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Abstract 

Multiple-input and multiple-output (MIMO) wireless communication systems have 

been the focus of intense study for over a decade because they promise to deliver very 

high spectral efficiencies. Additionally, in recent years rate-compatible (RC) codes 

have drawn much attention because they are capable of approaching channel capacity 

for a small amount of system overhead. In this thesis we combine the RC Quasi-Cyclic 

(RC/QC) LDPC codes of the 3GPP2 standard with rate-constrained linear MIMO 

transceivers that have limited channel state information (CSI) feedback to implement 

RC/QC-MIMO communication systems. Out of the combination of these RC/QC 

LDPC codes with a CSI-feedback-limited, rate-constrained MIMO system, evolves 

new implementation issues. To understand the implementation issues that face each 

RC/QC-MIMO transceiver we provide a comprehensive study of the performance of 

each linear transceiver described and implemented in this thesis. In attempting to 

solve the implementation issues that exist for a RC/QC-MIMO system we develop 

new signal processing algorithms including a new iterative water-filling algorithm for 

rate-constrained MIMO and new soft-symbol and log-likelihood ratio estimators that 

have low average computational complexity. Also, a Hybrid transceiver that allows 

RC/QC-MIMO to quickly converge on its maximum nominal rate, while achieving 

good overall throughput performance is proposed. Furthermore, because the MIMO 

system is assumed to have limited CSI feedback a parameterized quantization strategy 

is designed to quantize the parameters of and represent a semi-unitary matrix. The 



new algorithms and Hybrid transceiver coupled with the combination of RC/QC 

LDPC codes and MIMO are the main contributions of this thesis. 
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Chapter 1 

Introduction 

1.1 Background and Motivation 

1.1.1 MIMO: The Metamorphosis 

For over a decade, wireless communication systems that employ multiple-input and 

multiple-output (MIMO) antennas at the transmitter and receiver have been the focus 

of intense research. This is mostly due to the promised increase in spectral efficiency 

that MIMO systems have over their single-input single-output (SISO) counterparts. 

For example, a SISO additive white Gaussian noise (AWGN) channel is well-known 

to have a capacity of 

CAWGN{I) = log2 (1 + 7) bps/Hz (1.1) 

where 7 is the signal-to-noise ratio (SNR); and bps stands for bits per second. By 

comparison, the instantaneous spectral efficiency of a NxN MIMO system, can be 

as large as [1] 

CMiMoiri) = N\og2 (1 + -1) bps/Hz (1.2) 

Although the term inside the logarithm of (1.2) grows slower than the term inside 

(1.1) as N increases, the factor of N outside of the logarithm has a larger impact 

on the spectral efficiency of the wireless system because this term grows linearly, 
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2 

which is faster than logarithmic growth. For example, a 2x2 MIMO system can 

have a spectral efficiency of 6.92 bps/Hz at a SNR of 20 dB. By contrast the SISO 

AWGN transceiver only achieves a spectral efficiency of 4.39 bps/Hz. The addition 

of extra transmit and receive antennas comes at no extra bandwidth cost, it just 

requires appropriate spacing between antennas such that they have uncorrelated 

fading channels. This makes MIMO an even more attractive enhancement for the 

wireless system. Of course, there are space limitations for applications such as 

cellular devices operating near the 1 GHz range. However, there are devices such as 

laptops, wireless local area networks (WLANs), satellites, wireless base stations, etc. 

for which MIMO systems can be feasibly deployed. 

Armed with this theoretical capacity formula, engineers have been emboldened 

to explore this "new frontier" in wireless communications. Recognizing that typical 

solutions for the SISO wireless system did not directly translate into the MIMO 

system, new solutions were suggested. A major problem identified in implementing 

MIMO systems is in the signal detection process. The optimal detector for a 

SISO system is the maximum likelihood (ML) detector. The same is true for 

the MIMO system; however, the number of computations involved for MIMO 

ML grows exponentially with the number of and constellation size of the symbols 

transmitted. This is just one problem that needed to be addressed; and it was, 

from two perspectives: the first came with the introduction of the space-time block 

code (STBC) of Alamouti [2] and was followed by numerous other papers on the 

subject (for example [3-5]); the second allows for spatial multiplexing (SM), where 

all transmit antennas send a different signal and these signals are detected separately 

using linear filters [6,7]. The major drawback of using STBCs is that they reduce 

the achievable throughput of a MIMO system in order to achieve better bit error 

rate (BER) by obtaining higher signal diversity through multiple copies of the same 
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signal. MIMO systems operating on the principle of SM are able to attain the 

promised spectral efficiency of (1.2). This was shown using the D-BLAST (Diagonal 

Bell Labs Layered Space-Time) algorithm [6]; however, the system is very complex 

to implement and a reduced-complexity version called V-BLAST (Vertical BLAST) 

was suggested. However, implemented on its own, the V-BLAST algorithm suffers 

from low diversity and, as a result, poor BER performance. An effort had to be made 

to reconcile the diversity gains of STBCs with the spectral efficiency of V-BLAST. 

1.1.2 Joint Transceiver Design: The Channel Decomposition 

Method 

In [8], it was shown that the diversity and multiplexing gain can be achieved 

simultaneously. This finding forced researchers to re-think their design criteria and 

search for a model that jointly achieves a good tradeoff between diversity and SM. 

One direction taken was the inclusion of channel state information (CSI) at the 

transmitter. This CSI could then be jointly used by the transmitter and receiver 

to design a joint transceiver that would have a good diversity and SM tradeoff. 

A capacity achieving method is proposed by Raleigh et. al. [9], but this solution 

is not designed with the assumption that the MIMO transceiver has constrained 

bit-rate. In his Ph.D. dissertation [10], Jiang explores channel-decomposition-based 

techniques for jointly designing transceivers that meet the diversity/SM tradeoff. 

One of his proposals, uniform channel decomposition (UCD), can achieve full MIMO 

diversity and is capacity achieving. However, this system is designed under the 

pretence that full CSI is available to the MIMO transmitter. Depending upon 

the implementation of a wireless system this is not always true without some sort 

of feedback mechanism from the receiver. Given a slow-fading channel, a time 
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division duplex (TDD) wireless system the channel seen by both the transmitter 

and receiver are assumed to be the same, and in this case no feedback would be 

required. However, for a frequency division duplex (FDD) system this is not the 

case. For a non-TDD wireless system to be able to send CSI feedback information 

back to the transmitter, the channel must not change much over the time for which 

this information is relayed back. Practically, it is better that the channel not change 

over many multiple transmissions so that there is low feedback overhead. 

For wireless systems with a frequency flat slow-fading channel model, using jointly 

designed transceivers, the amount of feedback sent back to the transmitter in order to 

fully construct the transmitter's precoder is infinite. However, in real-world systems 

the amount of feedback must be limited as the channel will surely have changed 

over an infinite amount of time, not to mention the delay that would be incurred 

in waiting to transmit the signal. It is obvious that the amount of CSI feedback 

must be capped. There are no limited-CSI designs for the transceivers described 

in [9] and [10]. Developing a methodology for building their precoders using a limited 

amount of feedback is an open problem. 

1.1.3 Achieving Throughput Close to Capacity: An Adapt

able Error-Control Code 

Joint transceivers are rarely designed with error-control coding (ECC) in mind. Most 

transceivers are designed to optimize some set of parameters such as the SNR, BER 

or capacity of the MIMO system. In the case where the transceiver design attempts 

to optimize the capacity of a MIMO system, an unconstrained bit-rate and the 

availability of some perfect ECC, capable of achieving capacity for all instantaneous 

SNRs is assumed. Some MIMO systems have been combined with ECC codes (for 
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example [11-14]), but in most cases these only achieve one rate or a very small set 

of different rates. Of these papers, [13] and [14] can achieve multiple coding rates. 

In [13] MIMO STBCs are combined with LDPC codes. Using a variety of 

modulation schemes and by puncturing a single LDPC "mother" code, a method 

for achieving a small set of nominal rates is proposed. However, this system does 

not specify how to select the appropriate rate, nor does it use any incremental 

redundancy, so that if there is a decoder failure, the entire codeword must be 

retransmitted. In addition, the use of a STBC does not allow the MIMO system to 

achieve the highest possible spectral efficiency. 

In [14] MIMO is combined with a set of LDPC codes and adaptive modula

tion. A Type-I hybrid automatic-repeat-request (H-ARQ) scheme for incremental 

redundancy. The appropriate LDPC code and modulation on each subchannel are 

specified by a selection algorithm that operates on the receiver SNR of the MIMO 

system. This system requires extra memory to store every LDPC code and can only 

achieve a small set of nominal rates. The use of a Type-I H-ARQ leads to extra 

overhead for decoder failures as the entire codeword must be re-transmitted. In 

addition, the transmitter is not aware of the channel statistics and, as a result, is 

not able to take full advantage of the MIMO system. 

The rate-compatible Quasi-Cyclic (RC/QC) low-density parity-check (LDPC) 

codes of [15], combined with adaptive modulation and implemented using Type-II 

H-ARQ provide a flexible, low-overhead method to obtain a large set of discrete 

rates. In addition, MIMO with CSI available to the transmitter is a good way to im

prove the spectral efficiency of a communication system. The combination of RC/QC 

LDPC codes with MIMO (RC/QC-MIMO) and adaptive modulation is studied in 
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1.1.4 A Combined Approach: A Low-Complexity MIMO Ar

chitecture for Achieving High Throughput 

Some major implementation issues ^identified as obstacles to the MIMO system's 

ability to attain high throughput are: the diversity/SM tradeoff of a MIMO system 

with constrained rate; limited feedback strategies for building a MIMO precoder of 

a jointly designed transceiver; and the need for a methodology for achieving a wide 

variety of rates. In this thesis we address these design issues and attempt to design 

a communication system with low computational complexity and overhead that is 

able to achieve a high overall throughput. 

The transceivers that we implement are based on those proposed in [9,10]. We 

make some small modifications to these transceivers, where needed, in order to im

plement them in a MIMO system with constrained capacity. In addition, we propose 

a simple low-complexity parameterized quantization (PQ) method for quantizing the 

precoder information necessary for implementing these transceivers. Using RC/QC 

LDPC codes of [15] with a MIMO system that employs adaptive modulation allows 

for a communication system that is adaptable to the channel fluctuations of the wire

less medium. The RC LDPC code operation is adapted to be integrated into the 

MIMO system using a Type-II H-ARQ protocol. This coded MIMO system is evalu

ated for a variety of transceivers and from this evaluation a new Hybrid transceiver is 

proposed. The combination of the Hybrid transceiver with RC/QC LDPC codes and 

a PQ quantizer produces a real-world ready MIMO transceiver capable of achieving 

high spectral efficiency. 
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1.2 List of Contributions 

The following is a list of what are considered to be the most significant contributions 

to scientific knowledge made by this thesis. 

1) CWFA: A new rate constrained power and bit-rate allocator 

The constrained water-filling algorithm (CWFA) is a recursive version of the well-

known water-filling algorithm (WFA). It is designed for use in rate-constrained MIMO 

systems. The results in this thesis show that the CWFA has better constrained 

throughput performance than WFA and as a result is better suited than WFA for the 

RC/QC-MIMO system. 

2) T - S S / L L R E for layered B L A S T detect ion 

A Tunable soft-symbol and log-likelihood ratio estimator (T-SS/LLRE) is designed 

for layered BLAST detection, where there is multiple access interference (MAI) in 

the decision variables. Typically, most systems model MAI as a Gaussian random 

variable, but this is not actually the case. The T-SS/LLRE is able to adaptively 

model the MAI statistics. Using T-SS/LLRE with iterative soft MMSE filtering in 

a RC/QC-MIMO system is shown to give better performance than the Gaussian 

SS/LLRE. In addition, T-SS/LLRE is shown to add diversity to a layered BLAST 

detector, which usually has none. 

3) Hybrid transceiver 

Given the experimental throughput results given in this thesis a Hybrid transceiver 

is proposed. This Hybrid transceiver selects between two transceivers and then does 

antenna selection. The RC/QC-Hybrid system is shown to have the best overall 

throughput performance of all transceivers in this thesis that do not require the 
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feedback of a power allocation matrix. 

4) Parameterized quantizer for semi-unitary matrices 

A parameterized quantization method is developed to characterize a semi-unitary 

precoder matrix. This quantization method is based upon a set of Givens rotations 

that are represented by a phase and magnitude parameter. Use of this method was 

shown to greatly reduce the amount of feedback needed to achieve BER performance 

near that of a MIMO system with perfect CSI knowledge. 

1.3 List of Publications Resulting from this Work 

CCECE 2008 Paper 

• A paper, [16], was accepted and published in the conference proceedings of the 

2008 Canadian Conference on Electrical and Computer Engineering. The paper 

proposed the parameterized quantization strategy discussed in this thesis and 

also gave some suggestions on the type of detection that ought to be employed 

given quantization errors occur in the precoder matrix. 

1.4 Thesis Outline 

The opening portion of this thesis, Part I, is composed of two chapters and is 

dedicated to giving a comprehensive study of channel- decomposition-based MIMO 

transceivers. In Chapter 2, a general MIMO system model is described. For this 

system model many MIMO transceivers with uninformed and informed transmitter 

are described. In Chapter 3, the transceivers described in Chapter 2 are studied in 

terms of their unconstrained capacity and BER performance. 
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Part II describes the implementation of a rate-constrained coded MIMO system 

where the transmitter has full knowledge of the CSI. Part II is composed of four 

chapters. In Chapter 4, an implementation of the RC/QC-MIMO system model is 

described in detail. In addition, the transceivers described in Chapter 2 are evaluated 

in terms of their theoretical constrained capacities. Chapter 4 also describes the 

throughput metric that is used to quantify experimental results for the different 

RC/QC-MIMO systems. In Chapter 5, a new rate-constrained power and bit-rate 

allocation algorithm is proposed. Further, an antenna selection algorithm for the 

rate-constrained MIMO system is introduced. These new algorithms are then 

evaluated with the different RC/QC-MIMO transceivers in terms of their theoretical 

constrained capacity and experimental throughput performance. In Chapter 6, 

a new soft-symbol and log-likelihood ratio estimator (SS/LLRE) is designed for 

layered BLAST detectors that use soft nulling vectors. The BER and experimental 

throughput performance of the new SS/LLRE is also given in this chapter. Using 

the experimental results given in Chapters 4 - 6, a new Hybrid transceiver is 

proposed for the RC/QC-MIMO system in Chapter 7. The performance of this 

new RC/QC-Hybrid system is evaluated in terms of its experimental throughput 

performance. 

Part III contains one chapter, which is dedicated to studying the effects that lim

ited CSI feedback has on RC/QC-MIMO. Chapter 8 focuses on MIMO transceivers 

that do not require the feedback of a power allocation matrix. A parameterized 

quantization strategy for quantizing a semi-unitary matrix is designed and evaluated 

using BER, to find out how many bits of feedback are required to attain near-perfect 

CSI performance. In addition, Chapter 8 gives the experimental throughput 

performance when a limited amount of feedback is used to quantize the semi-unitary 

precoder matrix of a MIMO transceiver. 
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Chapter 9 gives a summary of the work performed and results obtained in this 

thesis, as well as suggests some topics for future work that this thesis inspires. 
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Chapter 2 

MIMO Systems 

In this chapter we introduced a system model for MIMO. Layered detection is elabo

rated upon as a low-computational-complexity method to separate and detect symbols 

for a SM MIMO system. Several transceiver designs are described as components of 

the system model. 

2.1 MIMO System Model 

In this thesis we consider a MIMO system with Nr receive and Nt transmit antennas, 

where the channel is modelled by frequency flat Rayleigh fading. Figure 2.1 gives the 

general structure of our MIMO system. 

2.1.1 Symbol Mapping 

The transmitter combines L different quadrature amplitude modulation (QAM) 

symbols for simultaneous transmission during each MIMO channel use. The mod

ulation order (bits per each QAM symbol) is adaptive, based on CSI as measured 

by the receiver and delivered to the transmitter via a feedback channel. For 

i € {1, 2 , . . . , L}, let Mi denote the constellation size of the ith QAM symbol. 
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Channel state information 

Figure 2.1: MIMO system model 

A message vector, c, with a length of mT = 2_, 1°S2 (M) bits is partitioned into 

L sub-blocks, and each sub-block is mapped to a QAM symbol. In particular, the 

ith sub-block (which consists of log2 (Mi) bits) is mapped to a point Sj, in a Gray 

mapped Mj-QAM symbol constellation. Although each constellation has the same 

fixed average energy, Es, adaptive power control for each symbol can be supported 

as part of the precoder. The mappings for the QAM constellations used in this thesis 

are defined in the 3GPP2 (3rd Generation Partnership Project 2) standard [15]. 

2.1.2 Precoder 

The QAM symbol vector, s = [si, s 2 , . . . ,sL] (where the superscript T denotes the 

matrix transpose), filtered by a, NtxL precoder matrix, F, to generate the transmitted 

vector x = [xi,x2,..., xL] according to 

x = Fs. 
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The precoder matrix F is subject to a power constraint so that the total energy per 

channel use is 

Nt 

Tr{E[xx+]} = £E[|*,f] 

= NtEs (2.1) 

where Tr{-} denotes the trace of a matrix, E[-] denotes expected value, and the 

superscript + denotes the Hermitian transpose. 

2.1.3 Discrete-time MIMO channel 

The received samples from one MIMO channel use is 

r = Hx + n (2.2) 

where r is the Nrxl received sample vector; H is the NrxNt channel matrix with 

all entries {hij} being independent identically distributed (i.i.d.) circularly complex 

zero-mean Gaussian random variables with unit variance; and n is an Nr x 1 AWGN 

noise vector with all entries nj being i.i.d. circularly complex zero-mean Gaussian 

random variables with variance N0. 

2.1 A Spatial Filter 

The received sample vector is spatially filtered to produce 

y = Wr 

= W H F s + i/ 

= Gs + v (2.3) 

where W is the NrxNr spatial filter; G is the NrxNt equivalent channel matrix; 

and u is the Nr x 1 filtered noise vector with each entry v^ being a complex zero-mean 
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Gaussian random variable with variance o1^ = |WJ| N0; where w* is the ith row vector 

ofW. 

2.1.5 Detector 

The detector takes as input the spatially filtered received vector y and generates 

decision variables for the transmitted QAM symbols, z. Let z = [zi, z2,..., zj\ 

denote these estimates. Some MIMO symbol detection methods are described in the 

next section. 

2.1.6 Decision Device 

The decision device uses the decision variable vector, z, to find the closest mapping 

in Euclidean space that corresponds to the estimate of the bits in the transmitted 

message c. 

In this chapter we introduce some suggested designs for MIMO systems that ma

nipulate parameters F and W to obtain better BER and capacity performance. 

2.2 MIMO with an Uninformed Transmitter 

In this section we investigate MIMO transceivers where the transmitter is not aware of 

the channel conditions. In such an environment the transmitter cannot be adaptive, 

so there is no precoding, power or bit loading (i.e. F = INt, L = Nt and Mj is the 

same for all i). This also means that the transceiver complexity is mainly at the 

receiver. 
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2.2.1 Maximum Likelihood Detector 

The ML detector is the optimal detector for minimizing the probability of symbol 

detection error. It jointly detects the entire symbol block of a single channel. For the 

ML detector, the decision variable vector z = y. The decision device of Figure 2.1 

uses the decision variable vector to find a symbol vector that minimizes 

s = argmin ||z — Gs |L (2.4) 
s g s 

where s = [s1; s 2 , . . . , sL] is an estimate of the transmitted symbols and \\-\\F is 

the Frobenius norm. The decision device then produces c from the bit message 

that would create s in the symbol mapping process. The computational complexity 
L 

of calculating the most likely block of symbols is TTMj, where Mi is the number 

of points in the constellation used for s,. The computational complexity of this 

algorithm is intractable and difficult to implement practically, should we wish to 

at rates that exceed single digits. As a result we consider using sub-optimal linear 

detector techniques. 

2.2.2 The BLAST Detector 

The BLAST detector was first introduced by Foschini et. al. in [7]. It involves se

quential symbol-by-symbol detection, combining linear techniques to remove MAI 

and improve BER performance. These techniques are: 

1. Interference cancellation: remove the interference caused by already de

tected symbols from the received sample, 

2. Interference nulling: attempt to suppress interference from yet to be detected 

symbols, and 

3. Ordering: detect symbols that have larger post-filtering SNRs first. 
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We describe these techniques in the order that they are given above as it makes for 

a convenient description. The detector actually uses these techniques in a different 

order than that which appears above. The order is given at the end of this subsection. 

This sequential technique of detecting each symbol is often called layered detection. 

This is because the detection problem can be imagined as a set of layers. At each 

layer a symbol is concealed by interference and noise. An estimate is made of the 

symbol at each layer and it is used in detecting the symbols at lower layers. 

Interference Cancell ing Supposing that the detector has already made a decision 

on the first i — 1 symbols of the block, the detector cancels those i — 1 symbols from 

the spatially filtered received samples y to create a pre-filtering variable Uj, with 

i - l 

U i = y - ^ g j S j (2.5) 

where Sj is the estimate of the j t h symbol of the block and gj is the j t h column of G. 

By substituting (2.3) for y in (2.5) we see that ii; can be expressed as 

i-\ L 

u* = g ^ + ^ g j . ( S i - Sj) + Yl gJsJ + u (2-6) 
desired symbol 3~ _, J—*+ ^ 

canceled interference remaining interference 

The process of subtracting out previously detected interference has led this detection 

method to come to be referred to as a successive interference cancellation (SIC) de

tector [17]. The estimate of Sj can be produced using either hard- or soft- symbol 

decisions. In [7] a hard-symbol interference canceller is used, however in [18] it is 

shown that the use of a soft-symbol interference canceller can lead to BER perfor

mance gain. For simplicity we will focus on describing the hard-symbol SIC (HS-SIC). 

Soft-symbol will be discussed in Part II. 

Hard Symbol Interference Nul l ing With the assumption of a HS-SIC detector 

we also assume that all cancelled symbols have been correctly detected. If an 
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error is made in detecting a symbol at a higher layer then there will most likely 

be catastrophic error propagation into the lower layers, making it improbable that 

correct symbol detection will take place. With soft-symbol SIC detection error 

propagation is not as likely and the certainty of each estimate can be determined. 

This leads to different nulling techniques for each system which is why it will be 

discussed in subsequent chapters. 

In the case of HS-SIC, we need only consider the remaining interference in the 

nulling step. We begin by characterizing the plane of interference (Pol) by the last 

i + 1 column vectors of the matrix G. That is, the Gram-Schmidt procedure is used to 

form an orthonormal basis, {ej+1, e j + 2, . . . , e^}, which characterizes the Pol, from the 

vectors {g i+1, g i + 2 , . . . , gz,}. Then, a vector rji, orthogonal to the Pol in the direction 

of gi is generate by 
L 

m = Si- Yl (S<'ei)ei (2-7) 

where (-,-) is the inner product. The filtered received sample vector, ui: is projected 

onto a normalized version of r\i to yield the decision variable 

- {U^} (2.8) 

The decision variables are then fed into a symbol-by-symbol ML detectors, within the 

decision device, which determines the most likely symbol at each layer 

• II l|2 

Si — arg mm \\Zi — Sj11 

where Si is the M,-QAM constellation used by the transmitter. Again, the decision 

device uses s to determine c. Separating the traditional blockwise ML detector into a 

bank of L symbolwise ML detectors reduces the number of computations required to 

perform symbol detection. The complexity of detection is reduced from exponential 
L L 

to linear with respect to the number of symbols (i.e., from TT Mj to YJ Mj), which 
i = i 3=1 
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makes it feasible to transmit and detect at higher spectral efficiencies. 

It should be noted that when there is no error propagation from incorrect symbol 

estimation at higher layers of HS-SIC detection, the final symbol to be detected will 

have full receive diversity. This is because there is no Pol for this symbol. It should 

also be noted that all symbol energy is conserved since there is no need for projecting 

the vector. This may not be the case if the actual Pol is considered without assuming 

perfect interference cancellation. Of course, the danger lies in the naive assumption 

that no errors will be made at the higher layers of detection. In fact, because all 

subsequently detected symbols depend upon successful cancellation of interference 

from previously detected symbols, their BER performance will depend on the 

accuracy of each previously detected symbol. As a result, the BER performance of 

all symbols is dependent upon the accuracy of the first symbol to be detected. 

Hard Symbol Ordering To achieve the best possible performance the authors 

of [7] suggest using an ordering algorithm at each layer of detection. They suggest 

a myopic optimization algorithm. The myopic algorithm detects the symbol that 

provides the maximum post-projection SNR at the current detection layer. That is, 

given a set A of remaining indices, symbol 

i = argmax \rjA (2-9) 
jeA ' •" 

should be detected next. 

Choosing the index that maximizes the post-projection SNR at layer i can be done 

after the interference cancellation step. This way, for each channel realization, G, we 

will get a different detection ordering. So the order in which detection proceeds is: 

i) choose the index, i, using the myopic ordering algorithm; ii) cancel all previously 
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detected symbols; iii) null the remaining interference and decode the symbol using 

the symbol estimate if, iv) remove index i from set A. 

2.2.3 The QR Implementation of the BLAST Detector 

Zero Forcing QR BLAST Detection: QR-SIC 

A simple implementation of the BLAST detection algorithm is one that uses the QR-

decomposition. The QR decomposition involves decomposing the channel matrix into 

a Nr x Nr unitary matrix, Q, and a Nr x Nt upper triangular matrix, R, such that 

H = QZR2. 

Setting the spatial filter W to be W = Q+ and omitting any precoding then G = 

WHF = Hz. Recalling that Nt — L in the absence of precoding, we can express the 

resulting detector inputs as 

L 

yi = r%sl+ Y, rljSi + Vi (2.10) 

where I r\z- > are the elements of R^. Since R2 is upper triangular, (2.10) reduces to 

L 

yi = r$si+ J2r&)si + 1/i- (2-n) 

The noise samples, v±, retain the statistics of rii due to the unitary property of W. We 

note that the Lth row vector of R^ has only one non-zero entry: r^L. This means that 

the Lth symbol experiences no MAI from other symbols. Obviously we should begin 

by detecting this symbol first, and we make this the first layer. We can then cancel 

its effects from the received samples from other layers. Following this technique, the 

detector creates decision variables according to 

L 

« = &- E r S % (2-12) 
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where the detector has the option of being categorized as a HS-SIC or soft-symbol 

SIC detector, depending on how Sj is determined. Again, in this chapter we 

focus on HS-SIC. The QR-BLAST detector is based on the same principles as the 

BLAST detector. They both cancel the interference caused by previously detected 

symbols. They both use vector nulling based upon the Gram-Schmidt method1. 

In fact, the QR-SIC detector is an unordered BLAST detector. If we wished to 

do ordered QR-SIC detection we would have to recalculate the QR decomposi

tion on the undetected layers after each symbol is detected. The ordering would 

follow that governed by the same myopic algorithm used in ordered BLAST detection. 

The main advantage of the QR-SIC detector is its simplicity. Vector nulling 

is only performed once and decision variable calculations are easily performed using 

(2.12). The QR decomposition can be calculated using a set of 2 x 2 Givens rotations, 

which has a computation complexity of O(A^). This has relatively low computational 

complexity even for a large array of antennas. The major drawback of using the QR 

decomposition is that it yields poor performance at low SNRs and does not achieve 

receive diversity [18]. 

Minimum Mean Squared Error QR BLAST Detection: MMSE-SIC 

The minimum mean squared error (MMSE) detector is classically computed us

ing a set of matrix multiplications and inversions. Matrix multiplications and 

inversion have a computational complexity of O(A^); a number that gets fairly 

large for larger numbers of receive antennas. In 2000, Hassibi devised a reduced 

complexity algorithm for calculating the MMSE based upon the BLAST detection 

algorithm [19]. He devised the scheme by making use of the QR decomposition 

in order to reduce the order of computational complexity in detection from three 

2The QR decomposition of a matrix can be calculated using the Gram-Schmidt method. 
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to two. We refer to the QR-based MMSE BLAST detection algorithm as MMSE-SIC. 

For the MMSE-SIC detector we set the spatial filter W to be W = INr, which 

means that y = r and G = HF. The MMSE-SIC detector filters the received samples 

using an interference nulling matrix D to create decision variables. The ith decision 

variable is computed using 

Zi = dily- J2 SjSj) (2.13) 

V i=ij¥» / 

where dj is the ith row vector of D; called a nulling vector. To find the nulling matrix, 

D, the MMSE-SIC algorithm follows the QR-SIC algorithm used to find a spatial 

filter, with one exception: it considers the noise variance in the QR decomposition. 

The first step for computing D is to generate an augmented matrix, Ga, based upon 

the equivalent channel matrix, G. The augmented channel matrix is created to have 

the following structure 

G„ = 
G 

(2.14) 

where Ga is a (Nt + Nr)xNt matrix. This allows for a solution that is matched to not 

only the channel matrix coefficients, but also the noise vector. The next step in the 

MMSE-SIC algorithm is to perform a QR decomposition on the augmented channel 

matrix 

G„ Q G „ R 

QGa 

Ga 

R, Ga (2.15) 

where Q£ is a Nrx(Nr + Nt) semi-unitary matrix; Q^ is a Ntx(Nr + Nt) semi-

unitary matrix; and R a is a (7Vt + Nr)xNt upper triangular matrix. Please note that 
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Qca 7̂  Q- It was shown in [19] that by setting the nulling vectors d; to be 

d* = p ) • ^[Qca(l : Nr,i)]+ (2.16) 

gives the same MMSE filters as would be computed using traditional approach for 

calculating MMSE nulling vectors. Note that here we have used MATLAB notation 

to represent the rows and columns to select from in each matrix. 

Using the MMSE-SIC spatial filter we produce decision variables using (2.13). 

Unlike QR-SIC, MMSE-SIC has MAI to cancel from all transmitted symbols (besides 

the desired symbol), as the MMSE-SIC nulling matrix produces residual MAI for 

symbols { 1 , . . . ,i — 1}. However, it should be noted that as the SNR gets larger, 

this MAI interference disappears because the augmented QR decomposition of the 

MMSE-SIC detector produces nulling vectors that are asymptotically equal to the 

QR-SIC spatial filter row vectors at high SNR. 

2.3 MIMO Transceivers with a Fully Informed 

Transmitter 

With the availability of CSI at the transmitter, the jointly designed MIMO transceiver 

promises throughput and BER performance advantages over the uninformed trans

mitter (UT) MIMO system [1]. Of course, these advantages come at the cost of 

additional transmitter complexity; however, the addition of a more complex trans

mitter can download some of the system complexity from the receiver. If designed 

properly, the joint transceiver can reduce the overall system complexity while still 

approaching the theoretical capacity of the MIMO system. This is accomplished 

in [9,20,21]. Even though it is more feasible to implement MIMO systems with only 

partial CSI available at the transmitter, it is still instructive to study systems where 



24 

we have an informed transmitted (IT) that is fully aware of the channel in order to get 

a benchmark for performance. In this section we examine MIMO systems which are 

fully aware of the channel conditions at both the transmitter and receiver to design 

the precoder matrix, F, jointly with the spatial filter W. Systems with partial CSI 

at the transmitter will are investigated in subsequent chapters. 

2.3.1 Capacity Achieving Design: Singular Value Decompo

sition with the Water-Filling Algorithm 

In [9] a solution is presented that achieves the theoretical unconstrained capacity of 

the IT MIMO system. It takes the singular value decomposition (SVD) of the channel 

matrix and decomposes it into a set of K parallel subchannels; where K is the rank of 

matrix H. As a result L < K QAM symbols are transmitted with each channel use. 

The precoder, F, is composed of a iVt x Nt semi-unitary precoding matrix, fix, and a 

Nt x L diagonal power allocation matrix, $; where F = Q^. The power allocation 

matrix has the form 

$ 

0 02 

0 0 

0 0 

0 0 

0 

0 

4>L 

0 



25 

where 4>i is the power allocation to the ith subchannel. For each subchannel a power 

and rate is allocated based upon the singular values of the channel matrix and the 

power constraint of the transmitter. This solution assumes that the system has 

unconstrained rate and a method to specifically produce the rate assigned by the 

WFA. 

The SVD of the channel matrix is 

H = UA2 V + (2.17) 

where U is Nr x Nr a unitary matrix; A is a Nr x Nt diagonal matrix with each non

zero entry being an eigenvalue of H; and V is a NtxNt unitary matrix. If we set 

W = U + , ilx = V, then the equivalent matrix, G, becomes G = (A<E>)2, which is 

a diagonal matrix with diagonal elements giti = (Ji\f<fi] where {<7j} are the singular 

values of H. As a result of the diagonal nature of G, the detector inputs are 

Vi = (Tiy/fasi + fi. (2.18) 

Since there is no MAI, the detector need not do anything, so its outputs are Zi = y%. 

A power 4>i is assigned to each subchannel using the WFA, so 

0i = maxf/x , 0 ] (2.19) 

where 

and 
HsH A* = 7; I > . — + ^* I (2-20) 

Pt = <Zj± (2.21) 

where p^ is the signal-to-interference and noise ratio (SINR) of subchannel i. Note 
L 

that the power allocation is normalized so that /^<fo = Nt. The bit-rate, Kj, to use 
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on the ith subchannel is 

rH = log 2 (1 + 4>iPi). (2.22) 

This transceiver is referred to as SVD-WFA in this thesis. An advantage of the 

SVD-WFA transceiver is in the reduced computational complexity of its detector. 

Since all symbols can be detected independently without having to worry about the 

effects of MAI, the detector's computational complexity is low. This is because in 

addition to the linear computational complexity in symbol-wise detection, SIC is not 

required. This removes the need for the hard- or soft- symbol estimation methods 

needed in the QR-SIC and MMSE-SIC detectors. However, the added complexity of 

computing the SVD of a matrix is O(Nf), which has a higher degree of complexity 

than the computation of QR-SIC and MMSE-SIC. This means that the computation 

of the SVD-WFA spatial filter and precoder have higher complexity than those of 

QR-SIC and MMSE-SIC. 

2.3.2 The Geometric Mean Decomposition: Equal Gain Sub

channels 

The geometric mean decomposition (GMD) was first proposed by Jiang et. al. [22] 

in 2005 and suggested for use as a MIMO transceiver in [20]. It is a matrix 

decomposition that is based upon the SVD of a matrix and an additional set of 

Givens rotations. As a result its computational complexity is not much more than 

that of a SVD (i.e. it has the same degree of computational complexity). 

The GMD of channel matrix H can be expressed 

H = QRP+ (2.23) 
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where Q is a NrxNr unitary matrix; R is a Nr x K upper triangular matrix with all 

diagonal entries being equal to the geometric mean of H; P is a NtxK semi-unitary 

matrix; and where K is the rank of the channel matrix, H. The upper triangular 

matrix R has the following structure 

R 

O" '/"1,2 

0 o 

n,K 

r2,K 

a 

where o is the geometric mean of the singular values of H, given by 

K 

Of. 

GMD-SIC Setting the spatial filter W = Q + and ^ = P we obtain G = R as 

our equivalent channel matrix. We note that the equivalent matrix, being upper 

triangular, allows us to use the SIC detection method. That is, we use (2.11) and 

(2.12) to obtain symbol estimates for any transmitted symbols. We refer to this 

transceiver as GMD-SIC. The GMD-SIC transceiver achieves receive diversity, a 

result derived by Jiang et. al. in [21]. 

The power allocation matrix for the GMD-SIC transceiver of [20] is set to send 

the same power on all K subchannels. That is, 

4>i = K 
(2.24) 
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The GMD-SIC of [20] also asks that all subchannels send the same constellation. This 

is because the GMD is designed to reduce some of the transmitter complexity added 

by the SVD-WFA transceiver such as power and bit-rate allocation [20]. 

2.3.3 Antenna Selection Geometric Mean Decomposition 

In addition to the GMD-SIC transceiver an algorithm is also provided in [20] that 

uses antenna selection to select the subset, L, from the K subchannels that will 

achieve the highest unconstrained throughput; we denote this technique ASGMD. 

The ASGMD technique can be deployed using the same SIC detector as the GMD. 

Assuming that the singular values of H are ordered from largest to smallest, the 

ASGMD-SIC algorithm uses 

L = a r g m a x | L l o g a ( 1 + ^ ) (2.25) 

subchannels, where 

&L NS 
L 

That is, we find the number of subchannels to use in the GMD algorithm such that 

the instantaneous capacity is maximized for a GMD on the subset of subchannels. 

2.3.4 Uniform Channel Decomposition: A Capacity Achiev

ing Solution with Equal SINR Subchannels 

The UCD was proposed by Jiang et. al. [21] as method of attaining the optimal 

capacity while using the same rate on all subchannels. This is accomplished by 

creating a set of subchannels that have the same receive SINR. The UCD method 

proposes a combination of techniques that have already been described in this 

chapter. It makes use of SVD, WFA, GMD and MMSE filtering to achieve the 
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The UCD algorithm requires that the precoder be composed of two unitary 

matrices ( f i^f^) and a power allocation matrix (<&), so that F = 01«&2n2. The 

spatial filter is based upon the QR-based MMSE filtering presented in Section 2.2. 

A mathematical description of UCD follows. 

The UCD algorithm is designed such that L > K can be used in transmitting a 

symbol block. In this thesis we prefer to set L = K when implementing the UCD 

algorithm. This fact is reflected in our presentation of the UCD algorithm. The 

channel matrix H has a SVD based on (2.17), namely H — UAsV-1-. Thus, we set 

the first precoder matrix Qi to equal the right-hand unitary matrix of the singular 

value decomposition of H. Using the WFA, a power allocation matrix is found for <& 

based upon (2.19). The precoder is then 

F = V$5f22 

The resulting pre-coded channel matrix, which results from the matrix multiplication 

of the channel matrix and precoder is 

r = H F = U ( A $ ) 5 f t 2 = U E n 2 (2.26) 

where £ = (A3>)2. We then compute the augmented matrix of T 

ra 

USJ12 
(2.27) 

where we know that applying a QR decomposition to this matrix yields an augmented 

upper triangular matrix. Further, according to Jiang et. al. in [21] for any augmented 

matrix as given in (2.27) there exists an Q.2 such that the diagonal entries of the 
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augmented upper triangular will be equal. We can rewrite Ta as 

lNr 0 

o n+ 

U E 

^ i K 

o, (2.28) 

using the unitary property of 02- From (2.23) we are able to express the second 

matrix in (2.28) in terms of its GMD 

U S 
Q J R - J P J (2.29) 

If we set the second precoder matrix to equal the right-hand unitary matrix from the 

GMD of J (fi2 = P j ) and substitute the result of (2.29) into (2.28), the following 

result is obtained 

o ni 

Q J R J — Qr a Rj (2.30) 

which resembles the result for the MMSE-SIC augmented channel matrix. In fact, the 

spatial filter, W, is computed using the same nulling matrix as is defined in (2.16), 

but substituting Q r a for Qca • So the row vectors of the spatial filter are computed 

as 
1 

w < = p ,. [Q r .( l : iVr,»)]+ . (2.31) 
Rr0(i,«) 

A reduced complexity algorithm for UCD is given in Appendix A.l. Following the 

seven steps outlined there a UCD can be computed at the same computational com

plexity degree as the SVD and GMD algorithms, since it is based upon them. 

2.3.5 GMD-MMSE 

In [20] Jiang et. al. suggests implementing the GMD transceiver with a SIC BLAST 

detector, which can be represented by the QR-SIC detector of Section 2.2.3. This is 
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the GMD-SIC transceiver described in Section 2.3.2. To our knowledge the GMD 

transceiver has not been implemented with any other detector. In this section 

we propose further improvement to the design of the GMD-based MIMO system 

by applying an additional MMSE filter at the receiver. We call this transceiver 

GMD-MMSE. 

GMD-MMSE is implemented by calculating the MMSE nulling matrix, D, based 

upon the upper triangular matrix, R, using (2.14) - (2.16). 

The GMD-MMSE transceiver can be computed for little extra cost over GMD-SIC, 

since the MMSE nulling matrix has smaller degree computational complexity than 

the GMD algorithm. To compute the MMSE-SIC nulling matrix requires a degree 

computational complexity of two, whereas a GMD of a channel matrix requires a 

degree computational complexity of three. In addition, we expect the GMD-MMSE to 

have better throughput and BER performance than the GMD-SIC transceiver. This 

is because the MMSE-SIC detector is computed using more statistical information 

than QR-SIC. 



Chapter 3 

Evaluating MIMO System Performance 

In this chapter we evaluate the UT and IT transceiver models using two measures: 

ergodic unconstrained capacity and BER. This chapter is meant to give the reader 

an appreciation of the performance of the different MIMO transceivers described in 

Chapter 2. 

3.1 MIMO Capacity 

In this section we introduce measures for the instantaneous and ergodic capacity of 

a MIMO system. The ergodic unconstrained capacity of a MIMO system is used in 

later sections of this chapter to evaluate the performance of the transceivers described 

in Chapter 2. 

3.1.1 Instantaneous Unconstrained Capacity of MIMO 

Because G = W H F the instantaneous unconstrained capacity of the MIMO channel 

given in (2.3) is 

C - log < ^ ( E [ y y + ] ) \ 
° " l0g2Uet(E[^+])J 

/det(V^+GQ^)\ 
= bg2 { d*(i^Vb) ) (31) 

32 
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where Q s = E[ss+]. Given our assumption that each symbol component of symbol 

vector, s, is selected independently, but with the same symbol energy, then 

Qs = I L ^ S 

and we can further reduce (3.1) to 

C = log2 fdet (lNr + | G G ^ 

= log2 (det (lNr + ^ S $ S H 

= l o g 2 ( d e t ( l * r + | ^ E S + ) ) (3.2) 

where S = WHST^ and the above solution follows from the determinant identity 

property det (I + AB) = det(I + BA). To further simplify (3.2) we express each 

spatially filtered received sample in terms of its SINR 

Pi = 1 ! (3-3) 

where {£ij} are the elements of S, so (3.2) becomes 

L 

C = 5 > g 2 ( l + </>8ft). (3.4) 

This formulation is simple, yet very instructive. Given optimal detection methods, the 

subchannel SINRs and power allocations fully determine the achievable unconstrained 

capacity of the MIMO system. The IT MIMO system's unconstrained capacity prob

lem can be expressed as a maximization problem centered on the power allocation 

matrix <fr 
L 

CIT = ^ maxlog2 (1 + 4>iPi) (3.5) 
1=1 

L 

subject to the total power constraint of y . 4>% — EsNt. The UT MIMO has no CSI 
i 

at the transmitter so it must set its power allocation matrix to the identity matrix. 
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The UT MIMO system's instantaneous unconstrained capacity is 

K 

CUT = J2log2(l + Pi). (3.6) 
i = i 

3.1.2 Ergodic Unconstrained Capacity of MIMO 

Earlier in this section we introduced formula for computing the instantaneous capac

ity of UT and IT MIMO transceivers. However, because the MIMO system is de

ployed in a wireless environment for which channel conditions are in constant change 

the instantaneous unconstrained capacity of a MIMO system is not an appropriate 

performance measure. A better indicator for MIMO performance is the average un

constrained capacity, measured over all possible channel realizations. This is the 

ergodic unconstrained capacity, given by 

C = E (3.7) 5^ l 0§2 (1 + <t>iPi) 
. 1 = 1 

where the expectation is taken over all all possible realizations of H. For brevity we 

refer to the ergodic capacity as simply the capacity of a MIMO system throughout 

this thesis. 

Figure 3.1 shows unconstrained capacity of UT and IT MIMO systems. We note 

that the gains made by the IT are not very significant, even at low SNRs, although 

the gains seen at lower SNRs are more pronounced for a larger set of antennas. In 

the case where CSI is not readily available to the transmitter, it must be sent back 

to the receiver using an alternate feedback channel. For such a small improvement 

in throughput at low SNRs, it may not seem worthwhile to use an IT at the cost 

of increased transmitter complexity. However, to attain the performance of the UT 

an optimal ML detector must be used. The computational complexity of the ML 

detector increases exponentially with the number of subchannels used, L, and the 
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Figure 3 .1: The unconstrained capacity of UT and IT MIMO systems with different 
numbers of receive and transmit antennas. 

size of the constellations used, limiting the practical throughput achievable by the 

MIMO system. Since the main advantage of using MIMO is the promise of higher 

data rates, sub-optimal detectors have been suggested to reduce the computational 

complexity of the receiver of detecting each transmitted symbol. The use of a sub-

optimal detector will most likely lead to a loss in BER and, as a result, throughput 

performance. In this case it may be worthwhile to upload some complexity to the 

transmitter to improve the throughput performance of the MIMO system. So the 

problem becomes the design of a transceiver whose complexity is shared at both ends 

of the communication structure in order to make an implementable system that is 

capable of approaching the theoretical capacity. The sections that follow investigate 

the unconstrained capacity and BER performance of the various previously proposed 

UT and IT MIMO systems introduced in Chapter 2. 
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3.2 Unconstrained Capacity of MIMO 

Transceivers 

This section is dedicated to evaluating the unconstrained capacity of all MIMO 

transceivers introduced in the previous chapter. The unconstrained capacity of each 

transceiver is determined with the assumption that there is no error propagation, 

which leads to optimistic results. Thus, the capacity curves shown in this section are 

upper bounds for the performance of each MIMO transceiver. 

3.2.1 Unconstrained Capacity of UT Transceivers 

In this subsection we evaluate the theoretical unconstrained capacity of the UT 

transceivers described in Chapter 2. For all detectors any symbols that are detected 

in upper layers are considered to be fully cancelled by the detector when detecting 

the current layer. That is, we assume that there is no error propagation in detect

ing all layers. Figure 3.2 demonstrates the theoretical throughput advantage that 

the MMSE-SIC detector holds over the QR-SIC detector - especially at low SNR. 

The MMSE-SIC holds a 2 dB SNR advantage over the QR-SIC detector for the 4x4 

MIMO system in achieving a spectral efficiency of 10 bps/Hz. This shows that the 

performance improvement of MMSE-SIC over QR-SIC detection is not negligible. In 

addition it can be verified that the MMSE-SIC curves of Fig. 3.2 match those of the 

UT system from Fig. 3.1. This indicates that if error propagation is ignored, the 

MMSE-SIC MIMO system is capacity lossless; a result confirmed in [17]. The QR-

SIC curves converge with those of the MMSE-SIC detector at higher SNR because 

the nulling vectors of the MMSE-SIC asymptotically become those of the QR-SIC 

detector. These results suggest that it is worthwhile to implement the MMSE-SIC 

detector for the small amount of additional computational complexity that is required 
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Figure 3.2: The unconstrained capacity of QR-based BLAST detectors with different 
numbers of receive and transmit antennas. 

over an implementation of QR-SIC. 

3.2.2 Unconstrained Capacity of IT Transceivers 

The previous subsection showed the unconstrained capacity of a MIMO system with 

UT. This subsection is devoted to determining the unconstrained capacity of each IT 

MIMO system. 

Unconstrained Capacity of SVD-WFA 

The SVD-WFA transceiver introduced in Chapter 2 is the IT MIMO system discussed 

in Section 3.1. Therefore the instantaneous unconstrained capacity of SVD-WFA is 

L 

CSVD-WFA = Yl l0§2 (! + faPj)- (3-8) 
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We also know the SINR of each subchannel from Equation (2.21), allowing us to 

expand (3.8) to 

CsVD-WFA = J2 l0§2 f1 + ^ f ] | ) • (3-9) 

SVD-WFA would thus produce the same unconstrained capacity curves as those 

given for the IT MIMO system in Figure 3.1. 

This linear transceiver is energy lossless as all energy pertaining to the ith signal is 

contained in the ith column of the resulting channel matrix G. That is, no energy is 

lost in MAI cancellation or nulling. This makes the SVD-WFA transceiver capacity 

lossless. However, this only holds for the case where perfect CSI is available at the 

transmitter. For the case where the IT has only partial information (we call this a 

partially informed transmitter (PIT)) there are quantization errors in the precoder 

matrix, which will lead to MAI being contained in the decision variables and signal 

energy lost due to MAI cancellation and nulling operations made by the layered 

detector. Yet, it must be re-emphasized that for transceivers with perfect channel esti

mation at both ends and unconstrained spectral efficiency, this is an optimal solution. 

SVD-WFA has better unconstrained capacity performance than the UT MIMO 

systems, at the cost of additional computational complexity at the transmitter. For 

an ideal IT MIMO system with perfect power and unconstrained bit-rate allocation 

the SVD-WFA is widely accepted as the optimal transceiver solution. However, in 

practice systems have design limitations, and given that SVD-WFA does not consider 

these limitations it is not yet clear whether it is the best transceiver to deploy for 

a more realistic scenario. In fact, in [20] it is claimed that the SVD-WFA is a very 

poor transceiver for MIMO systems limited to using the same constellation size at 

all transmit antennas. In this case, the WFA is said to do "inverse water-filling" [20] 



39 

where most of the transmit power is loaded onto the most ill-conditioned subchannel 

at the expense of better subchannels. This "inverse water-filling" means that the 

SVD-WFA's performance becomes limited by the worst subchannel. 

Unconstrained Capacity of GMD-based Transceivers 

The instantaneous channel capacity of a GMD-SIC transceiver as presented in [20] 

(assuming no error propagation in the detector) is 

CGMD-SIC = K\og (i + ^ ~ ) • (3.10) 

The instantaneous capacity of the ASGMD-SIC transceiver where only the L best 

subchannels are used is 

CASGMD-SIC = £k>g2 f 1 + -JjjjJL Y (3-11) 

Analytical solutions for the instantaneous unconstrained capacity of the GMD-

MMSE and ASGMD-MMSE transceivers are not easily reduced, but it is possible to 

find their ergodic unconstrained capacities through Monte Carlo integration. Figure 

3.3 gives the upper bounds for the unconstrained capacity of the GMD-SIC and 

GMD-MMSE transceivers. The GMD-MMSE is shown to have a large throughput 

advantage over the GMD-SIC detector with a SNR gain of 1.3 dB over GMD-SIC 

at a throughput of 10 bps/Hz for the 4x4 MIMO system. It is clear that the GMD 

transceiver ought to be deployed with the MMSE-SIC detector. In addition, it can 

be verified that the unconstrained capacity curves for GMD-MMSE are the same 

as those for the MMSE-SIC UT MIMO system. This raises the question as to 

why we would need the GMD transceiver at all; however the question is deceiving. 

These results are for an ideal unconstrained MIMO system. The GMD transceiver is 

designed for MIMO systems with constrained bit-rate [20], so it would be fairer to 

compare the constrained capacities of these systems. 
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Figure 3.3: The unconstrained capacity of GMD-based BLAST detectors with dif
ferent numbers of receive and transmit antennas. 

Figure 3.4 shows that the ASGMD-SIC and -MMSE schemes can close the un

constrained capacity gap with SVD-WFA. It is also apparent that it does not matter 

whether a QR-SIC or MMSE-SIC detector is used with ASGMD, as their perfor

mances are almost exactly the same. The use of an ASGMD scheme comes at very 

little cost, even for a PIT. The receiver need only calculate (2.25) in order to obtain 

the number of subchannels, L, to be use in transmission and inform the transmitter. 

Since the receiver needs to inform the transmitter of the rank of the channel anyway, 

there is no additional feedback information required. Of course if we consider an IT 

then this calculation can be done at the transmitter as it has perfect knowledge of 

the channel. 
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Figure 3.4: The unconstrained capacity of ASGMD-based BLAST detectors with 
different numbers of receive and transmit antennas. 

Unconstrained Capacity of UCD Transceiver 

The UCD promises to achieve the unbounded capacity of the MIMO channel with 

equal SINR subchannels [21]. To see if the algorithm delivers on its promise, we 

examine the SINR of a UCD subchannel. Using properties A.2.1 and A.2.II given in 

Appendix A.2 the SINR of a subchannel can be expressed as 

Pi = P = 
J,ii 

1% - 1 = 
Ilf=i *j0i + ^o 

No 
1 a]^ + 1 1 (3.12) 

The instantaneous unconstrained capacity of the UCD MIMO system (given that 

there is no error propagation) is expressed as 

K 

CUCD = J]log2(l + p) (3.13) 
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and substituting (3.12) into (3.13) gives 

G VCD 

a VCD 

CvCD 
3=1 

K 

CUCD = ^ l o g ^ l + te) (3.14) 
3 = 1 

which is the same capacity that is derived for the IT in Section 3.1.1 and where 

the SINR for each subchannel is the same as in (2.21), which is the SINR 

of each SVD-WFA subchannel. So the UCD is capable of creating equal SINRs 

on each subchannel while remaining capacity lossless, given perfect MAI cancellation. 

For the SVD-WFA if all channels employed the same rate, the worst subchannel 

would limit the performance of the entire system [21]. From the equal SINR property, 

we can say that the UCD MIMO system is no longer limited by the worst subchannel. 

3.3 BER performance of the Channel Decomposi

tion Methods with Fixed Bit-Rate 

We have seen the unconstrained capacity of each IT and UT MIMO system. However, 

unconstrained capacity is not a great measure for a system's performance, since it 

is not attainable in practice. In the absence of ECC, the BER is a better measure 

for system performance. It gives and idea of whether or not the constrained perfor

mance of a system is good. In this section we give and discuss results for the BER 

performance of each MIMO system. 
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3.3.1 BER Performance of UT MIMO Systems 

In Section 2.2 we presented three detectors: ML, QR-SIC, and MMSE-SIC. 

The first detector has exponential and the last two have linear computational 

complexity. While, the ML and MMSE-SIC detectors are said to be information 

lossless in terms of the unconstrained capacity, they have very different BER 

performances. The diversity experienced by a signal is attributed to the slope 

of its BER curve. Typically, for a single-input single-output (SISO) transceiver 

with linear detection the BER curve decays proportionally to -; or decays inverse 

proportionally to the SNR. With an ML detector, because the symbols are jointly 

detected the BER decays with a slope of riW- This behaviour can be attributed 

to the receive diversity experienced by the system. Diversity as a property of 

some physical attribute (time, frequency, space) is obtained by having multiple 

independent copies of the same information. The diversity order for linear de

tection without pre-coding has a tendency to be poor. This is because a linear 

detector sacrifices its degrees of freedom, or the number of independent received 

symbol copies to create a single symbol estimate. In fact, in [17] it was found that 

the diversity of the linear detectors presented in this thesis is (Nr — min (Nr,Nt)) + 1. 

Figures 3.5 - 3.8 demonstrate the BER performance of the different MIMO 

systems for a variety of transmitter arrays and constellation sizes. For Figures 3.5 

- 3.7 all transmitters send an independently selected signal chosen from a 16-QAM 

constellation. Each receiver uses either a QR-SIC, MMSE-SIC or ML detector. It 

is easy to see that the best detector is ML, which is demonstrated in all figures. 

In addition to better BER performance, the ML detector's performance curves 

exhibit a steeper slope (indicating a higher diversity) as is promised in the previous 

paragraph. The slope of the QR-SIC and MMSE-SIC curves is - . That is, these 
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Figure 3.5: BER performance of 2x2 UT MIMO systems using 16-QAM. 
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Figure 3.6: BER performance of 3x3 UT MIMO systems using 16-QAM. 
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Figure 3.7: BER performance of 4 x 4 UT MIMO systems using 16-QAM. 

detectors experience no diversity, or a diversity order of one - as is predicted in [17]. 

The MMSE-SIC detector outperforms the QR-SIC detector for every MIMO system 

employing 16-QAM at each transmitter. 

Figure 3.8 shows the performance of QR-SIC and MMSE-SIC when a 64-QAM 

constellation is transmitted on all subchannels1. The results are similar to the 

case where 16-QAM is used, except for the increased BER expected for a sys

tem using higher spectral efficiencies. Though there is only a slight coding gain 

for the MIMO systems using larger numbers of antennas with linear detection, 

there is an increase in the spectral efficiency with each additional transmitter. 

This shows that though more data is being transmitted, there is no loss in BER 

performance - as long as the number of transmit and receive antenna increase equally. 

1The performance of the ML detector is not shown due to the detector's high computational 
complexity when higher order modulation schemes are used. 
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Figure 3.8: BER performance of UT MIMO systems with linear detectors using 
64-QAM. 

In Section 3.2.1 results calculated for the unconstrained capacity of MMSE-SIC 

suggested that it was information lossless, like the ML detector. Of course, the 

assumption that there would be no error propagation from previously detected layers 

was naive and we have seen this in the BER figures presented in this section. It is clear 

that the ML detector can achieve much better BER performance than the MMSE-

SIC detector. Though the BER curves do not directly correlate to the constrained 

capacity performance of a MIMO system, they give an idea of the impact that error 

propagation has on layered linear detection schemes. These results demonstrate that 

the unconstrained capacity curves obtained in the previous section are optimistic 

upper bounds. 
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Figure 3.9: BER performance of 2x2 IT MIMO systems using 16-QAM. 

3.3.2 BER Performance of IT MIMO Systems 

In Section 2.3 we presented some channel decomposition methods: SVD, GMD and 

UCD. Each channel decomposition was then paired with a linear detector - either 

QR-SIC or MMSE-SIC. This section gives the BER performance of all detectors 

and their pairings. We have not included any bit-rate or power allocation for these 

schemes, with the exception of UCD. That is, each system has only their precoder 

matrices as feedback. We allow the UCD precoder to have power allocation since it 

would be a regular GMD otherwise. 

Figures 3.9-3.11 give the performance of each IT transceiver for different numbers 

of antennas and with each transmitter sending a 16-QAM constellation. It is not 

immediately apparent that the performance of SVD-based MIMO systems are poor 

for the rate-constrained system. Although it has better performance than all other 

transceivers at low SNRs, its diversity is one and it is quickly outperformed. The 



Figure 3.10: BER performance of 3x3 IT MIMO systems using 16-QAM. 

T 1 r 

Figure 3.11: BER performance of 4x4 IT MIMO systems using 16-QAM. 
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low-SNR performance gains begin to disappear for a larger number of antennas, as it 

can be seen that SVD is outperformed by all other transceivers at 10 dB for the 2x2 

system; whereas it is outperformed by all other systems at about 8.5 dB for the 4 x 4 

MIMO system. A GMD-MMSE implementation is better than the simple GMD-SIC 

detector. Figure 3.9 shows a 1 dB SNR gain at a BER 1CT4 for the GMD-MMSE 

over the GMD-SIC. Figure 3.10 shows a 1.25 dB and Figure 3.11 a 1.5 dB gain at 

the same BER. This suggests that the gains of the MMSE method increase as the 

number of antennas increase. In [21] the diversity order of GMD-SIC and UCD is 

derived. The diversity order of GMD-SIC is determined to be Nr and that of UCD 

is NrNt - or full diversity. Figures 3.9 - 3.11 demonstrate that derivations of [21] are 

accurate. That is, the diversity of GMD-SIC and UCD in Figure 3.9 are 2 and 4; in 

Figure 3.10 are 3 and 9; and in Figure 3.11 are 4 and 16 respectively. It should also 

be noted that UCD is outperformed by GMD-MMSE at lower SNRs. This property 

will be relevant in later chapters when we evaluate the constrained throughput of 

each system. 

Figures 3.12 - 3.14 give the performance of IT transceivers for different antenna 

array sizes when a 64-QAM constellation is transmitted on all active subchannels. 

The behaviour that these figures exhibit is the same as that in Figures 3.9 - 3.11, 

described in the previous paragraph. Most notable is the underperformance of the 

UCD transceiver when compared with GMD-MMSE. Though UCD has better uncon

strained capacity, it is evident that with the MMSE-SIC detector, GMD has better 

BER at lower SNRs for MIMO systems with constrained rate. This is most evident in 

Figure 3.12 where GMD-MMSE outperforms UCD until the SNR is 29 dB. This sug

gests that UCD is not as capable at removing MAI as GMD-MMSE in the presence 

of significant noise. As the number of antennas increases UCD begins to outperform 
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Figure 3.12: BER performance of 2x2 IT MIMO systems using 64-QAM. 
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Figure 3.13: BER performance of 3x3 IT MIMO systems using 64-QAM. 



51 

i i i i r 

I i i i i i \ i I 
0 5 10 15 20 25 30 

SNR (dB) 

Figure 3.14: BER performance of 4x4 IT MIMO systems using 64-QAM. 

GMD-MMSE at lower and lower SNRs; however we will see later that the poor low-

SNR performance of UCD will have a large impact on its constrained throughput. 

In Figure 3.12 we see that the SVD now oiitperforms all other IT transceivers until 

roughly 17 dB. In Figures 3.13 and 3.14 this number reduces to 16 dB and 15 dB re

spectively. It is an important observation since it implies that for larger constellation 

sizes and lower SNRs SVD is better. The main advantage that the SVD transceiver 

has over all others is that it experiences no MAI. Therefore, each subchannel can 

be detected independently of all others. This suggests that as the constellation size 

employed increases so does the error propagation in the SIC detectors. Of course, this 

stands to reason since the error probability of any individual symbol will be higher 

for larger constellation sizes. 
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Chapter 4 

Discrete Rate-Constrained MIMO System 

Design 

In this chapter we discuss how the use of RC/QC LDPC codes allow for a MIMO 

system that is capable of adjusting to instantaneous channel conditions. We also 

discuss the design and implementation issues that come with the addition of RC/QC 

LDC codes to the MIMO system and evaluate the throughput performance of our 

designed coded RC/QC-MIMO system. 

4.1 System Model 

In Part I we presented a variety of MIMO systems and compared them in terms of 

their unconstrained capacity and BER performance. While these are good indicators 

for the achievable performance of a MIMO system they ignore some of critical 

practical considerations. In particular, they assume the transmitter can transmit at 

any rate within a continuous range, and furthermore that this range is unbounded 

at the upper end. In practice, the transmitter can only select from a discrete set of 

rates even if an adaptive coding and modulation scheme is used. The resolution of 

this set impacts throughput performance in that the throughput diminishes as the 

53 
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granularity becomes coarser. Furthermore, any implementation will have a largest 

usable constellation size, thereby putting a cap on the maximum possible rate. Both 

of these issues not only limit throughput to be below the unconstrained capacity, 

they also affect the design of the transceiver. 

To provide fine resolution in the set of achievable rates it is desirable to support 

a large number of ECCs, each with a different code rate. Although it is possible to 

find good codes for any desired rate, a code that has been optimized for a given rate 

is likely to be unrelated to a code that has been optimized for a different rate. As 

a result, supporting a large number of optimized fixed-rate channel codes is likely 

to be infeasible, as the memory requirements to store the code definitions would be 

enormous, particularly if powerful codes such as LDPC codes are used. A prefer

able, albeit likely suboptimal approach is to use a RC code, where a wide range of 

rates can be realized by either puncturing or extending a single fixed rate mother code. 

One type of RC LDPC code is the RC/QC LDPC code proposed by the 3GPP2 

as a forward error correcting code for the forward data channel, forward superposed 

data channel and reverse OFDMA data channel [15]. They are also proposed for im

plementation in the IEEE 802.20 (Mobile Broadband Wireless Access) standard [23]. 

In this thesis we implement 3GPP2 RC/QC LDPC codes to study MIMO system 

performance in rate-constrained MIMO systems. 

Figure 4.1 gives the system model for a MIMO system that implements RC/QC 

LDPC codes; a system that we refer to as RC/QC-MIMO. The precoder and spatial 

filter are modelled by the transceivers described in Chapter 2. The rest of the compo

nents of the RC/QC-MIMO system are described at length in the remainder of this 

section. 
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CRC Passed? 

Figure 4 .1: Coded MIMO system model. 

4.1.1 Encoder 

The encoder of a message word, m ' , of length K'c bits has three components as given 

in Figure 4.1: A cyclic redundancy check (CRC) encoder; a LDPC encoder; and a 

codeword demultiplexer. 

C R C Encoder 

The CRC encoder calculates an appropriate CRC for m and appends it to the end of 

this message word to create a new CRC padded message word, m, of length Kc bits. 

This CRC padding is an error-detection code (EDC) meant to determine whether or 

not the decoded message is valid. 
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LDPC Encoder 

An LDPC code is characterized by an (Nc — Kc) x Nc parity check matrix Hc, which 

is the dual of the Kc x Nc generator matrix Gc. These two matrices have the property 

that 

GCUT
C = 0 (4.1) 

where 0 is a Kc x (Nc — Kc) null matrix. A codeword is generated from the message 

word m using the generator matrix 

c = mG c (4.2) 

where c is a vector codeword of length Nc bits. The LDPC code rate is Rc — jf. For 

a fixed-rate LDPC code, the code- and message word lengths are fixed. However, 

for a RC/QC LDPC code the codeword length is variable, while the message word 

length remains fixed. The codeword length is adapted by puncturing some of the 

codeword bits, creating a shortened codeword. The codeword puncturing technique 

used in this thesis is described in Appendix B. 

Demultiplexer 

The demultiplexer splits the codeword into L bit streams to be fed into the symbol 

mappers. The multiplexing is performed based on the sizes of the QAM constellations 

used by the symbol mappers. For i increasing from 1 to L, the demultiplexer delivers 

log2 (Mi) bits to symbol mapper i. Once all the symbol mappers have received the 

bits they need for one channel use, the demultiplexer delivers the bits needed for the 

next channel use. 
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4.1.2 Symbol Mapper 

The M-QAM symbol mappers of Figure 4.1 have their rates specified by the CSI 

feedback relayed from the receiver. Normally these rates could be specified by the rate-

allocation portion of the WFA; however the WFA works under the assumption that 

the bit-rate is unconstrained. A discrete bit-rate allocation algorithm is not specified 

for the WFA. As a result the M-QAM symbol mappers are given two options: map a 

64-QAM constellation or map no constellation (in the case where the transmit power 

of a subchannel is zero). A better constrained-rate power and bit-rate allocation 

algorithm is proposed and studied in Chapter 5. 

4.1.3 Detector 

Figure 4.2 gives the detector architecture, which is the iterative Turbo-BLAST de

tector of [11]. Adaptive soft filters are applied to y to null the MAI, using the most 

up-to-date statistical information. The MAI is estimated using soft-symbol estimators 

and cancelled from the filtered signals at each layer using the statistical information 

available at that particular layer to create decision variables, {zi}. The log-likelihood 

ratio (LLR) of each code bit is estimated by feeding the decision variables into the 

bank of look-up carry units (LCUs). These LLRs are then fed into a code bit multi

plexer to re-order the code bit LLRs for codeword decoding. The decoder then takes 

the LLRs and does iterative decoding using the belief propagation (BP) algorithm. 

Two outputs are produced by the BP decoder: an estimate of the systematic portion 

of the codeword and the new code bit LLRs that resulted at the end of the decoding 

attempt. The new code bit LLRs are used in updating the statistical information of 

each symbol. The CRC of the message word estimate, m, is verified to check if the 

received message is valid. There is a maximum number of iterations, Lz, for which 

the detector will run. If the maximum number of iterations in the detection process 
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Figure 4.2: The Turbo-BLAST detector 

is exceeded or the CRC on the message word estimate passes, the detection process 

stops. 

Iterative Soft Filtering 

To obtain decision variables from the received signal vector, a set of nulling vectors, 

{di}, is required. In Chapter 2 these nulling vectors where obtained with some 

statistical knowledge of the noise, the assumption that no a priori information is 

available to the detector about the MAI and the assumption that there is no error 

propagation from MAI cancellation. However, because of the structure of the BLAST 

detection, a priori information on the MAI is available to the detector at lower 

detection layers in the form of a posteriori information from higher layers, and from 

previous detector iterations. Using this information, a soft filter - called a nulling vec

tor - adapted to the MAI and noise statistics can be designed for each detection layer. 
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To understand how the detector performs soft-symbol interference cancellation, 

suppose that the transmitted symbols, {SJ}, are transmitted with an arbitrary a priori 

probability distribution, Pr{sj = s} for all s e <S,; where Si is the constellation that s; 

is selected from. If no other information about Si were known, a hard-symbol estimate 

of Si could be 

§i = argmaxPr{sj = s}. 
seSi 

In contrast, a soft-symbol estimate of s$ could be 

s? = E[Si] = J2 sPr{Si = s}. (4.3) 

Whereas s; is guaranteed to be in Si, s, is unlikely to be. However, s, has a smaller 

mean squared estimation error, 

a\ = E[\Si - Si\2} = Y, \s ~ s^Pvis, = s} (4.4) 

than Si, and is therefore likely to be closer to Sj. Equations (4.3) and (4.4) are used by 

the detector to assist with MAI cancellation, but, in the context of iterative BLAST 

detection, our information regarding Sj comes, not from the a priori probabilities, 

but from a posteriori probabilities calculated when detecting higher layers, or from 

previous decoding iterations. 

To detect Sj, the detector first attempts to cancel the MAI using the soft symbol 

estimators, giving 

L 

y* = y - Z l g?si 

L 

= g»St+ Z Sj(s3-Sj) + u. (4.5) 

The detector then attempts to suppress the residual MAI (the second term of the 

right-hand-side of (4.5) by using an interference nulling vector, dj. The detector 
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output is then z, = d^y*. 

The nulling vectors are computed using the MMSE criteria. An appropriate filter 

for the ith transmitted symbol attempts to minimize the minimum squared error (J,) 

between the symbol and the detector output zt. The MSE is 

Ji = E[\si - Zi\2] = E[\si -diyi 

= E dj [ gjSj + ^2 Sj (sj - sj) + v (4.6) 

Setting the partial derivative, dJi, with respect to the Hermitian of nulling vector, 

dj, to zero gives a solution for the ith MMSE nulling vector 

d,- = Esg+ I Esgigi + Y, SjSrf; + !LNO I (4.7) 

where &1. is the variance of the Sj based on (4.4). This solution is adaptable to the 

reliability of the MAI estimates used for MAI cancellation. That is, the variances of 

the current estimates of the MAI, <a^. >, are used to determine the filter coefficients. 

This allows the filters to be used in an iterative manner. Note that by using these soft 

filters, instead of hard ones, the degree of computational complexity for calculating 

each nulling vector increases from two to three due to the matrix inversion and 

multiplication required in their computation. However, the results presented in this 

thesis demonstrate that sizeable gains in performance are realized by using this itera

tive method of creating soft nulling vectors, which we call iterative soft filtering (ISF). 

Soft-Symbol Estimation 

The detector output, Zi, is used to generate the soft-symbol estimates used by the 

lower layers of the BLAST detector. These are based on the a posteriori probabilities 
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Of Si, 

Pr{S j = S | ^ } = M U I % Xt *- = —fZi (Zi\Si = s) (4.8) 
J Zi \ %} Z 

where fZi (zi\si = s) is the likelihood function of Zi given that Sj = s was transmitted, 

and /Q is a normalization constant chosen so that Y^ Pr{s; = s\zi} equals one. 

These a posteriori probabilities are used in place of the a priori probabilities used 

in (4.3) and (4.4) when calculating s; and a2
Si for detecting lower layers. 

To evaluate the likelihood function of (4.8), it is widely assumed that the residual 

MAI after filtering can be modelled as a Gaussian random variable, so the likelihood 

function has the form 

U (zi\Si = s) = — exp i-5 4 - J Ji- 4.9 

^i \ °i J 

where the conditional mean of z^ is 

E[Zi\si = s] = d^s (4.10) 

and the conditional variance is 

o j = E[\zi - digis\2 \si = s] 
L 

= Y, | d ^ | 2 < - + |d,|2iVo. (4.11) 

LLR Calculation 

A BP decoder requires LLRs for each code bit to do iterative decoding. The LCUs 

in Figure 4.2 compute these LLRs using the decision variables created by the de

tector. If BPSK is used there is a one-to-one relationship between code bits and 

transmitted symbols, so the LLRs are easy to compute. However, when QAM is 

used, calculation of the LLRs requires marginalization over the a posteriori proba

bilities of (4.8). Let Cj (1) (2) (log2(Mi)) 
L'i ' Li ) • • • J

 Li denote the code bits mapped to Sj, 



and Aj = 

denned as 
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Â  , \\ ',..., \\og2^ ''' denote the corresponding LLRs. The LLRs are 

/Pr{cifc) = 1|*V 

and are calculated with 

' dk) = l\Si = s}\ 
(4.12) Ai*> = In 

^ P r { S i = s | ^ } P r { t 

se5i 

J ] P r { S , = s l z J P r j c f * = 0|s, = s } 

where, for a € {0,1}, Pr< c- = a | s , = s > = 1 if the kth bit of the code bits cor

responding to the point s in the QAM constellation is a, and zero otherwise. Al

though the computational complexity of (4.12) is quite high, the complexity can be 

reduced for Gray-coded QAM by splitting the real and imaginary part of <S, into two 

y/Mj-PAM. constellations [23]. Various suboptimal, yet effective, reduced complexity 

techniques have also been proposed, but these are beyond the scope of this thesis. 

LLR Mult iplexer 

The LLR multiplexer takes the LLRs created by the LCUs and organizes them into the 

order that the corresponding code bits had when they were produced as a codeword. 

This sequence of LLRs is then passed to the decoder of the LDPC code. 

Belief Propagat ion Decoder 

Due to the structure of LDPC codes an efficient message passing algorithm (MPA), 

otherwise known as BP in [24] can be used to iteratively correct errors in the received 

LLRs. The parity-check matrix, H , can be represented by a bipartite graph - called 

a Tanner graph [25] - composed of variable and parity-check nodes. The variable 

nodes are initialized with the LLRs produced from the decision variables and share 

information with the parity-check nodes that they are connected with, which can be 
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viewed as the passing of a message. The parity-check nodes, having collected infor

mation from all variable nodes that they are connected with, process this information 

and return the result as messages to their respective variable nodes. The variable 

nodes then process the parity-check messages that they receive to form a new LLR. 

This process encompasses one iteration of BP decoding. With each iteration more 

messages are exchanged, increasing the likelihood that the algorithm will converge on 

the transmitted codeword. The BP decoder is allowed to run a maximum of Lm iter

ations when, if convergence has not occurred, decoding is considered to have failed. 

The CRC code embedded in the message can be checked to verify whether or not 

decoding was successful. 

Statistical Accumulator 

If decoding is unsuccessful, the LLRs produced by the BP decoder ({Ap}) are used 

with the LLRs produced by the LCUs ({Aa}) to update the symbol statistics. The 

extrinsic LLRs 

{Ae} = {\p} - {\a} 

which represent the information derived by the BP decoder, are passed back to the 

detector. These extrinsic LLRs are combined to produce revised a posteriori prob

abilities (APPs) of the transmitted symbols, {s^}. These APPs are more reliable 

than the ones produced by the detector since they incorporate constraints imposed 

by the LDPC code. The APPs are used to calculate new soft symbols, {SJ}, and the 

associated variances [o2
s.}, using (4.3) and (4.4). These quantities, in turn, are used 

for interference cancellation until newer APPs are produced by the BLAST detector 

as each layer is processed. 
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4.1.4 Type-II H-ARQ 

A Type-II H-ARQ is used by our RC/QC-MIMO system. The incremental redun

dancy adaptive-feedback coding scheme specified in [26] is the Type-II H-ARQ. 

Type-II H-ARQ requires that a communication system encode message words using 

an EDC and a RC systematic ECC. 

In Figure 4.1 the CRC represents the EDC and the RC/QC LDPC code the 

ECC. H-ARQ functions by first having the communication system transmit the 

systematic portion of a codeword (the CRC padded message). If the decision on 

the received message word, rh, successfully passes the CRC then the receiver sends 

an acknowledgement that the message was successfully received; otherwise if the 

transmitter fails to receive an acknowledgment from the receiver, it proceeds to send 

a block of parity bits of length Lb. The receiver, with this additional information 

then attempts to correct the message word using at most Lm iterations in the LDPC 

decoder to produces a new received message word. After each BP iteration a CRC 

is done on the received message word and BP stops if the CRC passes. If the CRC 

fails on the L^ iteration, the detector enters its next iteration. If, after Lz joint 

iterations between the detector and the decoder, the CRC still fails, a decoding error 

is declared and the receiver waits for the next block of parity bits. Upon the receipt 

of another block of Lf, parity bits the receiver attempts to correct the message word 

again, using this extra information. This procedure continues until either the CRC 

check passes on the received message or the maximum number of parity bits for a 

codeword is exceeded. 

The best H-ARQ system would use L& = 1 and Lm = oo in order to preserve 

rate granularity and give the best possible ECC decoding result. However, these 
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parameters would be impossible to implement as the number of detector computations 

would be extremely large. Moreover, the delay between decoding of an ECC codeword 

would exceed the time to produce an acknowledgment before the transmitter begins 

transmitting the next block of parity bits. In this thesis we use Lm = 80 and Lb as 

specified in Appendix B. Furthermore, for simplicity we assume an ideal error-free 

CRC. That is, the CRC only ever passes if the correct message is received. The CRC 

code is also assumed to have a rate of one. 

4.1.5 Multiple Versus Single Codeword Demultiplexing of 

Data Stream 

Figure 4.1 gives an RC/QC-MIMO implemented using just one codeword - referred 

to as a single codeword (SCW) implementation. A SCW implementation uses one 

ECC code to encode the input data stream. As an alternative we could have used L 

multiple CRC and LDPC encoders (one per used subchannel) to encode the input 

data stream - referred to as a multiple codeword (MCW) implementation. This 

implementation would require that the input data be demultiplexed into L message 

words and encoded independently using L CRC and LDPC encoders. This means 

that for the MCW implementation, the demultiplexer of Figure 4.1 precedes the 

CRC and LDPC encoders as opposed to succeeding them. 

The advantage of using a MCW implementation is that the power and bit loading 

of one subchannel can be assumed independent of all other subchannels. The same 

cannot be said for a SCW implementation. One disadvantage of using a MCW imple

mentation is operational issues that arise when coding over individual subchannels. 

Each subchannel will have different decoding times and this will lead either to syn

chronization problems, if subchannel are allowed to immediately begin transmitting 
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their next codeword upon successful decoding, or throughput loss, if a successful sub

channel must wait for all others subchannels to finish transmitting their messages. 

The disadvantages of MCW outweigh those of SCW, and as result, we use a SCW 

implementation in this thesis. 

4.2 Performance Evaluation of RC/QC-MIMO 

This section is dedicated to evaluating the throughput performance of the RC/QC-

MIMO system described in Section 4.1. We first define a metric for the throughput 

of the RC/QC communication system and then evaluate system performance in an 

AWGN channel. The two subsections that follow examine the theoretical and exper

imental throughput performance of RC/QC-MIMO. 

4.2.1 The Average Realizable Rate of RC/QC-MIMO 

Using the SCW implementation an average realizable rate (ARR) is calculated to de

termine the throughput of the MIMO system. The ARR is calculated as the amount 

of time spent sending message data over the total time spent sending codeword in

formation. In calculating the ARR a few assumptions must be made about how the 

system behaves in the event of a decoder failure. Classically, when a decoding fail

ure occurs the codeword would be re-transmitted until there is successful detection. 

This is done without considering any of the information contained in the previous 

transmissions of the same codeword. This means that the realized rate RR,, of the 

j t h transmission using an SCW implementation can be calculated as 

RR, = m ^ - ^ r (4.13) 
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where mf,' is the total bit rate during the j t h channel use, or given that < M^3' > are the 
L 

constellations used by each subchannel during channel use j , rrvp = V^k)g2(A/>"); 

and Nc is the number of transmitted code bits of the j t h codeword. Now, if the 

channel is very badly conditioned, it may take several re-transmissions before the 

codeword is properly decoded; if it is decoded at all. Since we study a frequency-

flat slow-fading channel, it is possible that the channel will have a capacity that is 

lower than Ji^nin>; which is define in Appendix B as the minimum rate of the RC/QC 

LDPC code. While it is still possible to decode a codeword that has been transmitted 

through a channel with extremely low gain, it is theoretically possible that it may 

never be decoded. That is, at least for the time it takes for the channel to change, 

which is unsuitably long in slow-fading systems. In our implementation of RC/QC-

MIMO we assume that the system will attempt to transmit through any channel. 

However, if a codeword is not properly decoded the user of this channel is assumed 

to be dropped from the network that is serving it. The impact of that this user has 

on the overall throughput is included only once. Otherwise, if the channel is very 

poor and the network continued trying to serve this user, the overall ARR may drop 

significantly. Based on this assumption, the ARR is computed as follows 

K NQ NQ 

j=l mT j = l 

where Ns is the number of successfully transmitted codewords and NT is the total 

number of transmitted codewords. For each transmitted codeword an independent 

channel realization is used. The ARR is measured in bps/Hz. 
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4.2.2 Experimental Performance of RC-QC LDPC Codes in 

an AWGN Channel 

We run Monte Carlo simulations for different modulation schemes using RC/QC 

LDPC codes in an AWGN channel and compare their throughput (ARR) performance 

to the theoretical constrained capacity of each modulation scheme. The constrained 

AWGN channel capacity when given a M-QAM constellation is used can be computed 

using numerical integration as 

CM ~QAM = ^2jj fr{r\s)dr (4.15) 

where fr(r\s) is the likelihood function of r being received given symbol s was 

transmitted. Note that for M = 2 a BPSK constellation is used. Figures 4.3 - 4.6 

give the throughput performance for BPSK, 4-QAM, 16-QAM and 64-QAM given a 

'short', 'medium' and 'long' maximum codeword size ( /V C
M ) , which are 264, 1056, 

4224 code bits, corresponding to a message size of 48, 192 and 768 bits respectively. 

Figure 4.3 shows the throughput performance of the RC/QC LDPC codes with 

BPSK. There is a performance loss when compared with the theoretical capacity of 

BPSK since the code is not infinite or perfect. The penalty is at most 1 dB. Figure 4.3 

also shows that the shortest LDPC codes outperform the longer ones at higher SNRs. 

Better performance of shorter LDPC codes goes against conventional knowledge, 

since well-constructed long LDPC codes typically give better performance. In this 

case, since all the codes are built from the same generator matrix it would make more 

sense if the longer LDPC codes performed better than the shorter ones; however 

if we pay attention to the fact that an infallible rate-1 CRC is used to verify the 

correctness of the systematic portion of the codeword, these results begin to make 

more sense. A shorter codeword is less likely to have an error in it than a longer one 

before decoding. This means that the resolvability of the EDC occurs at lower SNRs 

for the shorter RC/QC LDPC codes. Of course, in practice, the CRC is neither 



69 

• — Theoretical BPSK 
•S RC/QC BPSK (Short) 

- 1 0 - 8 - 6 - 4 - 2 0 2 4 6 8 10 
SNR (dB) 

Figure 4.3: Throughput performance of RC/QC LDPC code using different code
word lengths and BPSK in an AWGN channel. 

infallible nor rate-1, so in practice worse performance is expected, particularly for 

the shorter code. The exact degradation depends on the actual implementation of 

the CRC, and such analysis is beyond the scope of this thesis. 

Figure 4.4 gives the performance of RC/QC LDPC codes when 4-QAM is used. 

The results are similar to those found in Figure 4.3, with a worst-case performance 

loss of about 1 dB. We observe that the shortest code again outperforms longer 

ones. Figures 4.5 and 4.6 give the throughput performance of RC/QC LDPC 

codes using 16- and 64-QAM. These curves confirm the observations made from Fig

ures 4.3 and 4.4, although the performance loss increases to about 2 dB with 16-QAM. 

Figures 4.3 - 4.6 demonstrate the adaptability of RC/QC codes to the instanta

neous SNR. This shows that RC/QC codes are well suited for use in fading channels, 
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SNR (dB) 

Figure 4.4: Throughput performance of RC/QC LDPC code using different code
word lengths and 4-QAM in an AWGN channel. 
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Figure 4.5: Throughput performance of RC/QC LDPC code using different code
word lengths and f 6-QAM in an AWGN channel. 
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Figure 4.6: Throughput performance of RC/QC LDPC code using different code
word lengths and 64-QAM in an AWGN channel. 

for which the instantaneous SNR fluctuates and depends on more than just the trans

mit and noise power. For convenience the 'short' length RC/QC LDPC codes are used 

in all future experimental simulations. 

4.2.3 Theoretical Constrained Throughput Performance of 

MIMO Transceivers 

In Chapter 3 we obtain curves for the unconstrained capacity of MIMO systems 

employing several different transceiver designs. In order to be able to evaluate the 

throughput performance of the MIMO systems described in this chapter we obtain 

curves for the constrained capacity of each MIMO transceiver. The constrained ca

pacity curves are obtained using a look-up table made from (4.15) for the constrained 
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capacity of a 64-QAM constellation. That is for a given channel realization we com

pute the instantaneous constrained capacity to be 

L 

(4.16) 

where CCN is the instantaneous constrained capacity of any given MIMO system; and 

C64(T) is the constrained capacity of 64-QAM for an SNR 7. We run Monte Carlo 

simulations over 5000 channel realizations in order to obtain the average theoretical 

constrained capacity at each SNR. These results should be a foreshadowing to the 

results obtained for throughput performance of RC/QC-MIMO systems. They also 

allow us to gauge how much degradation in throughput performance is incurred by 

our implementation of the MIMO systems presented in Chapter 2. 

For the purposes of fairness, all MIMO systems that require power allocation 

is done using the WFA. We also assume perfect MAI interference cancellation 

of already detected symbols. The rest of the interferers are considered Gaussian 

contributors to the SINR of each subchannel. 

Figures 4.7 - 4.9 show the theoretical constrained throughput performance of IT 

transceivers for various numbers of antennas and a maximum constrained bit-rate 

of 6 bps/Hz per subchannel. From Figures 4.7 - 4.9 we see that UCD has the best 

throughput performance followed very closely by ASGMD-MMSE. The theoretical 

throughput performance of the MMSE UT transceiver is included to give the reader 

an idea on the performance improvement that comes with using an IT when the rate 

is constrained. The MMSE transceiver is outperformed by all transceivers except the 

SVD-based ones. The SVD-WFA is no longer optimal due to the constrained rate 

of each subchannel as it wastes power on subchannels that have already reached the 

maximum rate. In fact, due to the waste of this energy the SVD-WFA has nearly the 
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Figure 4.7: Theoretical throughput performance of rate-constrained 2x2 MIMO 
transceivers. 
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Figure 4.8: Theoretical throughput performance of rate-constrained 3x3 MIMO 
transceivers. 
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Figure 4.9: Theoretical throughput performance of rate-constrained 4x4 MIMO 
transceivers. 

same performance as regular SVD. The SVD-based transceivers struggle to converge 

on the maximum rate due to the slow convergence of the poorest subchannel. The 

UCD transceiver has the same SINR on all subchannels and as a result suffers the least 

from this problem. That is to say, that all transceivers are throughput limited by the 

performance of their worst subchannel. A SVD decomposition has a large variance in 

its SINRs when compared with all other transceivers, and as a result has a tendency 

to have at least one poor subchannel. This is why a SVD transceiver saw no diversity 

for the BER curves shown in Chapter 3. On the other side of the coin, GMD- and 

UCD-based transceivers attempt to make all subchannels have the same gain and 

SINR respectively. This leads all subchannels to improve simultaneously, allowing 

these transceivers to keep their diversity as can be seen in Figures 4.7 - 4.9. Figure 

4.10 demonstrates the aforementioned behavior. The plot is of the worst subchannels 

for each IT 4x4 MIMO transceivers. The worst subchannel of the GMD-based and 
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Figure 4.10: Theoretical throughput performance worst subchannel of 4x4 MIMO 
transceivers. 

UCD far outperform those of the SVD-based transceivers - even with WFA. This 

shows how important equal gain subchannels are for rate-constrained MIMO systems. 

Yet, the results for MMSE, GMD- and UCD-based transceivers are optimistic. The 

assumption of no error propagation and perfect MAI cancellation is unrealistic as it 

is impossible to always be able to cancel MAI - otherwise we'd have a zero BER. 

However, these results do give a good idea of what can be achieved if a good detector 

is employed. 

4.2.4 Experimental Throughput Performance of RC/QC-

MIMO 

In this subsection we evaluate the throughput performance of the RC/QC-MIMO 

system described earlier in this chapter using the ARR1. To re-iterate some of the 
1For simplicity, in our simulations wc did not consider the effects of packetization in decoding 

using incremental redundancy. That is, in simulation we computed all received samples for the 
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Figure 4.11: Experimental throughput performance of 2x2 RC/QC-MIMO with 
different transceiver designs. 

operating parameters of the RC/QC-MIMO system: the symbol mappers are limited 

to using 64-QAM constellations; the detector operates under the assumption that all 

residual MAI has Gaussian statistics; and the WFA and antenna selection algorithms 

operate under the assumption that the capacity is unconstrained. All simulation 

results are collected for Lz = 3. 

Figure 4.11 gives the throughput performance of the 2x2 RC/QC-MIMO 

transceivers. What is most interesting, at first glance, is the difference in between 

the experimental and theoretical throughput performance curves. The ASGMD 

and UCD algorithms are not as dominant as they were in theory; and the MMSE 

maximum codeword length and did incremental redundancy by puncturing all non-systematic bits 
and then unpuncturing Lf, bits after each decoder failure. In reality, if the number of bits transmitted 
in one channel use is greater than L^, puncturing should be done on a larger block size. We recognize 
that more accurate results could be obtained if we punctured the blocks based on the actual number 
of bits transmitted in one interval. 



77 

transceiver performs far worse than the SVD-based transceivers, which is not 

the case in Figure 4.7. The MAI cancellation abilities of each transceiver has a 

large impact on the throughput performance of the MMSE, GMD-based and UCD 

transceivers. Recalling the BER performance curves given in Chapter 3 for the IT 

transceivers, we saw that the GMD-MMSE transceiver had better performance than 

the UCD transceiver for larger constellation sizes; in one case outperforming it for 

SNRs of up to 29 dB. Thus, RC/QC-UCD is outperformed by RC/QC-GMD and 

RC/QC-ASGMD. In addition, the MMSE theoretical constrained capacity curves 

were overly optimistic - and they should be due to the perfect MAI cancellation 

assumption. The RC/QC-MMSE transceiver performs the worst of all transceivers 

because it has no diversity and, as a result, has more difficulty in resolving the MAI 

in its decision variables. The SVD-based transceivers do not experience MAI and as a 

result do not lose performance as a result of it. RC/QC-ASGMD is the best non-SVD 

based MIMO system. At low SNRs it outperforms both SVD-based transceivers 

because it most often uses one subchannel and as a result experiences no MAI. As the 

SNRs become larger it begins to choose larger sets of subchannels. This leads to a 

greater chance of MAI irresolvability, and as a result, the RC/QC-ASGMD curve be

gins to "dip" for mid-range SNRs, in the range where it starts using more subchannels. 

An interesting result is that RC/QC-GMD converges on the system bit-rate 

maximum faster than RC/QC-ASGMD. This happens because the antenna selection 

algorithm of ASGMD is based upon the unconstrained capacity. At higher SNRs 

RC/QC-GMD and RC/QC-ASGMD are able to better resolve the MAI in its decision 

variables and again begin to outperform RC/QC-SVD and RC/QC-SVD-WFA due 

to its ability to converge on the maximum nominal bit-rate. RC/QC-SVD-WFA 

confirms the conjecture that the WFA has poor performance in a constrained 

communication system. At higher SNRs it is even outperformed by RC/QC-SVD. 
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Figure 4.12: Experimental throughput performance of 3 x 3 RC/QC-MIMO with 
different transceiver designs. 

Figures 4.12 and 4.13 give the performance of the 3 x 3 and 4 x 4 RC/QC-MIMO 

systems. RC/QC-SVD and RC/QC-SVD-WFA dominate at mid-range SNRs due to 

the fact that they do not have any MAI in their decision variables. For Figures 4.12 

and 4.13 the effect of MAI is even more pronounced, as can be seen by the growth 

in the size of the "dip" that exists for MIMO transceivers with MAI at mid-range 

SNRs. RC/QC-MMSE struggles by comparison to the IT RC/QC-MIMO systems. 

For an SNR, of 20 dB there is a spectral efficiency gain of roughly 2.1 bps/Hz and 2.8 

bps/Hz for the second worst performing RC/QC-MIMO transceiver over the 3 x 3 and 

4x4 RC/QC-MMSE systems respectively. This result shows that the impact of MAI 

irresolvability grows with the antenna array size. It also clearly demonstrates the 

advantage of using an IT over an UT transceiver for bit-rate constrained MIMO. 

The UCD transceiver, even with its extra complexity does not perform well. This 
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Figure 4.13: Experimental throughput performance of 4x4 RC/QC-MIMO with 
different transceiver designs. 

was foreshadowed by its BER curves in Chapter 3 which demonstrated that it is 

outperformed by both the GMD- and SVD-based transceivers for low to mid-range 

SNRs, and the GMD-based transceiver for SNRs of up to 29 dB. This shows that 

although a MIMO transceiver may be well designed for unconstrained capacity and 

even provide high diversity, it may not perform well when the bit-rate is constrained. 

The struggles of RC/QC-ASGMD to converge with the bit-rate maximum is even 

more evident for larger antennas arrays. In Figures 4.11 and 4.12 the SNR for which 

RC/QC-GMD begins to outperform RC/QC-ASGMD is about 17.9 dB and 20.7 dB 

for the 3x3 and 4x4 MIMO systems respectively; as opposed to 23.4 dB for the 

2x2 MIMO systems. 



Chapter 5 

Power and Bit-Rate Allocation for the 

Rate-Constrained MIMO Subchannel 

In Chapter 4 we implemented RC/QC-MIMO systems that did not use adaptive bit-

rate allocation. That is, the transmitter could only send 64-QAM constellations on 

L subchannels. While RC/QC LDPC codes are capable of adapting the data rate 

without regard to the type of modulation used, it has a lower rate limit of 

77 = &LR{min) 

'Imin yJJ~Jl''c 

where r\min is the nominal lowest rate experienced a RC/QC MIMO system. For our 
2 

implementation of RC/QC LDPC codes described in Appendix B, /?(mm) = — This 

12 
makes lowest possible nominal rate r\min — — for the case when only one subchannel 

is used. This means that the channel capacity only needs to be below 1 bps/Hz to 

make it unlikely that our detector will be able to decode the codeword. Furthermore, 

for multiple subchannel transmissions, the bit-rate that each subchannel is capable 

of supporting may be different. However, a 64-QAM constellation is assigned to all 

L subchannels, regardless of their constrained capacity. For a SCW implementation-

based RC/QC-MIMO system, where the SINR of all subchannels has an impact on 

the entire codeword, it is better to assign a bit-rate to each subchannel that reflects 

80 



its instantaneous capacity. 
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The power-allocation algorithm of the RC/QC-MIMO system of Chapter 4 

assigned powers to each subchannel using the WFA, uses the unconstrained capacity 

of a MIMO channel. However, the bit-rate on each subchannel is constrained. This 

means that if the power assigned to a subchannel by the WFA is such that the 

bit-rate that the WFA could assign is in excess of the maximum bit-rate, unnecessary 

energy is being allocated to that subchannel. By wasting energy the RC/QC-MIMO 

system will not able to achieve its potential throughput performance. 

The RC/QC-MIMO system of Chapter 4 does not take advantage of adaptive 

modulation and fails to allocate energy to each subchannel using full knowledge of its 

operation limitations. In this chapter we propose two new WFAs that use adaptive 

modulation based upon a discrete set of constellations and do power allocation based 

on the constrained rate of each subchannel. 

5.1 CWFA: Power and Bit-Rate Allocation Algo

rithms 

The symbol mapper of Figure 4.1 is allowed to use adaptive modulation using 

BPSK, 4-QAM, 16-QAM and 64-QAM. As in Chapter 4 the maximum constellation 

size is 64. This means that the set of choices for the constellation size in doing 

bit-rate allocation on each subchannel is B = {2, 4,16, 64}. Given a system with IT 

or even PIT the transmitter is able to assign a constellation of size Mj G B, to the 

ith subchannel based upon feedback relayed from the receiver, depending upon the 

SINRs of each subchannel. 
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Figure 5.1: Theoretical constrained capacity of M-QAM in an AWGN channel. 

For the case of a MIMO system with unconstrained rate, powers and bit-rates 

are assigned using the WFA. However, in the case where rate is constrained the 

WFA is no longer the best method for power- and bit-loading. For the constrained 

MIMO system, a new CWFA is designed that attempts to maximize the throughput 

of the MIMO system. Given that the MIMO system uses QAM constellations with 

sizes from the set B, the CFWA should do its optimization based upon the actual 

constrained capacities of these QAM constellations. Theoretically, these capacities 

are computed using (4.15) and shown in Figure 5.1. It can be seen that all M-QAM 

capacity curves overlap each other until they approach their respective maximum bit-

rates. This means that the maximum size constellation (64-QAM) will theoretically 

always give better constrained capacity performance than all other constellations 

in £>. Therefore, we only need consider the 64-QAM capacity curve when doing 

power allocation. However, since we use RC/QC LDPC codes the bit-rate that each 
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;ure 5.2: Experimental throughput of 'short' RC/QC LDPC codes with different 
•QAM constellations in an AWGN channel. 

subchannel can support is different from the result given by (4.15). Figure 5.2 gives 

the RC/QC LDPC code performance for different constellation sizes in an AWGN 

channel. Figure 5.2 not only demonstrates that there is a loss in throughput for 

RC/QC LDPC codes when compared to the theoretical constrained capacity, but 

that the throughput performance of 64-QAM does not dominate at all SNRs. Thus, 

it is better to do power and bit-rate allocation for a RC/QC-MIMO system using the 

results given in Figure 5.2. 

Numerical C W F A ( N C W F A ) 

A power allocation matrix $ can be determined numerically by maximizing the sum of 

the constrained capacities of all of the subchannels. We call this algorithm numerical 

CWFA (NCWFA). For the theoretical MIMO system, the algorithm attempts to find 

L 

<& = arg max Y ^ Qm (4>jPj) (5.1) 
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where 4>j is the fraction of power assigned to subchannel j with SINR pj. The nu

merical maximization algorithm is defined by a 7Vrdimensional search space, which 

can be reduced to a JV t-l search space using the energy constraint defined in Section 

2.1. For example, if Nt= 2 the powers 0i and 02 are related by the following 

02 = 01 
a 

where 0i = aEsNt. The search can then be done using only a, reducing the search 

space from two to one dimension. The NCWFA is feasible for a small number of 

transmit antenna (Nt < 3), however for larger numbers of transmitting antennas it 

quickly becomes computationally exhaustive. Here we have designed the NCWFA 

for the theoretical-constrained-capacity MIMO system. It could also be designed 

using the experimental throughput curves of Figure 5.2. 

Simple CWFA (SCWFA) 

To achieve decent throughput, while keeping the computational cost of a CWFA low, 

we propose a modification on the existing WFA. This recursive power and bit-rate allo

cation algorithm assigns powers using a capped version of the unconstrained capacity 

and chooses an appropriate rate based upon the experimental throughput curves of 

Figure 5.2. The modified version of the WFA - called simple CWFA (SCWFA) -

attempts to resolve the power allocation problem that the WFA suffers from when 

implemented in constrained rate MIMO systems. Instead of unnecessarily wasting 

additional power on subchannels that can already achieve the maximum bit-rate, 

SCWFA re-assigns that power to other subchannels that do not have enough power 

to reach the maximum rate. The SCWFA can be viewed as a recursive WFA, where 

if some of the power allocations assigned using the WFA are wasteful, a power is as

signed to the subchannel with the largest SINR that allows it to reach the maximum 
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rate and the number of subchannels with assigned powers, a, is increased by one. 

The power allocation portion of the WFA is then recomputed using the remaining 

subchannels with unassigned powers, b, and the remaining unallocated power, Pr. 

The algorithm runs until every subchannel has a power allocated to it and then does 

bit-rate allocation based on the power allocated to and SINR of each subchannel using 

a look-up table based on Figure 5.2. The algorithm is as follows: 

1. Order the SINRs, {pi}, in descending order for i G { 1 , . . . , K}. 

2. Set a = 0, b = K, Pr = Nt. 

b 1 
3. Calculate // = \{Pr + /> —) a n < i </>j = yu — — Vz G { a , . . . , K} 

4. If fa < 0 or CMbPb) < M m i n ) ; b = b - 1 and go to 3). Else go to 5). 

5. If <f>a > (26 - 1 ) ^ ; set <j>a = (26 - l ) i , b = K,Pr = Pr - <f>a, a = a + 1 and go 

to 3). Else go to 6). 

K 

6. P r = P r - ^ 0 i . 
i=a 

7. If P r > 0 redistribute remaining power: fa = fa + ^f\/i G { 1 , . . . , 6} 

8. Set L = b. 

9. Choose a constellation size for each subchannel using Mi = KT ( ( % ) ) • 

where R/r(7<iB) is a rate-list look-up table that assigns a constellation in B based upon 

a SNR, 7ds, in dB. The rate-list look-up table uses the experimental throughput 

performance of a 'short' RC/QC LDPC for the constellations of B in an AWGN 

channel. The rate-list look-up table chooses an appropriate value from B using the 
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following: 

0 i f7d B < -6.125 dB; 

2 if -6.125 dB < ldB < -3.323 dB; 

Rr{ldB) = { 4 if -3.323 dB < 7d S < 4.53 dB; 

16 if 4.53 dB < 7 d B < 13.19 dB; 

64 otherwise. 

Note that -6.125 dB is approximately the SNR where the rate that can be supported 

on the AWGN channel is equal to ]$gn%n>. This is a suboptimal CWFA because it does 

not use the appropriate capacity curve to do power allocation. The SCWFA, being 

based upon a capped version of the unconstrained capacity curve, overestimates 

the throughput performance of the subchannel and removing some power from the 

best subchannels can actually reduce their throughput below the maximum as a 

result. A modification can be made such that step five is changed to higher a power 

assignment to 0a = r)max~] where 7maa; is the SNR for which the AWGN throughput 
Pa 

of the 64-QAM RC/QC LDPC code is roughly six. Doing this ensures that the best 

conditioned channels are always able to achieve the maximum throughput, should 

they be capable. This adaptation is used for our implementation of SCWFA in this 

thesis. 

The bit loading of the SCWFA is based upon the AWGN experimental throughput 

performances of the QAM constellations and, as a result, the assigned bit-rate does 

reflect the capacity of the subchannel for the given SINR, and power assignment. We 

note that because the UCD transceiver does power allocation based on the WFA, 

it cannot use the power allocation portion of the CWFAs. This exception does not 

apply to any of the other MIMO transceivers described in Section 2.3 of Chapter 2. 
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5.2 Rate-Constrained Antenna Selection Algo

ri thm for ASGMD 

The ASGMD transceiver of Chapter 2 selects the appropriate number of subchan

nels to transmit on, so as to increase the unconstrained capacity of a GMD-based 

transceiver. As we have already mentioned earlier in this chapter, the RC/QC-MIMO 

system has constrained rate and as a result the antenna selection algorithm of the 

ASGMD transceiver is not appropriate. Thus, we adapt to the antenna selection algo

rithm of the ASGMD transceiver to reflect the rate-constraint of the RC/QC-MIMO 

system. The ASGMD is made to select the appropriate number of antennas using 

j = 1 \ 

where Tj — KT f I —j~Pj J I; and TTj is a look-up table giving the rate obtained 

using a Tj-QAM constellation at a given SNR. These look-up tables are created from 

the throughput performance of the different QAM constellation given by Figure 5.2. 

We call this algorithm the constrained capacity antenna selection algorithm (CCAS). 

5.3 Performance Evaluation of CWFAs 

In this section we evaluate the theoretical MIMO and experimental RC/QC-MIMO 

throughput performance when transceivers use the CWFAs. 

5.3.1 Theoretical Throughput Performance of CWFAs 

Two new CWFAs were introduced in Section 5.1. The theoretical capacity of 

a MIMO transceiver is based upon the SINRs of and powers allocated to each 

subchannel. This means that the theoretical throughput will not be able to give 



88 

any idea of the efficacy of the bit-rate allocation portion of the CWFA. Most of 

the transceivers (SVD,GMD-MMSE,ASGMD-MMSE,UCD) introduced in Chapter 

2 do not make use of a CWFA to assign their powers, since their powers are either 

fixed for the number of selected subchannels or their powers are allocated using a 

different algorithm. This means that the only transceiver for which we can evaluate 

the theoretical efficacy of the power allocation portion of the CWFAs is SVD-WFA. 

Note that in this evaluation, the power threshold of SCWFA, -fmax, is chosen such 

that C64 {jmax) ~ 6. This is done to reflect the fact that we are evaluating the 

SCWFA for a theoretical MIMO system. In addition, CCAS is adapted to use C64(-) 

to do antenna selection for the theoretical rate-constrained MIMO system. 

Figure 5.3 demonstrates the performance improvement seen when using a 

CWFA versus a regular WFA for a 2x2 MIMO system. The best of the CWFAs 

is the NCWFA as should be expected since it based on numerical optimization. 

It is encouraging to see that the SCWFA does not lose too much in throughput 

performance compared to the NCWFA. The use of the capped unconstrained 

capacity curve explains the small loss in performance, since this curve gives overly 

optimistic predictions about the throughput of each subchannel. As a result the 

SCWFA has a tendency to overestimate the performance of a subchannel for higher 

SNRs and make power assignments that are not as precise as the NCWFA. At 

a SNR of 20 dB the SWCFA has only a 0.1 bps/Hz loss in spectral efficiency, 

compared to a 0.3 bps/Hz loss for the regular WFA algorithm. The WFA struggles 

to achieve the same theoretical constrained throughput because it is allocating 

power on subchannels that have already achieved the maximum rate, while the 

CWFAs use this extra power to improve the rates of other subchannels. The 

NCWFA becomes computationally exhaustive for larger numbers of antennas 

and is closely matched in throughput performance by the less computationally 
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Figure 5.3: Theoretical constrained capacity of 2x2 SVD-based transceivers using 
different power and bit-rate allocation algorithms. 

complex SCWFA. As a result, we implement the SCWFA in all simulations for the 

remainder of this thesis. From this point on, we refer to the SCWFA simply as CWFA. 

Figures 5.4 and 5.5 give the theoretical constrained capacities of the SVD-based 

transceivers for the 3x3 and 4x4 MIMO systems. The trend seen here is the same 

as was in Figure 5.3; the CWFA performs better than the regular WFA at higher 

SNRs. There is a gain in spectral efficiency for the CWFA over the WFA of about 

0.45 bps/Hz and 0.5 bps/Hz at a SNR of 20dB for the 3x3 and 4x4 transceivers 

respectively. 

Also introduced in this chapter is a new antenna selection algorithm for the AS-

GMD transceiver. The CCAS selects the appropriate number of subchannels to trans

mit on using the constrained capacity as opposed to the unconstrained capacity-based 
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Figure 5.4: Theoretical constrained capacity of 3x3 SVD-based transceivers using 
different power and bit-rate allocation algorithms. 
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Figure 5.5: Theoretical constrained capacity of 4x4 SVD-based transceivers using 
different power and bit-rate allocation algorithms. 



91 

13 

12 

11 

•3 9 

S 7 

E-H 4 

ASGMD with UCAS 
ASGMD with CCAS 

15 
SNR (dB) 

20 25 30 

Figure 5.6: Theoretical constrained capacity of 2x2 ASGMD-based transceivers 
using different antenna selection algorithms. 

antenna selection algorithm (UCAS) for ASGMD introduced in Chapter 2. Figure 

5.6 shows the performance of both antenna selection algorithms. While CCAS out

performs UCAS at higher SNRs the loss for using UCAS in a 2x2 MIMO system 

is not that significant. Figure 5.7 gives the theoretical constrained throughput per

formance of 3 x 3 ASGMD transceivers. Again, CCAS outperforms UCAS at higher 

SNRs, but for the loss in throughput performance is more significant than it is for 

the 2x2 transceivers. At a SNR of 20 dB the gain in spectral efficiency of CCAS over 

UCAS is about 0.1 bps/Hz. Figure 5.8 gives the theoretical constrained throughput 

performance of 4x4 ASGMD transceivers. CCAS outperforms UCAS at higher SNRs 

and an even greater gain is seen for the larger antenna array. At a SNR of 20 dB the 

gain in spectral efficiency of CCAS over UCAS is about 0.2 bps/Hz. The results of 

Figures 5.6 - 5.8 show that there is a small throughput gain in using CCAS instead 

of UCAS for the ASGMD transceiver. These results also show that the throughput 
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Figure 5.7: Theoretical constrained capacity of 3x3 ASGMD-based transceivers 
using different antenna selection algorithms. 
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Figure 5.8: Theoretical constrained capacity of 4x4 ASGMD-based transceivers 
using different antenna selection algorithms. 
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gain increases with the number of antennas used. All simulations from this point on 

in this thesis use CCAS for antenna selection. 

5.3.2 Experimental Throughput Performance of RC/QC-

MIMO with CWFA 

In this chapter we introduced a suboptimal CWFA to do bit-rate and power 

allocation and CCAS to do antenna selection for the ASGMD transceiver. In 

Section 5.3.1 the power-allocation portion of the CWFA and the CCAS of ASGMD 

where evaluated using the theoretical constrained throughput. In this subsection we 

demonstrate the benefits of the bit-rate allocation portion of CWFA. All evaluated 

RC/QC-MIMO systems use the CWFA to do bit-rate allocation, and all systems 

except RC/QC-SVD-CWFA do not use the power allocation portion of the CWFA. 

The assumptions for the detector of Chapter 4 remain the same. All results are 

collected for Lz — Z. 

Figure 5.9 gives the experimental throughput performance of the 2x2 RC/QC-

MIMO transceivers. The same behaviour is displayed by the MIMO transceivers 

as was shown in Figure 4.11. The SVD-based transceivers dominate at mid-range 

SNRs on the virtue that they do not have to resolve any MAI. The GMD-based 

and UCD transceivers have a "dip" at mid-range SNRs as they are not as able to 

resolve the MAI that comes with larger constellation sizes. An improvement in 

performance is seen for RC/QC-SVD-CWFA, which outperforms RC/QC-SVD. This 

was not the case in Chapter 4 when RC/QC-SVD-WFA made use of the regular 

WFA. This result shows that the theoretical increase in performance seen for SVD 

using the CWFA also carries over into the experimental results. The performance 

of the RC/QC-MIMO transceivers that use only the bit-rate allocation portion of 
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Figure 5.9: Experimental throughput of 2x2 RC/QC-MIMO transceivers with dif
ferent transceiver designs. 

the CWFA are shown to perform better than when it is not used; especially at low 

SNRs. For example, the spectral efficiency of RC/QC-SVD at SNRs of 5 dB, 15 dB 

and 20 dB in Chapter 4 is 3.18 bps/Hz, 7.79 bps/Hz and 10.15 bps/Hz respectively; 

whereas it is 3.47 bps/Hz, 8.12 bps/Hz and 9.89 bps/Hz respectively, in Chapter 

5. As another example, the spectral efficiency of RC/QC-GMD in Chapter 4 at 

those same SNRs is 2.6 bps/Hz, 7.28 bps/Hz and 10.15 bps/Hz respectively; whereas 

it is 2.79 bps/Hz, 7.5 bps/Hz and 10.21 bps/Hz respectively, in Chapter 5. Since 

the RC/QC-MIMO systems of Chapter 4 can only use 64-QAM constellations, it 

is more likely that there will be error propagation in the layered detector than for 

the adaptable CWFA, which chooses constellation sizes that are appropriate for the 

SINRs of each subchannel. This has a larger impact at lower SNRs because of the 

64-QAM constellation's poor low-SNR performance, as was demonstrated in Section 

3.3. Though the low-SNR improvement is more noticeable, all 2x2 RC/QC-MIMO 
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Figure 5.10: Experimental throughput of 3 x 3 RC/QC-MIMO transceivers with 
different transceiver designs. 

systems have better throughput performance, for all SNRs, with the bit-rate 

allocation algorithm of the CWFA. 

Figure 5.9 demonstrates the throughput performance advantage that the 

RC/QC-ASGMD with CCAS has over the RC/QC-ASGMD with UCAS The 

spectral efficiency of RC/QC-ASGMD at 5 dB, 15 dB and 25 dB in Chapter 4 is 3.44 

bps/Hz, 7.65 bps/Hz and 11.6 bps/Hz; whereas it is 3.65 bps/Hz, 7:75 bps/Hz and 

11.68 bps/Hz respectively, in Chapter 5. Figure 5.9 also shows that unlike UCAS 

RC/QC-ASGMD, CCAS RC/QC-ASGMD is able to converge faster with maximum 

nominal rate. 

Figures 5.10 and 5.11 give the experimental throughput performance of the 

3 x 3 and 4 x 4 RC/QC-MIMO transceivers respectively. Figures 5.10 and 5.11 dis-
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Figure 5.11: Experimental throughput of 4x4 RC/QC-MIMO transceivers with 
different transceiver designs. 

play the same behavior discussed for Figure 5.9, in that throughput performance 

gains are more noticeable at low SNRs, RC/QC-SVD-CWFA has better performance 

than RC/QC-WFA and CCAS RC/QC-ASGMD is able to converge faster with the 

system's maximum nominal rate. 



Chapter 6 

Tunable Soft-Symbol Detection for 

Layered BLAST Detection 

The detector of Chapter 4 creates soft-symbol and LLR estimates with the assumption 

that the residual MAI, left uncancelled in the decision variable, is Gaussian. Given 

the actual symbol statistics and the law of large numbers this is may be a good 

assumption when a sufficiently large number of transmit antennas and constellation 

size is used; however, especially for smaller constellation sizes and antenna arrays, 

modelling the residual MAI as a Gaussian random variable is not precise. In this 

chapter we derive a SS/LLRE based on the probability density function (pdf) of the 

MAI of all interferers. In addition, we design an adaptable SS/LLRE that considers 

the statistics of a subset of the MAI, while assuming the MAI outside that subset is a 

Gaussian random variable. The latter of the two SS/LLREs is then evaluated in terms 

of its BER and experimental throughput performance, as well as its computational 

complexity. 

97 
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6.1 The Fully-Tuned SS/LLRE 

In this section we derive a SSE and LLRE using the pdf statistics of the residual 

MAI for any given detector iteration. The soft-symbol estimates, {SJ}, and variances, 

[a^ }, are obtained during the layered detection portion of the detector described 

in Section 4.1 and are used to update the statistics of each symbol "on the fly". 

The LLRE gives the estimates for the LCUs of Figure 4.1. A SSE creates a symbol 

estimate by using the most up-to-date statistics on the desired symbol, the MAI and 

the Gaussian noise. The estimate of the symbol is its expected value. We start by 

re-organizing (4.5) component-wise as 

Zi = di I y - Yl §i% ) 

L 

= d.giSi + di J ^ gj(sj - Sj) + d,v 

L 

= tiSi+ ^ tj(sj - Sj) + t>i (6.1) 

where tj is a constant that results from the product of vectors d, and gj; and v^ is the 

filtered noise. We see that Zj is composed of three components: the desired symbol; 

a random variable composed of the noise and MAI; and a deterministic component 

used in cancelling the MAI. We rewrite (6.1) as 

Zi = tiSi + qi~ a% (6.2) 

where g, is a random variable representing the MAI and noise 
L 

Qi = ^ tjSj + Ui 

j-l,j^i 

= h + Vi (6.3) 

and Oj is a deterministic variable based upon the current MAI estimates 
L 

ai = Yl tjSj- ^6-4) 
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Let siti = [siti,.. .,Si-.lti,si+lii,.. .,sLti] be one possible realizations of s, = 
L 

[si,..., S j _ i , s i + i , . . . , sL]. There are Ne = TT Mj possible realizations in total. 

Because the transmitted symbols are independent, the probability that ij / was trans
mitted is 

L 

Pr{si = §i,j} = Yl PrisJ = hi}-

The noise, &i, is Gaussian with pdf 

M (^t) 
™\ 

exp , ^ 
Vi 

where a\. is the noise variance. The pdf of <& 

fqi (ft) = Y l f* (^ = §*.') Pr^Si = §i>'} 

1=1 

where 

(6.5) 

(6.6) 

(6.7) 

Xi = Yl lihi-

From (6.7) the likelihood function of Zi given s was transmitted on subchannel i is 

defined as 

fZi{Zi\Si = s) = fqiiZi-tiS + Oi) 

Ne 

^2 FriSi = Si,l) fa (Zi ~ liS ~Xl + Oi) 
l-\ 

Trap, 

-. Ne 

-y Y ^ P r { s j = s i ) J}exp 
vi 1=1 

\ZJ - Us -Xi + Qj 

a l (6.8) 

Having (6.8) we can determine the LLRs for each transmitted bit using (4.12). Sub

stituting (4.8) into (4.12) the LLR of a code bit can be found as 

Aifc) = In 
^ fzi (zi\si = s) Pr{s{ = s} P r j c f ) = l\si = sj \ 

s&Si 

Y f'i (Zi\Si = S) Pv{Si = S ) P r { C f ) = °h = S 
(6.9) 
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Furthermore, we assume no a priori knowledge of the desired symbol, ŝ . Thus, we 

can drop the Pr{sj = s} factors from (6.9) since these probabilities are all equal and 

will cancel out of the equation. This gives a new LLR calculation formula, which is 

A?» = In 

exp . 
seSi l=i \ vi 

\ rr2 ; 
\ s e 5 i i=l \ * / / 

S S Pr{cf} = °ls* = s } Pris* = s^) exP 
(6.10) 

To obtain the symbol estimates we require the probability of the desired symbol being 

a specific symbol mapping. This can be obtained by substituting (6.8) into (4.8) to 

get the a posteriori probability of each symbol 

Pr{si = s\zi} = -rrfzi(zi\si = s) 

1 V ^ o r ~ i ( h ~ Us - Xk + aif\ , „ „ , . 
= j^2^Pl^Si = s^exp[ ^2 ( 6 - n ) 

Z 1=1 \ "i J 

and using the a posteriori probabilities, a symbol estimate and variance are obtained 

using (4.3) and (4.4). It is possible to reduce to the total number of computations for 

(6.10) by splitting it into its real and imaginary portions as is mentioned in Section 

4.1.3. 

The major drawback to this solution is that the number of computations required 

to calculate all Ne possible realizations of the MAI, \h grows exponentially with 

the size of the constellations used and number of symbols transmitted. In fact, the 

LLR estimate expressed in (6.10) has computational complexity growth similar to a 

ML detector. In previous chapters we noted that the ML detector is not practical 

for systems with medium to high spectral efficiency. Left unchanged, the solution 

suggested in this section would also not be implementable. The SS/LLRE tunes in 

to the MAI in order to cancel it, so we call it a tunable SS/LLRE. A SS/LLRE that 

considers all tones of the MAI is called a Fully-Tuned (FT-SS/LLRE). 

file:///se5i
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6.2 Tunable SS/LLRE 

To reduce the number of tones considered we allow the Tunable SS/LLRE the ability 

to make some assumptions about the statistics of some of the interferers, while still 

retaining their contribution to the total MAI. In this section we design a method 

that reduces the number of MAI realizations considered by modelling a subset of 

interferers as a Gaussian random variable. 

Largest interferers tuning A strategy for reducing the number of tones consid

ered is to pick the Nj largest interferers contributing to the MAI at a given detection 

layer. Let C be the subset of largest interferers. In this case, we regard all the MAI 

components that are not considered part of subset C as Gaussian noise. Restructuring 

(6.3), qi is decomposed as follows 

qi = J2tjsj + Y^tjSj + vl 

= Ii + ^tjSj + i/i (6.12) 

so that now /j is based upon the subset C, or the set of largest interferers. The largest 

interferers are determined by the residual energy left by any uncancelled post-filtering 

interference. The energy contributed to the MAI by the j t h interferer is 

*; = < ! * ; I2- (6-13) 

The interferer energies are then used in the following rule to determine the set of 

largest interferers 

C — argmax^j 

where u is the set including all interferers that make up the MAI (i.e. 

u = { 1 , . . . , i — 1, i + 1 , . . . , L}). The interferers in C make up the random variable, Ii 

(i.e. h — / tjsj), a n d this variable is used in (6.5) - (6.10) to determine LLRs of each 
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bit. The contribution of the remaining \u\ — Ni interferers is determined from the 

statistics calculated at the current layer of BLAST detection. Since we consider the 

MAI not in set C as Gaussian, we need only obtain their variance and mean to model 

their statistics. The sum of unconsidered MAI and noise is modelled as a Gaussian 

random variable, Vi, with zero-mean and a variance o1
Vi = o\i + 2_,£j- Recognizing 

that a.j of (6.4) already contains the current means of the unconsidered MAI, we can 

modify <jj to only include the interferers that are in the set C. That is, 

jec 

The number of possibilities for the MAI, 7Ve, has been reduced to Ne = Y\MJ and 

the LLRs can be calculated using (6.10), except that the s^ used for the T-SS/LLRE 

only contain symbols corresponding to interferers in C and o\. is substituted for o\.. 

The largest interferer method still has exponential growth with each additional 

interferer that is added; however, it has the flexibility to reduce or increase the 

number of considered interferers for each new set of received samples. This is 

particularly advantageous when adaptive modulation is employed by the transmitter. 

This means more interference could be tuned into when the bit-rate is relatively low, 

and fewer tones could be considered when the bit rate is higher. The FT-SS/LLRE 

described in Section 6.1 is subsumed by the largest interferer method as a special 

case when N , = L. When Nt = 0 T-SS/LLRE is the all Gaussian SS/LLRE of 

Chapter 4. 

We note that we could use many different methods to further reduce the number of 

computations required for T-SS/LLRE. One example is to use only those possibilities 

with a probability larger than a certain threshold Pr^th\ That is only accept the 

possible realization of s^ , if Pr{s?; = s^;} > Pr^th\ The computational complexity 
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of T-SS/LLRE can be further reduced by recognizing that for the case where no a 

priori information is available about an interferer, that specific interferer should be 

ignored when building set C. This reduces the number of considered interferers on 

the first iteration of our detector. For example, on the first detection layer of the first 

iteration the set of possible interferers is always zero. 

6.3 BER Performance of the MMSE-ISF Detector 

with T-SS/LLRE 

The previous two section discussed methodologies for creating soft-symbol and 

LLR estimates from decision variables containing MAI. This section is dedicated 

to evaluating the BER performance of an uncoded MIMO system implementing 

the MMSE-ISF detector introduced in Chapter 4 with no ECC and a T-SS/LLRE. 

We use the MMSE-SIC detector with HSE to provide a benchmark with which 

to compare the gains of the MMSE-ISF T-SS/LLRE detector for a variety of 

antenna array sizes using 16-QAM and 64-QAM constellations. The T-SS/LLRE is 

implemented with Pr^ = 10~10, and only considering interferers for which a priori 

information is already known. 

Figure 6.1 gives the BER performance of the 2x2 MIMO system using a 16-QAM 

constellation. The performance gain of the MMSE-ISF using a T-SS/LLRE with 

A/ = 0 over the MMSE-SIC detector is evident even on the first iteration, though it 

is very small (roughly 0.3 dB). However, when the detector is allowed to continue 

on to iterations 2 and 3 we see that the SNR performance gain is much larger. On 

the second iteration the SNR gain is about 1.8 dB and 1.85 dB on the third. This 
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Figure 6.1: BER performance of an uncoded 2x2 MIMO system using MMSE 
detectors and 16-QAM. 

indicates a diminishing return as we increase the number of iterations. When the T-

SS/LLRE is tuned to Nj = 1 the performance gains between each iteration are even 

more pronounced. Between the all Gaussian interferer T-SS/LLRE and T-SS/LLRE 

with Ni — 1 there is an SNR gain of 1.4 dB at a BER of 2xl0~3 for the first iteration; 

4.7 dB at 10~3 for the second iteration; and 5 dB at 10~3 for the third iteration. 

Even more impressive is the diversity gain seen by all iterations of the MMSE-ISF 

for Nj = 1. Even on the first iteration we see that the curve of T-SS/LLRE 

begins to diverge from the first iteration of the all Gaussian SS/LLRE. This stands 

to reason, since the Nj — 1 T-SS/LLRE considers up to two symbols simultane

ously in detection, much in the same way a ML would for the 2x2 MIMO transceiver. 

Figure 6.2 gives the average number of computations that T-SS/LLRE with 

Nj = 1 must do in order to attain the performance shown in Figure 6.1. It can be 
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Figure 6.2: Number of exponential computations performed by the 2x2 MIMO 
system using T-SS/LLRE and MMSE-ISF detector and 16-QAM for JV/ = 1. 

seen that the first iteration requires considerably less computations than the second 

and third iterations at lower SNRs. This is due to the fact that in the first layer of 

the first iteration, no a priori information is known about any interferers. Figure 

6.2 demonstrates that for lower SNRs the MMSE-ISF with T-SS/LLRE is more 

computationally complex than an ML detector, even though it is able to split LLRs 

into their real and imaginary parts to reduce computational complexity - something 

that cannot be done with MIMO ML detectors transmitting constellations larger 

than 4-QAM. Indeed, with the extra computations of nulling vectors this makes the 

2x2 MMSE-ISF using T-SS/LLRE undesirable for iV/ = 1. However, for mid-range 

SNRs and higher SNRs the average number of computations is considerably less 

than that of an ML detector, which makes its use justifiable. For a probability of 

error of 10"3 there is a SNR loss of 1.6 dB for the third iteration of MMSE-ISF 

with T-SS/LLRE and TV/ = 1 on the ML detector. This BER occurs at 25 dB for 
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the MMSE-ISF. At a SNR of 25 dB the average total number of computations 

required of the MMSE-ISF with T-SS/LLRE is about 60 compared to 256 for the 

ML detector. This is a large reduction in the number of computations and is close 

to the total number required for T-SS/LLRE with Ni = 0. Furthermore, as was 

already mentioned, at a BER of 10~3, T-SS/LLRE with JVj = 1 has a 5 dB gain 

on T-SS/LLRE with Nj = 0. In most wireless systems a BER of at least 10~3 is 

required to ensure proper operation, which means that we will not likely be operating 

T-SS/LLRE in those lower SNR ranges. However, should the instantaneous SNR 

be low, a compromise could be to use the T-SS/LLRE with Nj = 0 since its 

performance is nearly the same as for T-SS/LLRE with Nj — 1. This is the strength 

of T-SS/LLRE: adaptability. Being adaptable means that T-SS/LLRE can consider 

the number of interferers necessary to compute LLRs giving good performance, while 

still keeping computational complexity relatively low. 

Figures 6.3 and 6.4 show the BER performance of T-SS/LLRE for 3x3 and 

4x4 MIMO transceivers using 16-QAM respectively. For Figure 6.3 we see that for 

Ni = 0 and one iteration there is already a 0.6 dB gain on MMSE-SIC. This is a 

greater difference than when the 2x2 transceiver was used, and can be explained by 

the fact that there are more layers in which error propagation can occur, meaning 

that a ISF detector will add less MAI when an incorrect decision is made than a SIC 

detector. At a BER of 10~3 there is an SNR gain of 2.6 dB from the first iteration to 

the third iteration of the MMSE-ISF using T-SS/LLRE with 7V7 = 0. T-SS/LLRE 

with Nj = 1 with has an SNR gain of 7 dB over the first iteration of T-SS/LLRE 

with TV/ = 0. These gains are much larger than those made with the 2x2 transceiver. 

Figure 6.4 shows the BER performance for T-SS/LLRE for a larger range of TV/. 

This is meant to show the benefits of increasing the number of interferers considered 

by T-SS/LLRE. When iV7 = 0 the SNR gain of the MMSE-ISF using T-SS/LLRE 
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Figure 6.3: BER performance of an uncoded 3x3 MIMO system using MMSE 
detectors and 16-QAM. 
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Figure 6.4: BER performance of an uncoded 4x4 MIMO system using MMSE 
detectors and 16-QAM. 



108 

10 

10 

10 

MMSE-SIC 

-I- - MMSE-ISF N = 0; I"1 Iteration 

K - MMSE-ISF Nj = 0; 2n d Iteration 

-*- - MMSE-ISF N = 0; 3 r d Iteration 

- D — MMSE-ISF Nj = 1; 1st Iteration 

- O — MMSE-ISF N = 1; 2n d Iteration 

-JJE - MMSE-ISF N = 1; 3 r d Iteration 

V 
:>«~ 

:*q :*i 

10 15 20 
SNR (dB) 

25 30 35 40 

F i g u r e 6.5: BER performance of an uncoded 2x2 MIMO system using MMSE 
detectors and 64-QAM. 

over MMSE-SIC is 0.7 dB in the first iteration. By the third iteration the gain over 

the first is 3.1 dB at a BER 10~3. Additionally, when the number of interferers 

increase to JV/ = 1 and JVj = 2 the SNR gain at a BER of 10"3 is 7.2 dB and 8.8 

dB respectively. Again, increasing antenna array size increases the gain seen by the 

MMSE-ISF over the MMSE-SIC detector. The performance of MMSE-ISF using 

T-SS/LLRE does improve with a larger Nj, but the gain from Nj = 1 to Nj = 2 is 

much smaller than that seen from Nj = 0 to Nj — 1, pointing to a diminishing 

return as Nj grows larger. The slope of the BER curves increase as Nj increases. 

This indicates a diversity gain for each additionally considered interferer. That is, 

we conjecture that the diversity of MMSE-ISF with T-SS/LLRE is JV7 + 1. 

Figure 6.5 gives the BER performance for the 2x2 MIMO system when a 

64-QAM constellation is transmitted on all subchannels. Aside from the typical 
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degrade in performance seen when larger constellations are employed we see that 

in the first iteration for AT/ = 0, MMSE-ISF T-SS/LLRE has at best a 0.25 dB 

SNR gain over the MMSE-SIC detector. The SNR gain at 10"3 of going from 

the first iteration to the third is 1.3 dB, which is 0.3 dB less than the case where 

16-QAM is used. When iV/ = 1 the SNR gain on the third iteration over the first 

iteration for Nj = 0 at a BER of 10~3 is 4.25 dB, which is less than the 5 dB 

gain when the MIMO system transmits a 16-QAM constellation. These results 

suggest that the gains made by the MMSE-ISF T-SS/LLRE are smaller for larger 

constellations. This is explained by the higher probability of error at each layer 

because a larger constellation has been used. This figure also shows the diversity gain 

that the iV, = 1 T-SS/LLRE has over the Ni = 0 T-SS/LLRE as the curve for the 

first iteration of the A^ = 1 T-SS/LLRE crosses the curve for the N/ = 0 T-SS/LLRE. 

Figure 6.6 is included to give the reader an appreciation of how much T-SS/LLRE 

is able to reduce the computational complexity required for detection at higher SNR, 

while still maintaining good BER performance. In order to obtain a BER of 1 0 - 3 

MMSE-ISF T-SS/LLRE with AT/ = 1 requires an SNR of 31.75 dB. At 31.75 dB 

MMSE-ISF T-SS/LLRE requires a total average of about 110 computations - only 

14 more than that required by the MMSE-ISF T-SS/LLRE with Nj = 0 - which 

is much less than the 1024 required by the ML detector. Indeed, for higher SNRs 

T-SS/LLRE provides good performance for a low average computational cost. 

Figures 6.7 and 6.8 give MMSE-ISF T-SS/LLRE BER performance for a 3 x 3 and 

4x4 MIMO transceiver transmitting 64-QAM from each transmit antenna. The 

figures show have the same behaviour as was described for Figures 6.3 and 6.4 with 

respect to the diversity gains of MMSE-ISF T-SS/LLRE and the SNR gain over 

MMSE-SIC increasing for larger antenna arrays. 
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Figure 6.6: Number of exponential computations performed by the 2x2 MIMO 
system using the T-SS/LLRE and MMSE-ISF detector and 64-QAM for 7V7 = 1. 
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Figure 6.7: BER performance of an uncoded 3x3 MIMO system using MMSE 
detectors and 64-QAM. 
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Figure 6.8: BER performance of an uncoded 4x4 MIMO system using MMSE 
detectors and 64-QAM. 

These results demonstrate that not only is the MMSE-ISF with a T-SS/LLRE 

able to bring significant SNR gains to the MIMO system, but that the T-SS/LLRE 

is an excellent addition for improving BER by adding diversity to the linear MIMO 

detector at a low average computational cost for mid-range to high SNRs. 

6.4 Experimental Throughput Performance of 

RC/QC-MIMO with T-SS/LLRE 

In this section we give simulation results that demonstrate the throughput per

formance of RC/QC-MIMO transceivers with a T-SS/LLRE. For all transceivers, 

bit-rates are allocated using CWFA; the MMSE-ISF detector uses T-SS/LLRE with 

A7 = 1 (except SVD and SVD-CWFA as they have no MAI) and Pr^ = 1CT10; 
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Figure 6.9: Simulated throughput performance of 2x2 IT MIMO systems when 
coupled with RC/QC LDPC codes. 

and Lz = 3. 

Figure 6.9 gives the performance of a 2x2 RC/QC-MIMO system with T-

SS/LLRE Nj = 1. We see that the same behaviour that was observed for each 

MIMO transceiver in Chapter 5. For the transceivers of Chapter 5 all MAI was 

considered Gaussian, corresponding to a T-SS/LLRE with Nj = 0. The difference 

between the results presented in this chapter and those in Chapter 5 is an improve

ment in the performance of the RC/QC-MIMO transceivers that suffer from MAI. 

The SVD-based RC/QC-MIMO systems will not see any gains because they do not 

experience MAI. For example, the RC/QC-ASGMD using T-SS/LLRE N7 = 0 has a 

spectral efficiency of 3.65 bps/Hz, 7.75 bps/Hz and 10.26 bps/Hz at SNRs of 5 dB, 

15 dB and 20 dB respectively. By contrast the RC/QC-ASGMD using T-SS/LLRE 

Ni = 1 has a spectral efficiency of 3.66 bps/Hz, 7.81 bps/Hz and 10.36 bps/Hz for 
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Figure 6.10: Simulated throughput performance of 3x3 IT MIMO systems when 
coupled with RC/QC LDPC codes. 

those same SNRs. As another example, the RC/QC-GMD using T-SS/LLRE with 

Nj = 0 has a spectral efficiency 2.79 bps/Hz, 7.5 bps/Hz and 10.21 bps/Hz at those 

same SNRs compared with 2.81 bps/Hz, 7.6 bps/Hz and 10.32 bps/Hz for A/j = 1. 

The results show that there is more gain at higher SNRs where the spectral 

efficiency is higher and these systems have more difficulty dealing with MAI. 

These results also show that there is not much to be gained for the IT RC/QC-

GMD-based systems. This is likely due to the fact that GMD-based transceivers 

already achieve receive diversity and as result no new diversity is gained with the 

T-SS/LLRE. This, however does not mean that a PIT RC/QC-GMD-based sys

tem - which experiences more MAI - would not benefit from the use of a T-SS/LLRE. 

Figures 6.10-6.11 give the throughput performances of the 3x3 and 4x4 LDPC-
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Figure 6.11: Simulated throughput performance of 4x4 IT MIMO systems when 
coupled with RC/QC LDPC codes. 

MIMO systems. In these figures we view the same behaviour as in Figure 6.9. That 

is, the throughput performance of RC/QC-MIMO improves for the T-SS/LLRE with 

W/ = l. 

With better ability to resolve and estimate MAI, the RC/QC-MIMO systems that 

experience MAI and are implemented using T-SS/LLRE with Ni > 0 have better 

throughput performance than those that assume the MAI is Gaussian. 



Chapter 7 

Compromising Between SVD and GMD: 

A Hybrid Transceiver 

In this chapter a new Hybrid transceiver comprised of the SVD and ASGMD 

transceivers is introduced and evaluated. This Hybrid MIMO system selects between 

the SVD and GMD transceiver and chooses a subset of subchannels to transmit on. 

7.1 Hybrid Transceiver Design 

We have seen in Chapters 4 - 6 that the GMD transceiver is throughput-limited at 

low- to mid-range SNRs by its inability to adequately cancel the MAI in the upper 

triangular portion of its equivalent channel matrix. Also demonstrated was the slow 

convergence of the SVD-based transceivers to the system's maximum nominal rate. 

The ASGMD transceiver was shown capable of delivering the low SNR performance 

that the GMD transceiver could not; however, it suffered from the same difficulties 

as the GMD transceiver did for mid-range SNRs where the ASGMD begins to use 

more subchannels. This gives ASGMD the same MAI resolvability issue that the 

GMD suffers from for mid-range SNRs. Indeed, it would be very useful to have a 

MIMO transceiver that combined the low- and high-SNR performance of ASGMD 
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with the mid-range SNR performance of SVD. This wish inspired a simple solution: 

create a Hybrid SVD/ASGMD transceiver. 

The Hybrid transceiver operates by choosing between the GMD and SVD 

transceivers, and a number of subchannels, L, on which to transmit. This requires 

the creation of a new transceiver that does antenna selection based on the SVD 

transceiver, which we call ASSVD. The ASSVD uses (5.2) to do CCAS. The receiver 

is tasked with selecting the transceiver, ASSVD or ASGMD, which gives the best 

throughput for the Hybrid RC/QC-MIMO transceiver. Intuitively, a good solution 

may be to select the transceiver that gives the best instantaneous constrained 

capacity using (4.16); however in Section 4.2.3 we saw that in theory ASGMD will 

always have better theoretical constrained capacity than SVD-CWFA, due to its 

assumptions that there is no error propagation in layered detection. Since ASSVD 

does discrete power allocation it will often perform worse than SVD-CWFA, and 

ASGMD, as a result. However, this was disproven by the experimental results of the 

last three chapters. This means that we cannot rely on the total constrained rate 

determined using (4.16) to select the appropriate transceiver. 

The optimal solution would be to run an infinite number of simulations for each 

transceiver for the current channel realization to find out which one has the highest 

throughput. Of course, this solution is not tractable and cannot be feasibly imple

mented. If we cannot choose the proper transceiver using the simulated performance 

of ASSVD and ASGMD for an instantaneous channel realization, we can still do so for 

the average case. That is, we choose the proper transceiver and number of subchan

nels using the simulated average throughput performance of each transceiver. For a 

given pre-filtering SNR we wish to choose the transceiver with the largest average 
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Figure 7.1: Simulated throughput performance of 2x2 RC/QC-ASSVD and 
-ASGMD for a normalized channel. 

throughput. To obtain the pre-filtering SNR for a given channel realization we use 

S N R = ^ T r { H H + } (7.1) 

In order to run simulations for the throughput of each transceiver realization at a 

given fixed SNR, we generate normalized realizations of the channel matrix 

H 
H 

(7.2) 
^Tr{HH+} 

where H is a normalized channel matrix realization. Now the channel model of 

Chapter 2 uses H instead of H as its channel matrix. That is, (2.2) becomes 

r = H x + n. (7.3) 

Figure 7.1 shows the average throughput performance of the 2x2 RQ/QC-ASSVD 

and -ASGMD systems for a normalized channel matrix. The T-SS/LLRE Nj = 1 is 

used by RC/QC-ASGMD, both transceivers employ adaptive modulation and use 
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Lz = 3. We see that each transceiver realization has a SNR region were it dominates. 

That is, ASSVD transceiver has the highest throughput performance in the SNR 

range [-00, 23.22] dB, and the ASGMD has better performance outside that range. 

Using this information a lookup table can be made using the following selection rule 

ASSVD i f 7 < 2 3 . 4 2 d B ; 
HL (7) = < 

ASGMD otherwise 

where ^ ( 7 ) is a look-up table that chooses the appropriate transceiver for the 

2x2 Hybrid transceiver for a SNR 7. Hybrid transceivers for larger antenna 

arrays can be generated using this method of generating look-up tables based on 

the average throughput performance of ASSVD and ASGMD in a normalized channel. 

The Hybrid transceiver is simple to implement due to the similarities between the 

SVD and GMD transceivers. The GMD transceiver uses the SVD matrix decomposi

tion to compute its matrix decomposition, so the computation of the SVD and GMD 

can be done in tandem. Both transceivers require the same type of feedback infor

mation: A semi-unitary matrix and a set of bit-rate allocations for each subchannel. 

This means that the receiver can feedback the CSI required for the Hybrid transceiver 

without needing to inform the transmitter which transceiver was selected. This means 

that the Hybrid transceiver can be implemented with no additional complexity. 

7.2 Experimental Throughput Performance of the 

Hybrid Transceiver 

This section demonstrates the experimental throughput performance of the RC/QC-

Hybrid transceiver described in the previous section. For all experimental results, 

the RC/QC-ASGMD and -Hybrid transceivers use the T-SS/LLRE with A7 = 1; 
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Figure 7.2: Experimental throughput performance of 2x2 IT Hybrid transceiver 
when coupled with RC/QC LDPC codes. 

adaptive modulation based on the CWFA is used; and Lz = 3. 

Figure 7.2 gives the performance of the 2x2 RC/QC-Hybrid system when 

compared with its parent transceivers (SVD and ASGMD). The RC/QC-Hybrid 

system delivers throughput performance that is either equal to or better than that 

given by RC/QC-ASGMD and RC/QC-SVD. 

Figures 7.3 and 7.4 demonstrate the throughput performance of the 3x3 and 

4x4 RC/QC-Hybrid systems respectively. The throughput performance is similar 

to that described of Figure 7.2, except that the throughput performance gain at 

lower SNRs of RC/QC-Hybrid over RC/QC-ASGMD become greater as the size 
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when coupled with RC/QC LDPC codes. 

13 

12 

11 

10 

9 

E-i 

4 

3 

2ffi 

- O — • SVD 
H — • A S G M D - M M S E 

Hybrid 

^ 
<* 

cr o 
JD 0 •©-• o-o. e o ^ t 

10 15 
SNR (dB) 

20 25 30 

Figure 7.4: Experimental throughput performance of 4x4 IT Hybrid transceiver 
when coupled with RC/QC LDPC codes. 



121 

of the antenna array is increased. These results show that the simple RC/QC-

Hybrid transceiver is capable of delivering the low/high SNR performance of RC/QC-

ASGMD, while achieving the mid-range SNR performance of RC/QC-SVD. 
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Chapter 8 

Practical CSI feedback for the Partially 

Informed Transmitter 

There are some cases, such as TDD wireless systems, where the state of the channel is 

at least partially known to the transmitter, however there are many wireless systems 

that will require some sort of feedback information in order to have CSI available to 

the transmitter. So far we have discussed MIMO systems for which all CSI is known 

to the transmitter and have called this system IT. The IT is more of an academic 

model which allows us to have a benchmark with which to compare performance. 

Realistically, a MIMO system which requires CSI to be fed back to the transmitter 

will have to make due with a limited amount of CSI. This is because it would be 

impossible to relay the infinite amount of information required to enable a wireless 

system with perfect channel knowledge at the transmitter. It is more practical to 

send back a limited amount of channel information and choose from a set of quantized 

parameters. Systems with partial CSI at the transmitter were first dubbed as PIT in 

Chapter 3 and will be the main focus of this chapter. 
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8.1 Classification of the Types of Quantizable In

formation and the Amount of Feedback Re

quired by each MIMO Transceiver 

In relaying a limited amount of CSI back to the transmitter a set of parameters must 

be chosen by which to represent the information that is pertinent to the transmitter. 

Intuitively, it may seem simple to relay the channel magnitude and phase parameters 

{\hij\ and Zhij) back to the transmitter to reconstruct the channel; from there the 

transmitter could compute the precoding parameters. However, this method would be 

difficult to implement since the magnitude parameters vary over a large range ([0,oo]). 

It is better to find parameters that can be quantized over a shorter interval as this 

will reduce the quantization error. Since the precoders of the transceivers described 

in this thesis are composed of semi-unitary and diagonal matrices it is simpler to 

quantize the parameters of each matrix independently. In our study there are three 

types of quantizable information: semi-unitary precoder matrices, diagonal power 

allocation matrices and the bit-rate used in adaptive modulation. In this section 

we will investigate the cost and difficulties that come with quantizing each type of 

information with respect to each MIMO transceiver described in Section 2.3 and the 

one proposed in Chapter 7. 

8.1.1 Feedback Requirements of SVD-CWFA 

The precoder matrix, F , of SVD-CWFA is composed of a Nt x Nt complex semi-

unitary matrix, f i1 ; and & Ntx L diagonal power allocation matrix. That is, F = V<1>. 

In addition to this, SVD-CWFA uses adaptive modulation. With each subchannel 

possibly having a different SINR, they will require separate bit-rates. The bit-rate 

allocated to each subchannel reveals some information about the semi-unitary and 
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power allocation matrix of SVD-CWFA. Any zero bit-rates also mean a zero-power 

allocation. A zero-power allocation for subchannel i means that there is no need to 

send back information about this power. That is, <& is represented by the feedback 

of L power allocations. For the semi-unitary matrix of SVD-CWFA a zero bit-rate 

for subchannel i means that information about column vector i of V does not need 

to be fed back. Therefore, there are L Nt x 1 column vectors required to represent 

i l l . Information about the semi-unitary matrix, ill , power allocation matrix, <I>, 

and bit-rate allocation for each subchannel of SVD-CWFA must be sent back to the 

transmitter. 

8.1.2 Feedback Requirements of SVD 

The SVD precoder matrix is composed of a Nt x Nt complex semi-unitary matrix, 

i l l , and a Nt x K power allocation matrix. That is, F = V<&. Additionally, SVD 

uses adaptive modulation, with each subchannel possibly requiring a separate bit-

rate allocation. SVD uses all K active subchannels, which are those that are assigned 

non-zero bit-rates. This also means that K of the Nt column vectors of V need to be 

represented at the transmitter. Those column vectors are identified by a non-zero bit-

rate for their respective subchannels. For SVD, the transmitter requires information 

about the semi-unitary matrix and individual bit-rates for each subchannel. 

8.1.3 Feedback Requirements of GMD 

The GMD precoder matrix is composed only of a Nt x Nt complex semi-unitary 

matrix, i l l , and a NtxK power allocation matrix, $ . That is, F = P<I>. Additionally, 

GMD uses adaptive modulation, with each subchannel possibly requiring a separate 

bit-rate, if MMSE filtering is used. Without MMSE nulling vectors, a regular GMD-

SIC is used, and since equal gain subchannels are assumed the bit-rate is the same 



126 

on all subchannels. We are more interested in GMD-MMSE, since it is shown to 

have better throughput and BER performance than GMD-SIC, as is demonstrated in 

Chapter 3. The power on each employed subchannel is assigned using (2.24), where K 

is obtained from the number subchannels with non-zero bit-rates. Additionally, the 

GMD requires only the K column vectors from P, which correspond to subchannels 

with a non-zero bit-rates. So, for GMD, the transmitter requires only information 

about a semi-unitary matrix and individual bit-rates for each subchannel. 

8.1.4 Feedback Requirements of ASGMD 

The ASGMD transceiver, being based upon the GMD has exactly the same precoder 

matrix structure (i.e. F = P # ) and, as a result, feedback requirements. This is 

because ASGMD is GMD, but using a subset of L GMD subchannels. As was de

scribed in the previous subsection, the number of subchannels used is determined by 

the number of non-zero bit-rates. So, ASGMD requires the feedback of a Nt x L 

semi-unitary matrix, and the bit-rate of each subchannel. 

8.1.5 Feedback Requirements of UCD 

The UCD precoder matrix is composed of two complex semi-unitary matrices, Ox and 

fi2)
 a n d a power allocation matrix, <fr. That is, F = V<frri2- The UCD transceiver 

gives equal SINR subchannels and, as a result, the bit-rate on all subchannels is the 

same. Since the implementation of the UCD algorithm in Chapter 2 uses L = Nt, 

information is required about every parameter. That is, the UCD transmitter requires 

feedback information about V, 0 2 , >̂ and the bit-rate, which is the same for all 

subchannels. 
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8.1.6 Feedback Requirements of Hybrid 

The Hybrid transceiver proposed in Chapter 7 selects between the ASSVD and AS-

GMD transceivers. The ASSVD and ASGMD precoders are both composed of a 

semi-unitary matrix, fix, and a power allocation matrix, <fr. That is, F = f^*!?. 

The bit-rate can be different on each subchannel the number of non-zero bit-rates 

indicates the number of subchannels, L, used. Since ASGMD and ASSVD have the 

same precoder requirements, the transmitter does not need to be aware of which of 

ASSVD or ASGMD the Hybrid transceiver has selected. Thus, to create the Hybrid 

precoder, the transmitter requires information about the semi-unitary matrix, fii, 

and the bit-rate allocated to each subchannel. 

8.1.7 Comparison of the Feedback Requirements of the Dif

ferent MIMO Transceivers 

In Sections 8.1.1 - 8.1.6 we discussed the feedback requirements of the MIMO 

transceivers described in Section 2.3 and the Hybrid transceiver proposed in Chapter 

7. In this subsection we discuss the amount of feedback that is required for each 

type of feedback and compare the transceivers using this information. 

Semi-unitary Matrix Feedback 

A NxM complex semi-unitary matrix, V, can be described by NM real magnitude 

and phase parameters each representing one of the NM entries of V. A simple 

quantization technique is used where all magnitude and phase parameters of V are 

quantized independently and using the same number of feedback bits, xq. This simple, 

but inefficient technique requires a total of 2xqNM to quantize matrix V. 
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Table 8.1: Comparison of the instantaneous feedback requirements of different 
MIMQ transceivers. _ . . 

Parameter 

Bit-rate Allocation 

Power Allocation 

Semi-Unitary Matrix/ces 

Parameter 

Bit-rate Allocation 

Power Allocation 

Semi-Unitary Matrix/ces 

SVD-CWPA 

AUog2(5) 

%<0±j 

2xqNtL 

ASGMD 

Nt\og2(b) 

N/A 

2xqNtL 

SVD 

AUog2(5) 

N/A 

2xqNtK 

UCD 

log2 (5) 

xpNt 

2 x (2xqN?) 

GMD 

iV4log2(5) 

N/A 

2xqNtK 

Hybrid 

JVtlog2(5) 

N/A 

2xqNtL 

Power Al locat ion Matr ix Feedback 

A diagonal NxL power allocation matrix, <E>, has L non-zero entries to represent. Let 

us suppose that all entries in the power allocation matrix are quantized independently 

using xp bits. This means that a total of xpL bits are required to quantize <E>. 

B i t - R a t e Al locat ion Feedback 

When adaptive modulation is used, each subchannel is assigned a constellation size. 

In this thesis, the set of constellations, B, used for adaptive modulation has five 

choices (if we include a size-0 QAM constellation as an option). This means that 

log2 (5) bits are needed to select a bit-rate for each subchannel. If there are iV 

subchannels, each requiring a different bit-rate, the total number of bits required 

to do bit-rate allocation is N log2 (5) bits. For the case were all subchannels are 

assigned the same bit-rate, the number of feedback bits required to do bit-rate 

allocation is log2 (5) bits. 

Table 8.1 lists the instantaneous feedback requirements of each MIMO transceiver 

based on the description of their precoders, given in Sections 8.1.1 - 8.1.6. From 
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the simplistic quantization strategies described in this subsection, it appears that 

the most expensive component of the precoder to feedback is a semi-unitary matrix. 

The semi-unitary requires at most xqNf feedback bits to represent it (i.e. when 

L = Nt). This means that for the quantization technique described in this subsection 

the number of bits used to quantize a semi-unitary matrix has quadratic growth 

with respect to Nt. However, a semi-unitary matrix is required by all transceivers 

and, as a result, is a necessity. The next most expensive parameter depends upon 

which of log2 (5) and xq is greater. Although, both the power allocation matrix and 

subchannel bit-rates have linear growth with respect to Nt, except for UCD where 

the number of feedback bits required to assign bit-rates is constant. 

Table 8.1 reveals that the SVD, GMD, ASGMD and Hybrid transceivers all 

have very similar instantaneous feedback requirements. All four need to feedback a 

semi-unitary matrix, and a bit-rate for each subchannel. They do not require a power 

allocation matrix, which is required by the SVD-CWFA and UCD transceivers. 

The bit-rate allocation of all transceivers has linear growth with the number of 

subchannels, except for the UCD transceiver. This means that for bit-rate allocation, 

the UCD transceiver has an advantage over all other transceivers. However, the UCD 

transceiver has two semi-unitary matrices to quantize, which negates the bit-rate 

allocation advantage since quantizing an additional semi-unitary matrix will require 

more bits of feedback that an additional Nt — 1 bit-rate allocations. On average, 

because of antenna selection, the SVD-CWFA, ASGMD and Hybrid transceivers 

require the least amount of semi-unitary matrix feedback, since at lower SNRs they 

will use less subchannels. However, the SVD-CWFA also requires the feedback of 

a power allocation matrix, making it a less attractive option. Overall, in terms of 

limiting the number of bits of feedback required it appears that ASGMD and Hybrid 

are our best options. 
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In the next sections we study PIT MIMO systems that used use adaptive modula

tion and require the feedback of a semi-unitary matrix, but not of a power allocation 

matrix. So we drop the SVD-CWFA and UCD transceivers from all future discussions 

in this chapter. 

8.2 The Impact of Quantization Errors and Detec

tor Design for a PIT MIMO System 

Given that the semi-unitary precoder matrix - referred to as a precoder matrix from 

this point on, for brevity - is constructed using a limited amount of precoder feedback 

information, there will be quantization errors in the equivalent matrix. Our simulation 

results demonstrate that left unchecked, these quantization errors can severely limit 

the performance of the PIT MIMO system. This section demonstrates the impact that 

quantization errors have on the MAI cancelling capabilities of a detector using SIC 

and also proposes MMSE nulling filters that are matched to the equivalent channel 

matrix, which contains quantization errors. 

8.2.1 An Example of the Impact of Quantization Errors: PIT 

GMD-SIC 

The GMD-SIC transceiver was designed assuming that perfect CSI is available at the 

transmitter. The receiver creates an ideal equivalent channel matrix, GIT, which it 

uses to do SIC detection. However, when using a PIT the equivalent channel matrix, 

Gpir, is not the same. That is 

GpjT 7̂  GJT-
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The difference between the two matrices is due to the quantization error that occurs 

when using partial CSI to quantize a precoder matrix. When we quantize the precoder 

matrices, quantization errors can either increase or - more often - decrease the SINR 

of a subchannel significantly, due to additional MAI. For illustration we use the GMD 

algorithm with PIT. Suppose the quantized precoder matrix FPIT = P + A is used 

instead of the appropriate precoder matrix FIT = P ; where A is the quantization 

error matrix. The equivalent channel matrix is 

GpiT = AVHFp/j' 

= Q + H ( P + A ) 

= R + Z 

= G I T + Z (8.1) 

where Z is the resulting error matrix. When using the GMD-SIC we expect the 

equivalent matrix to be upper triangular. This is not so with the quantization errors 

added by the error matrix, Z. This means that the lower triangular portion of G p / j 

is not zero and the first layer to be detected will see MAI, which is not experienced 

when using a GMD-SIC with an IT. The ith decision variable for GMD-SIC is created 

from the spatially filtered received samples and is expressed as 

L 

Zi = Vi~ E gljSj + Vi 
j=l,j^i 

= <£?*+ E (^"^%)+^ (8-2) 
3=l,j¥=i 

where {p/J} is an entry in GIT] and {g[JT} is an entry in Gpir- If we assume that 

the symbol estimation is perfect (i.e. ij = Sj) and noise is negligible due to a high 
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SNR, the decision variable of (8.2) becomes 

L 

L 

= 9%TSi + J ] ZijSj (8.3) 

where { Z J J } is an entry in Z. This means that no matter how high the SNR of the 

received signals, there will be an error floor if we do not account for the quantization 

error created at the precoder. A better SIC will match to the equivalent channel 

GPJT to do MAI cancelling. 

8.2.2 Equivalent Channel Matrix-Matched MMSE-SIC and 

MMSE-ISF Filters for PIT MIMO Transceivers 

As was discussed in the previous section, if a detector for a PIT MIMO system 

does not use the equivalent channel matrix to find its decision variables, it will have 

difficulty doing symbol detection due to additional MAI created by quantization 

errors. In Chapters 2 and 4 we described how to build MMSE filters for symbol 

detection after the received samples have been filtered by the spatial filter, W . 

The nulling vectors of these filters are given for the case where there is perfect 

CSI available at the transmitter. The solution to this problem is quite simple. 

That is, we match the nulling vectors of calculated from (2.16) and (4.7) to GPiT. 

However, in doing this we will lose some of the performance gains we profited from 

in implementing a precoded MIMO system. This is a small sacrifice that must be 

made to ensure good detector performance. 

M M S E - S I C Filters for P I T The MMSE-SIC detector described in Section 2.2.3 

makes use of a QR decomposition to find its nulling vectors. The nulling vectors, 
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once chosen, do not change until the next channel realization. The nulling vectors 

for MMSE-SIC are computed using (2.13) - (2.16) matched to the ideal equivalent 

channel matrix, GJT- TO match the MMSE-SIC nulling vectors to the equivalent 

channel matrix, GPjT-, we simply substitute GPIT for GIT in (2.13) - (2.16). 

M M S E - I S F Filters for P I T The MMSE-ISF nulling vectors are calculated using 

(4.7) in Chapter 4. In Chapter 4 the MMSE-ISF nulling vectors are computed with the 

assumption of an IT. That is, the nulling vectors are computed using GJT- With the 

knowledge that the equivalent channel matrix is actually GPJT, the detector should 

match the MMSE-ISF nulling vectors to GPjT- The appropriate MMSE nulling vec

tors that minimize the MSE between each decision variable and transmitted symbol 

vector for a PIT are computed as 

d* = gpjT,i {GPJTQSG+IT + ILTVO)"1 (8.4) 

where gpiT,i is the ith column vector of GPJT-

8.3 Quantization of a Semi-Unitary Matrix 

In all MIMO channel decompositions presented in Section 2.3 one or two semi-unitary 

matrices are required. Given a PIT MIMO system, a methodology must be developed 

to quantize these semi-unitary precoder matrices. In this section we propose a system 

for quantizing a semi-unitary matrix, while trying to limit the amount of feedback 

required. 
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8.3.1 Characterizing a Semi-Unitary Matrix by a Set of Pa

rameters 

Any NxM complex matrix is denned by NM phase and magnitude parameters. 

However, we can use some of the characteristics of a semi-unitary matrix to reduce 

the number of required parameters. In particular, we exploit the fact that V + V = IL 

for any semi-unitary matrix, V. 

We begin by representing a NxM semi-unitary matrix 

Kile3"*11 \v12\e^12 ••• |viAf|e
,>1M 

V = 
\v2i |e^21 h 2 | e i t e ••• \V2MW 3<t>2M 

?)»r \p3VNi 17 , . . I p J P N a \VNM\e 
j<t>NA 

as the product of two matrices 

V = T * 

where X is a TV x M semi-unitary matrix; and * is a M x M diagonal unitary 

matrix with entries, ipi, which are phases that are removed from V in creating 

T. As an example, for V being a 2x2 matrix, ^ = e*1*. The effect of \l> is that 

it only applies a phase rotation on each subchannel. This phase rotation can be 

corrected just as easily at the receiver as the transmitter, so there is no need to 

send it to the transmitter. At most only NM — M parameters are needed to de

scribe T. The next step is to find a way to represent the magnitudes and phases in T. 

Since T is a semi-unitary matrix it can be decomposed using a set of Givens 

file:///v2mW
file:///p3VNi
file:///VNM/e
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rotations, so 
L-l Nt-j 

i = i 1=2 

where each submatrix Y ^ has the form 

ji 

a •ji 1 - ale??* ••• 0 
J1, 

1 0 

2e-.;% o ajle —a ji 

0 0 1 

(8.5) 

where T ^ is an identity matrix, but for four entries. These entries are (j, j),(j, I),{I, j) 

and (/, I). In those locations we place a rotation matrix which is characterized by a 

single real phase (/?•,;) and a non-negative magnitude (aji) parameter. The rotation 

contained in each Yjt matrix corresponds to each rotation obtained through the use of 

the Givens rotation method used in characterizing matrix T . Since the total number 

of Givens rotations is 

M - l N-j M - l 

^ = E E 1 = E(^^-1) = ^ - 1 ) - ^ = T(2^M-1) 
J = 1 1=2 i = i 

we can reduce the number of parameters used in characterizing a semi-unitary matrix 
M 

V from 2NM to —(2iV — M — 1). For example, for a 3 x 3 semi-unitary matrix, the 

number of phase and magnitude parameters can be reduced from 18 to 6. Using a 

Givens rotation characterization we have in effect cut down the amount of feedback 

required to quantize the matrix parameters by one-third in this example. 
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With N = Nt and M = L, we characterize the reduction of feedback information 

as 

a, = ̂ - f - 1 * (8.6) 

where if Nt is allowed to tend toward infinity, Gf —> 1. Of course, for the purpose 

of this thesis we limit the number of transmit antennas to a finite number since we 

envision the implementation of our MIMO system for space limited devices such as 

laptops and wireless LANs, to name a few. For example, if Nt = 4, Gf ranges between 

| for L— 4 and | for L= 1. It is clear that there is a diminishing return in Gf as we 

increase the number of subchannels used, especially when the number of subchannels 

selected, L, is small. For the case where L is small, this is not a drawback, as the 

amount of feedback required in total is also small. When L ~ Nt, Gf is less than 

0.5 for the case where we limit Nt — 4. This means that the Givens rotation method 

of reducing the number of feedback parameters is useful for implementation into our 

PIT MIMO system. 

8.3.2 Parameter Quantization Strategy for a Semi-Unitary 

Precoder Matrix 

To quantize each of the Ng submatrices, a real phase and magnitude must be 

represented using a finite set of values. By using statistical analysis, we found that 

for a small number of antennas (Nt < 5) the phase and magnitude parameters of 

all Givens rotations were either negligibly or loosely correlated [16]. As a result, we 

assume that all phase and magnitude parameters are independent and so can be 

quantized independently. 

Due to the unitary property of each Givens rotation the range of values that 

any phase or magnitude parameter can take on is fixed. All phases are distributed 
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over the range [0,27r] and all magnitudes have range [0,1]. For simplicity, a uniform 

quantizer is used for each phase and magnitude parameter, with © feedback bits 

used to quantize each phase, and Q feedback bits used for each magnitude. 

To further reduce the number of feedback bits, the quantization range for each 

magnitude parameter can be reduced because of a symmetry property that exists for 

the Givens rotation. The non-one and -zero entries in (8.5) can be described in terms 

of aji and f3ji or ctji = w l — a% and f3ji. We note that there is a symmetric relation-xji 

ship between aji and otji in that if ctji > —= then a.ji < —= and vice versa. Using 
A/2 V 2 

this property we can reduce the quantization range for all magnitude parameters by 

always transmitting the lesser of a^ or a^. The transmitted magnitude {OLJ\ or a.j{) 

is quantized using £} — 1 bits, uniformly quantized over •V An additional bit is 

used to indicate which of a>ji or oiji was transmitted, so Q, bits are still used for each 

magnitude. It may seem that this extra bit increases the amount of feedback required 

to quantize each magnitude parameter; but on the contrary, the use of a shorter quan

tization interval at the expense of one bit will improve performance. This is due to the 

assumption that all magnitudes have uniform distribution. In reality, the magnitudes 

are distributed very unevenly over [0,1] and a uniform quantizer over this range must 

use a large number of bits to represent each magnitude with sufficient accuracy. On 

the other hand, the magnitudes tend to be fairly uniformly distributed over 0, —= , 
L v2J 

and only a few bits will suffice for a uniform quantizer over this range. As a result we 

expect much better quantizer performance using this quantization strategy. We call 

the parameterized quantization strategies PQL for the longer quantization interval 

and PQ for the shorter one. 
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8.4 Uncoded BER Performance of P IT MIMO 

For the PIT MIMO system, the desire is to reduce the amount of CSI feedback 

required while still maintaining good operating performance. That is, we wish to 

feed back as little information as possible while achieving close to the performance 

provided by an IT MIMO system. In the previous section we introduced a method 

to quantize semi-unitary precoder matrices using a set of Givens rotations. We also 

derived appropriate MMSE filters that are matched to the quantization errors that 

occur for a PIT. In this subsection we examine the how much feedback is necessary 

to achieve near-perfect CSI BER performance. 

Three quantization strategies for representing a Nt x L semi-unitary matrix 

have been discussed: one where all entries are quantized (AEQ); one where the 

semi-unitary matrix is represented using a set of Givens rotations and quantization 

is done on each parameter in each rotation where the magnitude range is taken 

to be [0,1] (PQL); and one which is PQL, but with a quantization strategy that 

reduces the range of quantization for each magnitude (PQ). In Section 8.2.2, we 

also introduced some adaptations to the hard and soft MMSE nulling vectors. We 

required that the nulling vectors of the detector be matched to the equivalent channel 

matrix, which has quantization errors, as opposed to the ideal equivalent channel 

matrix that would result for an IT. In this subsection we explore the uncoded BER 

performance of each quantization strategy with and without the matched MMSE 

nulling vectors and strive to determine how to best choose the amount of feedback 

required for acceptable system performance. We evaluate the BER performance of 

the P IT GMD transceiver using 16-QAM and L = Nt. 

Figure 8.1 shows the performance of AEQ with a 2x2 GMD-SIC transceiver. The 
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Figure 8.1: BER performance of 2x2 MIMO systems with different quantization 
strategies and SIC done using the ideal equivalent channel matrix. 

GMD-SIC transceiver does not use nulling vectors and assumes that the equivalent 

channel is GJT and, as a result, is not able to match to the equivalent channel matrix 

and properly do SIC. The bracketed numbers stand for the number of feedback bits 

used to quantize each magnitude and phase parameter. That is, (f2,0) bits. For a 

2x2 MIMO system, AEQ(5,5) requires 40 bits to quantize the precoder matrix. Even 

with such a large amount of precoder feedback AEQ(5,5) has terrible performance, 

as it barely performs better than the UT QR-SIC scheme at low SNRs and is much 

worse at high SNRs due to the presence of an error floor of about 3x l0~ 3 . Near-IT 

performance can be attained when 64 bits are used to represent the precoder matrix 

as demonstrated by the AEQ(8,8) curve in Figure 8.1. Of course, this is a lot of 

feedback and, for larger precoder matrices, will grow quickly. For example, supposing 

8 bits are needed to get near-IT performance for any number of transmit and receive 

antennas, the total amount of quantization information rises to 144 and 256 bits for 
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Figure 8.2: BER performance of a 2x2 GMD-SIC transceiver with different quan
tization strategies and SIC done using the equivalent channel matrix. 

3 and 4 transmitters respectively. 

A more efficient and intelligent quantizer design coupled with a detector matched 

to the non-ideal equivalent channel matrix reduces the amount of feedback required 

to achieve near-IT BER performance. Although the GMD-SIC detector is not 

able to null the MAI added by quantization errors, it can do better SIC when 

the detector matches to the equivalent matrix, GPJT- Comparing the AEQ(5,5) 

curves from Figures 8.1 and 8.2 shows that just the addition of a matched detector 

greatly improves the performance of the P IT MIMO system. With this addition, the 

AEQ(5,5) is able to come within 0.58 dB of IT BER performance at a BER of 10"4 , 

whereas before it exhibited an error floor of 3 x l 0 ~ 3 . Figure 8.2 also demonstrates 

that the Givens-rotation-based quantizers are able to reduce the amount of feedback 

information required. Though PQL(2,2) has a higher error floor than AEQ(2,2), 
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Figure 8.3: BER performance of a 2x2 GMD-MMSE with different levels of quan
tization with hard MMSE-SIC nulling vectors matched to the equivalent channel 
matrix. 

it still achieves this performance with less feedback information. PQL(2,2) only 

requires 4 bits for its quantizer, whereas AEQ(2,2) requires 16. A fairer comparison 

can be made between PQL(5,5) and AEQ(2,2) (10 bits vs. 16 bits). PQL(5,5) 

provides a BER of 10~4 that has a 1.5 dB loss on the IT system. Clearly, PQL is a big 

improvement on AEQ. Figure 8.2 also confirms that PQ provides an additional gain 

over PQL. The PQ(2,2) quantizer has a lower error floor than both the AEQ(2,2) 

and PQL(2,2), and the PQ(5,5) quantizer allows the PIT MIMO system to achieve a 

BER of 10~4 at a SNR that is 0.33 dB greater than the IT MIMO system with only 

10 bits of feedback. This is much less than the 40 bits required by the AEQ quantizer, 

and the 1.5 dB loss of the PQL quantizer. The PQ quantizer with matched detector 

is the best quantizer choice of these three options and is used in all further simulations. 

Figure 8.3 shows the BER performance of PQ for a 2x2 GMD-MMSE transceiver 
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8.4: BER performance of a 3x3 GMD-MMSE with different levels of quan-
with hard MMSE-SIC nulling vectors matched to the equivalent channel 

with MMSE-SIC nulling vectors matched to Gpjy. The figure demonstrates that 

using MMSE nulling vectors and SIC matched to the equivalent channel matrix 

removes the error floor exhibited when SIC detection is used without MAI nulling. 

This is because the MMSE nulling vectors are able to suppress the added interference 

created by quantization errors. We see that a matched MMSE-SIC detector with a 

PQ quantizer has an SNR loss at 1(T4 on the IT MIMO system of about 1.08 dB for 

PQ(3,3); 0.25 dB for PQ(4,4); and 0.08 dB for PQ(5,5). 

Figure 8.4 gives the BER performance for the 3x3 PIT GMD-MMSE transceiver. 

The SNR performance loss at 10~4 on the IT GMD-MMSE transceiver is about 

3.2 dB for PQ(3,3); 0.6 dB for PQ(4,4); and 0.1 dB for PQ(5,5). The amount of 

feedback bits required to quantize a 3x3 semi-unitary matrix is now 3 x (() + B), 

whereas for the 2x2 semi-unitary matrix it was only Q + 0 . 
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Figure 8.5: BER performance of a 4x4 GMD-MMSE with different levels of quan
tization with hard MMSE-SIC nulling vectors matched to the equivalent channel 
matrix. 

Figure 8.5 shows the BER performance for the 4x4 GMD-MMSE transceiver for 

different amounts of feedback information. The SNR loss at a BER of 10~4 on the 

IT GMD is 3.2 dB for PQ(3,3); 0.8 dB for PQ(4,4); and is negligible for PQ(5,5). 

This means that for four transmit and receive antennas the PQ(5,5) quantizer is 

essentially able to achieve IT performance. In the case of the 4x4 transceiver we must 

feed back 6 x (fi + 0) bits, which is double the number of bits for the 3x3 transceiver. 

The BER performance of the PQ quantizer with matched detector has been 

determined for a variety of numbers of bits; however, the importance of each 

parameter - the magnitude and phase - has not. The question is whether or not 

more feedback information should be put into one parameter or whether it is better 

to use the same amount of feedback information for both. 
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Figures 8.6 - 8.8 are used to give an indication of how to assign feedback bits 

in characterizing a semi-unitary matrix. The main purpose of the magnitude 

information is to steer the matrix energy into the appropriate rows and columns 

of the equivalent matrix in order to create the desired structure of the matrix. If 

there is quantization error in the magnitude, there will be energy left unsteered 

in parts of the equivalent channel matrix that create MAI. The purpose of the 

phase is to ensure that entries become real in the equivalent channel matrix. If 

a phase is off, the next Givens rotation that is done on the matrix will also be 

off, creating more MAI due to quantization errors. A difference between the 

magnitude and phase parameters is that they have different quantization ranges, 

with the phase having the larger of the two. This may suggest that using more phase 

information is more important due to the large range over which it must be quantized. 

Figure 8.6 gives the performance of the 2x2 transceiver for PQ(2,4), PQ(3,3) and 

PQ(4,2), or when 6 bits are allocated to each Givens rotation. It is easy to see that 

PQ(3,3) performs the best. Second best is PQ(4,2), suggesting that the magnitude 

information is more important for the 2x2 GMD-MMSE transceiver. 

Figure 8.7 gives the BER performance of a 3 x 3 GMD-MMSE transceiver for the 

same set of parameter as in Figure 8.6. Again, the best performer is PQ(3,3), but 

this time the second best is PQ(2,4), which suggests that phase information is more 

important for the 3 x 3 transceiver. 

Figure 8.8 gives the BER performance of a 4x4 PIT GMD-MMSE transceiver. 

Using the same parameters as in Figures 8.6 and 8.7 we see that the best performer 

is PQ(3,3). The second best performer is PQ(2,4), but in this figure the gap between 
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Figure 8.6: BER performance of a 2x2 GMD-MMSE with a MMSE-SIC detector 
matched to the equivalent channel, comparing the importance of magnitude versus 
phase information. 
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Figure 8.7: BER performance of a 3x3 GMD-MMSE with a MMSE-SIC detector 
matched to the equivalent channel, comparing the importance of magnitude versus 
phase information. 
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Figure 8.8: BER performance of a 4x4 GMD-MMSE with a MMSE-SIC detector 
matched to the equivalent channel, comparing the importance of magnitude versus 
phase information. 

the best and second best performer has closed and the gap between the best and worst 

performer has widened. These results suggest that for PIT GMD-MMSE transceivers 

with the same number of transmit and receive antennas, and with this number being 

greater than two, the phase information is the most important. However, from all 

figures it is clear that if we can divide the number of feedback bits evenly, we should. 

An explanation for the behaviour of the 2x2 PIT GMD-MMSE is that the phase 

information does not affect part of the equivalent channel matrix. That is, because 

the phases in the first Givens rotation does not impact any other Givens rotations -

as there is only one applied rotation for the 2x2 case - there is more impact from 

the magnitude. Of course, the equivalent channel matrix, Gy1T, will not be perfect, 

as the phase, once chosen, does impact the choice of magnitude. Without the proper 

phase, some energy is not steered to the desired locations and MAI is still created. 
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8.5 Experimental Throughput Performance of 

PIT RC/QC-MIMO 

In Section 8.4 we demonstrated the BER performance of the PQ quantizer for 

various amounts of feedback and showed that near-perfect CSI performance can 

be approached with five bits per quantization parameter for a GMD transceiver 

matched to the equivalent channel. This transceiver was just one of four of the 

remaining transceivers that we are still evaluating at this point in our study. We 

have yet to evaluate the performances of the SVD, ASGMD and Hybrid transceivers 

for limited amounts of precoder feedback. This section gives simulation results 

for the aforementioned transceivers (including GMD) in order to see the impact 

that a PIT using PQ with MMSE-ISF nulling vectors matched to the equivalent 

channel matrix has on the throughput performance of each system. All transceivers 

use the CWFA to do bit-rate allocation on each subchannel, a T-SS/LLRE with 

N] = 1 and Lz = 3 unless specified otherwise. For RC/QC-Hybrid systems look-up 

tables are generated using the throughput performances of RC/QC-ASSVD PQ(3,3) 

and RC/QC-ASGMD PQ(3,3) for a normalized channel. 

Figure 8.9 demonstrates the throughput performance of RC/QC-SVD transceiver 

with PQ(3,3). A loss in performance is seen for the SVD transceiver when perfect 

CSI is not available. On the third iteration of detection, there is a 2 dB gain over 

the first for a spectral efficiency of 10 bps/Hz. The fact that there is a gain between 

the first and third iteration means that there is a loss in performance when a PQ 

quantizer is used for the SVD transceiver. Additionally, these results show that the 

MMSE-ISF is capable of regaining some of the performance that is lost when using 

a PIT RC/QC-MIMO system. 
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Figure 8.9: Experimental throughput performance of 2x2 SVD throughput perfor
mance with PQ quantizer. 

Figure 8.10 demonstrates the performance loss of the 2x2 SVD, GMD-MMSE 

and ASGMD-MMSE transceivers when the PQ quantizer is used to quantize 

their precoder matrices with three bits per magnitude and phase parameter. The 

RC/QC-SVD, RC/QC-GMD and RC/QC-ASGMD transceivers do not incur any 

significant loss when coupled with the PQ(3,3) quantizer as all PIT curves hug the 

IT performance curves. These results a very encouraging. They suggest that even 

less than five bits of feedback per magnitude and phase parameter can be used 

in characterizing the semi-unitary precoder matrix, while still achieving near-IT 

performance. 

Figure 8.11 gives the throughput performance of 2x2 RQ/QC-Hybrid with 
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Figure 8.10: Performance degradation for 2x2 transceivers using PQ quantizer. 
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Figure 8.11: Experimental throughput performance of 2x2 transceivers using PQ 
quantizer. 
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Figure 8.12: Experimental throughput performance of 3x3 transceivers using PQ 
quantizer. 

PQ(3,3). We see that, as it did in Chapter 7, the RC/QC-Hybrid has better through

put performance than RQ/QC-SVD and RC/QC-ASGMD-MMSE for all SNRs. Fig

ure 8.12 gives the throughput performance of the 3x3 RC/QC-MIMO system, with 

PQ(3,3). The results shown in this figure complement those given in Figure 8.11. 



Chapter 9 

Conclusions 

9.1 Conclusions 

This thesis studies an implementation of RC/QC LDPC codes with rate-constrained 

linear MIMO transceivers. We presented a comprehensive study of channel 

decomposition-based MIMO transceivers to better understand their performance 

capabilities. While some of these systems have been studied for one or two of these 

criteria simultaneously, to our knowledge they have not all been compared together 

using all three criteria. This study revealed that although a MIMO transceiver may 

have good unconstrained capacity and diversity at higher SNRs it may not have 

good constrained throughput. 

RC/QC-MIMO is the implementation of a wireless communication system that 

combines the MIMO transceivers described in this thesis with RC/QC LDPC codes. 

RC/QC-MIMO as implemented in this thesis also includes the implementation of the 

contributions listed below. RC/QC-MIMO is a useful system that allows a wireless 

communication system to enjoy the high spectral efficiency of MIMO, while still 

being able to adapt to the channel fluctuations of the wireless medium with low 

overhead. 
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The WFA is appropriate to use for power and bit-rate allocation for commu

nication systems with unconstrained throughput; however this was not to be true 

for rate-constrained MIMO systems. The CWFA was designed to do power and 

bit-rate allocation for the RC/QC-MIMO system and was shown to provide better 

throughput performance than when the WFA is used. In addition, the CWFA 

bit-rate allocator gave better experimental throughput performance than when only 

a 64-QAM constellation is used to modulate the code bits. 

A new Tunable SSE/LLRE was designed for layered BLAST detection. T-

SSE/LLRE is adaptable to the MAI contained in a decision variable and is capable 

of considering the statistics of a variable number of interfering symbols in deter

mining the soft-symbol and LLR estimates. T-SSE/LLRE was shown capable of 

achieving diversity for Nj > 1. Furthermore, T-SSE/LLRE is adaptable and can be 

adjusted to reduce its computational complexity for a given instantaneous SNR. The 

experimental throughput performance results showed that T-SSE/LLRE has bet

ter performance than when a SSE/LLRE that assumes all MAI to be Gaussian is used. 

The experimental throughput results for RC/QC-MIMO showed that RC/QC-

ASGMD has good low/high SNR performance and that RC/QC-SVD has good 

mid-range SNR performance. These results prompted the design of the Hybrid 

MIMO transceiver, which was implemented for no additional computational com

plexity. This Hybrid transceiver was designed using the combination SVD and GMD 

transceivers coupled with antenna selection. This transceiver, when combined with 

RC/QC LDPC codes, achieved the best overall throughput performance of all those 

studied. 
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This thesis also considered the RC/QC-MIMO for the case were limited CSI is 

available at the transmitter. A new parameterized quantization method, PQ, for a 

semi-unitary precoder was proposed. PQ operates using a set of Givens rotations to 

represent a semi-unitary precoder matrix. Results demonstrated that near-perfect 

CSI performance can be achieved by using at most five bits per phase and magnitude 

parameter for an Nx N MIMO transceiver. The experimental throughput results also 

showed that the RC/QC-GMD-based systems have a smaller spectral efficiency loss 

than RC/QC-SVD-based systems do for a limited amount of precoder feedback. 

A constrained-rate antenna selection algorithm was proposed for ASGMD. The 

CCAS was shown to perform better with RC/QC-ASGMD than the UCAS algo

rithm. This was shown in terms of the theoretical constrained throughput and the 

experimental throughput results. 

9.2 Future work 

This section describes suggested future work that could be done to further this study. 

• The RC/QC-MIMO system was studied using the average realizable rate. It 

would be useful to compare the performance of the RC/QC-MIMO systems 

using outage capacity. 

• Future studies could compare the performance of a MCW implementation with 

the SCW implementation. 

• A study could be done to find the best way to allocation rate and power to each 

MIMO subchannel for the SCW implementation. 

• An optimal transceiver has yet to be derived for the rate-constrained RC/QC-

MIMO system. 
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• A study of the effects of a practical CRC code on the throughput performance 

of LDPC-MIMO could be done. A real CRC code could be implemented in 

tandem with the BP decoder to give a better idea of the impact that a CRC 

has on RC/QC-MIMO throughput. 

• A quantizer for the power allocation matrix still needs to be derived. 

• A quantizer based upon the pdf of each magnitude and phase parameter of 

each Givens rotation can be found. This would be useful for large antenna 

arrays, where the amount of feedback required to quantize a semi-unitary matrix 

becomes large. 
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Appendix A 

UCD Propert ies and Algorithm 

A.l Reduced Complexity UCD Algorithm 

We present a reduced complexity method for computing the UCD algorithm that is 

given in [21]. The use of the reduced complexity algorithm means that less matrix 

operations are needed to find the UCD of a channel matrix. The computational 

complexity degree order remains three due to the use of SVD. The reduced complexity 

UCD algorithm is employed in the simulations that were used to test the performance 

of UCD in this thesis. 

1. The first step in computing the UCD of a matrix is to compute the channel's 

SVD as specified in (2.17). The unitary pre-coder matrix is set to equal the 

right-hand unitary matrix of the SVD (f2i = V). 

2. The second step is to use the WFA based upon (2.19) to find the power allocation 

for each subchannel. This sets the matrix components of <&. 

3. Once we have the singular value matrix of the channel and the power allocation 

matrix, we compute their product (i.e. T, = (A3>)2). 

4. Calculate the matrix £ using (A.4) 
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5. The GMD of the channel power matrix is obtained using(2.23). We then set 

the second pre-coder matrix to be the right-hand unitary matrix of the GMD 

(0 2 = P) . 

6. Find the resulting pre-coded channel matrix before spatial filtering (i.e. 

r = HF). 

7. Using (2.14) - (2.16) the MMSE filter for matrix T is found. 

A.2 UCD SINR Properties 

In this appendix section some matrix properties given in [21] are presented. The 

matrix properties are necessary for obtaining the SINR properties of the UCD 

transceiver. 

Property A.2.1: For any Nr x Nt matrix B with rank K and singular values 

{ci, °"2, •"" I^K} with augmented matrix 

A = 

have their singular values are related by 

B 

°A,i = \/a%,i + No (A.I; 

and their unitary matrices of their singular value decompositions are related by 

UA = 

U ^ A B ^ A A 2 

A^oV+AA^ 

and V„ = V A = Vfi (A.2) 
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This means that the SVD of J as defined in (2.17) is 

J = 

- l 
U S E 

S I K (A.3) 

where X is an L x L diagonal matrix with the following property 

Oi = \/4>i\ + N0. (A.4) 

Applying a GMD to S we obtain 

U S E 
Q J R J P ' (A.5) 

The matrices to the left of R j give part of the QrQ and J72 is determined as usual 

by setting it equal to the unitary matrix on the right-hand side of Rj . The diagonal 

entries of R j are equal to 

o,< 

K \ ~R / K 

n* X\J^ + N„ (A.6) 

Property 2.3.4-II: The diagonal of the augmented upper triangular matrix computed 

to get a QR-based MMSE filter using (2.14) - (2.16) has diagonal elements such that: 

rGa,ii = (l + Pi)N0 (A.7) 

These properties are useful in evaluating the capacity of the UCD transceiver. 



Appendix B 

R C / Q C LDPC Codeword Punctur ing 

Technique 

The RC/QC LDPC code has a mother parity-check matrix Hmc , which is the min

imum rate parity-check matrix. The structure of this parity check matrix is such 

that 

H. 
H' 0 

T T ' T 
emc -*-

where 0 is an all zero matrix and I is an identity matrix. The parity check matrix 

can be viewed as a base parity check matrix Hm c followed by its extended version 

composed of H e m c and I. The parity bits that are encoded using the identity 

matrix have degree one and as a result should be punctured first, starting with the 

bottom Lb rows of Hm c and moving upwards. This feature of the QC/RC codes 

allows for simple codeword puncturing for rates between R^71™' anc} /ĵ ,7™ ^ where 

r>(min) 

m 
(TTJ. ̂  and Rru> = (mid) N, 

; and Nc is the row length of H'mc. Puncturing 

is done in blocks of size Lb so that the complexity of the decoding algorithm can 

be reduced. If the required rate is larger than Re , the puncturing pattern is not 

so straight forward. We use a puncturing rule that follows the k-SR node concept 

described in [27,28]. 
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The message word size, of Kc bits, determines the parameters iVc , Nc , Lb. 

It also determines whether the message should be extended. This may occur when 

the message length is not chosen to be of size compatible with those appropriate to 

the 3GPP2 parity check matrices. For the purpose of this thesis we always choose Kc 

to be of appropriate size, removing the need for message word extension. The RC/QC 

LDPC codes of [15] require a parameter La = 2Lb. An extra parameter kB is specified 

such t h * KC = kBL., where 6 < fc < n . In addition, ^ = (*„ + f ) L.. We 

use kB = 6 in simulations. The other system parameters, which are determined by 

the message word length, are specified as follows 

Nj?™) = nBLa = 2nBLb 

where N^max> is the size of an unpunctured codeword, c. For kB = 6: nB = 33 and 

Ki = 12. This means that the minimum rate, Re , is R(
c
mm' = A and i?imi = \-


