restricted to be-2, —1,0, 1, 2]>*X. If the binary-valued
PSO is employed [129], this five-element set requires a three-bit biegargsentation, which ranges be-
tween [0-7] covering 8 integers, while we only need five of them in oue cabus, special measures would
be required to handle the values outside the original five-element randpe dfiscrete variable. Hence,
binary-valued PSO techniques are not ideal for our problem and ogted a discrete multi-valued PSO
to solve our specific problem in this case. More explicitly, we follow the psafgoutlined in [135] and
invoke the authors’ discrete multi-valued PSO algorithm after appropriate wetitifis in order to solve
our problem. In the next section, the original discrete multi-valued PSOitdgoproposed in [135] is
introduced.

441 Discrete Multi-Valued PSO

The discrete multi-valued PSO algorithm proposed in [135] deals with optimizpatmiriems, where the
range of discrete variable values spéhs (M — 1)]. Hence, this algorithm is capable of solving a generic
discrete and complex-valued optimization problem formulated as:

P, = argmin F(P); st.:P ¢ SR (4.1)
P

whereP is a(N x K)-element discrete and complex-valued matrix to be optimized, and

S=1[0, M—1]+j4[0, M —1] (4.2)

defines the search range for each elemeiit.oFhe flow chart of the corresponding PSO algorithm is shown
in Fig.4.1. A swarm of particle§P'"}$_, , which represents the potential solutions is evolved in the search
spaceS™*X whereS is the swarm size and the indéxlenotes the iteration index. The search process of
this discrete multi-valued PSO is explained as follows:

1) The swarm initialization - block 1 of Fig. 4.1

This step is similar to what we have introduced for block 1 of Fig. 2.8 in the gbofethe MBER-
MUT. In other words, the procedures of the MBER-MUT are also apblec&or the VP design of this
chapter. For the reader’s convenience we repeat these prosdikne Atl = 0, the initial particles,
{PEO)}Z-S:P are randomly generated in the search siBit&” . More explicitly, the real and imaginary part
of every element of the particle{?go) #  isinitialized to a discrete number within the rarjge M — 1].

2) The swarm evaluation - block 2 of Fig. 4.1
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Initialize the particles

Update velocities Vz(.l)

5(0)
P} 1 : :
3 i
E Update positions lf’gl) i
Evaluate cost {F(lf’gl))}f:1
2
update {be.l)}f:1 and GbM)
v
Termm Start a new iteration

Output solution Gb

Figure 4.1: Flow chart of the discrete multi-valued PSO algorithm

Again, this part of the PSO-aided VP is identical to the one we have alretrdgliced in block 2 of
Fig. 2.8 in Section 2.2.1.3. More explicitly, each partié?{el) is associated with a fithess valuEZ—:{PE”),
which is evaluated based on the cost function given in Equation (2.3t)datF-VP and by Equation (2.59)
for the MMSE-VP. Each particlé’gl) is capable of remembering its best individual position visited so far,
denoted anEl), which provides the cognitive information. Every particle also remembeifsasigposition
visited so far by the entire swarm, denoted@s" , which provides the social information. As seen in Fig.
4.1, both{Pbgl) le andGbY) are updated in each iteration, if a better individual particle position and an
improved swarm best position is found, respectively.

To elaborate a little further{PbEZ)}f:1 is updated in block 2 of Fig. 4.1. For thth particle, where
1 <¢ < S5, the CF values oF(PZ@) andF(PbZ@) are compared in block 2 of Fig. 4.1. If the CF value
of F(PZ(.Z)) is equal to or higher than that (FI‘(PbEl)), this implies that the new position that tftl particle
visited during thdth iteration yields a higher CF value, i. e. a reduced fitness in our caseeHlea new
visited position is no better than thith particle’s previously visited best position during its most recent
(I — 1) iterations. Therefore the CF vaIuesE’(PbEl)) andel(.l) will remain the same as their previous
values, namerF(Pbgl*l)) and Pbglfl)
F(Pbgl)), then the new position that thith particle visited during théh iteration yields a lower CF value,

, respectively. If the CF value oF(PEl)) is lower than that of
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i. e. an increased fitness, hence the new visited position is better théath tharticle’s previously visited
best position during its last ¢ 1) iterations. Consequently the CF vaIuel@(PbEl)) and Pbgl) will be
replaced by those dF(PbEl)) andez@, respectively.

As seen in block 2 of Fig. 4.1, after the update{iﬁbgl)}f:l, Gb(D is updated. The best individual
particle position at thé&h iterationPbZ@ is the one, which provides the lowest CF value, namely the highest
fitness value. Then, the CF value B{Pb\") is compared to that oF (Gb(")). If the value of F(Pb))
is lower than that of"(Gb("), then the best position that the whole swarm visited duringtthéeration
results in a reduced CF value, namely an increased fitness value. Hermasttion obegi) is better than
the entire swarm’s previously visited best positi@h‘~?) during its last { — 1) iterations. Hence the CF
value of F(Gb®) and Gb® will be replaced by those of (Pb")) andPb", respectively. Otherwise,
F(GbW) andGb® will remain the same”(Gb(!~1)) andGb{~ 1), respectively. The related pseudocode is
as follows:

For(@=1;i<S;i++)
it FPY) < Py Pyl =P,
End for;
i* = argminj<;<g F(Pbgl));
[ FPLY) < F(GbD)] GbD = Pp!;

3) The swarm update - block 3 of Fig. 4.1

In contrast to block 1 and 2 of the MBER-MUT, this block of the VP designifieint from what we
observed in block 3 of Fig. 2.8 in Section 2.2.1.3. The difference lies in theegs of updating the position
P, which is detailed in the following.

Explicitly, each particlé®; has a velocityvgl) during thelth iteration, which controls its 'flight’. The
velocity and position of théth particle at thel(+ 1)st iteration are updated according to Equation (2.63),
which is repeated here for convenience:

VZ(ZH) =+ ~V§l) + rand() - ¢; - [sz@ — Pgl)] + rand() - cp - [GOD — 151(})}7

whererand() denotes the uniform random number between 0 and 1¢and 1.0 andcy = 1.0 are the
two acceleration coefficientsy;(! 1) is the inertia weight. The inertia weight is updated from iteration to
iteration, according to the following equation [135]:

Wmaz — 0.4) -« (Imax — 1
b0 . )é4 ). (4.3)

wherew, . = 0.9 and . is the maximum number of iterations. The effect of this time-variant inertia
weight is that in the early iterative stages, the particles would explore the esai@irch space, since the
particles’ momentum is preserved from the previous iteration, hence al gleaech is facilitated. By
contrast, during the later iterative stages, the employment of a low inertia iweityle would facilitate a
rapidly converging local search. This allows the PSO algorithm to explereritire legitimate search range,
hence avoiding premature convergence to a local optimum.
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In contrast to the approach adopted in Equation (2.64) in the contexintihoas-valued PSO aided
MBER-MUT which produces continous-valued position and in Equation3j2iY the context of binary
PSO which generates binary-valued position, each element of the velecttyrV here is transformed into
an integer number betweéi /] using the sigmoid transformation [129]:

M
. ) | 4.4
g(R| Ip.a)) 14 e— RV ) 9

M
1+ e_(g[VElJrl)han ‘

sig(SIVI TV gl) =

The position of the particl®!" ™

is updated also differently from Equation (2.64) as detailed below.
More explicitly, each element of the complex-valued posiﬂt{ﬁv’ng)\M] andS[PEl“)]p,q] is generated
P lal), o(M = 1)]

using the Gaussian distribution with a mean and standard deviatidf o (R[V,;
pql), o(M — 1)] respectively, where is a number to be chosen in order to enhance

or N[sig(3|
the algorithm’s performance, and it was suggested to empley0.2 for a ternary system in [135]. The

position of the particle?l(.l“) is updated according to the rules detailed in the next paragraph.

Let us consider the generation of the posit%[rf’gl“)b,q] as an example. We randomly pick a num-

ber from the Gaussian distribution associated with the center or meﬁlg(@‘f[ (t+1)

\p ¢)) and standard
deviation of(M — 1) - p. Then we “round” this number to the nearest integer. If the integer is l@ss th
0, then the positiofk[P (Hl)\p q] is set to O, else if the integer is larger thawf (— 1), thenR[P (l+1)|p7 ]

is set to (/ — 1), otherwiseR[P l“)\p ¢ is set to the closest integer. For example, if the search range of
the problem encompasses the integer positions in the rarige df, and we havé%[ (t+1) |p ¢)=0.8, then
given the mean Osfzg(%[VzUH Ip.q))=3.4499, the center of the corresponding normal distribution is 3.4499.
Furthermore, the standard deviation## — 1) - ¢ = 0.2 - (5 — 1) = 0.8. Assuming that the randomly
picked number is 2, since it is in the range[@f 4], hence we hav&[P (ZH)\p ¢ = 2. The corresponding

pseudocode used for the VP, which has to be contrasted to Equatiohdptbd MBER-MUT is as follows:

RPY,] = round[sz‘g(%[vﬁl*”rqu+<M—1>-g-mndn<>>] (4.5)
iy 0, sig®V, D) <o,
%[PE +1)’p7q] = . (1+1) e
M —1, sigR[V,  lpg) >M—1,
P, = round[sig(SIVITY ], ) + (M = 1) - o randn())] (4.6)
l
S| 1 0, sig(S[V{ \m]) <0,

M — 17 S/Lg( [V |p7<1]) > M — 1)
whererandn() is a random number generated from a standard normal distribution.

Observe from the above equations that both the real and imaginary Vdlle position is a discrete
number betweefD, M — 1]. Then, for any given value of the position, there is a certain probability fo
choosing a number betwe@h M — 1], which decreases as a function of its distance from the given value.

4) Termination condition check - block 4 of Fig. 4.1

This block is also similar to block 4 of Fig. 2.8 in Section 2.2.1.3, which considired/BER-MUT.
If the maximum number of iterations,, ., is reached, terminate the algorithm with the solut@il max)
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Another optional termination criterion is constituted by a pre-defined caostifin value, namely, when we
haveF(Gb') < r, wherer is the pre-defined cost function value. If the stopping criterion is notfiatjs
setl = [ + 1 and proceed to Ste}) of Fig. 4.1.

As we mentioned, each element of the velocity vedfds transformed into an integer number between
[0, M], which will be the average of the normal distribution used for generatingdiresponding position,
while our search space for the positionls M — 1]. We will show in Section 4.7 that the approach of
transforming each element of the velocity vecWrinto a number betweeft), M| rather than between
[0, M — 1] may limit the performance of the algorithm, since the latter approach providespaoved
performance in our case. More explicitly, the velocity vector elements determow far a particle may
move from its central position, which relates the velocity to the positions.

4.4.2 Example

Let us now use a simple example to show how this algorithm described by Figopérates. The two
dimensional problem to be minimized js — 2|3, where the corresponding search space is defined as any
integer between0, 5], it is clear that the global minimal point is = [2 2] associated with a fitness
function value ofF'(x) = 0. The related parameters are summarized in Table 4.1.

We would like to mention that a simple MUD example has been provided in Table PSEXtion 2.2.2.1
which used binary PSO. Therefore, the difference between thesexamapées is the that in the previous
example, the search space is 0 or 1, while in the example below, the seacehisplefined as any integer
between0, 5]°.

When the first search iteration starts, the value of the inertia weigh(tlis: % = 0.43,

1. For particle 1:

e For 1st element:
The velocity is calculated from Equation (2.63)%%71) =0.43-041-0.74-0+1-0.39- -3 =
—1.17. Then we havesig(V%Ll)) = 1.41, and after the “rounding” action, the new position
becomeng?l) =0.

e For 2nd element:
The velocity is calculated from Equation (2.63)‘&%72) =0.43-041-0.55-0+1-0.73-—1 =

—0.73. Hence we haveig(V}, ,,) = 1.94, and after the “rounding” action, the new position is

o (1.2)
5 (1
Py =1.

Therefore, the position for the 1st particle at the 1st iteraticﬁ(li% = [0 1]. The associated
fitness function value is theR = 5. Since this value is lower than the previous ond'of 8 in
Table 4.1 for the 1st particle, the personal best visited position is updal%ti% =10 1].

2. For particle 2:

e For 1st element:
The velocity is calculated from Equation (2.63)‘&% ) =0.43:041-0.61-0+1-0.58-0 = 0.
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Table 4.1: The related parameters of the optimization example usiregathorithm proposed in [135].
Please note that a similar example has been provided in PabBeof Section 2.2.2.1 which used binary
PSO. However, we are using discrete multi-valued PSO here.

Related parameters Value or Type
Fitness function®'(x) Ix — 2|13
Inertia weightw(®) (emas =04 (a1
Maximum number of iterations,, .« 5
al 1
Co 1
0 0.2
Search space for each dimension [0, 5]
Size of particle swarny 4
Initial position for particle 1P§0) [4 4]
Initial fitness value for particle 1 8
Initial position for particle ZP(QO) [1 0]
Initial fitness value for particle 2 5
Initial position for particle 3Pg0> [1 3]
Initial fitness value for particle 3 2
Initial position for particle 4Pflo) [3 0]
Initial fitness value for particle 4 5
Initial global best positionG(©) [1 3]
Initial fitness value foiGH(©) 2

Thensig(ngyl)) = 3, and after the “rounding” action, the new position beco@{a%l) = 9.

e For 2nd element:
The velocity quantified by Equation (2.6?)(1272) =043-04+1-0.07-0+1-0.37-3=1.12.
Then we havesz'g(V%m)) = 4.52. Following the “rounding” action, the new position becomes
Plyy =5
Therefore, the position for the 2nd particle at the 1st iteratidhéi@ = [2 5]. The associated
fithess function value is theR = 9. Since this value is higher than the previous valué'cf 5

for the 2nd particle, the best individual position still remal?isgl) =1 0].
3. For particle 3:

e For 1st element:
The velocity is calculated from Equation (2.63)\’5%71) =0.43-0+1-0.03-04+1-0.40-0 = 0.
Then we havesig(V%&l)) = 3, and after the “rounding” action, the new position becomes
13&:1%,)1) =4
e For 2nd element:
The velocity is calculated from Equation (2.63)‘&82) =0.43-0+1-0.65-0+1-0.57-0 = 0.
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Thensig(Vévz)

Therefore, the position for the 3rd particle at the 1st iteratioﬁ(g'ﬁ = [4 2]. The associated
fithess function value is theR = 4. Since this value is higher than the previous valué'cf 2
for the 3rd particle, the individual best visited position rem&mjél) =1 3].

) = 3, and after the “rounding” action, the new positiorﬁ%’m = 2.

4. For particle 4:

e For 1st element:
The velocity is calculated from Equation (2.63)‘é$471) =0.43-0+1-097-0+1-0.44- -2 =
—0.88. Thensz’g(V%ﬁt,l)) = 1.75, and after the “rounding” action, the new position becomes
Pl =3
e For 2nd element:
The velocity is calculated from Equation (2.63)‘&%,4,2) =043-0+1-0.77-0+1-0.56-3 =
1.70. Then we haveig(V(lM)) = 5.07, following the “rounding” action, the new position is
P&)z) =5
Therefore, the position for the 4th particle at the 1st iteratioﬁfj'é = [3 5]. The associated
fithess function value is then 10. Since this value is higher than the previ@us for the 4th

particle, the personal best visited position is s[t’iblff) =13 0].

5. Update ofGb(!)
Since now the best individual ever visited position is %Hgl) = [1 3], associated with a fitness
value of F = 2, which is identical to that o659, Therefore, the global best ever visited position
after the 1st iteration is updated@b()) = [1 3].

Then the algorithm proceeds to its 2nd iteration, while the value of the inertidntuveid) = 0.32,

1. For particle 1:
The position for the 1st particle at the 2nd iteration is found tPﬁ)Zé = [5 2]. The associated fithess
function value is therF’ = 9. Since this value is higher than the previous value for the 1st particle,
the best individual visited position is st]ﬂb?) = [0 1].

2. For particle 2:
The position for the 2nd particle at the 2nd iteration is found tdﬁé@ = [1 0]. The associated
fithess function value is thefR' = 5. Since this value is identical to the previous one for the 2nd
particle, the individual best visited position still remahéf) =1 0].

3. For particle 3:
The position for the 3rd particle at the 2nd iteration is found td?’@zé = [1 5]. The associated fitness
function value is therf” = 10. Since this value is higher than the previous value for the 3rd particle,
the best individual visited position is stlﬁbgf) =[1 3].

4. For patrticle 4.
The position for the 4th particle at the 2nd iteration is found t@tffé = [5 1]. The associated fitness
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function value is ther” = 10. Since this value is higher than the previous one for the 4th patrticle,
the individual best visited position is stitb'>) = [3 0].

5. Update 0iGb2)
Since now the best individual ever visited position is ﬁiﬂgf) = [1 3], associated with a fitness
value of ' = 2, which is equal to that o&b(1). Therefore, the global best ever visited position after
the 2nd iteration stays the same, whicl@is®) = [1 3].

Then the algorithm proceeds to its 3rd iteration, while the value of the inertiahiveld = 0.21,

1. For particle 1:
The position for the 1st particle at the 3rd iteration is found t(f’lgm?@ = [0 2]. The associated fitness
function value is therf” = 4. Since this value is lower than the previous value for the 1st particle, the
best individual visited position is stilPt{*) = [0 2].

2. For particle 2:
The position for the 2nd particle at the 3rd iteration is found t@é% = [3 4]. The associated fitness
function value is ther# = 5. Since this value is identical to the previous one for the 2nd particle, the
personal best visited position is sﬁﬂbég) =1 0].

3. For particle 3:
The position for the 3rd particle at the 3rd iteration is found tdf’é?@ = [3 1]. The associated fithess
function value is ther#” = 2. Since this value is identical to the previous one for the 3rd particle, the
best individual visited position is sti]PbéQ) =1 3].

4. For particle 4:
The position for the 4th particle at the 3rd iteration is found tcf’é@ = [2 4]. The associated fitness
function value is therf” = 4. Since this value is lower than the previous one for the 4th particle, the
individual best visited position is updated to Béf’) =12 4].

5. Update oiGb®)
Since now the best individual ever visited position is mgf’) = [1 3], associated with a fitness
value of F = 2 which is equal to that o6b(?). Therefore, the global best ever visited position after
3rd iteration stays the same, whichG®®) = [1 3].

Then the algorithm proceeds to its 4th iteration, while the value of the inertia twelgh= 0.10,

1. For particle 1:
The position for the 1st particle at the 4th iteration is found t@@@ = [3 3]. The associated fitness
function value is therf” = 2. Since this value is lower than the previous value for the 1st particle, the
individual best visited position is updated to Bé(14) =13 3].

2. For particle 2:
The position for the 2nd particle at the 4th iteration is found t@lé% = [0 0]. The associated fitness
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function value is ther = 8. Since this value is higher than the previous value for the 2nd patrticle,
the individual best visited position is stitb’? = [1 0].

3. For patrticle 3:
The position for the 3rd particle at the 4th iteration is found t(ﬁé@ = [2 5]. The associated fithess
function value is the#” = 9. Since this value is higher than the previous one for the 3rd particle, the
best individual visited position is sti]]’bgl) =1 3].

4. For particle 4:
The position for the 4th particle at the 4th iteration is found t?é@ =[5 3]. The associated fitness
function value is therF” = 10. Since this value is higher than the previous value for the 4th particle,
the best individual visited position is st]ﬂbff‘) =2 4].

5. Update oiGb®
Since now the best individual ever visited position is ﬁiﬂi(f) = [1 3], associated with a fitness
value of F' = 2 which is equal to that o&3b(3). Therefore, the global best ever visited position after
4th iteration stays the same, whichG®®*) = [1 3].

Then the algorithm proceeds to its 5th iteration, while the value of the inertia twelgh= 0,

1. For particle 1:
The position for the 1st particle at the 5th iteration is found tcf’lé% = [0 4]. The associated fitness
function value is therF’ = 8. Since this value is higher than the previous value for the 1st particle,
the best individual visited position is stitb!®) = [3 3].

2. For particle 2:
The position for the 2nd particle at the 5th iteration is found tcf’lé% = [5 3]. The associated fitness
function value is ther# = 10. Since this value is higher than the previous value for the 2nd patrticle,
the individual best visited position still remaﬁé&m =1 0].

3. For particle 3:
The position for the 3rd particle at the 5th iteration is found té’@@ = [2 2]. The associated fitness
function value is therf” = 0. Since this value is lower than the previous one for the 3rd particle, the
best individual visited position is updated to Bé§5) =12 2].

4. For particle 4.
The position for the 4th particle at the 5th iteration is found t(ﬁﬁ@ = [0 1]. The associated fitness
function value is therf” = 5. Since this value is higher than the previous value for the 4th particle,
the individual best visited position still remail " = [2 4].

5. Update ofGb(®)
Since now the best individual ever visited positiorPisgf) = [2 2], associated with a fitness value
of F = 0, which is lower than that o654, Therefore, the global best ever visited position after 5th
iteration isGb(® = [2 2]. We may also notice that this is the optimum solution, hence the optimum
position (solution) has been found in the 5th iteration.
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45 Discrete Multi-Valued PSO Aided VP

In this section, the appropriately adapted discrete multi-valued PSO algoritmvoleed for finding the
optimum perturbation vector of the ZF-VP and MMSE-VP algorithms.

As we will show in Section 4.7, for each of the corresponding searatespaft the real and imaginary
part of theK -element complex-valueg] its value may be restricted to the reduced-search-complexity range
of [-2, —1,0,1,2]?*K rather than searching through the entire legitimate range. This seagé-eatuc-
tion is reminiscent of the action of the sphere decoder or encoder. It isstiteg to see that a similar con-
clusion was made in [68]. Hence, to make the discrete multi-valued PSO algayighinable, the following
mapping should be employed in the optimization process— 0,—1 — 1,0 — 2,1 — 3,2 — 4.
Hence, the search space now becoffes, 2, 3, 42> K,

The search procedure is identical to that of Fig. 4.1 introduced in Sectprbdt we appropriately
adapted the original algorithm proposed in [135] in order to enhanceritsrpgnce, which will be demon-
strated in Section 4.7. The modifications are highlighted as follows:

1. Value ofc¢; andes, as defined in Equation (2.63)
The original algorithm [135] suggested the choice:pf= ¢, = 1, yet in our case, it was found that
c1 = co = 0.5 would provide a better performance;

2. Modification of Equation (4.4)
We may notice in Equation (4.4), that the number generated from the congisg velocity by
using the sigmoid function may reside within the rangd/af — 1, M] when our search space is
[0, M — 1]. Moreover, when we are searching for a number from the range2édd 3 for example,
there is certainly no pointin trying 4 during the search procedure. Hamoar approach, we changed
Equation (4.4) based on our empirical results to be detailed in Section 4.lfoassfo

. (1+1) (M-1)
sig(R[V; = ’ !
IRV pgl) 14 e~ RV ) 0
(M-1)

. (I+1)
s1g(S[V = ’
9(SIV; " pal) 14 e=OIVI )

by replacingM with (M — 1) in Equation (4.4), so that the number generated from the corresponding
velocity always assumes an integer, which falls within the rande,af/ — 1]. This solution will be
shown to be capable of providing a better performance in Section 4.7;

3. Modification of the inertia weight update equation
We also modified the time-variant inertia weight update of Equation (4.3) toéje [9

(Imax - l)

Imax

w(l) = ('wmaz - wmzn) + Wmin, (48)

wherew,,q = 0.9 andw,,;, = 0.4.

In order to augment the effects of these two different inertia weightteptpuations, we may consider
an example. Let the maximum number of iterationg,hg. = 5, while the values of the inertia weight
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Table 4.2: An example showing the inertia weight values at differesitations when Equation (4.3) [135]
and Equation (4.8) [96] are used for the inertia weight updatovided thaf .. = 5.

Variable or Iteration indeX wmez | Wimin 1 2 3 4
Equation (4.3) (original) | 0.9 | N/A | 0.43] 0.32| 0.21| 0.10
Equation (4.8) (modified)| 0.9 04 | 08|07 06| 05|04

at different iterations are shown in Table 4.2. We can see, that of thealrgguation is used, the
values of the inertia weight would decrease iteration by iteration to a final wdlQe By contrast,
when the modified scheme is adopted, the values of the inertia weight woulebdedteration by
iteration to a final value of 0.4. This implies that at the early stages, the valudefinertia weight
of the latter approach are always larger than the ones using the origuai@n. Hence, the latter
approach is capable of providing a better global search capability in thestages [96]. Therefore,
this modification slightly improves the algorithm’s performance, which is furtiegéaited in Section
4.7.

We already mentioned that during the update of the particle positions, s%[ﬁa@q] for example,
for a given mean ofig(R[V;|,,]), there is a certain probability of choosing a number betweefj in our
case. The probability of selecting a specific number monotonically desrbased on its distance from the
mean ofsig(R[Vl,4]). In the following part, the relationship between the measigf®R[ V|, ]) and the
probability of picking discrete values is discussed.

For a given mean ofig(R[V|,,]), the probability of assignin&[P;|,,] = 0 is given by the integral
of the probability over the intervghoo, 0.5], namely by

< . 0.5
P%[Pi‘p,q] =0]| szg(%[Vﬂp,q]) = ffoo g(z)dz
0.5—sig(R[Vilp.) (4.9)
= 1-Q(F—5,—2%),
whereg(z) is
1 —(e—sig(R[V;|p,q])>
2742 . (4.10)

T) = ———=¢€
g(z) o

Similarly, the probability ofR[P;|, ,] = 1 is given by the integral over the intervél.5, 1.5], namely
by

PRIPily) = 1| sigR[Vilpa) = [y g(a)da | (4.11)
_ Q(%W)_Q(%W).

On the same note, the probability &P;|,,] = 2 is determined by integrating over the interval of
(1.5, 2.5], yielding

PRPilpq) = 2| sigR[Vilpal) =[5 g(a)de , (4.12)
_ QL)) (25siaRVilpal))
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Table 4.3: An example showing the probabilities of choosing diffenaaities foriR[P; |p.q] When the original
algorithm proposed in [135] and our modified algorithm aredjprovided thak[V;|, ,] =-0.8 andp =
0.2.

Value sig(R[Vilpgl) | O 1 2 3 4
Original algorithm [135] 1.55 0.09| 0.38| 0.40| 0.11| 0.00
Modified algorithm 1.24 0.17] 0.44 | 0.31| 0.05| 0.00

Again, the probability oﬂ%[Pi|p7q] = 3 is quantified by the corresponding integration over the interval
of (2.5, 3.5], which is formulated as:

PRIP|pg) = 3] sigRVilsa)) =[5 9(a)da 413)
— Q(2~5—Sigfgvi|p,q])) _ Q(3'5—5igiﬁévi|pﬁq]))' )

Finally, the probability ofR[P;|,,] = 4 is corresponding the integrate over the interva(6, o),
yielding:

P%[Pi’pvq] =4| 3i9<%[vi‘p,q}) = f3°§ g(x)dx

_ QRSN (4.14)
K4

Let us now consider an example of showing the probabilities of choosiferafit values fom[f’i\p,q],
when the original algorithm proposed in [135] and our modified algorithenuaed, which can be seen in
Table 4.3. The value 6R[V;/, ] is assumed to be -0.8 and we have- 0.2.

We can observe the difference between the results of the two algorithmgpated to the result of the
modified algorithm, the original algorithm always opts for larger integerthdrexample, “1” is most likely
to be chosen as the new position in the modified algorithm, while “2” is most likely thhbsen as the new
position in the original algorithm.

Table 4.4: Computational complexity of the MMSE-VP using sphere efgdind our discrete multi-
valued PSO approach for QPSK signalling, whatés the number of transmit antennds,is the number

of mobile users] is the number of iterationd)yivse— ve denotes the extended constellation points visited,
andS is the particle size.

Algorithm Flops
Sphere encoding (% - K3+ 13- K2+ 13- K — 1) Dyvse-ve + 9 K2+ N — 2+ K?
PSO (7T-K?-5+31-K-S+4)- I+ 1-K*+9-K? N+7-K*.8
-K-S-2 K2

4.6 Computational Complexity

The computational complexity of the MMSE-VP using sphere encoding amdirofliscrete multi-valued
PSO approach is studied in this section. More explicitly, a detailed complexity synohaur proposed
PSO aided MMSE-VP scheme per iteration is listed in Table 4.5, which most cdépaihds on the number



4.7. Simulation Results and Discussions

Table 4.5: Detailed computational complexity per iteration for thghest-complexity techniques within
the PSO aided MMSE-VP design for QPSK signalling, whres the number of mobile users, afds the

particle size. The numbers in () indicate the index of theesponding block in Fig. 4.1.

Stage Flops
Update of inertia weight (3) 4
Update of velocities (3) 9-2-K-S
Calculate the sigmoid function (3) 3-2-K-8
Update positions (3) 3-2-K-8
Evaluate fitness (2) 2-K-S+(7T-K*-K)-S

of usersK and on the size of the swarf However, it may be observed in the flow chart of Fig. 4.1 that
the computational complexity of the discrete multi-valued PSO aided MMSE-Vendispnot only on the
number of userg and the size of the swar, but also on the number of iterations the algorithm requires
to converge to the optimum point. This will be discussed in more detail in SectionithZhe aid of our

simulation results.

Table 4.6: Simulation parameters employed

Parameter Value or Type
System
Modulation scheme QPSK
No. of transmit antennas 4
No. of users 4
Channel flat Rayleigh fading
CSIT knowledge perfect
Channel realizations 100
PSO
€1, C2 0.5
0 0.2
Swarm sizeS 40
Tax 40

4.7 Simulation Results and Discussions

In this section, we mainly focus our attention on the MMSE-VP scheme, sinceapable of achieving a
significantly better performance than the ZF-VP scheme, while imposing a simitgrudational complex-
ity as that of the ZF-VP scheme. Hence at the time of writing, it may be more ameaadmployment in

practical systems.
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Figure 4.2: The distribution of the value d¢(¢) of the MMSE-VP scheme. 100 chosen perturbation vectors
were taken into account for the system employivig4 transmit antennas to suppdft=4 QPSK users for
communicating over flat Rayleigh fading MIMO channels. Abtem parameters were summarized in Table
4.6.

4.7.1 MMSE-VP’s search space fo€

Recall that the search space of the PSO-aided MBER-MUT was defirteguiation (3.40) and discussed
in Section 3.7.1. The MMSE-VP’s search space defined in the contexjuztien (2.60) fok is discussed
here. The search space in an optimization problem is closely related to its tdimpal complexity. If
the search space is large, the number of the legitimate candidates may beddge te substantial search
complexity. On the other hand, if the search space is appropriately smalththearresponding complexity
may be reduced. Hence, we are interested in finding the appropriath sgaice foc, in order to reduce
the related computational complexity.

In Fig. 4.2, we considered the search spacerf@) in a system employingV=4 transmit antennas to
supportiK=4 QPSK users for communicating over flat Rayleigh fading MIMO chanrig)® perturbation
vectors generated by the MMSE-VP in 25 different SNR scenarios %@m: 5dB to 1’(3,—’; = 29dB were
taken into account. Since there was four elements in each perturbation peztenting the value chosen
for each user, there wa$0 x 4 = 400 values. Explicitly, amongst the resultant 400 values, the relative
frequency of choosing 0 W%=0.85, choosing 1 wa%=0.05, choosing -1 Wa%=0.08 and choosing

2 and -2 were;3;=0.007 and;2;=0.005, respectively.

The search space f&/(¢) was considered in Fig. 4.2. Again, 100 perturbation vectors genergted b
the MMSE-VP in 25 different SNR scenarios froﬁ% = b5dB to ]’(3,—’; = 29dB in a system employing
N=4 transmit antennas to suppdtt=4 QPSK users for communicating over flat Rayleigh fading MIMO
channels were taken into account. It may be observed from Fig. 4.2 ¢hagtl#tive frequency of choosing 0
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Figure 4.3: The distribution of the value ¢§(¢) of the MMSE-VP scheme. 100 chosen perturbation vectors
were taken into account for the system employivig4 transmit antennas to suppdft=4 QPSK users for
communicating over flat Rayleigh fading MIMO channels. Abtem parameters were summarized in Table
4.6. The result is similar to that shown in Fig. 4.2.

was 219=0.87, choosing 1 wag=0.05, choosing -1 wag5=0.08 and choosing 2 and -2 wegk;=0.002

and;2;=0.005, respectively.

By considering all the above results, it becomes clear that it may be aneddsassumption that the
value forf(¢) and$¥(¢) would only fall outside the range ¢f2, —1, 0, 1, 2] with a vanishingly low prob-
ability. Therefore, we may restrict the search spade-y —1,0, 1, 2]>*X without any undue performance
degradation.

4.7.2 The effect of modified sigmoid function

The effects of using the original sigmoid function of Equation (4.4) and thdfraddne of Equation (4.7)
are discussed here. The related system parameters are shown in.Babledthe attainable performance
of the MMSE-VP is characterized in Fig. 4.4, which was evaluated by gwegaver 100 different channel
realizations.

The test environment is the DL of a multiusé¥ & K)-element MIMO system employiny=4 transmit
antennas at the BS, supportidig=4 QPSK users. Perfect CSI knowledge was assumed at the BS for
transmission over the\ x K)-element flat Rayleigh fading MIMO channel. The MMSE-VP MUT scheme
is adopted for precoding. The size of the swarm here was chosende4iefor the PSO algorithm, the
maximum number of iterations wds,,,=40, and we usegd=0.2.

As we can observe from Fig. 4.4, our approach using Equation (4. @rtg out the velocity transfor-
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Figure 4.4: The achievable BER performance of using the original sighfisnction of Equation (4.4) and
of the modified one in Equation (4.7) for finding the pertuitatvector of the MMSE-VP for the system
employingN=4 transmit antennas to supp@&t4 QPSK users for communicating over flat Rayleigh fading
MIMO channels. A total number of = 40 particles are used with a maximum numberigf,, = 40
iterations. All system parameters were summarized in Tdle The performance of the MBER-MUT
recorded in the same scenario was shown in Fig. 3.16.

mation outperforms the originally proposed approach of Equation (4.4)éarelocity transformation at all
SNRs. More explicitly, at the target BER #6~*, our approach is capable of achieving a 1dB SNR gain
over the original approach proposed in [135]. This performancargdment is achieved by focussing the
search scope to the range[of M — 1].

4.7.3 The effect of modified inertia weight update equation

The effect of using different inertia weight update schemes in Equati@h énd Equation (4.8) is discussed
here. Again, the related system parameters are shown in Table 4.6, greffitrenance of the MMSE-VP
can be seen in Fig. 4.5, which was recorded again by averaging dveifi€rent channel realizations. The
only difference in comparison to the scenario considered in Fig. 4.4 is thatiapted Equation (4.7) as the
velocity transformation equation.

A marginally better performance can be observed by using the modified ingitigat update formula
of Equation (4.8) in Fig. 4.5 in comparison to Equation (4.3). These resuwtgeshthat by using a larger
inertia weight at the early stages is capable of improving the global seapetiitity of the discrete multi-
valued PSO algorithm, and hence provides a slightly better performance.
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4.7.4 The choice of;, ¢

The appropriate choice @f, c» defined in Equation (2.63) is considered here. More explicitly, four dets o
the values ot:, ¢, are tested, namely; = ¢, = 1 as suggested in [135¢; = ¢co = 0.2, ¢1 = ¢co = 0.5
andc; = co = 1.5. The related parameters are shown again in Table 4.6, while the attaindaiolerzerce

can be seen in Fig. 4.6. The only difference in comparison to the scemasidered in Fig. 4.5 is that we

(w'maw _0-4)'(Imax_
Imax -0.4

used D to update the inertia weight.

It can be seen from the figure that the choices0f ¢, = 0.5 andc; = ¢ = 1 provide similar BER
performances, while the performance recordeafot co = 0.2 is slightly worse than that achieved by the
former two. The worst performance obtained amongst the four settingsagiated withe; = ¢o = 1.5.
This suggests that setting = co = 0.5 is a good choice.

4.7.5 The choice ob

The beneficial choice of is considered here. First of all, let us re-consider the example proiundEable
4.3, where we considered the probabilities of choosing different vdareR[P;|, ,] in conjunction with
R[Vilp,q] =-0.8, andsig(R[Vi|,4]) = 1.2401, when the modified velocity transformation equation is used.
Here, we are interested in studying the effect of using different vdituasthis time.

The relative frequency histogram ﬁ[f)i\p,q] recorded for different values @fis portrayed in Fig. 4.7.
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Figure 4.5: The achievable BER performance of using the original inarfidate equation shown in Equa-
tion (4.3) and the modified inertia update equation showndnéfon (4.8) in MMSE-VP for the system
employingN=4 transmit antennas to supp@&t4 QPSK users for communicating over flat Rayleigh fading
MIMO channels. A total number &8 = 40 particles are used with a maximum numberd gf,, = 40 itera-
tions. All system parameters were summarized in Table 4é.performance of the MBER-MUT recorded
in the same scenario was shown in Fig. 3.16.
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Table 4.7: An example showing the probabilities of choosing differesiues forﬂ?[Pi|p7q] when different

values forp are taken into account, provided thay(R[ V|, 4]) = 1.24.

Value foro | sig(R[Vilpq)) | O 1 2 3 4

0.1 1.24 0.03| 0.70| 0.25| 8.1704 - 10~ | 8.0341 -10*
0.2 1.24 0.17| 0.44| 0.31 0.05 0.002
0.3 1.24 0.26| 0.31| 0.26 0.11 0.02
0.4 1.24 0.32| 0.24| 0.22 0.13 0.07

We can see that as the valuegdhcreases, the probability of choosing other values¥i®; |,, ;] rather than

“1” is increasing, and this can also be seen from Fig. 4.7. It should lmgubout that based on what we

can see from Fig. 4.7 and Table 4.7, the valug should be appropriately chosen. Too small a value of

o would limit the value ofR[P;|, ,] and hence would limit the algorithm’s performance. By contrast, an

excessive value of seems too random, as seen in Table 4.7, where the probability of chooSiag tife

new position becomes even higher than the probability of choosing “1pitgethe fact that the center of

this distribution is more close to “1”, when we haye0.4.

Let us now characterize the performance of choosing the above-meditioar different values o
in the context of MMSE-VP for the DL of a multiuseM x K)-element MIMO system employingy =4
transmit antennas at the BS, for supportiig4 QPSK users. Perfect CSI knowledge was assumed at the
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Figure 4.6: The performances of using four different choices for thaugadf ¢;, co in MMSE-VP for
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the system employingv=4 transmit antennas to suppdit=4 QPSK users for communicating over flat
Rayleigh fading MIMO channels. A total number §f= 40 particles are used with a maximum number
of Ihax = 40 iterations. All system parameters were summarized in Talfle The performance of the

MBER-MUT recorded in the same scenario was shown in Fig..3.16
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Table 4.8: The computational complexities when different swarm saesconsidered.

Value forS 20 30 40 50
Required iterations to converge 90 60 40 40
Complexity (Flops) 428,010| 428,970| 382,770| 478,250

BS for transmission over the\ x K)-element flat Rayleigh fading MIMO channel. The size of the swarm
was again chosen to =40 for the PSO algorithm. The maximum number of iterations ¥yas=40.

All the parameters of the system are shown in Table 4.6. The only diffei@rmomparison to the scenario
considered in Fig. 4.6 is that we used= ¢, = 0.5.

Four different choices af, namelyp = 0.1, o = 0.2, o = 0.3 andp = 0.4 are tested. The corresponding
performances are show in Fig. 4.8. Itis clear to see from this figurethtbgierformances when= 0.2
andp = 0.3 are the best among the four, while the performance when0.1 is slightly worse than that
achieved by the former two. The worst performance obtained among tineséttings iso = 0.4. This
suggests that setting= 0.2 or o = 0.3 are both good choices.

4.7.6 The choice of5

The choice of the swarm sizgis considered here. The related system parameters are shown in Table 4.6
while the only difference in comparison to the scenario considered in Figs th8t we use@d = 0.3 and the
associated performance can be observed in Fig. 4.9. As seen froth%tat, at the targdib/No = 10dB

and for a swarm size &f = 20, it took the algorithm around = 90 iterations to converge; when the swarm
size was increased t8 = 30, it took the algorithm around =60 iterations to converge. When further
increasing the swarm size # = 40, the algorithm required around 40 iterations to converge. Finally, for
the swarm size of = 50, it took the algorithm also around 40 iterations to converge. The comespp
computational complexities, which were calculated based on Section 4.6urareasized in Table 4.6.

It becomes clear that the choice 8f= 40 provides the lowest complexity, and hence it constitutes an
attractive choice.
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Figure 4.8: The performances obtained using four different choicestervalue ofg in MMSE-VP for
the system employingv=4 transmit antennas to suppdit=4 QPSK users for communicating over flat
Rayleigh fading MIMO channels. A total number 8f= 40 particles are used with a maximum number
of Ih.x = 40 iterations. All system parameters were summarized in Talle The performance of the
MBER-MUT recorded in the same scenario was shown in Fig..3.16

4.7.7 Convergence and complexity

The covergence behavior of the proposed discrete multi-valued PSOMMEE-VP and the corresponding
complexities are considered here. The parameters of the scenarioeredsige listed in Table 4.6. We,
again, consider the DL of a multiuseN(x K)-element MIMO system employingy=4 transmit antennas

at the BS, supportindgd=4 QPSK users. Perfect CSI knowledge was assumed at the BS femigsasion
over the (V x K)-element flat Rayleigh fading MIMO channel. The convergence of tbhpgsed discrete
multi-valued PSO aided MMSE-VP algorithm characterized in the context afytstem employingv = 4
transmit antennas for supportidg = 4 QPSK mobile users over flat Rayleigh fading channels at both
Eb/No=6 dB and 10 dB are shown in Fig. 4.10. The swarm size $vas40.

We can see from Fig. 4.10 that at the operating SNE®fN0=6 dB, the proposed algorithm needs
I =30 iterations to converge, while it requirés=40 iterations to converge db/No0=10 dB. As shown
in Section 4.6, the associated complexity was 288,330 and 382,770 Flopstiesly. On the other hand,
the averaged number of visited nodes, when sphere encoding was@ddops 3193 and 3172, leading to
1,304,400 and 1,295,671 Flops, respecitvely. This implies thabalvo=6 dB, our proposed scheme is
capable of reducing the computational complexitylby 25330 — 77 9% while at Eb/No=10 dB by

1,304,400
1 — {5asgrr = 70.46%. More explicitly, the complexity was reduced2@.1% and29.5%.
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Figure 4.9: The BER versus iteration index performance obtained usiffigrent choices for the swarm
sizeS in the MMSE-VP for the system employing=4 transmit antennas to suppdt=4 QPSK users for
communicating over flat Rayleigh fading MIMO channels whey No = 10dB. The benchmark perfor-
mance of the MMSE-VP at Eb/No=10dB which can be observeddn ER is also shown in this figure.
All system parameters were summarized in Table 4.6. The@peence of the MBER-MUT recorded in the
same scenario was shown in Fig. 3.16.

4.7.8 Algorithmic performance

In this section, the performance of the MMSE-VP using the best paramatéigarations found in our
previous investigations for the proposed discrete multi-valued PSO aitlechscfor transmission over the
DL of the system employingv = 4 transmit antennas to suppdit = 4 QPSK mobile users over flat
Rayleigh fading channels was considered. The related system paraaretsummarized in Table 4.6. The
BER performance results were obtained by averaging over 100 dhesatieations, which are shown in
Fig. 4.11.

It is clear by seen in Fig. 4.11 that our proposed discrete multi-valued R0 approach is capable
of achieving the optimum sphere encoder based performance. Mdreitgxpn the scenario characterized
in Fig. 4.11, where5 = 40 particles and/,,,,=40 maximum iterations are used, no SNR loss is observed
for our approach when compared to the optimum performance of the MWFSEt the target BER of
10~?, despite the fact that our approach benefits from a significantly lowapatational complexity. For
example, at the SNR dfb/No = 10dB, our approach is capable of achieving the optimum sphere encoder
based performance, at ab@&0t% of the complexity compared to that imposed by sphere encoding as shown
in Section 4.7.7.
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Figure 4.10: Convergence performances of the proposed PSO aided MMS#&gdrithm for the system
employing N = 4 transmit antennas to suppadki = 4 QPSK mobile users over flat Rayleigh fading
channels a£'b/No=6 dB and 10 dB, repsectivelyy = 40 particles are used. The benchmark performance
of the MMSE-VP at Eb/No=6dB and Eb/No=10dB which can be olesgtin Fig. 2.2 is also shown in this
figure. All system parameters were summarized in Table 4.6.

4.7.9 Performances at different maximum number of iterations

Let us now consider the achievable performance of our proposecttisoulti-valued PSO aided MMSE-
VP scheme at different maximum number of iterations, when transmitting in thé ke system employing

N = 4 transmit antennas to suppdit = 4 QPSK mobile users over flat Rayleigh fading channels. The
swarm size wa$=40. The system parameters are summarized in Table 4.6, while the asspeidted
mance can be seen in Fig. 4.12.

We can see from Fig. 4.12 that as the number of iterations increases, ez approaches the
optimum one, especially at high SNRs. Interestingly, we can see that argie¢ BER of10~°, the per-
formance attained, when usidg=10 iterations is only about 1 dB away from the optimum sphere encoder
based performance, while the computational complexity imposed is only 7.68%atamposed by sphere
encoding.

When we compare the curves associated Wite 10 andI = 40, it becomes clear that there is a
less than 1 dB gap at all SNRs, hence whiea 10 is used for our proposed algorithm, a near optimum
performance can be achieved, while we benefit from a significantly}ceeloomputational complexity. In
order to approach the optimum sphere encoder based performanaerriber of iterations has to be further
increased. For example, at the SNRAif/ N 0=6 dB, the optimum performance may be closely approached
by increasing the number of iterationste=30.

This also means that our approach is capable of providing a flexiblerperfwe versus computational
complexity trade-off, as a benefit of its iterative optimization regime. This feaslimportant, when there
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Figure 4.11: The performances of the MMSE-VP with optimum performance aar proposed discrete
multi-valued PSO aided scheme where swarm §iz40, maximum iteraion numbedy,,,=40. The DL of
the system employingy = 4 transmit antennas to suppdit = 4 QPSK mobile users over flat Rayleigh
fading channels is considered. All system parameters warergrized in Table 4.6. The performance of
the MBER-MUT recorded in the same scenario was shown in Figs.3

is a limited affordable computational complexity With the aid of our proposed ifthgoy it is possible to
tune the complexity to the affordable limit, while maintaining a near-optimum perfareran

4.8 Conclusions

In Chapter 3 we successfully reduced the computational complexity impgdesar MBER-MUTS by us-
ing PSO. Bearing in mind that the complexity reduction issue is more important imeanMUTSs, which
are capable of achieving substantial BER performance improvement axpiease of a high complexity,
in this chapter, we proposed discrete multi-valued PSO aided VP desigme.siglecifically, as a nonlinear
MUT scheme, VP provides an attractive BER performance. Howevegdimputational complexity im-
posed by the optimum shpere-encoder during the search for the optimalba¢ion vector may become
excessive. Hence it becomes necessary to find a reduced-complggrityhen, while maintaining a near-
optimum BER performance. Against this background, we developed eethismulti-valued PSO aided
MMSE-VP design, which was shown to be capable of approaching optimbhars-encoder’s performance
at a significantly reduced computational complexity compared to that impostgt lsphere encoder. The
system model was introduced in Section 4.2. Based on the system model, weweathe cost function
in Equation (2.59) in Section 4.3. A rudimentary introduction to discrete multi-daR®O algorithm was
then provided in Section 4.4, followed by the description of the proposedetésmulti-valued PSO aided
VP technique in Section 4.5. The corresponding computational complexitdis@sssed in Section 4.6. In
Section 4.7, the simulation results were provided.
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Figure 4.12: The performances of our proposed discrete multi-valued &8€1 MMSE-VP when different
maximum number of iterationd (= 10 — 40) are considered, the swarm sige40 and keeps constant.
The DL of the system employingy = 4 transmit antennas to suppdit = 4 QPSK mobile users over
flat Rayleigh fading channels is considered. All system ipa&tars were summarized in Table 4.6. The
performance of the MBER-MUT recorded in the same scenar®shawn in Fig. 3.16.

Table 4.9: Computational complexity summary.

Complexity(Flops)/SNR Complexity(Flops)/SNR

sphere encoder 1,304,400/6dB 1,295,671/10dB
PSO 288,330/6dB 382,770/10dB

We focused our attention on the performance of the MMSE-VP in SectionT#& simulation results
of Section 4.7.7 characterized the attainable performance in the case ofygrgElo=4 transmit antennas
at the BS for supporting=4 QPSK users, while communicating over flat Rayleigh fading MIMO chianne
Our approach is capable of finding the optimum perturbation vector at@eddomplexity of about 20%
compared to that imposed by the sphere encodirighdtVo = 6 dB. Similarly, the complexity compared
to that imposed by sphere encoding was about 30#bafVo = 10 dB, while the total number of nodes in
the search space wa% = 390625. This is summarized in Table 4.9. Hence, we conclude that our approach
may be deemed to be a low-complexity near-optimum VP algorithm. Moreovesippuoach can also strike
a flexible BER performance versus complexity trade-off thanks to its iterafimization.

Although MMSE-VP is an attractive nonlinear MUT design, which is capabéebieving a good BER
performance, an improved design which directly minimizes the system’s BERgepbonally superior.
Hence, in the next chapter, we will propose VP designs based on thé:MBterion.



Chapte

Minimum Bit Error Rate Vector Precoding

5.1 Introduction and Relevance to Previous Chapters

In previous chapters, we demonstrated the efficiency of PSO in solviimgination problems encountered
in the context of wireless communications. More specifically, in Chapter 3useessfully reduced the
computational complexity imposed by linear MBER-MUTSs by using continu@ised PSO, the discrete
multi-valued PSO was adopted in reducing the computational complexity imposel 8B8WP by sphere
encoder [23] in Chapter 4. Compared the linear MUT algorithms family with thidimear VP schemes
family we may notice that there is no VP algorithm proposed based on the MBEeRan. More explicitly,
in ZF-VP, the precoding matrix was chosen to pre-equalize the chanimgl e zero-forcing criterion,
while the perturbation vector was chosen to minimize the total transmit powem Aspmovement of the
ZF-VP, the MMSE-VP minimizes the total MSE of the system. However, since &R B the ultimate
system performance indicator, the concept precoding schemes daebignenimizing the MBER criterion
is attractive. Despite its potential, to the best of our knowledge, no VP algovitéis proposed in the open
literature based on the direct minimization of the BER.

Against this background, in this chapter, VP designs based on the MEBEERan were proposed to
improve the BER performance of the system. We commence our discoursérduiting an improved
MMSE-VP design based on the MBER criterion in Section 5.2. This transmir@cessing scheme first
invokes a regularized channel inversion and then superimposeseteisaiued perturbation vector in order
to minimize the BER of the system as an improvement of the well-known MMSE-YiBrse. To further
improve the system’s BER performance, an MBER-based continuouse/gkneralized VP algorithm was
proposed in Section 5.3. Given the knowledge of the information symbabvaad the CIR matrix, we
consider the generation of the effective symbol vector to be transmittetdstlg minimizing the BER of
the system. The computational complexities of these two proposed algorithrsidied in Section 5.4.
Simulation results are also provided in Section 5.5 in order to demonstrate tetagies of these two VP
schemes based on the MBER criterion, especially for rank-deficiergragswhere the number of BS'’s
transmit antennas is lower than the number of MSs supported. The robmstithese two designs to the
CIR estimation error is also investigated.

111
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5.2 Improved MMSE-VP Design Based on the MBER Ciriterion

In this section, the improved MMSE-VP design based on the MBER criteriorojsoged. We firstly detail
our system model in Section 5.2.1, continue by the introduction of the MBERioritwhen modulo devices
are employed at the non-cooperative MS receivers in Section 5.2.2lyFma proposed design is discussed
in Section 5.2.3.

5.2.1 System Model

The schematic of the system model used throughout in this section is similar toghgeointroduced in
Section 2.1.2.1. It can be seen in Fig. 2.3, which is repeated here fogrienee, as in Fig. 5.1. However,
in contrast to Fig. 2.3, where the perturbation vecta chosen based on the MMSE criterion, the MBER
criterion is used here and it remains the MMSE criterion in deriving the piiaganatrixP.

The DL of an SDMA system supporting non-cooperative mobile receiieconsidered here, where
the BS equipped witliv transmit antennas communicates over frequency-flat fading channel&witn-
cooperative MSs, each employing a single receive antenna and a medide.d

The K -element information symbol vector of Fig. 5.1 to be perturbed is denotedbyz;, xo, - - - , xx]7,
the symbol energy is given |z, |%] = o2, for 1<k<K, wherez;, is an i.i.d. uniform random variable.
The perturbed symbol vectar having a dimension of{ is given byu = x + w, wherew is the pertur-
bation vector given as [23}v = 7. The (V x K)-element precoding matriR of Fig. 5.1 is denoted as
P = [p1,p2, -, PK], Wherepg, 1 < k < K represents the precoder coefficient vector foritieuser’s
data stream. Thei( x N)-element channel matrik of Fig. 5.1 is denoted all = [hy, hy,--- , hg|?,
wherehy,, 1<k<K is thekth user’s CIR, which is given by, = [hy 1, hi2, - ,hen],k=1,2,--- | K..

The CIR tapshy ;, for 1<k<K and1<i<N are independent of each other and obey the complex-valued
Gaussian distribution associated Wiﬂfl|f&7i|2] = 1. The Gaussian noise vectaris given byn =
[n1,ng, - ,nK]T, wheren;, 1<k<K is a complex-valued Gaussian random variable with zero mean and
E[|nx|?] = 202 = N,. When the total transmit power is constrained toFbeat the BS, an appropriate
scaling factor is used to fulfill this transmit power constraint, which is defagd = /Er/||d|2. At the
receiver, the reciprocal of the scaling factor, namely, is used to scale the received signal in order to
maintain a unity-gain transmission.

Note that the system model introduced above leads to a constrained optimpzatdem. The authors
of [61] proposed a technique of transforming this constrained optimizativlgom into an unconstrained
one by introducing the concept of effective noise. Since the signabwvbefore the modulo operation of
Fig. 5.1 can be described is= HPu + o~ 'n, let us introduce the notation éf= o~ 'n, wherei is the
effective noise. The reason for using this effective noise term is mgaas follows. If the potential choice
of w may result in the transmit power exceeding the power limit, th@ould be assigned a relatively small
value, leading to an amplified effective noise, which results in an increBE&d This choice ofv is less
likely to lead to the optimum perturbation vector. Therefore the perturbatiotovehosen by using this
effective noise based method should also satisfy the power constraing hew arrive at an unconstrained
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optimization problem.

Again, the received signal vectgr= [y; y» - - - yx|” of Fig. 5.1 after the modulo operation is given by
y = mod, (y) andy, 1 < k < K, constitutes sufficient statistics for théh MS to detect the transmitted

information data symbat,.

MBER criterion MMSE criterion

Figure 5.1: Schematic of the SDMA DL using the proposed IMMMSE-VP altjon at the BS. The system
employsN transmit antennas to communicate withdecentralized non-cooperative MSs. It is worth noting
that in contrast to the schematic of Fig. 2.3, where the peation vector is chosen based on the MMSE
criterion, here the MBER criterion is used.

5.2.2 The MBER Criterion combined with Modulo Devices

AP(S’%)

0 SR

Figure 5.2: Probability density function of the decision varialfe when the modulo operation is not used

at the receiver side.
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Figure 5.3: Probability density function of the decision variaf when the modulo operation of Fig. 2.3
explained with the aid of Fig. 2.4 is employed at the receifére shaded areas represent all the erroneous

decision regions.
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Here we only consider the MBER criterion combined with modulo device for thghase component.
Its application to the quadrature-phase is straightforward. The desarigtithe MBER criterion in the
context of the in-phase component, when no modulo operation of Fig. Smpkged at the receiver was
already detailed in Section 3.4. Let the real part of the received sigrfafedothe modulo operation be
denoted byR|[jx|, while R[y;] represents the real part of the received signal after the modulotmpera
When we have sdfR[z])R[yx] < 0,1 < k < K, errors occur and according to the basic MBER criterion,
we have:

P, 1(w) = Prob{sgnR[z;])Rye] < 0} = Prob{zf; < 0}, (5.1)

wherezk, = sgnR[zx]) R[]

Hence, if we can estimate the distribution df, the MBER detection problem of a modulo based
receiver may be solved. However, this is not straightforward, sincdr#imsformation imposed by the
modulo operation on the input signal is non-linear. Nonetheless, we caratilantage of the distribution
of the signed decision variabkg, = sgn(R[z,])R[gx]. Similar to Section 3.4, according to central limit
theorem, the distribution of the decision variabfg obeys the Gaussian distribution associated with the
mean ofc}, = sgnR[zx])R[h,Pu]. The corresponding PDF can be seen in Fig. 5.2, which is formulated
as:

1 (Sk . Ck )2
ky _ _\R R
p(sg) = oo var P < 20702 ) : (5.2)

Observe that Equation (5.2) is different from Equation (3.14), since We invoked the effective noise of
oflan.

Then, the relationship between the received signal before the modutatiopeof Fig. 5.1 and the error
probability should be explored in order to understand the nature of theRviBIEerion in conjunction with
the modulo operation. The following simple examples may be used to illustrate thi@satithe problem,

when we have say s¢R[z]) = 1,

Example 1: if we havé&[y,] = 1.757, the signed decision variablesig = 1.757, and after the modulo
operation of Fig. 5.1, it is then mapped4h = sgn(R[z])R[yx] = —0.257. This means that%, falls in
the erroneous shaded area of Fig. 5.3, and an error occurs.

Example 2: ifR[j)] = —0.757, the signed decision variab¥§, = —0.757, after the modulo operation
of Fig. 5.1, itis then mapped tg; = sgnR[zx])R[yx] = 0.257, which means*, falls in the the error-free
area of Fig. 5.3, and no error.

Therefore, based on these two examples, we can see that encouateengr depends on whesé
would be after the modulo operation. 4f, = mod,(s%) falls in the interval of(—oc, 0], then an error
occurs. Otherwise, whetf, = mod.(s%) falls in the interval of(0, oc), there is no error.

Let us now extend this idea further. It is clear that winis in the interval§ 2%t 7, (m + 1)7) for
—00 < m < oo, thenzk, = mod-(s%) would fall into the interval of —oo, 0], and errors occur. Again,

Fig. 5.3 shows the erroneous areasd@rafter the modulo operation. Therefore, the BER of the in-phase
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component associated with ugeis
(m+1)T

P, r(w) = Z /2m+1 p(sh)dsk,. (5.3)

m=—00

Similarly, let us define® = sgn(S[xx])S[9x], the error probability of the quadrature-phase component

can be expressed as:
(m+1)T

Pepi(w) = Z /MH p(sh)dsk. (5.4)

m=—0oQ

5.2.3 Improved MMSE-VP Design

Let us now introduce our improved MMSE-VP (IMMMSE-VP) design, whilased on the MBER cri-
terion detailed in the previous section. In this design, we are interested asiolyahe perturbation vector
based on the MBER criterion, rather than on the classic MMSE criterion2jfvi®ich can be found in
Section 2.1.2.3.

We consider a 4-QAM scheme havidg = 4, based on the system model of Fig. 5.1 established in
Section 5.2.1 and on the MBER criterion introduced in Section 5.2.2. Our gtabist up the CF, which
can be used to find the specific discrete-valued perturbation vector minintiErgystem’s BER.

p(sk)

Figure 5.4: Probability density function of the decision variabie when the modulo operation is em-
ployed at the receivers, shaded areas represent the apatexi erroneous decision regions, which can be
contrasted to the exact regions of Fig. 5.3.

Let us commence by considering the in-phase component. It was showepneivious section that the
BER of the in-phase component associated with éisean be expressed as in Equation (5.3). However,
the calculation of this BER involves a sum of an indefinite number of terms, andehit is impossible to
implement it in a real-time system. Hence, some form of approximation has to beyedpsw that it can
be calculated at a realistic complexity. Hence we used the approximation:

0 (m+1)T —37 —27 —T
Pasw) = Y [0 shishs [ pshiash [ athiash+ [ pshiish
m=—oco0” "2 T —o© 2 -5
0 T 2T 37
o [ athodshor [ athoashor [ pthodsh+ [ phdsh, 9
T2 2 2 2

where the approximation occurs as we lump the integrations over all the eteovails in the range of
(—oo0, —37)and(37, +o0) into a single integration over the intervatoo, — 37). This approximation is
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accurate owing to the close symmetry of the PDF shown in Equation (5.2) in threegiems of(37, + co)
and(—oo, —37), as justified by our simulation results, which will be provided in Section 5.5hEumnore,
the last six integrates at the righthand side of the approximation are gemetaltylarger than the first term.

The error probability of Equation (5.5), nameBy, ,(w) can be further expressed as
k _5r _ ok, _ 37 _ K
= o)-o(322) o >+@<“R>
a~opn On
o=k SR ) +a s
o~ lo, alo,
) —@<2t:c%>+@<?f’%>
a” oy a~ oy a~ oy Q “0p
_k
_ Q<3T CR)_ (5.6)

Hence, the average BER of the in-phase componeptatfthe receivers is given by

P, x(w) KZPeL (5.7)

Similarly, letck = sgnS[zx])S[hxPu]. Then the BER of the quadrature-phase component fokie
user is given by

PeQ’k(w) ~ Q

T —ck 3T _ ok 2T — 5t _ ok
. Q : I>+Q 2_1 1 _Q< — I> Q 2_1 1
a~ oy o~ op a— oy Q “0p
3r—ck
— Q( — 1). (5.8)
a " to,

Then the average BER of the quadrature-phase compongnaithe receivers of th& MSs is given
by

Mx

eQ k (59)

EQ x
k:

The resultant average BER for 4-QAM signalling becomes

Pex(w) = (Pe; x(w) + Peg x(w)) /2. (5.10)

Hence, the optimal discrete-valued perturbation vewtgy is found by solving the following optimiza-
tion problem
Wopt = arg H&i}n P, x(w). (5.11)

This discrete-valued optimization problem can be solved either by the spheoging algorithm [23]
or by the proposed low complexity discrete multi-valued PSO algorithm of Chdpte
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5.3 Generalized MBER Vector Precoder Design

The MBER generalised vector precoder design is detailed in this secti@b.oFall, a new system model
will be introduced in Section 5.3.1, where a generic vector precoder éstagseplace the former precoding
matrix and perturbation vector device illustrated in Fig. 5.1. The MBER-VIRydéas proposed in Section
5.3.2.

5.3.1 New System Model
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Figure 5.5: Schematic of the SDMA system’s DL using generalized VP aB8eThe MUT-aided system
employs N transmit antennas at the BS to communicate witmon-cooperative single-receive-antenna
aided MSs, each equipped with a modulo device. When comparE@yjt 5.1, we can see that a generic
vector precoder is used here.

Asin Fig. 5.1 of Section 5.2.1, the DL of a SDMA system is considered hdre corresponding system
model is depicted in Fig. 5.5. When compared to Fig. 5.1, we can see thag@dogesctor precoder is used
here in Fig. 5.5. The BS equipped wifki transmit antennas communicates over frequency-flat fading
channels withK' non-cooperative MSs, each employing a single receive antenna anduhonaevice. The
DL channel matrixH of the system seen in Fig. 5.5 is given by

H = [hy hy - hy], (5.12)

wherehy, = [hyy h27k---hN7k]T, 1 < k < K, is thekth user’s spatial signature. The CIR tapg,

for1 <k < Kandl <1 < N are independent of each other and obey the complex-valued Gaussian
distribution with E[|h; x|°] = 1, whereE[e] denotes the expectation operator. Tkieelement information
symbol vector to be transmitted to th& MSs is given byx = [z1 x5 - - - 2|7, wherex, is the information
symbol for thekth MS.

Given the information symbol vectarand the DL CIR matrixH of Fig. 5.5, the generic VP generates
the N-element continuous-valued effective symbol vedet [d; ds - - - dy]”, based on some criterion. In a
conventional VP design seen in Fig. 2.4 of Section 2.1.2.1, such as th&ZE3yand the MMSE-VP [32],
the effective symbol vectal is expressed as

d=P(x+w), (5.13)
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whereP is the N x K precoding matrix and is the K -element discrete-valued perturbation vector. The
goal of the design is to determine bdandw based orH andx. The generic VP precoder presented here
directly determinesl, which includes the conventional VP as a special case and, thersfoeéerred to as
the generalised VP.

The DL channel's white noise vectaris defined byn = [ny ny ---ng|’, wheren,, 1 < k < K, is a
complex-valued Gaussian random process with zero mean and a vasfafiffe,|’] = 202 = N,. Given
a total transmit power constraintrEat the BS, an appropriate scaling factor should be used to fullfill this
transmit power constraint, which is defined as

o = Er/[d[2. (5.14)

This definition is similar to Equation (3.7) in the context of the symbol-specific RBEJT, but different
from Equation (3.6) in the context of the average MBER-MUT. The reasthat the value for the pertur-
bation vector depends on the current information symbol vector as wiikeasurrent CIRs, hence it will
change whenever either of the information symbol vector or the CIRgelsamhich is the same as we seen
for the symbol-specific MBER-MUT in Section 3.4.1.

At the receiver, the reciprocal of the scaling factor, namety, is used to scale the received signal in
order to maintain a unity-gain transmission. This leads to the effective ficise.'n. The energy per bit
per antenna is defined %, = E1/N log, M for an M-ary modulation scheme.

The received signal vectgr = [i; 2 - - - Jx]” before the modulo operation is given by
y=H'd+a !n, (5.15)

while the received signal vectgr= [y 2 - - - yx]? after the modulo operation is given by
y = mod-(y), (5.16)

andyx, 1 < k < K, constitutes sufficient statistics for thkeh MS to detect the transmitted information data
symbolx.

5.3.2 Generalised MBER Vector Precoding

The notations used in this section are similar to those introduced in Section 5e2dffénence is that the
generic design of the effective symbol vectbis considered rather than the perturbation veatpwhere
the relationship between the two is described in Equation (5.13).

Consider the 4-QAM scheme with = 4. Commencing from the calculation of the error probability of
the in-phase component. Similar to what we have shown in Section 5.2.2 anhSe2.3, define the error
probability or BER encountered at the output of the receiver after thaulnaxperation for the in-phase
component of usek as:

P., x(d) = Prob{sgr(R[zx])R[yx] < 0}. (5.17)

Let us define the signed decision variabfe= sgn(R[xx])R[jx], which has the PDF given by

p(sh) = ;exp _(Sh—cR)? (5.18)
= oralo, 202072 )7’
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with the mean formulated ag, = sgn(®[xx])%[h,d]. Note again that the decision areas are periodically
extended in the’j%-axis. Therefore, the BER of the in-phase component associated \gitk iss

o0 (m+1)T —37 —27 —T
Par@ = 3 [ sk [t [ ahash+ [ plshoash
m=—0o 2 2 2
0 kN gk T kgk gk T gk
+ /TP(SR)dSR+/T p(sR)d8R+ﬂ)T p(sR)d8R+/5T p(sk)dsp. (5.19)
-3 5 = =

Similarly to our discussions in Section 5.2.2, the approximation here occurg dsmwp the integrations
over all the error intervals in the range pfoo, — 37) and (37, + oo) into a single integral over the
interval of (—oco, — 37). As argued in the context of Section 5.2.2, this approximation is accurateowin
to the near symmetry of the PDF shown in Equation (5.18) in the symmetric rediqis,o + co) and
(—oc0, — 37). We may notice that Equation (5.19) is different from Equation (5.5) althdbgy share

a similar expression, since the parameter we consider in Equation (5.19)efd¢btve symbol vectod
defined in Equation (5.13).

Hence, the average BER of the in-phase componentatfthe receivers is given by
T
Peyse(d) = 22> Pey 1(d). (5.20)
k=1

Similarly, he average BEP for the quadrature-phase componegntabthe receivers of th& MSs is
given by

K
1
ﬂw@=§§&w@, (5.21)
k=1

whereP,, ,(d) represents the BEP of the quadrature-phase component fottthiser.

The resultant average BEP for 4-QAM signalling then becomes

Pex(d) = [Pe, x(d) + PeQ,X(d)]/2' (5.22)
Hence, the optimal continuous-valued effective symbol vedtgr is found by solving the following
optimisation problem
dopty = arg m(}n P. x(d). (5.23)

The above optimization problem turns out to be a challenging non-convéuoous-valued optimiza-
tion problem, where numerous local minimas may exist, as demostrated below.

Explicitly, as seen in Fig. 5.6, at SNR2d B, even for a simpld x 1 system, there are several local
minimas at the complex coordinate.

In order to find either the global minimum or a reasonably 'good’ local minimumwil adopt the
continous-valued PSO algorithm introduced in Chapter 3 to solve the optimizatistem formulated in
Equation (5.23).
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Figure 5.6: BER surface as a function of the effective symbol vectéor the simplest 4-QAM system with
N =1andK =1, given SNR= 12 dB. The channel coefficient H = [0.7543 + J0.0419].

Table 5.1: Computational complexity of the INMMSE-VP using sphereatiog and our discrete multi-
valued PSO approach for QPSK signalling, whafés the number of transmit antennds,is the number

of mobile users]/ is the number of iterationd)r.,mmse—ve denotes the number of extended constellation
points visited, andb is the particle size.

Algorithm Flops

Sphere encoding (73 - K + 18 - K - N + 6 - N + 4) DiyyMMSE-VP

PSO (44+30-K-S+(14-K-N+30-K+6-N)-5)-1
+(14-K-N+4+30-K+6-N)-S

5.4 Computational Complexity

The computational complexity of our improved MMSE-VP and of the genecaMBER-VP is discussed
in this section.

5.4.1 Computational Complexity of the InNMMSE-VP

The complexity of the most substantial contributions determining the overall legitypof finding the
IMMMSE-VP solution are summarized in Table 5.1. More explicitly, a detailed &eyptexity contribution
calculation table for our proposed PSO aided INMMSE-VP scheme per iteiatisted in Table 5.2. All
of these contributions depend on the number of us&ren the number of transmit antennasand on the
size of the swarns'.
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Table 5.2: Detailed key computational complexity contribution perdtion for the PSO aided IMMMSE-
VP design for QPSK signalling, wher& is the number of mobile usergy is the number of transmit
antennas and is the particle size. The numbers in () indicate the indexhefdorresponding block in Fig.
4.1.

Stage Flops
Update inertia weight (3) 4
Update velocities (3) 9-2-K-8
Calculate sigmoid function (3 3-2-K-8
Update positions (3) 3-2-K-8
Evaluate fitness (2) (14-K-N+30-K+6-N)-S

The computational complexity of the discrete multi-valued PSO aided InNMMSEe&gerntis not only
on the number of userk, the number of transmit antennas and the size of the swart$i, but also on
the number of iterations the algorithm requires, in order to converge to timawp point. This will be
discussed more in detail in Section 5.5 with the aid of simulation results.

5.4.2 Computational Complexity of the Generalized MBER-VP

Table 5.3: Detailed key computational complexity contributions geration for the PSO aided MBER-VP
design for QPSK signalling, whet& is the number of mobile user] is the number of transmit antennas
andsS is the particle size. The numbers in () indicate the indexiefdorresponding block in Fig. 2.8.

Stage Flops
Update system parameters (3) 6-S5
Update velocities and positions (8) 23-N-S8
Evaluate fitness (2) (13- K+7-N-K)-S

The computational complexity of the proposed generalized MBER-VP algouitbsigned for QPSK
signalling may be evaluated by considering Equation (5.23), yielding a tatgblexity of:

CGMBER—VP = (7-N+(73+7'N)-K+(23~N+(73+7'N)-K+6)Imax) -5
+CrmMMsE-vP +2- K +7-K-N +5-5, (5.24)
where N is the number of transmit antennak, is the number of mobile users,,.x is the number of
iterations needed to converge to optimal solutiénis the particle size an@',vivse_vp denotes the

complexity imposed by obtaining the INMMSE-VP solution for the system. The deteédg complexity
contributions of our proposed PSO aided MBER-VP scheme per iteragssuantmarized in Table 5.3.

5.5 Simulations and Discussions

In this section, simulation results are provided for characterizing our sojutibich are followed by cor-
responding discussions. In the following simulations, we used a swarnofsize= 40 for discrete-valued
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Table 5.4: Simulation parameters.

Parameter Value or Type
System
Modulation scheme QPSK
Transmit antennas 2or4
Receive end users 4
Channel flat Rayleigh fading
CSIT knowledge perfect
Channel realizations 100
PSO
Swarm size for discrete multi-valued P35, 40
Swarm size for continuous-valued PSg),, 20

PSO and a swarm size 6f= 20 for continuous-valued PSO. This decision was made based on oui-exper
ences with PSO shown in Section 3.7.4 and Section 4.7.6. We would like to poithadthe choice of the
swarm size may not be the best, but nevertheless, constitutes a rdastesn compromise between the
performance attained and the complexity imposed.

5.5.1 \Verification of the approximation

First, we considered the effects of the approximation we made in Equatigra(dEquation (5.19), when
designing the INMMSE-VP and the generalized MBER-VP schemes. Thedegstem parameters are
shown in Table 5.4, where the DL of a multiuser system employwhg- 4 transmit antennas at the BS
to supportK’ = 4 4-QAM MSs was considered. Perfect CSI knowledge was assumed BStHor trans-
mission over they x K)-element flat Rayleigh fading MIMO channel, and the results were olatdige
averaging the resultant performances over 100 channel realizations.

First of all, let us consider the effects of different approximations in ihetext of Equation (5.6),
when the InNMMSE-VP algorithm is adopted. Generally speaking, when mtagrais are calculated over
the error intervals shown in Fig. 5.3, the related approximation would become aourate. Naturally,
the computational complexity would also be increased. However, the oBERI performance of the
system may not be substantially improved, when more integrations are cadcolegethe error intervals.
In Fig. 5.7, we characterized four error probability approximations, whie:

Case 1 By observing Fig. 5.3, we approximate the integrals over all the errovaitein (—oco, — 7)
and(r, + oo) as the single integral over the intenfatoo, — 7), which implies the assumption that the
probability of encountering errors in the range(ef + oo) is neglected. Furthermore, we consider the
shaded areas ¢f-3, 0) and7,

©  p(t+DT —r 0 ;
> [ ks [ phodshor [ pshdsh+ [ plshdsh

r
[e.e] B)

7 in Fig. 5.3, yielding:
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Case 2 With reference to Fig. 5.3, we approximate the integrals over all the etewvals in(—oco, —
27) and (271, + oo) as the single integration over the interyaloo, — 27):

0 (t+1)7 —27 —T 0
> [ ek = [ ahiash [ pshiash [ atshash
t=—0c0® "2 T - T2 T2
T 27
+ /p(s’f{)cislfa—i-/3 p(sh)dsh,. (5.25)
3 F3

Case 3 This is the approximation we opted for in our proposed design, whichidenssseven of the
shaded areas in Fig. 5.3:

0 (t+1)1 —37 —27 —T
Lo s = [ athoashor [ ahodsh+ [ atshiash
t=—c0” "2 T o 2 2
0 X T X 2T X
+ [ ptshash+ [Cpshiash+ [ pshash
5 ’
+ / p(s%)dsh. (5.26)

Case 4 Again, with reference to Fig. 5.3, we approximate the integrals over allrtioe itervals in
(—oo0, —57) and (57, + oo) as the single integral over the interval @fco, — 57), and we consider a

T
—p— Casel
—<}— Case2
—+H— Case3
—6O— Case4
107 — B — Single-user Gaussian]

BER

14

Eb/No(dB)

Figure 5.7: BER versus SNR performance of our proposed improved MMSHovgrecoding algorithm
based on MBER criterion, while different BER approximasare considered. Case 1 refers to the integra-
tion considering the intervdl-7, 7); case 2 refers to the integration considering the intefva@r, 27);
case 3 refers to the integration considering the intgrvdlr, 37); case 4 refers to the integration consider-
ing the interval(—57, 57). The modulo operations are employed at the receivers. fiiga®ns are over
flat Rayleigh fading channels using = 4 transmit antennas to suppdit = 4 4-QAM users. All sys-
tem parameters are summarized in Table 5.4. The perfornartbe MBER-MUT recorded in the same
scenario was shown in Fig. 3.16.
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total of 11 shaded areas in Fig. 5.3, yielding:

o0 (t+1)T —57 —AT —37
> [ ks = [ atshiash [ ptshiash [ ptshash

2641,

t=—00 2 2

3 Fl El
i k k o7 k k
+ /7 p(sk)dsh —1—[) p(sk)dsp. (5.27)
2 2
10"
—O— Case 1
—H— Case 2
—<}— Case 3
102} — B — Single-user Gaussiar) |

10°F

BER

107 I I I X I
6 8
Eb/No(dB)

Figure 5.8: BER versus SNR performance of our proposed generalized MBEERT precoding algorithm
based on MBER criterion, while different BER approximatiare considered. Case 1 refers to the integra-
tion considering the intervgl-27, 27); case 2 refers to the integration considering the intefvaltr, 37);
case 3 refers to the integration considering the intefval, 57). The modulo operations are employed at
the receivers. All system parameters are summarized ireTadl The performance of the MBER-MUT
recorded in the same scenario was shown in Fig. 3.16.

The influence of the different approximations of the desired BER is showAg. 5.7. It is clear that
Case 3 strikes the best trade-off between the complexity imposed and thpaBteRnance attained.

Let us now consider the generalized MBER-VP algorithm. In Fig. 5.8, thifeerent BER approxima-
tions are considered. Case 1 refers to the integration considering thalrfte2r, 27); Case 2 represents
the integration considering the intervat 3, 37); Case 3 refers to the integration considering the interval
(=51, 57).

Observe from Fig. 5.8 that the approximation of Case 1 is insufficientlyrateuvhile the performance
obtained by using the approximations of Case 2 and Case 3 are similar. 3ise® Genefits from a lower
computational complexity, it may be deemed to be the best choice among thegprerimations.
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5.5.2 Guaranteed generalized MBER-VP performance

10

—H— Case 1
—<}— Case 2

— 1 — Single-user Gaussiar

107

BER
5

8
Eb/No(dB)

Figure 5.9: Performance comparison of Case 1 (all particles are randmitiblized) and Case 2(one of the
particles is initialized to be the solution of the previguptoposed improved MMSE VP, while the others
are randomly initialized) communicating over flat Raylefgting channels usingy = 4 transmit antennas
to supportK’ = 4 4-QAM users. All system parameters are summarized in TadleThe performance of
the MBER-MUT recorded in the same scenario was shown in Fib.3

In this part, let us consider the performance gain of the continous-vRl8€daided generalized MBER-
VP when the InNMMSE-VP solution is used as part of the initial swarm. The sypsameters are listed
in Table 5.4, where the DL of a multiuser system employg= 4 transmit antennas at the BS to support
K = 4 4-QAM MSs is considered. Perfect CSI knowledge was assumed at3HerBransmission over
an (V x K)-element flat Rayleigh fading MIMO channel and the results were oltdigeaveraging the
resultant performances over 100 channel realizations.

Fig. 5.9 shows the BER performance comparison of two different casesely where all particles
are randomly initialized in Case 1, while in Case2, one of the patrticles is initializbd the previously
proposed INMMSE-VP solution, with the others being randomly initialized. Itaarcfrom Fig. 5.9 that
in Case 1 only a relatively low-quality local minimum can be found, while in Caseh2n a good starting
point was provided during the initialization stage, a much better local minimumavaslf which ensures
a better BER performance. This suggests that it is beneficial to use the BEVNUP solution as one of
the initialization points, when the generalized MBER-VP is adopted, althouinaflg this increases the
system’s computational complexity.
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Figure 5.10: Convergence performance of our proposed InNMMSE-VP algorivased on the MBER crite-
rion, while using the modulo operation at the receivers éonmunicating over flat Rayleigh fading channels
in different scenarios. All system parameters are sumrmaiiz Table 5.4.

Table 5.5: Computational complexity of the proposed INMMSE-VP altfuri in different scenarios, eval-
uated from Table 5.1.

SNR 6dB (4x4) | 10dB (4x4) | 25dB (2x4) | 30dB (2x4)
Complexity (Flops)| 405,200 502,820 520,040 571,260

5.5.3 Convergence and Complexity

The covergence behavior of our proposed discrete multi-valued PS@ BitMMSE-VP scheme, of the
continuous-valued PSO aided generalized MBER-VP algorithm and obtinesponding implementational
complexity is considered here. The parameters of the test scenario adeinistable 5.4. The DL of a
multiuser (V x K)-element MIMO system employingy transmit antennas at the BS is considered, when
supportingK’ QPSK users. Perfect CSI knowledge was assumed at the BS for traismnuser the V x
K)-element flat Rayleigh fading MIMO channel.

Firstly, we consider the convergence of our discrete multi-valued PS@ &iddMSE-VP algorithm.
The attainable performance can be seen in Fig. 5.10. When the system siipleyt transmit antennas
to supportK = 4 QPSK mobile users over flat Rayleigh fading channels, while using thenswiae
S = 40, we can see that the InNMMSE-VP algorithm requifes-20 iteration on average to converge at
Eb/No = 6dB. The corresponding computational complexity evaluated from Table %.14405,200,
while at Eb/No = 10dB, the algorithm needt =25 iterations on average to converge. The corresponding
computational complexity i€’ =502,820.
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The system was reconfigured to uSe= 2 transmit antennas to suppdit = 4 QPSK mobile users
over flat Rayleigh fading channels, which is a rank deficient scen@inie.swarm size was kept constant at
S = 40. Observe in Fig. 5.10 that the proposed INMMSE-VP algorithm néedS0 iterations on average
to converge af’b/No = 25dB. The corresponding computational complexity evaluated from Table 5.1 is
C' =520,040, while af“b/No = 30dB, the algorithm needé =55 iterations on average to converge. The
resultant computational complexity s =571,260.

10° T T T T T

— © —4by4 6dB
— B — 2by4 25dB
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0 —p>— 2by4 30dB ]
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Figure 5.11: Convergence performance of our proposed generalized MBEReheme, while using the
modulo operation at the receivers for communicating ovéR&yleigh fading channels in different scenar-
ios. All system parameters are summarized in Table 5.4.

Let us now consider the convergence behavior of the generalizedRWAE algorithm, which is por-
trayed in Fig. 5.11. When the system empldys= 4 transmit antennas to suppdit = 4 QPSK mobile
users over flat Rayleigh fading channels, when using a swarm size-at0, we can see that the generalized
MBER-VP scheme needs =20 iterations on average to convergeldt/ No = 6dB. The corresponding
computational complexity evaluated from Table 5.80%.,nivse—ve +209, 660), while atEb/No = 10dB,
the algorithm require$ =40 iterations on average to converge, the corresponding computationplexity
is then(Crnvvse—vp + 410, 460).

Let us now reconfigure the system to operate in a rank-deficientrdoerteere N = 2 transmit antennas
are used for supportiny’ = 4 QPSK mobile users for communicating over flat Rayleigh fading channels.
As before, we set the swarm size§o= 20. Observe in Fig. 5.11 that the proposed generalized MBER-VP
algorithm needd =40 iterations on average to convergeidt/ No = 25dB. The corresponding computa-
tional complexity evaluated from Table 5.3(Svse—ve + 244, 760). By contrast, ab’b/No = 30dB,
the algorithm requireg =45 iterations on average to converge, when the associated computatonal ¢
plexity is (CrmMvMse—vp + 274, 760).
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Table 5.6: Computational complexity of the proposed generalized MBERalgorithm in different scenar-

ios, evaluated from Table 5.3.

SNR 6dB (4x4) 10dB (4x4)
Complexity(Flops)| Crmmmvse—ve + 209,660 | Crnvvse—ve + 410,460
SNR 25dB (2x4) 30dB (2x4)
Complexity(Flops)| Crmmmvse—ve + 244,760 | CrmvMse—ve + 274, 760

5.5.4 Overall system performance

The overall BER performance of the proposed algorithms is discussed he
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—O6— MMSE-VP
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Figure 5.12: BER versus SNR performance of the MMSE-VP of [32] and of owppsed IMMMSE-
VP scheme based on the MBER criterion and generalized MBERygorithm, while using the modulo
operation at the receivers for communicating over flat Rghléading channels usingy = 4 transmit
antennas to suppoX = 4 4-QAM users. All system parameters are summarized in Taldle She
performance of the MBER-MUT recorded in the same scenar®shkawn in Fig. 3.16.

5.5.4.1 Full-rank system

The BER performance of the MMSE-VP of [32] and of our proposed MBIE-VP algorithm based on the
MBER criterion using the discrete perturbation scheme and the contintusdvBSO aided generalized
MBER-VP algorithm are compared in Fig. 5.12 for full rank systems, whanguthe system parameters
summarized in Table 5.4.

We considered the case of = 4 and K = 4. First the perfect knowledge of the DL CIR matrix
was assumed at the BS. It can be seen from Fig. 5.12 that the propd€ediéed generalized MBER-VP
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scheme achieved an approximately 1 dB SNR gain at the target BER dfover both the MMSE-VP as
well as the INMMSE-VP algorithm. For this full-rank system, the InNMMSE-VP #r@elMMSE-VP were
seen to achieve a virtually identical BER performance, which was also derated in [36]. The robustness
of the algorithms against channel estimation errors was investigated nexinplex-valued Gaussian white
noise with a variance of 0.01 was added to each channél;tafp model the channel estimation error. The
BERs of these three VP designs under this channel estimation error medehigo depicted in Fig. 5.12.
Observe in the figure that the proposed generalized MBER-VP desigmaanore sensitive to channel
estimation errors than the MMSE-VP and the InNMMSE-VP designs.

5.5.4.2 Rank-deficient system
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Figure 5.13: Performance comparison of the MMSE VP precoder and our gexpionproved MMSE vector
precoding algorithm based on MBER criterion for communigabver flat Rayleigh fading channels using
N = 2 transmit antennas to suppdit = 4 4-QAM users. All system parameters are summarized in Table
5.4. The performance of the MBER-MUT recorded in the samaaie was shown in Fig. 3.16.

The system was then configured to use= 2 transmit antennas for supportidg = 4 4-QAM users,
which was a challenging rank-deficient scenario. The system paramagtéessummarized in Table 5.4, while
the BER performances of the three algorithms can be seen in Fig. 5.13.

As oberved in Fig. 5.13, the MMSE VP scheme encountered an error fimme it was unable to
confidently differentiate the users’ information in this demanding scenario.th® other hand, the im-
proved MMSE-VP scheme based on the MBER criterion showed a sigrilfidsiter performance, but still
sufferred from an error floor, as seen in Fig. 5.13. By contrast, émemlized MBER-VP outperformed
the other two designs and, as a further benefit, it did not exhibit a visibbe ffoor. The absence of an
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error-floor demonstrated its ability to operate successfully in the rankigiefiscenario. Furthermore, the
generalized MBER-VP algorithm was seen to be no more sensitive to dhestiteation errors than the
other two designs.

5.6 Conclusions

In this chapter, we invoked the MBER criterion for designing vector mtegpschemes, where transmitted
signal is appropriately perturbed at the BS for the sake of directly minimize@&R at the receiver. The
perturbation induced ambiguity has to be removed at the MS’s receiver witlidhof appropriate modulo
devices. Based on this novel MBER criterion which is prominently featurdldeschematic of Fig. 5.2.2,
we proposed two different vector precoding algorithms.

Table 5.7: Performance summary of benchmark schemes evaluated ichiduter. The SNR gap refers to
the performance SNR gain over other schemes when usingdpeserd GMBER-VP algorithm.

GMBER-VP | INMMSE-VP MMSE-VP
SNR gap atl0—° (4x4) benchmark 1dB 1dB
Complexity(Flops)/SNR (44) | 793,230/10dB| 502,820/10dB| 382,770/10dB
Relative complexity (44) 2.07 1.31 1
SNR gap atl0~> (2x4) benchmark 6 dB > 10 dB
Complexity(Flops)/SNR (24) | 846,020/30dB| 571,260/30dB| 433,670/30dB
Relative complexity (24) 1.95 1.32 1

In Fig. 5.1 of Section 5.2, we firstly introduced an improved MMSE-VP debaged on the MBER cri-
terion. This transmit preprocessing scheme invokes a regularizedeadhiawarsion and then superimposes a
discrete-valued perturbation vector on the transmitted signal in order to minineZ2ER of the system as
an improvement of the well-established MMSE-VP scheme. The discrete muige/BSO can be adopted
to solve the corresponding optimization problem and its computational compleadtgiscussed in Section
5.4. To further improve the system’s BER performance, a generalizedRA&Sed continuous-valued VP
algorithm was proposed in Section 5.3. Given the knowledge of the informs§imbol vector to be trans-
mitted and the CIR matrix, we consider the generation of the effective synelstdvto be transmitted by
directly minimizing the BER of the system. We showed that continous-valued B&0ecused to solve the
corresponding optimization problem. The corresponding computationallegitypwas discussed in 5.4.
Simulation results were also provided to show the advantage of these ViRexhelying on the MBER
criterion, especially for rank-deficient systems where the number of &Smit antennas is lower than the
number of MSs supported. It was shown in Equation (5.3) of Section 5.2t 2thappropriate approxima-
tion may need to be taken in order to calculate the BEP of the system invokingdbesped algorithms.
Hence, we demonstrated the appropriate approximation for both scetmaogh simulations, which were
shown in Fig. 5.7 and Fig. 5.8. The convergence bahavior of our pegpdiscrete multi-valued PSO aided
IMMMSE-VP scheme, of the continuous-valued PSO aided generalizedRMBE algorithm and of the
corresponding implementational complexity was shown in Fig. 5.10 and Fig.d5.3&ction 5.5.3. The
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overall BER performance of the algorithms in full-rank system was shovirign5.12, while their perfor-
mance in rank-deficient system was shown in Fig. 5.13. Both of the algoritlerescapable of achieving
a better performance than MMSE-VP technique in both scenarios, whilbsdastial BER performance
gain could be attained by the generalized MBER-VP algorithm over othensehin the challenging rank-
deficient scenario. The robustness of these two designs to CIR estimatos were also investigated in
Fig. 5.12 and Fig. 5.13, showing that the proposed algorithms are no neiéivseto channel estimation
errors than the MMSE-VP scheme.

The overall BER and computational complexity performances of the MM8Be¢hnique, the pro-
posed INMMSE-VP and generalized MBER-VP scheme were summarizethie 34 . It can be observed
that in a4 x 4 full-rank system, the SNR gain of the generalized MBER-VP scheme oventlisz two
algorithms was 1 dB at the target BER 1>, while its computational complexity imposed was around
two times of that imposed by using the MMSE-VP technique. Hence, the prdmeneralized MBER-VP
scheme may not be the best choice in terms of striking a trade-off betweatialmable BER performance
and the implementation complexity imposed, although it achieved the best BERmarnice amongst the
techniques. On the other hand, when the operating system 2vag aank-deficient one, a substantial SNR
gain was achieved by the proposed generalized MBER-VP scheme eahtr two algorithms. Again, the
imposed complexity by it was around two times of that imposed by using the MMBEethnique as seen
in Table 5.7. This suggests that the generalized MBER-VP algorithm maydmeedkas a good alternative
of the MMSE-VP scheme in rank-deficient scenarios. In summary, theopeal generalized MBER-VP
algorithm is more suitable to be adopted in the challenging rank-deficierdrsognn order to beneficially
strike a trade-off between the BER performance attained and the complexitgduahp

In the next chapter, we will further extend the MBER vector precodinigrtiegie to a MIMO transceiver
design.



Chapter

Transceiver Design Based On Uniform
Channel Decomposition and MBER Vector
Perturbation

6.1 Introduction and Relevance to previous Chapters

In Chapter 5, we developed the MBER vector precoder design. In Fig, &e observed that the proposed
generalized MBER-VP can only achieve a marginal SNR gain over the stelblished MMSE-VP scheme
in a (4 x 4)-element full-rank system. As argued in Chapter 1, MIMO techniquesapable of offering
an increased channel capacity in interference-free scenariod, thisie achievable performances remain
limited by the MUI. Nonetheless, the MUI can be mitigated at the receiver [@4&] the transmitter [32]
as well as jointly at the transmitter and receiver [8]. The latter approads kaa joint MIMO transmit-
ter/receiver structure, which we refer to as a transceiver. In dod&rrther increase the attainable BER
performance of a system in both full-rank and rank-deficient scenarithis chapter, we are interested in
invoking the MBER vector precoding technique in our transceiver design

A nonlinear transceiver design based on the geometric mean decompdsii@) (vas proposed in [6].
The GMD is capable of beneficially diagonalising the MIMO channel matrixiteatb identical diagonal
elements, hence offering identical MIMO subchannel gains. It is worthtior@ng that the GMD approach
has been considered for adoption in both the Third-generation Pdniméhoject’'s Long Term Evolution
Advanced (3GPP LTE-A) and in the WIMAX (802.16m) standards [148]tek, the uniform channel de-
composition (UCD) was proposed in [7] as an improvement of the GMD. TGP thaintains the highest
possible capacity at any SNR, and it achieves the maximal attainable divgasity7]. The precoder de-
sign of [6, 7] constitutes a THP [22], which constitutes a specific implementafitre dirty paper coding
principle [31]. This THP design is generally outperformed by the VP algoritifhe solutions proposed
in [8] extended the idea of [6] to a GMD MMSE-VP (GMD-MMSE-VP) trapaer design. Since the BER
is the ultimate system performance indicator, the schemes designed by minimisiBgRheriterion are

132
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attractive. It may also expected that a UCD based VP design will outperdioGMD based VP design.
Although the authors of [7] proposed a UCD based THP design (UCB)Ttd the best of our knowledge,
no UCD aided VP transceiver design was proposed to date in the opetuligerAgainst this background,
in this chapter we propose a joint transceiver design by combining the Wi@iha MBER based VP, where
the precoding and equalization matrices are calculated by the UCD methodthvehderturbation vector is
chosen directly based on the MBER criterion.

The rest of this chapter is structured as follows. In Section 6.3, the Ml model is introduced,
while Section 6.4 details the proposed UCD-MBER-VP transceiver deSigmulation results are presented
in Section 6.6 to compare our proposed design to several existing berkchom@mes. We conclude our
discourse in Section 6.7.

6.2 Uniform Channel Decomposition

In the field of MIMO transceiver design, the singular value decomposiB\D)) [39] constitutes a pop-
ular technique since it is capable of decomposing a MIMO channel into multifideeht-quality parallel
subchannels. When combined with the classic water filling algorithm [6], thara capacity can be ap-
proached [149]. More specifically, the SVD algorithm decomposegithe K)-element channel matrild
as:

H=UAVY, (6.1)

whereA is the(O x O)-element diagonal matrix, whose diagonal eleméntg?_, are the nonzero singular
values ofH, U is an(N x O)-element orthonormal matrix, aid” is an(O x K)-element orthonormal
matrix.

In the classic SVD aided MIMO systems, the transmitted signal can be egdrass= Vx, where the
orthonormal precoding matri¥ must not change the transmit power. The equalization matrix employed
at the receiver may be expressedAas' U, resulting in the received signal after equalization in the
following form [67]:

y = AT'UYHVx+n) (6.2)
= x+n/,
wheren’ = A~'U¥n andR,, = E[n'n’"] = ondiag(s-,- -+, x), which implies that we have parallel

AWGN channels contaminated by uncorrelated noise of powgA2.

We may observe that the SVD could result in subchannels with vastly diff&@&Rs, imposing fur-
ther complexity in terms of the subchannel ordering problem, subsequbohannel specific modula-
tion/demodulation as well as different-rate channel coding/decodingguoes. To overcome this potential
problem, Jianget al. proposed the so-called geometric mean decomposition (GMD) techniqud ).
GMD algorithm is capable of beneficially diagonalizing the MIMO channel madiaxiing to identical di-
agonal elements, hence offering identical subchannel gains, as detafBection 6.2.1. Later, uniform



6.2. Uniform Channel Decomposition

134

Table 6.1: Selected contributions on the development of GMD and UCbnpies

[O-

ISE

ne

Year | Author(s) | Contributions

2005 [6] Proposed GMD, characterizing it from a purely mathematical point of vigw.
Jianget al.

2005 [150] Proposed a joint transceiver design that combines GMD with either a ze
Jianget al. | forcing VBLAST decoder or zero-forcing THP.

2005 [7] Proposed a joint transceiver design that combines UCD with either a MN
Jianget al. | VBLAST decoder or THP.

2006 [151] Extended the single user GMD and UCD MIMO transceiver designs to tk
Lin etal. | multi-user broadcast channel scenario by invoking the Block-Diagaiaiiz

method, resulting in the so-called BD-GMD and BD-UCD designs.

2006 [152] Analyzed the diversity-multiplexing tradeoff of GMD/UCD combined
Jiang and | with optimal antenna selection. Approximated the error probability with
Varanasi | the aid of the Gaussian Q-function.

2007 [153] Proposed an expanded soft symbol-to-bit demapper scheme specifically

Peh and | designed for the GMD-THP MIMO systemfor the sake of
Liang supporting soft decision-aided channel decoding.

2007 [8] Proposed a MIMO transceiver design by combining the GMD and
Liu etal. | the MMSE-VP techniques.

2009 [154] Proposed a robust UCD scheme, which was capable of improving both the

Chenet al. | BER and the achievable capacity in the context of imperfect CSI, which
was benchmarked against the conventional UCD scheme.

2009 [155] Proposed an UCD design. Demonstrated that the proposed scheme

Lee and | had an enhanced diversity order compared to the SVD scheme, which
Lee was achieved by exploiting the specific properties of the UCD.

2010 [156] Proposed a MIMO transceiver design based on the amalgam of the

Liu etal. | BD-GMD and ZF-VP.
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channel decomposition (UCD) was proposed also by J&ral. in [7] as an improvement of GMD. The
UCD maintains the highest possible capacity at any signal-to-noise ratio)(@NdRit achieves the maximal
attainable diversity gain [7]. The UCD is detailed in Section 6.2.2. First of dlljsebriefly consider the
development of GMD and UCD techniques, as seen in Table 6.1.

6.2.1 Geometric Mean Decomposition

The mathematical description of GMD was provided in [6], wherg &nx K)-element channel matrix
having a rank of) was decomposed in the following manner:

H = Q,R,P/, (6.3)

whereQ, andP, have orthonormal columns, ail, is an(O x O)-element real-valued upper-triangular
matrix having identical diagonal elements, all of which are equal to the gelonme¢tan of the positive

singular values, namely:
1/0

P\ = H Aj ,1<i<oO, (6.4)

where) is the geometric mean of the positive singular values.
The advantage of GMD may be explained as follows. Consider a MIMOrmsystedeled by
y = Hs +n, (6.5)

wheres is the transmitted signay; is the received signal and is the noise. We assume tHdtis decom-
posed a¥l = QRP, whereR is a(O x O)-element upper-triangular matrix, whi2 andQ are matrices
having orthonormal columns. The actions of the matriBeand Q may be interpreted as those of filters,
filtering the transmitted and received signals. Then, we arrive at theadgoi expression:

S’ = Rx + n” (6.6)
wheres = Px, ¥ = Qfy andn’ = Q¥ n.

By exploiting Costa’s suggestion [31] that the interference known at #msnitter may be completely
canceled without consuming any additional transmit power, the systemeceonberted int@ decoupled
parallel subchannels, each modeled as:

gi=ra; ), i=1,---,0. (6.7)
Assuming that the variance of the noise imposed orGitseibchannels is identical, the subchannels associ-

ated with the smallest? yield the highest error rate. This leads to the problem of appropriatelysitg
P andQ in order to maximize the minimum of-* [6]:
mfg( min{r*’:1<i <0}, st QRPY =H,QYQ =1, (6.8)
PP =1,r%7 =0 for i>j.
It was shown in [6] that the GMD provides the optimal solution to Equation 6.8.

The GMD operations may be based on an initial SVD step, and it may be sumdasitellows [6]:
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1. LetH = UAV pe the SVD ofH. Let us furthermore initializ&, = U, R, = A, P, = V and

o=1.

2. Ifrg° > X, choose > o so thatrg® < . If g < X, choose > o so thatrg® > A. In Q,, R, and
P, perform the following exchanges:

potlotl s ppp (6.9)

Q) «— Qp,

o+1 P
P; — Q.

3. Construct the orthogonal matricés; and G» according to Equation (9) of [6]. Repladg, by
GIR,Gy, replaceQ, by Q,G- and replacé, by P,G;.

4. If o= O — 1, the process stop ar(QgRng is the GMD ofH. Otherwise, replace with o 4+ 1 and
go to step 2.

It is worth mentioning in closing that the Matlab implementation of this GMD algorithmpessed by
the authors of [6] at the following website:
http://mww.math.ufl.edu/ hager/papers/gmd.m .

6.2.2 Uniform Channel Decomposition

The GMD algorithm was shown to be asymptotically optimal at high SNRs in termstbfits throughput
and BER performance [7]. Hence, it does not have to strike a traxleefiveen the achievable capacity and
BER performance. Instead, it attempts to achieve the 'best of both waitdsltaneously. Nonetheless, it
may suffer from considerable capacity loss at low SNRs due to the infigezo-forcing’ operations since

it does not take the noise into consideration, which results in a reduceditagt low SNRs [7] where the
noise-amplification is more dominant. Against this background, Jerad, proposed the UCD algorithm
in [7] as an improvement of GMD, which decomposes a MIMO channel into multipiatical subchannels
under MMSE criteria [154], which is depicted later in this section.

Let us recall the SVD oH from Equation (6.1). The research in [149] showed that the optimabperc
from an information theoretic point of view is formulated as

Foy=V®, (6.10)

where® is a(O x O)-element diagonal matrix whose diagonal elemduis}©_, are found by the water
filling process as [149] 8
o) = (n=13)" (6.11)

whereg is defined agl = %  is chosen so thazooz1 #2(p) = O and(a)t = max{0, a}.

In contrast to the SVD-based precoder of Equation (6.10), the UCEbdegF ., is derived from the
SVD precoder of Equation (6.10) as follows:

Fued = VOO, (6.12)
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whereQ2 is a(N x O)-element semi-unitary matrix, which satisf@$’ Q = I. Then UCD precodeF .4 is
known for maximizing the channel’s throughput [7]. Moreover, a higjrade of flexibility can be achieved
by introducing in the precoder matri¥, .4 in Equation (6.12) than that of the SVD precodefqf,; in
Equation (6.10). Hence, now the problem lies in beneficially designing thes@tary matrix{2.

The virtual channel created by introducing the precddgy can be expressed as:
G = HF,,, = UA®QT = UzQ¥ | (6.13)
whereX = A® is a diagonal matrix. Let us also introdu€g, to denote the augmented matrix

Uz

6.14
JBIy (6.14)

a =

Then our aim is to find a semi-unitary matiX so that the QR decomposition [150] 6f, yields an
upper triangular matrix having identical diagonal elements. The authov$ pfdved the following lemma:

"For any matrix of the form given in (29), we can find a semi-unitary maffixsuch that the QR
decomposition o6, yields an upper triangular matrix with equal diagonal elements.”

Equation(29) in [7] is the matrixG,, andQ2 can be obtained by rewritinG, of Equation (6.14) as

U [2 : OOX(NO)] Qff
VBILy

where is a (N x N)-element unitary matrix whose fir6 columns formQ2. ThenG, can be further

a

, (6.15)

rewritten as
Ix O
Qo

IJ[E]EOOXUV_OJ
VBIN

We are also able to obtain the following equation by using the GMD:

G, = Qi . (6.16)

U [2 5 00><(N—O):|
VBIN

whereR ; is a(N x N)-element upper triangular matrix having identical real-valued diagonal elsni;

= QR PY, (6.17)

isa[(N + K) x N]-element semi-unitary matrix, arfél; is a (N x N)-element unitary matrix. Inserting
Equation (6.17) into Equation (6.16), we arrive at

Ix 0
Ga:I:OKQ ]QJRJP?Qg. (6.18)
0
Let2, = P4 and
Ix 0
Q= | "o | (6.19)
0

Then Equation (6.18) can be rewritten@g = Q¢, R which is the QR decomposition &&,. The
semi-unitary matrix2 associated witl&, consists of the firsD columns ofP’/. Hence (2 is obtained.
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6.2.3 Numerical Example

A simple example may be used to show how these algorithms work. Let us coagide system operating
atE;, /N,=12dB and the channel matrid can be described as:

—0.36 4 70.35 1.13 + 50.009
—0.06 +51.80 —0.11 — j0.86 .

When the SVD scheme is considered, according to Equation (6.1), namely

H=UAVHY,

For our specific example, we have:

U | 04245015 087+017 |
0.02+50.89 —0.22+0.39 |

2.21+340.00  0.00 + §0.00 |
0.00 +j0.00 0.8+ 50.00

[ 0.82-0.00  0.56 + 50.00
—0.56 + j0.04 —0.82 —50.05 |

When the GMD algorithm is considered, according to Equation (6.3) of Se6tih1, we arrive at:

0.08 4+ j0.21  0.96 + j0.06 ]

Qg = R .
—0.09 4 50.96 —0.20— 50.12

R [ 1.3440.00 —1.38+50.00 |
? | 0.00+0.00 1.34+ 50.00 ’

b _ [ 0.91+50.00 —0.40 + 50.00 |
“ | 040 —j0.02 0.91 — j0.06 '

We can see that the diagonal elements of the m&rgjhave an identical value and this value has the
following relationship with the diagonal elements of the mafXiaccording to Equation (6.4):

rg = A= (221 x0.82)/2 = 1.34,

Finally, when the UCD technique is considered, our target is that of degidh,., of Equation (6.12),
yielding:

0.82 — j0.00  0.56 + j0.00
—0.56 + j0.04 —0.82—j0.05 |

[ 1.00+50.00  —0.00+ 0.0
0.00 + j0.00 0.98 + 50.00 ’
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Q:

0.52 4+ j0.00  — 0.85 + 50.00
—0.85 — j0.00 0.52 — j0.00

hence,
0.91 +50.00 —0.41 4+ 50.00
Fucd = . . .
0.39 — 50.02 0.91 — j0.06

6.3 System Model

The following system model description is similar to that introduced in Section 2.1Th4 difference is
that in contrast to Fig. 2.3@ x K)-element equalization matr®” is introduced in the model of Fig. 6.1.

Let us now detail the schematic of the MIMO system depicted in Fig. 6.1, whei®S’s DL transmitter
equipped withV antennas transmit thi€ users’ data streams to the receiver employihgeceive antennas
and K modulo devices. Frequency-flat fading MIMO channels are consideFae channel matriH of
the system is given by

H = [h; hy---hg],

wherehy, = [hy h27k---hN7k}T, 1 <k < K. TheCIRtapsh;, for1 < k < K andl <i < N are
independent of each other and obey the complex-valued Gaussianutistritvith E[|h; |>] = 1. The
K-element original information symbol vector is givenRy= [z1 22 - - - 2x]?, wherex;, denotes thésth
information symbol. It is assumed thA{xx'] = 21, with Iy denoting the ¥ x N)-element identity
matrix. The original transmitted symbol vecteris then perturbed to generate theelement perturbed
vectoru, as given by

u=Xx-+w,

wherew is a complex-valued perturbation vector. Thé & K)-element precoding matriR of Fig. 6.1 is

given by
P =[p1 p2---pkl,
¢
L ¢ 1

User 1|$ ; :?}1>-———> N0C Y1

ser 2 —> P | o | I
p QY 2>mo Y2

° | |
° | I
[ L 1YK

| mo YK

Oser B4 e @—* =l

New component

[
l

Figure 6.1: Schematic of the DL MIMO system, where the transmitter elyiplp N transmit antennas
communicates with the receiver usifgreceive antennas. Compared to Fig. 2.3, the new compontd is
(K x K)-element equalisation matriR*.
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wherepg, 1 < k < K, is the precoder’s coefficient vector for théh user's data stream. Given a fixed
total radiated powerEat the transmitter, an appropriate scaling factor should be used to fulfill &imsrtrit
power constraint, which is defined as

a = +/Er/||Pul]?.

The channel’'s white noise vectaris defined byn = [ny ng - - -nK]T, whereng, 1 < k < K, isacomplex-
valued Gaussian random process with zero meanipg, |?] = 202 = N,,. At the receiver, the reciprocal

of the scaling factor, namely !, is used to scale the received signal in order to maintain a unity-gain
transmission. The received signal vegfo= [1 72 - - - )7 before the modulo operation is given by

y = QYHPu+o'Qn (6.20)
= QYHPu+n,

with the (K x K)-element equalisation matr@ of Fig. 6.1 defined a€ = [q; q2 - - - gk], and the effective
noise ash = o~ 'Qn.

The modulo operation of Fig. 6.1 invoked fg, 1 < k£ < K, is described by Equation (2.29), namely:
. L%[gjk] +7/2

%[gk]—'_T/zJT—j

T T I,

mod-(Jx) = 9k — |

whereRt[e] andS[e] represents the real and imaginary parts, respectiyely, —1, | o | denotes the largest
integer less than or equal to its argument and a positive number. If the square-shapddpoint Gray
coded quadrature amplitude modulation (QAM) constellation of

1 vM -1 1 vM -1
{i,’... ,i7}+j{j:,7... ,ii}
2 2 2 2
is used, the modulo operation parameter can be setto+/ M [157]. Thus, the received signal vector

y = [y1 y2---yx]|T after the modulo operation is given by

y = mod(¥),

andy;, 1 < k < K, constitutes sufficient statistics for the receiver to make a hard-decisimeming the
transmitted information data symboj}, 1 < k < K.

6.4 UCD aided MBER VP Transceiver Design

For notational simplicity, in this section, we restrict our discourse to the 4-@G&Meme associated with
M = 4. Its extension to high-order QAM schemes can be achieved by congidbarMinimum Symbol
Error Rate (MSER) criterion, in the spirit of the MSER multiuser detection o&fb8]. The UCD scheme
[7] is used here to design both the transmitter's precoding mRtr@nd the receiver’'s equalisation matrix
Q of Fig. 6.1, while the design of the perturbation veators based on the MBER criterion, as detailed in
Section 5.2.

The design introduced in Section 6.2.2 is actually the UCD-VBLAST schemenTith consists of
a linear DL precoder at the BS and the MMSE-VBLAST detector at the M&siver. We may exploit
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the uplink-downlink duality [159] here in order to design the UCD-MBER-&4heme, which implies the
idealized simplifying assumption of having an identical CIR in the UL and DL.

The linear equalisation matri€Q of Fig. 6.1 can be calculated by using the same technique as that
employed for designing the linear precoder of [7] in the reverse chabeieus denote the SVD [39] dI
asH = UAV¥ whereA is the (O x O)-element diagonal matrix, whose diagonal elemédnist?_,
are the nonzero singular valuesif?, U is an(N x O)-element matrix, an&/ ! is an(O x K)-element
matrix. We calculate the equalisation maté)in the following manner [7]:

Q=Vaen, (6.21)

where thg O x O)-element diagonal matrig and the( K x O)-element matriX2 are obtained by following
[149]. Explicitly, the diagonal elementsp,}<_, of ® are found by the water filling process formulated
as [7]:

¢300:=(u—-§2)*7 (6.22)
whereg is defined ag = 2%521 w is chosen to satistOO:1 $2(p) = O and(a)* = max{0, a}. Let us now
introduceX = A®. Thenﬂzis obtained with the aid of the GMD [7] in the form of:

U [2 : OOX(K—O)]
VB

whereR; is a (K x K)-element upper triangular matrix having identical real-valued diagonal eftsme

= QR P, (6.23)

Qyisa[(N + K) x K]-element semi-unitary matrix, afe; is a (K x K)-element unitary matrix. The
matrix 2 simply consists of the firsD columns ofPIf.

The calculation of the precoding matidixcan be interpreted in two ways. First, according to [7], it may
be expressed as
P =Q.RM™, (6.24)

whereQ,, consists of the firsiV rows ofQ ;.
The second way is as follows. Given the knowledge of the linear equahsa&irix Q, the effective
channel matrix may be expressed as:
H. = Q'H (6.25)
= Qaf'viH
= QavHvAHUH
= QafAfU?
= aoxfu#
= (UuzQf)f,

It was shown in [155] that the precoding matixmay be chosen to be [155]:

P=H{HHI + 1)~ (6.26)
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noting that the sepcific form d® in Equation (6.26) is similar to that of the MMSE linear precoder. This
was verified by our simulations, demonstrating that the elements of the rRatiiitained by using the two
different methods are identical, which suggests that in this case we have:

P = Q,RH™ (6.27)
2 2
HHH + 1)
Er

Figure 6.2: Probability density function of the decision variablgin the proposed UCD-MBER-VP design
when the modulo operation of Fig. 2.3, explained with theddillig. 2.4, is employed at the receiver. The
shaded areas represent all the erroneous decision regioisgigure is for illustration purpose and its shape
is the same to the one shown in Fig. 5.2. However, the mearfisf bere associated with Equation (6.29)
is different from that associated with Equation (5.2) in.F¢.

p(sk)

3t ob Sk obf Th 4L oF

:97': VT V5T V374 ET T i
_T4T_T3T_T2T_T7— —3 3
Figure 6.3: Probability density function of the decision variablgin the proposed UCD-MBER-VP design
when the modulo operation of Fig. 2.3 is employed at the vecsj shaded areas represent the approximated
erroneous decision regions, which can be contrasted toxde Begions of Fig. 6.2. Again, this figure was

repeated here for convenience, its shape is the same asdlseemin Fig. 5.3.

Having designed the precoding and equalisation matrieead Q, we now move on to the design of
the algorithm of choosing a specific perturbation veai®o that the error probability or BER of the system
is minimized.

Similar to the scenario considered in Chapter 5, the BER encountered attthe of the receiver after
the modulo operation of Fig. 6.1 for the in-phase component dfttheymbol in our system may be defined

as
P., 1(w) = Prob{sgnR[z;])R[yx] < 0}. (6.28)
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In order to evaluate this BER, let us define the signed decision varbte sgn(R[zy])R[g], which has a
mean ofc%f) = sgn(R[zx])R[a hP(x + w)] and the PDF given by

(k)
p(s]f%) = L exp ( (SkR_CR)2> . (6.29)

o —24H
a~lony/2rql qy 202a72q) qy

Again, the decision areas are periodically extended irsﬁ}axis, as seen in Fig. 6.2, where the intervals
marked by— are the erroneous decision areas, i.e. where we hav&ggn) R[yx] < 0, while the intervals
marked by+ are the error-free areas, i.e. $@fic;.])R[yx] > 0. Hence, the BER of the in-phase component
associated with thgth symbol is given by

0 (t+1)1 —37 —27 —T
Pas@) = 3 [, vohoash [ Cahiashs [ pGhiashr [ stk
=—00 2
gk T kyglk Tk gk kv k
+ /TP(SR)dSR+/T p(sR)dSR"'ﬂm p(sR)dSR"'/%T p(sk)dsk, (6.30)
—3 3 7 7

where the approximation occurs as we combine the integrations over alfthéngervals in(—oo, — 37)
and(37, + oo) into the single integration over the internfatoo, — 37).

Fig. 6.3 shows this approximation. We demonstrated this through intensive sonalahich are shown
in Section 6.6.P,, ,(w) can therefore be expressed as:

(k) st _ (k) (k)
cp’ +37 -5 —c —2T —¢
P hw) ~ Q R 7|4 Q 2 "R | _ Q T "R
o log/afl qp o lop/afl qi o log/afl qp
3T (k) (k) T (k)
—5 —cC —T—cC —5 —C
+ Q 2 R | _ Q S { S Q __ 2 R
a~loy/af ak a~loy/af ak a~lo/af ak
(k) r_ (k) (k)
—c 5 —C T—¢C
- Q R |4 Q 2 "R | _ Q _ ' "R
a~loyy/ai ax a~loyy /i ax a~loyy /i ax
3r _ (k) (k) 5t _ (k)
5 —cC 21 —¢ 5 —c
+ Q 2 "R | _ Q| ———E |+ _ 2 "R
a~loy/af ax a~lon,/affax a~lon,/affax
37— k)
— 0 TR (6.31)
a_lgn qqu
Hence, the average BER for the in-phase componentatfthe receiver is given by
T
Pex(@) = 22> Peyr(). (6.32)
k=1

Similarly, Ietc(Ik) = sgn(S[zx])S[a hyP(x + w)]. Then the BER of the quadrature-phase component
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for the kth symbol is given by

(k) 5t
3 -3 - —27 —
Pi(w) ~ Q[ T2 )i —2- 9| o T4
a~lo,/af qi a~lony/ai a a~lony/ai a
3T (k) k T (k)
+ Q —9 —C¢r _Q —T—Cg) +Q —3 —(
aloy/allqk a oy /allqk a oy /allqy
(k) T (k) (k)
—c 5 —C T—¢C
_ Q I + Q 2 I _ Q I
a~lon/af qi o=t/ ak a~lony/ai a
3T (k) k 5T (k)
+ Q 2 ¢ _Q 2T_C§) +Q 2 ¢
atony/af qi a~lony/af q a~tony/af qi
(k)
3 —
-0 T q (6.33)
a~lo, Qquk
Then the average BER for the quadrature-phase compongratahe receiver is given by
1 K
Pegx(w) = 22 ) Peq (w). (6.34)
k=1
Thus, the resultant average BER of 4-QAM signalling becomes
Pox(w) = (Pe;x(w) + Perx(w)) /2. (6.35)

Hence, the optimal perturbation vector,, is determined by solving the following optimization problem
Wopt = arg H&i’n P, x(w). (6.36)

The perturbation vectap can be discrete-valued [32] or continuous-valued [36]. When onlyliberete-
valued selection is considered, we have

w = 1¢, (6.37)

where( is a complex vector taking values from the $et+ jb} with a andb being integers. Then, the
optimization problem in Equation (6.36) is reduced to

Copt = arg mén Pe,x(C)- (638)

The optimization problem in Equation (6.38) shares similar properties as theeosaw in Equation (5.11)
of Section 5.2.3 and can be readily solved using the discrete multi-valued IB&@tamn.

Since the UCD has a comparable computational complexity to the SVD [7], it isiplauhat the
computational complexity of the UCD-MBER-VP design is dominated by the beditbe optimal discrete-
valued perturbation vector. It may be deemed to have a similar complexity to thi2-KBMSE-VP design
[8], to the MMSE-VP algorithm [32] and the MMSE-MBER-VP algorithm [3G}yhose computational
requirements are also dominated by the search for the optimal discrete-ymterbation vector. The
complexity values were detailed in Table 5.2 and Table 5.3. The UCD-THPrdggigenefits from a lower
computational complexity, but it is outperformed by all the other designs in tefits BER at high SNRs,
as we will demonstrate in Section 6.6.
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6.5 Computational Complexity

Table 6.2: Detailed key computational complexity contributions geration for the discrete multi-valued
PSO aided UCD-MBER-VP design using QPSK signalling, wheres the number of mobile userd/ is
the number of transmit antennas, afis the number of particles. The numbers in () indicate thexnof

the corresponding block in Fig. 4.1.

Stage Flops
Update inertia weight (3) 4
Update velocities (3) 9-2- K-8
Calculate sigmoid function (3 3-2- K-8
Update positions (3) 3-2-K-8
Evaluate fitness (2) (18- K- N+9-K*+71-K+6-N+4)-S

The computational complexity of our proposed UCD-MBER-VP algorithm isudised in this section.
Its complexity for QPSK signalling may be evaluated with the aid of consideringdtiens shown in Fig.
4.1.

CUCD_MBER_VP:((18-K-N+9~K2+101-K+6-N+4)-S+4)-Imax+8'K2—K,

where N is the number of transmit antennak, is the number of mobile users,,.x is the number of
iterations needed to converge to optimal solution &nid the swarm size. More explicitly, the detailed
key complexity contribution summary table for our proposed PSO aided scpeniteration is listed in
Table 6.2.

6.6 Simulation Results

Our simulation results are presented in this section, followed by the con@sypdiscussions.

6.6.1 \erification of the approximation

The effect of the approximation we made in Equation (6.33) in deriving thiegeed algorithm is considered
here. The related system parameters are shown in Table 6.3, where tfaDiultiuser system employing
N = 3 transmit antennas at the BS to supplrt= 3 4-QAM MSs was considered, perfect CSI knowledge
was assumed at the BS for transmission over e (K)-element flat Rayleigh fading MIMO channel, and
the results were obtained by averaging the resultant performanceS0f¥ehannel realizations.

As we discussed in Chapter 5, when more integrals are calculated ovemrdnhéngervals shown in
Fig. 6.2, the related approximation would become more accurate. The compait@ibonplexity would
also be increased. However, the overall BER performance of thesysty not be substantially improved
when more integrations are calculated over the error intervals. In Figw&4haracterized four error

probability approximations, which are:
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Table 6.3: Simulation parameters.
Parameter Value or Type
System
Modulation scheme QPSK
Modulo operation 2
Number of transmit antennas N
Number of receive end users K
Channel flat Rayleigh fading
Channel realizations 500
PSO
Swarm size for discrete multi-valued PS0,.,, 40
10" : :
—%— Case 1
—<}— Case 2
O —6&— Case 3
» o T~ —&— Case 4
10¢ T~ — B — Single—user Gaussian
O - © — Single-user Rayleigh fading
iy S .
x ~ o
W 10°F ©\ ~ o .
o \ )
\
\
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\
\
\
\
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Figure 6.4: The BER performance comparsion of our proposed UCD-MBERI®$tgn with different error
probability approximations for communicating over flat Régh fading channels usiny = 3 transmit an-
tennas and{ = 3 receive antennas to suppéft= 3 4-QAM users. Averaged over 500 channel realisations.
All system parameters are summarized in Table 6.3.

Case 1 With reference to Fig. 6.4, we approximate the integrals over all the etenwvals in(—oo, —
27) and(27, + oo) as the single integral over the interyatoo, — 27):

0
p(sh)dsh

—27

/

T

/

2

0 (t+1)7 -7

> Jua,

t=—00 2

p(sh)dsh

pshdsh+ [ plshyash+ [

37

(SR

o0

p(sh)dsh, + /

2T

p(sk)dsk,. (6.39)
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Case 2 This is the approximation we adopted in our proposed design:

© (t+1)T —37 —27 -7
S [ vehash x| phish [ ahiashe [ sk

2t+1 _ _57 _ 3T
t=—o00 2 T o0 2 2

0 T 27
b [ atshash [ pishash + [ plshdsh

37

3
+ ﬂ) p(s%)ds]f%. (6.40)

Case 3 By observing Fig. 6.4, we approximate the integrals over all the error aiteinv(—oco, — 47)
and(4r, + oo) as the single integral over the interyatoo, — 47):

o~ [T gk Tk k Tk Tk
Z /2t+1 p(SR)dSR ~ / p(sR)d8R+/7T p(SR)d5R+/5T p(sR)dSR
t=—oc0Y "2 T —00 - _5r
- N N 0 i . - . .
+ /3 p(SR)dSR+/ p<3R)dSR+/ p(sk)dsp
-3 -z :
27 37 47
+ ﬁ ) p(sh)dsh, + [5 ) p(sh)dsh + /7 ] p(sh)dsh. (6.41)
2 5 5

Case 4 Again, with reference to Fig. 6.4, we approximate the integrals over allrtioe iatervals in
(—oo0, —57)and(5r, + oo) as the single integral over the interyaloo, — 57):

o (t+1)7 L ) —57 ) . —4r . L —37 L .
E /Z p(sp)dsp =~ / p(sk)dsk +/ p(sk)dsk +/ p(sp)dsp
t+1 _ _ 97 _1T
t=—0c0v 2 T o0 2 2

—27 —T 0
o [ ks [ pehash [ atshiash

5T T T
2 2

T 2T 3T
o [atshiash [ atshias+ [ ptshash

37 57
2 2 2

T 97
2 2

41 571
+ /7 p(s’j‘%)ds%—i—/ p(s’}%)ds'f%. (6.42)

As can be seen in the figure, the approximation of Case 1 is insufficientlyaec while Case 2, Case
3 and Case 4 showed a similar BER performance, which means the approrsnafiithese three cases
are all accurate enough to be used to represent the BER. It is cleahttghe approximation of Case 2
when we approximate the integrals over all the error intervals-io, — 37) and(37, + oo) as the single
integral over the interval—oco, — 37) provides the best trade-off between the BER performance attained
and the computational complexity imposed, since less intergrations are caloctatpared to Case3 and
Case 4. Therefore, the approximation made in Case 2 may be deemed to bstthedice among all the
approximations.

6.6.2 Convergence and Complexity

The convergence performance as well as the corresponding compatatmnplexity of the discrete multi-
valued PSO aided UCD-MBER-VP scheme is considered here.
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Figure 6.5: Convergence performances of our proposed UCD-MBER-VPrigtgn, while using the mod-
ulo operation at the receivers for communicating over flatl&gh fading channels in different scenarios.
The benchmark performances of the MMSE-VP and the InMMSEsttiemes of 8 x 3 full-rank system

at Eb/No=10dB which can be seen from Fig. 6.6 and ®fal rank-deficient system at Eb/No=25dB which
can be seen from Fig. 6.3 are also shown in this figure. Allsggtarameters are summarized in Table 6.3.

The system parameters of the test scenario are summarized in Table 6.3on%iéec a multiuser
(N x K)-element MIMO system employingy transmit antennas at the BS, supportiigQPSK users.
Perfect CSI knowledge was assumed at the BS and the receiver remdrfemission over theN x K)-
element flat Rayleigh fading MIMO channel. The attainable performantéeaeen in Fig. 6.5.

As we can observed from Fig. 6.5, when the system uges 3 transmit antennas for supporting
K = 3 users withK = 3 receive antennas, our algorithm needs 15 iterations on average &rgemvhile
operating at the SNR df'b/No = 10dB, the corresponding computational complexity is 691,404.

When the system is reconfigured to uSe= 2 transmit andK’ = 4 receive antennas for 4 4-QAM
users, which was a rank-deficient scenaridzat N o = 30dB, the algorithm needs 25 iterations on average
to converge with the corresponding computational complexity of 708,224.

6.6.3 Overall system performance

The overall BER performance of the proposed algorithm is discussed Hehe corresponding system
parameters are summarized in Table 6.3. We considered the MIMO systemyergplt antennas to
receiveK 4-QAM users’ data streams frof¥ transmit antennas. The square-shaped 4-QAM constellation
of {3} + j{£%} was used and = 2 was chosen. The four benchmark algorithms were the MMSE-
VP design [32], the INMMSE-VP scheme [36], the UCD-THP algorithm [ii§l he GMD-MMSE-VP
design [8]. Only discrete-valued vector perturbation vectors wersidered in the related designs. All the
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simulation results were averaged over 500 channel realizations.

—H— UCD-THP

—O— MMSE-VP

—+— IMMMSE-VP

~ —%¢— GMD-MMSE-VP

~ —<— UCD-MBER-VP

SN — B - Single-user Gaussian

— © — Single-user Rayleigh fading

0 5 10 5 20 25
SNR(dB)

Figure 6.6: BER performance comparsion of the MMSE-VP design [32], tidVMSE-VP scheme
[36], the UCD-THP algorithm [7], the GMD-MMSE-VP design [8hd our proposed UCD-MBER-VP
transceiver design for communicating over flat Rayleighiffigethannels usingy = 3 transmit antennas
and K = 3 receive antennas to suppdtt = 3 4-QAM users, assuming the perfect channel state informa-
tion. All system parameters are summarized in Table 6.3.

First we considered the case 8f= 3 and K = 3 which is a full-rank system. The system parameters
are summarized in Table 6.3. Assuming the availability of perfect channelistatenation at both the
transmitter and receiver, the BER performance of the five designs ampated in Fig. 6.6. It can be
seen that, among the four benchmark algorithms, the INMMSE-VP had a simiRupBEormance as the
MMSE-VP, while the GMD-MMSE-VP design outperformed these two trandorigereprocessing designs
by 0.8 dB. Although the UCD-THP transceiver design achieved the leefsirmance at low SNR values, its
performance degraded significantly at high SNRs and was outperfdynaltithe other designs. It can also
be seen from Fig. 6.6 that the proposed UCD-MBER-VP scheme achiefedB SNR gain at the target
BER of 10~ over the GMD-MMSE-VP.

The robustness of all the five algorithms against the channel estimation€E&) was next investi-
gated. A complex-valued Gaussian white noise with a variance 0.01 wad amldach channel tafp, ;, to
represent the CEE at both the transmitter and receiver, and the BERsfivktdesigns under this CEE were
depicted in Fig. 6.7. It can be seen that the performance of the five desiye all degraded. In particular,
the UCD-THP scheme was seen to be very sensitive to the CEE and completaydiown. It can also be
seen from Fig. 6.7 that the proposed UCD-MBER-VP design was no moiitive to CEE than the other
benchmark designs and it maintained the best BER performance.

The system was then configured to uée= 2 transmit antennas arfd = 4 receive antennas fdf = 4
4-QAM users, which was a challenging rank-deficient scenario. Vhemm parameters are summarized
in Table 6.3. The BERs of the five algorithms assuming the perfect knowlefdtiee channel matrix at
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Figure 6.7: BER performance comparsion of the MMSE-VP design [32], tiMSE-VP scheme
[36], the UCD-THP algorithm [7], the GMD-MMSE-VP design [8hd our proposed UCD-MBER-VP
transceiver design for communicating over flat Rayleigtifgathannels usingy = 3 transmit antennas
and K = 3 receive antennas to suppdtt = 3 4-QAM users, assuming the imperfect channel state infor-
mation with channel estimation error. All system paranmsetge summarized in Table 6.3.
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Figure 6.8: BER performance comparsion of the MMSE-VP design [32], tiMMSE-VP scheme
[36], the UCD-THP algorithm [7], the GMD-MMSE-VP design [8hd our proposed UCD-MBER-VP
transceiver design for communicating over flat Rayleighrfigathannels usingv = 2 transmit antennas
and K = 4 receive antennas to suppdit = 4 4-QAM users, assuming the perfect CSI (solid curves)
as well as the imperfect CSI with channel estimation erraisfigd curves). All system parameters are
summarized in Table 6.3.
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both the transmitter and receiver are shown in Fig. 6.8. The two joint traresaiesigns, namely the
GMD-MMSE-VP and UCD-THP schemes, encountered high error fladrigh showed that they were
unable to differentiate the users’ information in this demanding scenarioMM8E-VP scheme showed
a significantly better performance, but still suffered from a visible eflamr, as seen in Fig. 6.8. The
ImMMMSE-VP algorithm considerably outperformed the above three desigshexhibited a much reduced
error floor. By contrast, the proposed UCD-MBER-VP transceiesigh outperformed the INMMSE-VP
design by about 10 dB at the target BER106f® and it did not exhibit an error floor. This showed its
capability to operate successfully in the challenging rank-deficient soena

The MMSE-VP, the INMMSE-VP and the UCD-MBER-VP were then testedeurtle same CEE
condition as specified in the previous example, and their BERs obtained tisl€€EE are also shown
in Fig. 6.8. It can be seen that the effect of CEE was more serious in tilkedefficient case. Again the
UCD-MBER-VP design achieved the best BER performance and it wasane sensitive to CEE than the
other two benchmark schemes.

6.7 Conclusions

In this chapter, we proposed a novel transceiver design exploiting ititebnefits of the UCD algorithm
and of the MBER criterion for developing a new vector precoding algorithinich can be found in Fig. 6.1.
The resultant UCD-MBER-VP scheme was shown to be an attractive &iaasdesign, which is capable of
providing a better BER performance when compared to other state of thigarithms. This was achieved
without imposing a significant increase of the computational complexity ediyeciehe rank-deficient
scenarios.

Table 6.4: Performance summary of benchmark schemes evaluated ichiduter. The SNR gap refers to
the performance SNR gain over other schemes when usingdpeserd UCD-MBER-VP algorithm..

UCD-MBER-VP | INMMSE-VP MMSE-VP
SNR gap atl0—° (3x3) benchmark 3dB 3dB
Complexity(Flops)/SNR (83) | 691,404/10dB| 333,460/10dB| 252,448/10dB
Relative complexity (% 3) 2.73 1.32 1
SNR gap atl0~> (2x4) benchmark 10dB > 10 dB
Complexity(Flops)/SNR (24) |  708,224/30dB| 571,260/30dB| 433,670/30dB
Relative complexity (24) 1.63 1.31 1

More explicitly, the system model was introduced in Section 6.3, where Fighedred the schematic,
based on which we proposed the UCD-MBER-VP design in Section 6.4.cdstefunction for this tech-
nigue was also derived in Equation (6.38) of Section 6.4. The computatongblexity of the proposed
algorithm was investigated in Section 6.5, followed by the correspondng gioruktudies in Section 6.6.
Similar to what we observed in Chapter 5, the calculation of the BEP in the pedmesign may also re-
quire an approximation. We demonstrated the appropriate approximation BEfRén Fig. 6.4. In Fig.
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6.5, we discussed the convergence behavior of the proposed algofithenoverall BER performance of
the proposed scheme in full-rank system under the assumption of the klygmnéperfect CIRs at both the
transmitter and receiver was investigated in Fig. 6.6, where the numbemsfiiiaantennas and receive
antennas wad’ = K = 3. The proposed UCD-MBER-VP scheme was shown to be capable olvaahie
around 3 dB SNR gain over the MMSE-VP technique at the target BERof. In Fig. 6.3, we investi-
gated the system’s performance when the rank-deficient scenaricva@sntered, where there was = 2
transmit antennas supportidg = 4 4-QAM users. The proposed UCD-MBER-VP algorithm showed a
substantial performance over other schemes since it did not exhibitarfleor, which showed its capabil-
ity to operate successfully in the challenging rank-deficient scenarie.algorithm’s performance against
CEE was investigated in Fig. 6.7 for full-rank system and in Fig. 6.3 for-daficient system. It can be
seen that the proposed UCD-MBER-VP design was no more sensitiveEatl@a the other benchmark
schemes.

The overall BER and computational complexity performances of the MM8Ee¢hnique, the ImMMMSE-
VP and the proposed UCD-MBER-VP scheme were summarized in Tablensaq3k 3) full-rank system,
the proposed UCD-MBER-VP scheme was capable of achieving an SMRga dB over the other two,
while imposing a 2.7 times higher computational complexity over the MMSE-VP teglnighis demon-
strated that the proposed algorithm may not be chosen in implementation whahesoff between the
attainable BER performance and the imposed complexity is required. Whegdiegnswas operating in
a (2x4) rank-deficient scenario, the proposed UCD-MBER-VP algorithowsldl a substantial SNR gain
over the other schemes, while only imposing 1.6 times higher complexity than theBMPStechnique.
This demonstrated that the proposed UCD-MBER-VP algorithm would bed gwice to be implemented
in rank-deficient scenarios. In summary, similar to the conlusion we madeaptétb, the proposed UCD-
MBER-VP algorithm would be more beneficial to be adopted in rank-defisigsiems.



Chapter

Conclusions and Future Work

In this final chapter, we will first provide the overall summary and conchssof this treatise in Section 7.1,
followed by a range of topics concerning potential future researclksssuSection 7.2.

7.1 Conclusions

In this treatise, we investigated a range of reduced-complexity PSO addilid downlink transmission
schemes conceived for transmission over Rayleigh fading wirelesselsaoperating in multi-user scenar-
ios. The preliminaries were covered in Chapter 2. Our work is constitutésloomajor parts. In the first
part, we demonstrated the efficiency of using PSO to solve the optimizatiolepr®in MUT. We proposed
several novel signal transmission algorithms based on the MBER criteribie second part. In Chapter 3
and Chapter 4, we focused our attention on the computational complexitgti@tof the state-of-the-art
MUT schemes by using the PSO algorithm. More explicitly, in Section 3.5 we peabosing continuous-
valued PSO to reduce the complexity of the linear MBER-MUT algorithms instéaldeopopular SQP
approach [24]. The corresponding schematic can be found in Figa)7 Tken in Chapter 4 we proposed
using discrete multi-valued PSO to reduce the complexity of powerful nomIMeE, namely of the vector
precoding algorithm. The corresponding schematic can be found in Fifp).71h Chapter 5 we focused
our attention on the novel MBER criterion combined with the employment of moduwiceteat the receiver
side. There are literally thousands of papers based on MMSE-optimizatioe aontext of diverse research
problems, while MBER-based solutions only emerged during the past faxs.yBearing this in mind, we
firstly advocated the MBER solution in the context of vector precoding,issigsed in Chapter 5. The
schematic for this generalized MBER-VP design can be found in Fig. 7.%{e)then extended the 'idea’
into the MIMO transceiver design, and proposed a novel UCD-MBHRH@nsceiver design, as discussed
in Chapter 6, where the schematic is shown in Fig. 7.1(d).

Table 7.1 summarizes the overall BER and computational complexity perfoemariche MMSE-
VP technique, the proposed INMMSE-VP, generalized MBER-VP and MHBER-VP schemes. As we
concluded in Table 5.7 and Table 6.4, the proposed generalized MBERWBCD-MBER-VP algorithms
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Figure 7.1: Evolution of the system’s achitecture throughout thistisea (a) is the schematic of linear MUT
of Section 3.3. (b) is the schematic of the classic vectarquimg-based nonlinear MUT of Section 4.2. (c)
is the schematic of the system using the proposed genatdBER-VP algorithm of Section 5.3.1. (d) is
the schematic of the system employing the proposed UCD-MBPRransceiver technique of Section 6.3.
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Table 7.1: Performance summary of benchmark schemes evaluated ichiyiser.
UCD-MBER-VP | GMBER-VP | InNMMSE-VP | MMSE-VP

SNR gap atl0—° (3x3) benchmark N/A 3dB 3dB

Complexity(Flops)/SNR (83) | 691,404/10dB | N/A 333,460/10dB| 252,448/10dB,

Relative complexity (% 3) 2.73 N/A 1.32 1

SNR gap atl0~> (4x4) N/A benchmark | 1dB 1dB

Complexity(Flops)/SNR (%4) | N/A 793,230/10dB| 502,820/10dB| 382,770/10dB

Relative complexity (44) N/A 2.07 1.31 1

SNR gap atl0—° (2x4) benchmark 4 dB 10 dB > 10 dB

Complexity(Flops)/SNR (24) | 708,224/30dB | 846,020/30dB, 571,260/30dB| 433,670/30dB|

Relative complexity (24) 1.63 1.95 1.31 1

are more beneficial to be implemented in rank-deficient scenarios. Mplieidy, the generalized MBER-
VP algorithm is suitable for the scenario where the receivers are dalized; while the UCD-MBER-VP

algorithm works for the systems which are capable of adopting joint trares@ehemes.

Let us now briefly revisit all these chapters in order to gain a more detaiéghin

7.1.1 Chapter 2

The preliminary knowledge required for the detailed discussions of thisteesas provided in this chap-
ter. More specifically, in Section 2.1, we offered a rudimentary introdud¢ddUT covering the family of
linear MUT schemes, namely ZF-MUT, MMSE-MUT and MBER-MUT, as wallthe nonlinear VP MUT
algorithm. The MUD counterparts of the MUT algorithms can be seen in Tabte 2thas been shown
in [57] that several linear MUT schemes may be readily designed from lihear MUD counterparts,
including the ZF-MUT and MMSE-MUT provided that the number of antermtathie BS is no less than
that of the MSs supported. Generally speaking, nonlinear MUT scheraespable of achieving a better
attainable BER performance than linear MUT algorithms at the expense of ligimputational complex-
ity as stated in Section 2.1. In Section 2.2, the PSO algorithm was introducede vitwas splited into
two parts, focused on continuous-valued PSO and discrete-valued&$@ctively. More specifically, the
continuous-valued PSO scheme which is more suitable for solving contivatuesd optimization prob-
lems, was introduced in Section 2.2.1, while Section 2.2.2 covered the introdoétibe discrete-valued
PSO algorithm invoked for solving combinatorial optimization problems.

The PSO algorithm is a promising optimization tool and this was demonstrated ite€ Baf.

7.1.2 Chapter 3

In this chapter, we demonstrated the efficiency of the continuous-val8e&da/jorithm. More explicitly,
we focused our attention on the computational complexity reduction of linedERABIUTs, namely that
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of the symbol-specific MBER-MUT and of the average MBER-MUT. The Mlsing the MMSE criterion
is popular owing to its representational and conceptional simplicity. Howswvee the BER is the ultimate
system performance indicator, we are more interested in the MBER-MUigrdedJnlike the MBER-
MUD, the MBER-MUT design encounters a power constrained nonlingtimaation problem. The SQP
algorithm [24] may be used to obtain the precoder’s coefficients. Hawgaeecomputational complexity of
the SQP based MBER-MUT solution may be excessive for high-rate syskéense, as an attractive design
alternative, in this chapter, continuous-valued PSO was invoked in trfiad the MBER-MUT’s precoder
matrix P for reducing its computational complexity.

Two PSO aided MBER-MUTs were designed and characterized in thidgerhafhe first one may be
referred to as the symbol-specific MBER-MUT, while the other one as termmge MBER-MUT. Simula-
tion results of Fig. 3.15 demonstrated that both of our designs provided anoverpent in comparison to
conventional linear MUT schemes at a reduced complexity compared to tee$tart SQP based MBER-
MUT. More explicitly, in the case of the symbol-specific MBER-MUT of Sect&d.1, for example, in a
(4 x 4)-element MIMO system communicating over flat Rayleigh fading channels 8NR ofﬁ—’(’) = 10dB
when a QPSK modulation scheme was adopted, observe in Fig. 3.14 thaBGuaiBed MBER-MUT
algorithm arrived at the MBER-MUT solution at a twelve times lower complexitynttiee SQP based
MBER-MUT design as seen in Table 3.8. Similarly, from Table 3.8, its computtmymplexity was nine
times lower than that of the SQP based approach when the operating SN%W@.SB dB. In the case of
the average MBER-MUT scheme of Section 3.4.2, for example, inva4)-element MIMO system com-
municating over flat Rayleigh fading channels at an given SN%—Zof: 10dB when a QPSK modulation
scheme was adopted, our PSO aided MBER-MUT algorithm arrived at BERAMUT solution at a seven
times lower complexity than the SQP based MBER-MUT design. Similarly, its compuo@tomplexity
was seen to be five times lower in Fig. 3.14 than that of the SQP based amprden the operating SNR
Was% = 15dB. Again, these results were summarized in Table 3.8.

7.1.3 Chapter 4

We demonstrated the efficiency of discrete-valued PSO in this chaptee &fpiicitly, we proposed dis-
crete multi-valued PSO aided VP designs. As a nonlinear MUT scheme, WiRigscan attractive BER
performance, which was demonstrated in Fig. 2.5. However, the compuatatiomplexity imposed by
the optimum shpere-encoder during the search for the optimal perturbattor may become excessive.
Hence it becomes necessary to find a reduced-complexity algorithm, whild¢aingig a near-optimum
BER performance. Against this background, we developed a discrdtevalued PSO aided MMSE-VP
design, which was shown to be capable of approaching optimum spheodear’s performance at a sig-
nificantly reduced computational complexity compared to that imposed by tleeesphcoder. The system
model was introduced in Section 4.2. Based on the system model, we may @awestfunction in Equation
(2.59) in Section 4.3. A rudimentary introduction to discrete multi-valued PSQitiigowas then provided
in Section 4.4, followed by the description of the proposed discrete multi-¢dh$O aided VP technique
in Section 4.5. The corresponding computational complexity was discus&stiion 4.6. In Section 4.7,
the simulation results were provided.
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We focused our attention on the performance of the MMSE-VP in SectionTé& simulation results
of Section 4.7.7 characterized the attainable performance in the case ofyamg@io=4 transmit antennas
at the BS for supportingd=4 QPSK users, while communicating over flat Rayleigh fading MIMO chianne
Our approach is capable of finding the optimum perturbation vector atugeddomplexity of about 20%
compared to that imposed by sphere encoding@gtNo = 6 dB. Similarly, the complexity compared to
that imposed by sphere encoding was about 30%tNo = 10 dB, while the total number of nodes in
the search space wa$ = 390, 625. The results were summarized in Table 4.9. Hence, our approach may
be deemed to constitute a low-complexity near-optimum VP algorithm. Moreaveapproach is capable
of striking a flexible BER versus complexity trade-off, thanks to its iteratpinaization regime.

7.1.4 Chapter 5

In this chapter, we invoked the MBER criterion for designing vector mtempschemes, where transmitted
signal is appropriately perturbed at the BS for the sake of directly minimize@®H&R at the receiver. The

perturbation induced ambiguity has to be removed at the MS'’s receiver witlidiof appropriate modulo

devices. Based on this novel MBER criterion which is prominently featuréaerschematic of Fig. 5.2.2,

we proposed two different vector precoding algorithms. Namely the.imgrbAMSE-VP design based on

the MBER criterion in Section 5.2 which we referred to as the InMMSE-VP reehand the generalized

MBER-VP design in Section 5.3. It may be concluded with the aid of Table 5t thbg@roposed generalized
MBER-VP design would be suitable to be implemented in rank-deficient sosnar

More explicitly, in Fig. 5.1 of Section 5.2, we firstly introduced an improved MBABP design based
on the MBER criterion. This transmit preprocessing scheme invokes &aregal channel inversion and
then superimposes a discrete-valued perturbation vector on the transigjttalirs order to minimize the
BER of the system as an improvement of the well-established MMSE-VP sciAdraeliscrete multi-valued
PSO can be adopted to solve the corresponding optimization problem anchfisitedional complexity was
discussed in Section 5.4. To further improve the system’s BER performargeneralized MBER-based
continuous-valued VP algorithm was proposed in Section 5.3. Given thel&dge of the information
symbol vector to be transmitted and the CIR matrix, we consider the generétiba effective symbol
vector to be transmitted by directly minimizing the BER of the system. We showeddhtitgous-valued
PSO can be used to solve the corresponding optimization problem. Thepmmding computational com-
plexity was discussed in Section 5.4. Simulation results were also providediifg§uhe advantage of
these VP schemes relying on the MBER criterion, especially for rankielefisystems, where the number
of BS transmit antennas is lower than the number of MSs supported. Itheasidn Equation (5.3) of
Section 5.2.2 that an appropriate approximation may have to be introducedema calculate the BEP of
the system invoking the proposed algorithms. Hence, we invoked the@gieoapproximations for both
scenarios, which were characterized in Fig. 5.7 and Fig. 5.8. The igmnee bahavior of our proposed
discrete multi-valued PSO aided INMMSE-VP scheme, of the continuousev&®86€ aided generalized
MBER-VP algorithm and of the corresponding representational complegisyshown in Fig. 5.10 and Fig.
5.11 of Section 5.5.3. The overall BER performance of the algorithms indnl-system was shown in Fig.
5.12, while their performance in rank-deficient system was shown in Fi§. Both of the algorithms were
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capable of achieving a better performance than MMSE-VP technique irsbettarios, while a substantial
BER performance gain could be attained by the generalized MBER-VRthlgoover other schemes in the
challenging rank-deficient scenario. The robustness of these twgndes CIR estimation errors were also
investigated in Fig. 5.12 and Fig. 5.13, demonstrating that the proposedtaigoare no more sensitive to
channel estimation errors than the MMSE-VP scheme.

7.1.5 Chapter 6

In this chapter, we proposed a novel transceiver design exploiting ititebnefits of the UCD algorithm
and of the MBER criterion for developing a new vector precoding algorithinich can be found in Fig. 6.1.
The resultant UCD-MBER-VP scheme was shown to be an attractive &i@asdesign, which is capable of
providing a better BER performance when compared to other state of thigarthms. This was achieved
without imposing a significant increase of the computational complexity eslyeciahe rank-deficient
scenarios.

More explicitly, the system model was introduced in Section 6.3, where Figailibed the associated
schematic. Based on this scheme, in Section 6.4 we proposed the UCD-MBHERsign. The cost function
for this technique was also derived in Equation (6.38) of Section 6.4. Gimpgtational complexity of the
proposed algorithm was investigated in Section 6.5, followed by the camdspm simulation studies in
Section 6.6. Similar to what we observed in Chapter 5, the calculation of theirBt&e proposed design
may also require an approximation. We demonstrated the appropriate epgtiox of the BEP in Fig.
6.4. In Fig. 6.5, we discussed the convergence behavior of the mo@gorithm. The overall BER
performance of the proposed scheme in full-rank system under theptiso of the knowledge of perfect
CIRs at both the transmitter and receiver was investigated in Fig. 6.6, weerumber of transmit and
receive antennas was = K = 3. The proposed UCD-MBER-VP scheme was shown to be capable
of achieving an approximately 3 dB SNR gain over the MMSE-VP techniqtieeatarget BER ofl0—°.

In Fig. 6.3, we investigated the system’s performance when the rankesefscenario was encountered,
where there wad/ = 2 transmit antennas supportiig = 4 4-QAM users. The proposed UCD-MBER-VP
algorithm showed a substantial performance over other schemes siittadt @xhibit an error floor, which
showed its capability to operate successfully in the challenging rank-defmienario. The algorithm’s
performance against CEE was investigated in Fig. 6.7 for full-rank syatehin Fig. 6.3 for rank-deficient
system. It can be seen that the proposed UCD-MBER-VP design was mosgsitive to CEE than the
other benchmark schemes.

7.2 Future Work

In this study we demonstrated that PSO constitutes a promising technique imteetad MIMO transceiver
designs. Future work ideas may be categorized into two major areas, namdisottder applications of
PSO in wireless communications and more sophisticated transceiver designs.
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7.2.1 Block-diagonal uniform channel decomposition aided MBER/ector perturbation for
multiuser MIMO systems

The family of multiuser Block Diagonalisation (BD), Vector precoding (VPgoBetric Mean Decomposi-
tion (GMD) or Uniform Channel Decomposition (UCD) based DL solutionsstitute attractive techniques
for approaching the sum capacity of multiuser MIMO broadcast chafib@ls 161]. The authors of [160]
proposed a technique, which combines BD and ZF-VP, while an algorits®dban combining BD and
GMD (also covers BD combined with UCD) was proposed in [161]. It is@psing idea to further com-
bine BD with both UCD and with our MBER-VP to achieve an improved perforean

7.2.2 Robust transmit preprocessing relying on imperfectlsannel knowledge

In most of the proposed MUT designs we assumed perfect CSI knogvkadfe BS, which is a demanding
assumption, since the DL CIR has to be fedback to the transmitter from theeneddence, it is useful to
consider a more realistic model. For example, in a TDD system, it may be possiéneploy a channel
predictor to predict the CIR taps into the future based on their past valbese are a number of papers in
the literature considering the robust design of the THP ( [162] [168}])1for the sake of mitigating the
effects of channel estimation errors. However, there is no robuigfrdpsoposed for vector precoding in the
open literature. Hence, it would be beneficial to develop a robust vpotopder, which is robust against
imperfect channel knowledge.

7.2.3 Differential vector precoding

Noncoherent differential detection dispensing with channel estimaticstioaies a promising technique for
the future, when it is excessively complex to estimate the MIMO channels, Ipavhen the number of
transmitters and receivers is high. The design of a new differentiabémgalgorithm capable of reducing
the complexity at the receiver is an open problem at the time of writing. Polweohlinear multiuser
transmission schemes may offer a way out. A differential THP algorithm wasoped in [165]. However,
there is no technique in the open literature, which combines differentiadderwith vector precoding.
Therefore, it would be beneficial to design a new differential schemmmbing these two techniques.

7.2.4 Cooperative transmission schemes for MIMO broadcast @nnels

Cooperative BS transmissions have the potential of significantly improvingpbetral efficiency of mul-
tiuser, multicell MIMO systems. It is expected that when powerful preapdiohemes are employed at the
BSs, the cooperative system becomes capable of improving the attaindblenaace. Hence, based on the
work in [166], [167] and [168], a new design which combines vectecpding with cooperative networks
would be a promising research topic.
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7.2.5 Jointly optimized downlink multiuser MIMO system

A novel transceiver design was proposed in Chapter 6, which may rieefudeveloped. Explicitly, a
sophisticated transmitter along with a low complexity receiver or a simple transmitteiiced with a
sophisticated receiver may be beneficial in specific applications.

7.2.6 Broader applications of particle swarm optimization n wireless communications

PSO has been successfully applied in numerous research fields (2010¥]. Hence, PSO may be em-
ployed for solving optimization problems derived from the above-mentiongiddo A few examples are
in the field of MUDs [13, 16, 17]. As the search-space is extendedeXample owing to using multiple
bits/symbol, as in 16QAM, the benefit of PSO may become even more substantial.



Glossary

PSO Particle Swarm Optimization

SQP Sequential Quadratic Programming

BER Bit error ratio, the ratio of the bits received incorrectly
BEP Bit error probability, similar notation to BER

BPSK Binary Phase Shift Keying

BS A common abbreviation for Base Station

MS A common abbreviation for Mobile Station

CEE Channel Estimation Error

CSl Channel State Information

CIR Channel Impulse Response

CF Cost Function

DL Downlink

DF Decode and Forward

Ey /Ny Ratio of bit energy to noise power spectral density.
MIMO Multi-Input Multi-Output

SISO Single-Input Single-Output

ML Maximum Likelihood

MSE Mean Square Error, a criterion used to optimised the coefficients of tredizeu

such that the ISI and the noise contained in the received signal is jointly min-
imised.
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MMSE
OFDM
PSK
QAM
RS
TDD
FDD
CDMA
QPSK
SNR
THP
DPC
TX
RX
ZF
MBER
VP
MUT
MUD
SVD
GMD
ucD

UL

Minimum Mean Square Error
Orthogonal Frequency Division Multiplexing
Phase Shift Keying

Quadrature Amplitude Modulation
Relay Station

Time Division Duplex

Frequency Division Duplex

Code Division Multiple Access
Quadrature Phase Shift Keying

Signal to Noise Ratio, noise energy compared to the signal energy
Tomlison-Harashima precoder

Dirty Paper Coding

Transmitter

Receiver

Zero Forcing

Minimum Bit Error Rate

Vector Precoding or Vector Perturbation
Multiuser Trasmission

Multiuser Detection

Singular Value Decomposition
Geometric Mean Decomposition
Uniform Channel Decomposition

Uplink
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