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Abstract

Bayesian approaches for sparse signal recovery have enjoyed a long-standing history
in signal processing and machine learning literature. Among the Bayesian techniques,
the expectation maximization based Sparse Bayesian Learning (SBL) approach is an it-
erative procedure with global convergence guarantee to a local optimum, which uses a
parameterized prior that encourages sparsity under an evidence maximization frame-
work. SBL has been successfully employed in a wide range of applications ranging
from image processing to communications. In this thesis, we propose novel, efficient
and low-complexity SBL-based algorithms that exploit structured sparsity in the pres-
ence of fully/partially known measurement matrices. We apply the proposed algo-
rithms to the problem of channel estimation and data detection in Orthogonal Fre-
quency Division Multiplexing (OFDM) systems. Further, we derive Cramér Rao type
lower Bounds (CRB) for the single and multiple measurement vector SBL problem of
estimating compressible vectors and their prior distribution parameters. The main con-

tributions of the thesis are as follows:

* We derive Hybrid, Bayesian and Marginalized Cramér Rao lower bounds for the
problem of estimating compressible vectors drawn from a Student-t prior distri-
bution. We derive CRBs that encompass the deterministic or random nature of the
unknown parameters of the prior distribution and the regression noise variance.
We use the derived bounds to uncover the relationship between the compress-
ibility and Mean Square Error (MSE) in the estimates. Through simulations, we
demonstrate the dependence of the MSE performance of SBL based estimators on

the compressibility of the vector.

* OFDM is a well-known multi-carrier modulation technique that provides high

spectral efficiency and resilience to multi-path distortion of the wireless channel.

111
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It is well-known that the impulse response of a wideband wireless channel is ap-
proximately sparse, in the sense that it has a small number of significant compo-
nents relative to the channel delay spread. In this thesis, we consider the estima-
tion of the unknown channel coefficients and its support in SISO-OFDM systems
using a SBL framework. We propose novel pilot-only and joint channel estimation
and data detection algorithms in block-fading and time-varying scenarios. In the
latter case, we use a first order auto-regressive model for the time-variations, and
propose recursive, low-complexity Kalman filtering based algorithms for chan-
nel estimation. Monte Carlo simulations illustrate the efficacy of the proposed

techniques in terms of the MSE and coded bit error rate performance.

* Multiple Input Multiple Output (MIMO) combined with OFDM harnesses the
inherent advantages of OFDM along with the diversity and multiplexing advan-
tages of a MIMO system. The impulse response of wireless channels between
the N, transmit and N, receive antennas of a MIMO-OFDM system are group ap-
proximately sparse (ga-sparse), i.e., the N;N, channels have a small number of
significant paths relative to the channel delay spread, and the time-lags of the sig-
nificant paths between transmit and receive antenna pairs coincide. Often, wire-
less channels are also group approximately-cluster sparse (ga-csparse), i.e., every
ga-sparse channel consists of clusters, where a few clusters have all strong com-
ponents while most clusters have all weak components. In this thesis, we cast
the problem of estimating the ga-sparse and ga-csparse block-fading and time-
varying channels using a multiple measurement SBL framework. We propose
a bouquet of novel algorithms for MIMO-OFDM systems that generalize the al-
gorithms proposed in the context of SISO-OFDM systems. The efficacy of the
proposed techniques are demonstrated in terms of MSE and coded bit error rate

performance.
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Notation

Boldface lower case letters

- l2

- llr
Upper case letters

Vectors

Largest integer less than c

Field of complex numbers

Circularly symmetric complex Gaussian

distribution with mean i and o2 variance

Expectation with respect to the random variable X

M x M Identity matrix

Imaginary part of the complex argument

Number of OFDM symbols in an OFDM frame
Length of the channel

Number of subcarriers in an OFDM symbol

Number of Transmit Antenna in a MIMO-OFDM system
Number of Receive Antenna in a MIMO-OFDM system
probability density function of the random variable X
Field of real numbers

Field of non-negative real numbers

Trace of a matrix

Kronecker Product

Real part of the complex argument

Transposition

Hermitian transposition

Complex conjugation

Absolute value of a complex number or the
determinant of a matrix or the cardinality

of a set, depending on the context

Euclidean norm of a vector

Frobenius norm of a matrix

Matrices
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Chapter 1

Introduction

In the recent years, Sparse Signal Recovery (SSR) has received a lot of interest in the
signal processing and machine learning communities as it facilitates reliable recovery
of underlying sparse signals using compressed domain samples by exploiting the in-
herent redundancy in the sparse signal [1-4]. The objective of SSR is to accurately re-
construct a sparse signal from an underdetermined set' of noisy linear measurements.
In practice, the signal may not be exactly sparse but compressible. Compressible signals
are signals whose ordered coefficients decay quickly, for e.g., they may obey a power
law: for some p > 1, the k™ largest coefficient in magnitude is at most ¢,k~?, where
¢, > 0 is some constant. In this context, one seeks to find computationally efficient
algorithms that recover sparse/compressible vectors from an underdetermined set of
linear equations. In several applications such as audio and video processing [6], medi-
cal imaging [7], and baseband signal processing in communication systems [8], [9], the
signal acquisition process involves an unknown sparse vector x € C-*! projected into a

lower dimensional space and corrupted by additive noise, resulting in the observations

This is also referred to as an overcomplete set in the literature [5]
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y € Ct¥! given by

y =®x + v, (1.1)

where ® € CV*F denotes the measurement matrix with N < L and v € CV*! denotes
the ambient noise. The difficulty in reconstructing a sparse signal arises from the fact
that neither the locations of the non-zero entries of x nor the corresponding values at
those locations are known.

In general, the problem of recovering x from y is ill-posed, as measurement matrix
® has a non-trivial null space (N < L). In other words, any non-zero vector x,, in the
null-space of ® contributes to a new solution x + x,, of (1.1), thus, making it impossible
to recover a unique solution. In [5] and [10], the authors have independently shown
that sparse vectors can be uniquely recovered from a set of N (N < M) linear and non-
adaptive measurements using the knowledge of sparsity, S, which allows one to restrict
the search for x to the set consisting of all possible S-sparse vectors. Furthermore, these
studies also elucidate the crucial role of ® in admitting sparse representations along
with recovery guarantees. These sufficient conditions for unique and reliable recov-
ery of sparse vectors typically take the form of a requirement on the so-called mutual
coherence or restricted isometry property of the measurement matrix.

In practice, sensing devices record the measurements y as a function of the sparse
signal x, but the measurement matrix is system-dependent. It is often hard to verify
that these matrices possess the required properties to guarantee reliable recovery of
x [5,10]. Moreover, many of the known sufficient conditions for reliable recovery tend
to be overly pessimistic. The presence of measurement noise in the sensing process

further complicates the problem. Despite these and several other issues that render
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the SSR seemingly hard, the idea that the sparsity structure in the signal can be used
to obtain unique solutions from underdetermined works in principle, and a number
of recovery algorithms are available in the literature. The recovery algorithms can be
broadly classified into two categories, namely, Compressed Sensing (CS) and Bayesian
methods. In the rest of this section, we discuss the various CS and Bayesian techniques

that have been proposed and studied in the literature.

1.1 Compressed Sensing Techniques

In this subsection, we first introduce the fundamental problem of sparse recovery as
an optimization problem with ¢, norm based sparsity constraint. We later discuss the
different relaxations of the fundamental problem, such as the ¢; and the ¢, norm based
optimization problems. Furthermore, we discuss the algorithms proposed in the litera-
ture in order to solve the fundamental sparse recovery problem and its variants.

In general, a Minimum Mean Square Error (MMSE) or Least Squares (LS) solution
to the noisy linear equations in (1.1) can be obtained by solving for x that minimizes
|y — ®x]||,. However, in scenarios where N < L, the MMSE/LS problem is ill-posed.
If x is sparse, one can exploit the sparse structure and obtain the solution to (1.1) by

solving the constrained optimization problem given by
argmin x|, subject to |y — ®x||, <, (1.2)

where € > 0 is a user-defined parameter, | - |y denotes the {, norm and ||-||, denotes the
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¢, norm. The implication of sparsity is clear when we rewrite (1.1) as follows:

L
y=> ®u(i)+v, (1.3)

where ®; represents the i column of ®. If x is S-sparse, only S columns of ® con-
tribute to y. Hence, in the noiseless scenario, if the locations of the non-zero entries
of x are known, then only S rows of ® are sufficient in order to recover x. However,
since the locations of non-zero entries are not known, intuitively, we require N' > §
measurements, especially in the presence of noise. However, for sufficiently small .5,
it is possible that N < L, i.e,, it is possible to uniquely recover x even when the lin-
ear equations given in (1.1) are underdetermined. Notice that in (1.2), the ¢, norm of
x counts the number of non-zero components of the vector, i.e., one seeks to find the
sparsest solution. Hence, by imposing the sparsity constraint, it is possible to recover x
in (1.1).

Greedy algorithms such as Matching Pursuit [11], Orthogonal Matching Pursuit (OMP)
[12] and Compressive Sampling Matching Pursuit (COSAMP) [13] have been proposed
for the recovery of x in (1.2). In [14], iterative thresholding algorithms using a vari-
ational formulation for hard thresholding has been proposed as a solution to the ¢,
problem. In [15], the authors provide two low-complexity iterative algorithms which
employ hard thresholding and show that they minimize a cost function similar to the
{o norm.

Since solving the /, norm problem is known to be NP-hard, algorithms based on con-
vex optimization techniques have been studied in the literature. Convex optimization

based techniques relax the ¢, norm on x to a convex ¢; norm, thereby converting the
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problem in (1.2) to an optimization problem given by

arg min ||x||, subjectto|y — ®x|, <e. (1.4)

L
where ||x||, denotes the ¢, norm of x, defined as ||x||, £ Y |x|. It turns out, rather sur-

1=1
prisingly, that when the measurement matrix ® satisfies the so-called Restricted Isom-
etry Property (RIP) property with an appropriate constant, (1.2) and (1.4) can be guar-
anteed to have the same unique globally optimal solution [10]. We reiterate that (1.4)
is a convex optimization problem, and many numerically efficient algorithms such as
the Basis Pursuit (BP) and BP denoising/LASSO [16] have been proposed for finding

sparse solutions.

An unconstrained form of the optimization problem in (1.4) can be written as
x = argmin [|x[|; + A([ly — ®x[,), (1.5)

where the scalar \ appropriately weighs the relative importance given to the sparsity
of the solution and the Euclidean fit error term. In [16], a recovery technique known as
the Least Absolute Shrinkage and Selection Operator (LASSO) is proposed for solving
(1.5). Simple and efficient methods for solving the basis pursuit problem (1.4) and the
unconstrained problem (1.5), based on Bregman iterative regularization are proposed
in [17]. Several efficient methods such as the iterative shrinkage and thresholding [18],
gradient projection for sparse reconstruction [19] have been proposed to solve (1.5).
These methods are computationally fast, with complexity being linear in the size of the
product of ® and x, and in some special cases the complexity is linear in the size of x.

As a result, such algorithms are a natural choice in solving large-scale sparse recovery
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problems. An accelerated projected gradient method for regularization of (1.5) via it-
erative soft-thresholding algorithms and ¢; penalization methods have been proposed
for cases where the vector is almost sparse [20].

A non-convex relaxation of (1.2) leads toa /, (0 < p < 1) norm minimization problem,

whose unconstrained variant is proposed in [21] given by,
% = arg min|x], + A(ly — ®x],). (1.6)

where 0 < p < 1. The authors propose the FOcal Underdetermined System Solver
(FOCUSS) algorithm as a solution to the above optimization problem. Exact recon-
struction of sparse signals in (1.6) via nonconvex minimization methods is proposed
in [22], where the authors show that exact recovery is possible with substantially fewer
measurements compared to the ¢; based solution. Iteratively reweighted algorithms for
computing local minima of such nonconvex problems is proposed in [23].

Several other studies in the literature have sought to provide a coding-theoretic per-
spective, and leverage algorithms from coding theory, for sparse signal recovery. In
[24], the authors perform fast approximate Bayesian inference using belief propaga-
tion (BP) decoding, which is based on representing the CS measurement matrix as a
graphical model. Using the theory of codes on graphs, joint design of sensing matrices
and low complexity reconstruction algorithms using a new family of list decoding and
multiple-basis belief propagation algorithms are proposed in [25].

Several alternate perspectives on CS based recovery techniques have been proposed in

the literature. In [26], the authors seek to bridge the two major algorithmic approaches
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to SSR - ¢; minimization methods and iterative methods such as matching pursuit al-
gorithms. The authors propose a simple, Regularized version of Orthogonal Matching
Pursuit (ROMP) which has advantages of both ¢; minimization methods and iterative
methods.

In scenarios where the observations arrive sequentially, several methods have been
proposed for online /; learning [27,28]. A recursive perspective in terms of Kalman and
RLS filters to the ¢; optimization problem is provided in [29] and [30], respectively. A
recursive /¢, regularized least squares algorithm, also known as SPARLS for the estima-
tion of a sparse vector has been proposed using the expectation maximization approach
in [31]. In the next subsection, we review discuss the Bayesian formalism used in SSR

and several algorithms that are popularly employed.

1.2 Bayesian Techniques

Bayesian techniques impose a sparsity promoting prior distribution on the sparse vec-
tor, and perform MAP estimation, variational Bayes” minimization or evidence maxi-
mization. Unlike the CS based algorithms that provide point estimates of the sparse
vector, the Bayesian techniques evaluate the posterior distribution of x conditioned on
y, or the posterior statistics such as the mean, variance and other higher order moments.
A variety of Bayesian methods have been employed for finding sparse representations
from a linear underdetermined set of equations.

Bayesian approaches for recovering a sparse vectors have a long history in the sig-

nal processing and machine learning literature. In [32], the author proposed Bayesian
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regularization and pruning techniques using Laplacian priors for neural network ap-
plications. In [33] and [34], the authors proposed a Sparse Bayesian Learning (SBL)
technique using an evidence maximization framework, largely based on approaches
proposed in [35] and [36]. The relationship between LASSO and quadratic penaliza-
tion was discussed in [37], along with proposing an expectation maximization based
algorithm for obtaining the LASSO solution. In [38], the authors propose Bayesian
techniques based on the cost functions that emerge from different priors, rather than
justifying the choice of the prior based on the physical process that resulted in the
sparse vectors, and postulate conditions that any sparse learning objective should sat-
isfy. Bayesian inference using Markov chain Monte Carlo (MCMC) methods are pro-
posed in [39]. The relationship between the compressed sensing and Bayesian exper-
imental design framework is explored in [40]. Also, novel algorithms are proposed,
based on expectation propagation in a sequential setup for large scale problems.

Several papers on Bayesian sparse recovery are based on Bernoulli-Gaussian priors,
also known as spike-and-slab priors. In [41], the authors use the spike-and-slab prior
[42] for sparse unsupervised learning. Further, approximate sparse inference tech-
niques which employ the Bernoulli Gaussian prior are proposed in [43,44].

It turns out that CS based approaches such as BP and OMP can also be viewed as
a problem in the Bayesian framework, where the goal is to obtain a Maximum A-
posteriori (MAP) estimate of x using a fixed sparsity inducing prior distribution. As an
example, consider a Laplacian prior on x, with distribution p(x; \) o exp~*Illi, where
A > 0. Let v be the additive Gaussian noise distributed as N (0, *I). The MAP esti-

mation problem using such a Laplacian prior is the same as solving (1.5), where A is
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determined by the parameters of the prior. An approach for estimating x using Lapla-
cian priors has been proposed in [45].

A low-complexity recursive procedure for model selection and minimum mean squared
error (MMSE) estimation in ill-posed linear regression problems using a fast Bayesian
matching pursuit algorithm was proposed in [46,47]. In [48], the authors present a
sparse reconstruction technique using a distribution agnostic Bayesian matching pur-
suit algorithm. Here, the authors leverage the fast matching pursuit method and obtain
the Bayesian estimates of sparse signals even when the signal prior is non-Gaussian or
unknown using greedy approach.

In this thesis, we focus on SBL, which uses a two-stage hierarchical model on the
unknown vector, as shown in Fig. 1.1. Here, we assume that x ~ N(0,T"), where the di-
agonal matrix I' contains the hyperparameters v = [y, ...,v.]" as its diagonal elements.
Further, an Inverse Gamma (IG) hyperprior is assumed for ~, as it leads to a Student-¢
prior on the vector x, which, in-turn, is known to be sparsity/compressible vector-
promoting [34]. The significance of using the IG hyperprior arises from the fact that it
is a conjugate to the Gaussian distribution. As a result, it leads to closed-form poste-
rior and marginalized distributions on y [34]. In scenarios where the noise variance is
unknown and random, an IG prior is used for the distribution of the noise variance as
well.

SBL involves joint estimation of the sparse vector x and the hyperparameters, ~. Dif-
terent updates have been proposed for SBL [34,35], among which the exact inference
Expectation Maximization (EM) based updates are widely used. In addition to the

monotonicity property of SBL by virtue of the EM framework, SBL offers guarantees
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Figure 1.1: Graphical model of SBL: Two stage hierarchical model with the unknown
sparse vector taking a conditional Gaussian distribution and the hyperparameters tak-
ing an Inverse Gamma distribution.

such as convergence to the sparsest solution when the noise variance is zero, and con-
vergence to a sparse local minimum irrespective of the noise variance [49]. In contrast,
approximate inference methods [44], although lower in computational complexity, do
not offer such rigorous convergence guarantees. In Fig. 1.2 and Fig. 1.3, we plot the
performance of BP, OMP and the SBL techniques to recover a L = 150 length vector of
sparsity S = 30. The plots show that the SBL algorithm can recover the sparse signal
with lower number of measurements as compared to conventional techniques. More-
over, we observe that SBL consistently performs well both when sparse vectors x have
components z(i) € [0, 1] and when x is sparse and consists of highly scaled components.

Although the experiment shows that SBL is a very promising technique, the choice of
employing CS or Bayesian methods primarily depends on the system, its dynamics, the
nature of signals encountered, and the performance metric to be optimized. For e.g., it
has been shown that CS based techniques are effective for MRI applications [7], video
sensing [50], surveillance video processing [51] and coding [6], image processing [52],
and medical imaging [53]. On the other hand, Bayesian techniques have been success-
fully employed in the fields of bioinformatics [54], genome analysis [55], image/visual

tracking [56], neuro-imaging [57,58] and beamforming [59]. In this thesis, we focus on



Chapter 1. 11

T T 1 .
—©—SBL —©—SBL
0.9 %— 8P 09| —=— omp
0.8 8- omP gl [ ¥=EP
B 07 B o7
[ [
>
g 06 8 06
i ¢
o 05 o 0.5
g I
é 0.4 é 0.4F
& 03 & 03}
02 1 0.2F
y HA/E/J 0.1r
: 0

- - i
60 /0 80 90 100 110 120 0 10 60 80
Number of Measurements(N) Number of Measurements(N)

Figure 1.2: Performance comparison of ~ Figure 1.3: Performance comparison of
the percentage successful recovery per-  the percentage successful recovery per-
formance of SBL, BP and OMP algo- formance of SBL, BP and OMP algo-
rithms, for S = 30 sparse signals with  rithms, for S = 30 sparse signals with
coefficients being 0 or 1 with L = 150 highly scaled coefficients with L = 150

the application of SSR techniques to baseband signal processing for wireless communi-
cations; in particular for the sparse/compressible wireless channel estimation problem
in the framework of a well-known multiplexing technique called Orthogonal Frequency
Division Multiplexing (OFDM).

Until now, we have introduced the optimization problems for SSR, its advantages, al-
gorithms proposed in literature and various applications that feature a linear regression
model with a sparse vector. In the rest of the chapter, we discuss the issues regarding
channel estimation in OFDM systems and throw light on the SBL technique that we

adopt for exploiting sparsity in OFDM channel estimation.

1.3 SSR Techniques for Wireless Communications

In this section, we address the problem of channel estimation in OFDM systems incor-

porating the inherent sparse and approximately sparse nature of the wireless channel.
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Some of the key questions which we address are as follows:
1. @1 - Why does sparsity arise in wideband wireless channels? (See Sec. 1.3.1)

2. @2 - When do we encounter an under-determined system of linear equations in

channel estimation problems? (See Sec. 1.3.2)

3. (3 - What are the conventional channel estimation and the existing sparse channel

recovery methods? (See Sec. 1.3.3)

4. Q4 - What are the contributions of the thesis to the problem of wideband channel

estimation exploiting the sparsity of the channel? (See Sec. 1.3.4)

We focus specifically on OFDM as the underlying air interface technology due to its

ubiquitous use in present-day wireless standards [60, 61].

1.3.1 Sparsity of Wireless Channels in OFDM Systems

In this subsection, we focus on 1 and present a brief discussion on the nature of OFDM

channels. Here, the sparse signal of interest is the impulse response of wireless chan-

nels. In the complex baseband representation, the impulse response A[t], ¢ € R of a wire-

less channel can be modeled as a stationary tapped delay line filter in the lag-domain,
given by )
L

hlt] =) hid[t — 7], (1.7)

=1

where 4[t] is the Dirac delta function, i, and 7, represent the attenuation and propaga-
tion delay for the /™ path, respectively, and L denotes the total number of resolvable

paths [62].
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Typically, a communication system employs filters at the transmitter and receiver in
order to reduce the adjacent channel power radiation and interference from other trans-
mitters. The transmit and receive filtering operations performed at the respective RF

front ends lead to an equivalent channel given by

h(t) = g:(t) * h(t) * g, (1), (1.8)

where h(t) is given in (1.7), g(t) and g, (t) are the baseband transmit and receive filters,
respectively, and * represents the convolution operation. The effect of transmit and re-
ceive filtering can be represented by the convolution with an equivalent Raised Cosine

(RC) filter, with an impulse response given by
L (Tt8
r(t) = sinc (i) <C%<T) (1.9)

where T'is the sampling period and § is the roll-off factor of the RC filter [63]. Hence,

h(¢) in (1.8) can be computed as

h(t):/t h(r)sinc (t_T) (COS <@)2 dr. (1.10)

Sampling h(t) at t = nT', we obtain the discrete-time channel impulse response as
cos <77r("TT_T)5>

2
28(nT—)
- (e))

In the ideal case of sample-spaced channel, g,(t) = g,(t) = J(¢) and the sampling in-

dr. (1.11)

stants {0, 7,27, ...} coincide with the arrival instants 7;, and as a result, the discrete
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version of the channel A[nT] will have exactly L non-zero elements. Thus, the sample
spaced impulse response of a wireless channel exhibits sparsity which, in-turn, moti-
vates us to investigate the use of SSR techniques for the channel estimation problem.
However, in this thesis, we address the larger issue of non-ideal non-sample spaced
channels, as elaborated in the next section. In the sequel, we describe the problem of
channel estimation in an OFDM system and the conventional channel estimation tech-

niques, followed by the issues addressed in this thesis.

1.3.2 OFDM System and the Channel Estimation Problem

Two important technologies for energy-and-bandwidth-efficient wireless communica-
tions that have been developed over the past couple of decades are OFDM and MIMO.
OFDM is known to effectively mitigate the inter-symbol interference caused by the fre-
quency selective fading channel [64]. Multiple-Input Multiple-Output (MIMO) systems
provide spatial diversity, leading to significant gains in the capacity of the time-varying
wireless channel. To reap the advantages of the above two systems, MIMO-OFDM
systems have emerged as the clear choice in nearly all wireless standards [60]. In this
section, we describe the OFDM system model and the problem of channel estimation
in order to address (2.

The goal of a MIMO-OFDM system is high-rate reliable communication along with
accurate data detection at the output of the decoder. The transmission between the N,
transmit and the N, receive antennas takes place through OFDM frames, where every

frame consists of X OFDM symbols. Fig. 1.4 shows the block diagram of a typical
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Figure 1.4: Turbo encoded/decoded transmit and receive chain of a MIMO-OFDM sys-
tem. The dashed box (block shaded in yellow) highlights the proposed algorithms.

Note that the quantities of interest are the channel estimates and output bits {b}.

MIMO-OFDM system with N subcarriers, IV, transmit antennas and N, receive anten-
nas. At the transmitter of the discrete-time MIMO-OFDM system, {b} input bits are
first encoded and interleaved into a new sequence of coded bits, {c}. The coded bits
{c} are mapped into an M-ary complex symbol sequence, which is further divided into
N, streams. At every transmit antenna, P pilots are inserted in an OFDM frame. The
pilot symbols along with coded data symbols {c} are OFDM modulated and transmit-
ted over the multipath fading channel denoted by h,,,,, € C**! (1.11). Here, n; (n,)
denotes the transmit (receive) antenna index, and L is the length of the channel. After

OFDM demodulation, the signal received at the n' receive antenna (for simplicity, we
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consider K = 1 frame here) given by
Ny
Yo, = > XpFhy +va, n.=1,...,N, (1.12)
ng=1
where the diagonal matrix X,,, € CV*¥ consists of the pilot as well as the data transmit-
ted over the n{" transmit antenna, and F € CV*! represents the matrix consisting of the
first L columns of the N x N DFT matrix. Each component of v,,, € C¥*! is a circularly
symmetric additive white Gaussian noise with probability distribution CN (0, 02). For
the case where N, = N, = 1, the system model given in (1.12) simplifies to that of a
SISO-OFDM system given by

y = XFh + v, (1.13)

where X € CV*¥ is a diagonal matrix consisting of P pilot symbols and N — P data
symbols, F € CV*F consists of the first L columns of the N x N Discrete Fourier Trans-
form (DFT) matrix, and v € CV*! is the additive white Gaussian noise, distributed as
CN(0,c*Iy). Note that we drop the subscripts n; and n, since we set N; = N, = 1.

Typically, the observations corresponding to the pilot subcarriers in SISO and MIMO-
OFDM systems are used to estimate the channel, this is referred to as pilot-based esti-
mation. Note that, at the receiver, the diagonal entries of X corresponding to the pilot
subcarriers are known. Simplifying (1.13) further, we sample y at the pilot subcarriers
to obtain y,, given by

y, = X,F,h +v,, (1.14)

By arriving at the signal model in (1.14), we are close to providing an answer to Q2. If h

is sparse, then the model in (1.14) resembles that of (1.1). As a one-to-one comparison,



Chapter 1. 17

note that the observation at the pilot subcarriers, y, corresponds to the y, and the matrix
X, F, corresponds to the known measurement matrix ® in (1.1). The channel estimation
problem in (1.14) is ill-posed whenever the number of pilots is smaller than the length
of the channel (P < L). If the Multipath Intensity Profile (MIP), defined as the average
multipath power profile measured at a particular location on a measurement grid [65]
of the wireless channel is known, then having P > S is sufficient for estimating the
channel without the need for SSR techniques. However, the MIP depends not only on
the location, but also on a variety of other factors such as the speed of the user (in mobile
communications), the presence of obstacles, environmental fluctuations, etc. Moreover,
measuring the MIP at all possible locations is impractical. Hence, there is a need to
develop methods that can work without requiring the knowledge of the MIP. When the
MIP is unknown, SSR techniques are useful for recovering the channel for the following

reasons:

* The problem of recovering h is ill-posed since L can be significantly larger than

P. In such scenarios, SSR techniques can be used to estimate the sparse channel.

* In order to use conventional techniques, L pilots are required. However, SSR
techniques can recover the sparse vector using P < L pilots. Hence, they allow
larger number of data symbols per OFDM symbol, thereby resulting in better

spectral efficiency compared to conventional systems.

We note that, upon obtaining an estimate of the sparse channel given by h, the in-
formation bits {b} can be decoded by feeding the log-likelihood values to the channel

decoder.
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1.3.3 Conventional and Sparsity-exploiting OFDM Channel Estima-

tion Techniques

In this subsection, we discuss the conventional channel estimation techniques for OFDM
systems, followed by existing sparse channel recovery techniques. Hence, we address (3.
We note that the goal here is to provide an introductory overview of the main ap-
proaches that have been adopted for OFDM channel estimation in the literature. We
refer the readers to later chapters in the thesis for an exhaustive survey of the relevant
literature.

Least Squares (LS) and Minimum Mean Square Error (MMSE) techniques are the two
well-known lag-domain channel estimation techniques for OFDM systems. The least

squares estimate of h is given by [66]
his = (FIXIX,F,)'FIX,y,, (1.15)

where flLs is the solution to an /;-norm minimization problem. Due to the inverse
operation, the LS estimator works only when P > L, and hence, this method cannot be
used in our regime of interest, i.e., when P < L. On the other hand, the MMSE estimate
is given by [66]

hase = (FJ/ XX, F, + T FlIX,y,, (1.16)

where T' = E[hh”] denotes the covariance matrix of the channel, also referred to as
the prior information. In the practical wireless channel scenario, this prior information
represents the MIP. Although we can obtain the MMSE estimate when P < L, the

accuracy of the prior information influences the MMSE estimate. Since the support
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information is crucial to the structure of the covariance matrix, reliable information
about the support is required to obtain accurate estimates.

LS and MMSE techniques can also be applied in the frequency domain, where the
goal is to directly estimate the channel F,h [67]. Such techniques also either require the
knowledge of the MIP or require a large number of pilots (P > L), when the MIP is not
available. Further, even though h is sparse, F,h is not sparse, and, as a result, frequency
domain techniques are not useful if one is interested in SSR-based methods for channel
estimation.

CS based sparse OFDM channel estimation using the basis pursuit technique has been
proposed in [8]. Approximate inference Bayesian methods have been used to solve
the problem of joint channel estimation and data decoding in a Bit Interleaved Coded
Modulation (BICM) OFDM system, where the time-varying sparse channel is modeled
using a Bernoulli-Gaussian prior [63,68]. In [69], the authors propose variational algo-
rithms for pilot-based channel estimation. However, none of the proposed techniques
are Bayesian exact inference techniques.

In the next subsection, we list some practical issues and challenges in using SBL based

techniques for OFDM channel estimation.

1.3.4 Problems Addressed in this Thesis

The work presented in this thesis is motivated by the sparse nature of OFDM channels
and the versatility of the SBL based framework, which makes it applicable to a variety
of practical scenarios in OFDM. The overall theme of this work is to develop methods

that incorporate any available knowledge to efficiently incorporate the prior knowledge
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about OFDM system and devise novel SBL based sparse channel recovery algorithms.
In this section, we present several practically relevant scenarios for OFDM systems,
and state the problems addressed in this thesis. In essence, we provide an answer to

question (4 raised earlier.

Approximately Sparse Channels

In practice, the impulse response of a wireless channel is not exactly sparse. The chan-
nel models obtained using channel sounding experiments are known to exhibit approx-
imate sparsity in the lag-domain [70]. This behavior is due to the non-ideal low-pass
and pulse shaping filters employed at the transmitter and the receiver for reducing the
spectral leakage and meeting the spectral mask. Further, even without the filtering, the
channel is only approximately sparse in practice because it is, in general, non-sample
spaced: the nonzero values in h(t) do not necessarily occur at precisely the sampling
instants.

A sample instantiation of the lag-domain channel is approximately sparse (a-sparse)
channel used in the simulations and the filtered MIP are depicted in Fig. 1.5. The figure
captures the leakage effect due to finite bandwidth sampling and practical filtering. To
generate the plot, we have used the Pedestrian B channel model [71] with Rayleigh
fading. We have also used RC filtering at the receiver and transmitter with a roll-off
factor of 0.5 [61].

We see that at the sampling frequencies considered, the number of significant channel
taps are far fewer than the weak channel taps in the filtered impulse response, as seen
in Fig. 1.5. Thus, the channel is a-sparse in the lag-domain, and the primary focus of

this thesis is to develop SBL-based techniques for such a-sparse channel estimation and
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Figure 1.5: One sample channel realization of the a-sparse channel, along with the fil-
tered MIP, i.e., the MIP when RC filters are employed at the transmitter and receiver.
The plot shows the strong (> —30 dB) channel taps and filtered-MIP components, to
illustrate that the channel can indeed be modeled as being approximately sparse.

joint channel estimation and data detection.

Joint Channel Estimation and Data Detection

In this thesis, we not only develop methods for pilot-based a-sparse channel estima-
tion, but also for joint channel estimation and data detection. The motivation for jointly
estimating the data and the channel comes from [72,73], where the authors show that
the MIP-aware EM based joint channel estimation and data detection techniques for a
SISO-OFDM system are far superior compared to the pilot-only LS and the MMSE algo-
rithms. The EM algorithm iteratively estimates the channel h and the unknown trans-
mit data in X, i.e., the decisions on the unknown transmit data X are coalesced with the
pilot symbols and used in the channel estimation process. Naturally, if the decisions on

the data subcarriers are accurate, then the decisions act as pilots, and hence, improve
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the quality of channel estimates. Approximate inference methods have been used to
solve the problem of joint channel estimation and data decoding in a BICM-OFDM
system, where the time-varying sparse channel is modeled using a Bernoulli-Gaussian
prior [63,68].

In this thesis, we explore such techniques for a-sparse (SISO-OFDM), ga-sparse (MIMO-
OFDM) and ga-csparse (SISO and MIMO-OFDM) channels using exact-inference based
SBL methods. We provide details regarding the nature of ga-sparse and ga-csparse
channels later in the thesis. In particular, the challenge lies in combining the data de-
tection along with channel estimation and obtain an SBL based iterative algorithm with

convergence guarantees.

Block-fading and Time-varying Channels

In this thesis, we first design SBL based algorithms for estimating block-fading chan-
nels, where the channel coefficients remain fixed across the OFDM frame duration and
vary in an i.i.d. fashion from frame to frame. We also address the time-varying nature
of the a-sparse channels caused due to the mobility of the receiver. When the channel
is time-varying, the nonzero channel coefficients vary slowly and are temporally cor-
related, but the MIP of the channel remains constant for several OFDM frames [74],
and hence, the locations of the significant components coincide in successive channel
instantiations. Such channels are group approximately-sparse (ga-sparse).

CS techniques have been proposed for the estimation of the time-varying channel over
all the symbols in a frame when the channel consists of a few significant nonzero en-
tries but the path delays are unknown [75-77]. Approximate inference techniques for

estimating the time-varying sparse vector and support have been proposed in [78]. In
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the context of SBL, block-based methods such as Block SBL (BSBL) and Temporal SBL
(TSBL) algorithms [79] have been proposed to estimate the time-varying correlated
sparse vectors when the correlation among the group-sparse vectors is modeled us-
ing a general correlation structure. In this thesis, we use an autoregressive (AR) model
to capture the time-varying nature of the channel, and design novel, exact-inference
based low complexity Kalman-SBL channel tracking algorithms that exploit the tempo-

rally ga-sparse nature of the channel.

Group Approximately-sparse MIMO-OFDM Channels

In MIMO-OFDM systems, identical transmit and receive filters are employed at the
N, transmit antennas and the N, receive antennas, which leads to a-sparse channel
between every pair of transmit and receive antenna. Moreover, such channels are group
sparse, i.e., the locations of significant paths of the IV, NV, channels coincide. In scenarios
where the MIP is not known, blind methods [80] and techniques based on Compressed
Sensing (CS) using group-sparse based formulation [81,82] are employed. Specifically,
CS based Simultaneous Orthogonal Matching Pursuit (OMP) [83], modified OMP [84],
subspace OMP [85], group basis Pursuit Denoising and group OMP [86] have been
proposed for ga-sparse pilot-assisted channel estimation in MIMO-OFDM systems.
Although the SISO-OFDM system model given in (1.14) has a one-to-one correspon-
dence with the sparse recovery problem given in (1.1), it is not straightforward to for-
mulate the problem of sparse channel recovery in the MIMO-OFDM framework given
by (1.12). In this work, we first formulate the problem of pilot-assisted and joint ga-

sparse channel estimation and data detection in MIMO-OFDM systems using the SBL
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framework. Later, we design algorithms for both block-fading and time-varying ga-

sparse channels.

Cluster-sparse MIMO and SISO-OFDM Channels

In this thesis, we model the MIMO and SISO-OFDM channel as ga-cluster sparse (ga-
csparse), i.e., every channel consists of clusters where a few clusters have all strong
while most clusters have all weak components. CS based Block OMP (BOMP) has been
proposed for pilot-assisted ga-csparse MIMO-OFDM channel estimation [87].

In this thesis, we focus on recovering block-fading and time-varying ga-csparse chan-
nels using pilot symbols only, and jointly with the transmit data symbols. Since ga-
csparse channels need to estimate a smaller number of hyperparameters compared to
ga-sparse channels, we obtain a low-complexity methods for joint channel estimation
and data detection.

Thus far, we addressed the several generalizations of the basic OFDM system. In the
following section, we list the contents of each chapter along with our contributions, not

only to the literature on OFDM channel estimation, but to the theory of SBL as well.

1.4 Contributions and Outline of the Thesis

In this section, we summarize the thesis by providing a detailed outline of the contents
of the thesis.

In [88], we considered sparse baseband channel where the discrete multipath compo-
nents of the channel are located at the sampling instants, and an ideal low pass filter is

used. We simulated the SBL and the joint-SBL (J-SBL) algorithm for channel estimation
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in an uncoded QPSK modulated SISO-OFDM system, in the presence of a sparse base-
band channel. Further, we used BCRB for both the algorithms in order to benchmark

the MSE performance of the algorithms. From Fig. 1.6, we see that the BCRB averaged
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Signal to Noise Ratio (dB)

Figure 1.6: SISO-OFDM System: MSE vs. BCRB for SBL and J-SBL.

over all the channel instantiations forms a tight lower bound for both the SBL and the
J-SBL algorithms. This motivated us to derive a general class of bounds including the
Hybrid, Bayesian and Marginalized Cramér Rao lower bounds for the single and mul-
tiple measurement vector SBL problem of estimating compressible vectors and their
prior distribution parameters in chapter 2. Through simulations, we demonstrate the
dependence of the MSE performance of SBL based estimators on the compressibility
of the vector for several values of the number of observations and at different signal
powers. The contents of this chapter have been published in parts in [89-91].

Figure 1.7 provides a pictorial overview of the rest of the thesis. In chapter 3 we pro-

pose SBL based algorithms for joint a-sparse channel estimation and data detection in
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Figure 1.7: OFDM Systems: different scenarios under which pilot-based channel esti-
mation and joint channel estimation and data detection algorithms are proposed in this
work.

SISO-OFDM systems. In a quasi-static, block-fading scenario, we employ the SBL al-
gorithm for channel estimation, and propose a Joint SBL (J-SBL) and a low-complexity
recursive J-SBL algorithm for joint channel estimation and data detection. In a time-
varying scenario, we use a first order auto-regressive model for the wireless channel,
and propose a novel, recursive, low-complexity Kalman filtering-based SBL (KSBL) al-
gorithm for channel estimation. We generalize the KSBL algorithm to obtain the recur-
sive Joint KSBL algorithm that performs joint channel estimation and data detection.
Monte Carlo simulations illustrate the efficacy of the proposed techniques in terms of
the MSE and coded bit error rate performance. The contents of this chapter have been

published in [90].
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In chapter 4 we propose SBL based algorithms for estimating the ga-sparse and ga-
csparse block-fading and time-varying channels. We propose a bouquet of novel algo-
rithms for pilot-based channel estimation and joint channel estimation and data detec-
tion in MIMO-OFDM systems. In the time-varying scenario, we employ a first order
AR based model for the temporal variation of the wireless ga-sparse and ga-csparse
channels and propose a recursive, low-complexity Kalman filtering and smoothing
framework for joint channel estimation, tracking and data detection. Monte Carlo sim-
ulations illustrate the efficacy of proposed techniques in terms of MSE and coded bit
error rate performance. We demonstrate that the algorithms that exploit the ga-csparse
nature of the wireless channel offers improvement in the MSE and coded BER perfor-
mance. The contents of this chapter have been published in [91,92].

In chapter 5 of this thesis, we provide a compendium of the algorithms proposed in
this thesis in a generic SBL framework. We demonstrate the MSE and support recovery
performance of the proposed algorithms as compared to the existing CS and SBL based

algorithms using Monte Carlo simulations.
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Chapter 2

Cramér Rao-Type Bounds for Sparse

Bayesian Learning

2.1 Introduction

Recent results in the theory of compressed sensing have generated immense interest
in sparse vector estimation problems, resulting in a multitude of successful practical
signal recovery algorithms. In several applications, such as the processing of natural
images, audio, and speech, signals are not exactly sparse, but compressible, i.e., the mag-
nitudes of the sorted coefficients of the vector follow a power law decay [13]. In [93]
and [94], the authors show that random vectors drawn from a special class of prob-
ability distribution functions (pdf) known as compressible priors result in compressible
vectors. Assuming that the vector to be estimated (henceforth referred to as the un-
known vector) has a compressible prior distribution enables one to formulate the com-
pressible vector recovery problem in the Bayesian framework, thus allowing the use
of Sparse Bayesian Learning (SBL) techniques [34]. In his seminal work, Tipping pro-

posed an SBL algorithm for estimating the unknown vector, based on the Expectation

30
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Maximization (EM) and McKay updates [34]. Since these update rules are known to be
slow, fast update techniques are proposed in [95]. A duality based algorithm for solv-
ing the SBL cost function is proposed in [96], and /; — ¢, based reweighting schemes are
explored in [97]. Such algorithms have been successfully employed for image/visual
tracking [56], neuro-imaging [57, 58], beamforming [59], and joint channel estimation
and data detection for OFDM systems [98].

Many of the aforementioned papers study the complexity, convergence and support
recovery properties of SBL based estimators (e.g., [95,96]). In [94], the general con-
ditions required for the so-called instance optimality of such estimators are derived.
However, it is not known whether these recovery algorithms are optimal in terms of
the Mean Square Error (MSE) in the estimate or by how much their performance can be
improved. In the context of estimating sparse signals, Cramér Rao lower bounds on the
MSE performance are derived in [99-101]. However, to the best of our knowledge, none
of the existing works provide a lower bound on the MSE performance of compressible
vector estimation. Such bounds are necessary, as they provide absolute yardsticks for
comparative analysis of estimators, and may also be used as a criterion for minimiza-
tion of MSE in certain problems [102]. In this chapter, we close this gap in theory by
providing Cramér Rao type lower bounds on the MSE performance of estimators in the
SBL framework.

As our starting point, we consider a linear Single Measurement Vector (SMV) SBL
model given by

y =®Px+n, (2.1)

where the observations y € RY and the measurement matrix ® € RV*Z are known,
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and x € R’ is the unknown sparse/compressible vector to be estimated [103]. Each
component of the additive noise n € R” is white Gaussian, distributed as N (0, 0?),
where the variance o may be known or unknown. The SMV-SBL system model in (2.1)
can be generalized to a linear Multiple Measurement Vector (MMV) SBL model given
by

T=3dW+ V. (2.2)

Here, T € RV*M represents the M observation vectors, the columns of W € REXM are
the M sparse/compressible vectors, and each column of V € R¥*M js modeled similar
to n in (2.1) [104]. Since the M vectors in W have a common underlying compressible
distribution, (2.1) is a special case of (2.2) for M = 1.

In typical compressible vector estimation problems, ® is underdetermined (N < L),
rendering the problem ill-posed. Bayesian techniques circumvent this problem by us-
ing a prior distribution on the compressible vector as a regularization, and computing
the corresponding posterior estimate. To incorporate a compressible prior in (2.1) and
(2.2), SBL uses a two-stage hierarchical model on the unknown vector, as shown in
Fig. 2.1. Here, x ~ N (0, T), where the diagonal matrix Y contains the hyperparameters
~ = [n,...,7]" as its diagonal elements. Further, an Inverse Gamma (IG) hyperprior
is assumed for -y itself, because it leads to a Student-¢ prior on the vector x, which is
known to be compressible [34].! In scenarios where the noise variance is unknown and
random, an IG prior is used for the distribution of the noise variance as well. For the
system model in (2.2), every compressible vector w; ~ N (0, ), i.e., the M compressible

vectors are governed by a common Y.

IThe IG hyperprior is conjugate to the Gaussian pdf [34].
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Figure 2.1: Graphical model for SBL: Two stage hierarchical model with the compress-
ible vector taking a conditional Gaussian distribution and the hyperparameters taking
an Inverse Gamma distribution. The noise is modeled as white Gaussian distributed,
with the noise variance modeled as deterministic/random and known or unknown.

It is well known that the Cramér Rao Lower Bound (CRLB) provides a fundamental
limit on the MSE performance of unbiased estimators [105] for deterministic parame-
ter estimation. For the estimation problem in SBL, an analogous bound known as the
Bayesian Cramér Rao Bound (BCRB) is used to obtain lower bounds [106], by incorpo-
rating the prior distribution on the unknown vector. If the unknown vector consists of
both deterministic and random components, Hybrid Cramér Rao Bounds (HCRB) are
derived [107].

In SBL, the unknown vector estimation problem can also be viewed as a problem in-
volving nuisance parameters. Since the assumed hyperpriors are conjugate to the Gaus-
sian likelihood, the marginalized distributions have a closed form and the Marginal-
ized Cramér Rao Bounds (MCRB) [108] can be derived. For example, in the SBL hy-
perparameter estimation problem, x itself can be considered a nuisance variable and
marginalized from the joint distribution, py x| (y, x|7), to obtain the log-likelihood as

—(log |2yl +y"%,y)
2 b

L(~) = log / Py xr(y, x|7)dx = 2.3)
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~: deterministic ~: random E ~: deterministic ~: marginalized
x: random x: random H x: marginalized x: random

HCRB from p(y,x;7) BCRB from p(y,x,7) MCRB from p(y;~) MCRB from p(y, x)

Figure 2.2: Summary of the lower bounds derived in this work when the noise variance
is known.

where ¥, = 0] + &Y ®” [109]. Henceforth, in this chapter, the function px(z) repre-
sents the pdf of the random variable X evaluated at its realization .
The goal of this chapter is to derive Cramér Rao type lower bounds on the MSE per-

formance of estimators based on the SBL framework. Qur contributions are as follows:

* Under the assumption of known noise variance, we derive the HCRB and the

BCRB for the unknown vector 6 = [x”, 47", as indicated in the left half of Fig. 2.2.

* When the noise variance is known, we marginalize nuisance variables (v or x) and
derive the corresponding MCRB, as indicated in the right half of Fig. 2.2. Since the
MCRB is a function of the parameters of the hyperprior (and hence is an offline
bound), it yields insights into the relationship between the MSE performance of

the estimators and the compressibility of x.

¢ In the unknown noise variance case, we derive the BCRB, HCRB and MCRB for

the unknown vector 8 = [x”, 47, 5?7, as indicated in Fig. 2.3.

* We derive the MCRB for a general parametric form of the compressible prior [94]

and deduce lower bounds for two (Student-t and Generalized double Pareto) of
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~: deterministic ~: random ~: deterministic

x: random x: random x: marginalized
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HCRB from p(y, x,0%;7) BCRB from p(y, x, 02, 7) MCRB from p(y;~, 0?)

Figure 2.3: Different modeling assumptions and the corresponding bounds derived in
this work when the noise variance is unknown.

the well-known compressible priors.

e Similar to the SMV-SBL case, we derive the BCRB, HCRB and MCRB for the MM V-

SBL model in (2.2).

Through numerical simulations, we show that the MCRB on the compressible vector
x is the tightest lower bound [108], and that the MSE performance of the EM algo-
rithm achieves this bound at high SNR and as N — L. The techniques used to derive
the bounds can be extended to handle different compressible prior pdfs used in litera-
ture [93]. These results provide a convenient and easy-to-compute benchmark for com-
paring the performance of the existing estimators, and in some cases, for establishing
their optimality in terms of the MSE performance.

The rest of this chapter is organized as follows. In Sec. 2.2, we provide the basic defini-
tions and describe the problem set up. In Secs 2.3 and 2.4, we derive the lower bounds
for the cases shown in Figs. 2.2 and 2.3, respectively. The bounds are extended to the
MMV-SBL signal model in Sec. 2.5. The efficacy of the lower bounds is graphically illus-
trated through simulation results in Sec. 2.6. We provide some concluding remarks in

Sec. 2.7. In the Appendix, we provide proofs for the Propositions and Theorems stated
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in the chapter.

2.2 Preliminaries

As a precursor to the sections that follow, we define the MSE matrix and the Fisher
Information Matrix (FIM) [105], and state the assumptions under which we derive the
lower bounds in this chapter. Consider a general estimation problem where the un-
known vector 8 € R" can be split into sub-vectors § = [0, 67]", where 6, € R™
consists of random parameters distributed according to a known pdf, and 6, € R"™™
consists of deterministic parameters. Let 6(y) denote the estimator of 6 as a function of

the observations y. The MSE matrix E? is defined as

~

E°2£Eye, |(0-0(y))(0-6(y)"|, (2.4)

where O, denotes the random parameters to be estimated, whose realization is given
by 6,. The first step in obtaining Cramér Rao type lower bounds is to derive the FIM
19 [105]. Typically, I° is expressed in terms of the individual blocks of submatrices,

where the (ij)™ block is given by
I, 2 —Eye,[Vo, Vg, 10gpy 6,0,y 0r; 04)]- (2.5)

In this chapter, we use the notation I to represent the FIM under the different modeling
assumptions. For example, when 6, # () and 6, # 0, I° represents a Hybrid Information
Matrix (HIM). When 8, # () and 8, = (, I° represents a Bayesian Information matrix

(BIM). Assuming that the MSE matrix E? exists and the FIM is non-singular, a lower
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bound on the MSE matrix E? is given by the inverse of the FIM:
E - (1°) . (2.6)

It is easy to verify that the underlying pdfs considered in the SBL model satisfy the
regularity conditions required for computing the FIM (see Sec. 5.2.3 in [108]).

We conclude this section by making one useful observation about the FIM in the SBL
problem. An assumption in the SMV-SBL framework is that x and n are independent
of each other (for the MMV-SBL model, T and W are independent). This assumption
is reflected in the graphical model in Fig. 2.1, where the compressible vector x (and
its attribute v) and the noise component n (and its attribute %) are on unconnected

branches. Due to this, a submatrix of the FIM is of the form

Izg = —Ex v,z [V4 Ve {log pyix z(y]x, &) +logpx,r(x,7v) +logp=(&)}], (2.7)

where there are no terms in which both v and £ = ¢? are jointly present. Hence, the cor-
responding terms in the above mentioned submatrix are always zero. This is formally

stated in the following Lemma.

Lemma 1. When 0; = ~ and 0; = o2, the ij™" block matrix of the information matrix 1°, given

. . 0 _ . .
by (2.5), simplifies to I}, = 0, i.e., to an all zero matrix.

2.3 SMYV-SBL: Lower Bounds when o2 is Known

In this section, we derive lower bounds for the system model in (2.1) for the scenarios

in Fig. 2.2, where the unknown vector is 8 = [x”,47]7. We examine different modeling
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assumptions on v and derive the corresponding lower bounds.

2.3.1 Bounds from the Joint pdf

HCRB for 0 = [x7, 7"

In this subsection, we consider the unknown variables as a hybrid of a deterministic
vector v and a random vector x distributed according to a Gaussian distribution pa-
rameterized by ~. Using the assumptions and notation in the previous section, we

obtain the following proposition.

Proposition 1. For the signal model in (2.1), the HCRB on the MSE matrix E® of the unknown
vector @ = [x*,4T|" with the parameterized distribution of the compressible signal x given by

N(0, ), and with v modeled as unknown and deterministic, is given by E® = (H®)~!, where

0 0 TP -1
oo | H&  HEx)) <az +T ) Orxc . (2.8)

(HG(X’ 7))T HO (7) 0L><L dlag(27%> 2737 ety 2’}/%)_1
Proof: See Appendix A.
Note that the lower bound on the estimate of x depends on the prior information
through the diagonal matrix Y. In the SBL problem, the realization of the random
parameter v has to be used to compute the bound above, and hence, it is referred

to as an online bound. Note that the lower bound on the MSE matrix of x is E® >

o2

-1
(‘I’T‘i’ + 'I“‘l) , which is the same as the lower bound on the error covariance of the
Bayes vector estimator for a linear model (see Theorems 10.2 and 10.3 in [105]), and is

achievable by the MMSE estimator when Y = diag(y1,...,7.) is known.
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BCRB for 6 = [x”, 47"

For deriving the BCRB, a hyperprior distribution is considered on «, and the resulting x
is viewed as being drawn from a compressible prior distribution. The most commonly
used hyperprior distribution in the literature is the IG distribution [34], where ~;,7 =

1,2,..., Lis distributed as ZG (¥, %), given by

02 (P(2)) (%) e {_2:%

Using the definitions and notation in the previous section, we state the following

}; v € (0,00), v, A > 0. (2.9)

proposition.

Proposition 2. For the signal model in (2.1), the BCRB on the MSE matrix E® of the unknown
random vector @ =[x, vT|*, where the conditional distribution of the compressible signal x|~y
is N'(0, Y), and the hyperprior distribution on ~ is [ [, TG (%, %), is given by E® = (B®)~",

where

T
RO & B?(x) B?(x,~) _ <‘I)0—2(I’+>\IL><L> Orxr . (2.10)

(BO(X, )" Bo(’Y) Orxr WILXL

Proof: See Appendix B.
It can be seen from B? that the lower bound on the MSE of 4(y) is a function of the
parameters of the IG prior on =, i.e., a function of v and A, and it can be computed

without the knowledge of realization of «. Thus, it is an offline bound.
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2.3.2 Bounds from Marginalized Distributions

MCRSB for 6 = [v]

Here, we derive the MCRB for € = [v], where ~ is an unknown deterministic parameter.
This requires the marginalized distribution py.(y; «), which is obtained by considering
x as a nuisance variable and marginalizing it out of the joint distribution px v.(x,y; )
to obtain (2.3). Since v is a deterministic parameter, the pdf py,,(y;~) must satisfy
the regularity condition in [105]. Using the definitions and notations of the previous

sections, we state the following theorem to obtain the MCRB.

Theorem 1. For the signal model in (2.1), the log likelihood function log py.~(y;~y) satisfies the
regularity conditions. Further, the MCRB on the MSE matrix EY of the unknown deterministic

vector O = [y] is given by EY = (MY)~!, where the ij™" element of M7 is given by

1 B
MY = (@)%, 1®)7, 2.11)

for 1 < i,j < L, where ®; is the i'" column of ®, and ¥, = 0*Iyyn + PYPT, as defined

earlier.

Proof: See Appendix C.
To intuitively understand (2.11), we consider a special case of ®7® = NIy, and use

the Woodbury’s identity to simplify 3., to obtain the (i) entry of the matrix M as

v o -
Mji=2y+%) - (2.12)

2
Hence, the error in ~; is bounded as E, > 2 <% + %-) . As N — oo, the bound reduces
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to 272, which is the same as the lower bound on the estimate of ~ obtained as the lower-

right submatrix in (2.8). For finite IV, the MCRB is tighter than the HCRB.

MCRB for 0 = [x]

In this subsection, we assume a hyperprior on v, which leads to a joint distribution of
x and ~, from which « can be marginalized. Further, assuming specific forms for the
hyperprior distribution can lead to a compressible prior on x. For example, assuming
an IG hyperprior on = leads to an x with a Student-t¢ distribution. In [93], the authors
show that sampling from a Student-¢ distribution with parameters v and A results in a
v-compressible x. The Student-¢ prior is given by

(2.13)
where v represents the number of degrees of freedom and A represents the inverse
variance of the distribution. Using the notation developed so far, we state the following

theorem.

Theorem 2. For the signal model in (2.1), the MCRB on the MSE matrix E* of the unknown

compressible random vector @ = [x] distributed as (2.13), is given by EX = (M*)~!, where

e Ar+1)
02 (v +3)

M* Trr. (2.14)

Proof: See Appendix D.
We see that the bound derived depends on the parameters of the Student-t pdf. From
[94], the prior is “somewhat” compressible for 2 < v < 4, and (2.14) is nonnegative and

bounded for 2 < v < 4, i.e., the bound is meaningful in the range of v used in practice.
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Note that by choosing A to be large (or the variance of x to be small), the bound is
dominated by the prior information, rather than the information from the observations,
as expected in Bayesian bounds [105].

It is conjectured in [108] that, in general, the MCRB is tighter than the BCRB. Analyti-
cally comparing the MCRB (2.14) with the BCRB (2.8), we see that for the SBL problem
of estimating a compressible vector, the MCRB is indeed tighter than the BCRB, since

—1 -1
(QT‘I’ + )\(E/ngl))ILxL> t <(I’T‘I) + )\ILXL) .

o? o2

The techniques used to derive the bounds in this subsection can be applied to any
family of compressible distributions. In [94], the authors propose a parametric form of
the Generalized Compressible Prior (GCP) and prove that such a prior is compressible

for certain values of v. In the following subsection, we derive the MCRB for the GCP.

2.3.3 General Marginalized Bounds

In this subsection, we derive MCRBs for the parametric form of the GCP. The GCP
encompasses the double Pareto shrinkage type prior [110] and the Student-t prior (2.13)
as its special cases. We consider the GCP on x as follows

L A |$‘T —(v+1)/7
px(x) & K- H (1 + 72) ; x; € (—00,00), T,v,A >0, (2.15)

! 14
=1

where the normalizing constant K £ 7 (%)1/ ’ % When 7 = 2, the above dis-
tribution reduces to the Student-¢ prior as given in (2.13), and when 7 = 1, it reduces
to a generalized double Pareto shrinkage prior [110]. Note that the expression for the
GCP in [94] can be obtained from (2.15) by setting A = 1, and defining v = s — 1. The

following theorem provides the MCRB for the GCP.
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Theorem 3. For the signal model in (2.1), the MCRB on the MSE matrix Ef of the unknown

random vector @ = [x|, where x is distributed by a GCP in (2.15) is given by E¢ = (M9)~1,

where
, OTD
MT - 7 + TT) (216)
_ ey a7 I()r(2-1)
where T, = 7755 (3) WILxL.

3=

Proof: See Appendix E.
It is straightforward to verify that for 7 = 2, (2.16) reduces to the MCRB derived in
(2.14) for the Student-t distribution. For 7 = 1, the inverse of the MCRB can be reduced

to

M¢ = + (V+2§ I, (2.17)

Hence, this method is useful in obtaining a Cramér Rao type lower bound for the es-
timators based on the double Pareto shrinkage prior, which uses the generalized prior
with 7 = 1[110,111].

Further, we plot the expression (2.16) in Fig. 2.4 and observe that, in general, the
bounds predict an increase in MSE for higher values of 7. Also, the lower bounds
at different signal to noise ratios (SNRs) converge as the value of 7 increases at a given
value of IV, indicating that increasing 7 renders the bound insensitive to the SNR. The
lower bounds also predict a smaller value of MSE for a lower value of v.

Thus far, we have presented the lower bounds on the MSE in estimating the unknown
parameters of the SBL problem when the noise variance is known. In the next section,

we extend the results to the case of unknown noise variance.
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Figure 2.4: Behavior of the MCRB (2.16) for the parametric form of the GCD, as a func-
tion of 7, v, N and noise variance &.

2.4 SMV-SBL: Lower Bounds when o2 is Unknown

Let us denote the unknown noise variance as ¢ = o2.

In the Bayesian formulation,
the noise variance is associated with a prior, and since the IG prior is conjugate to the
Gaussian likelihood py(x =(y|x, §), it is assumed that 0® ~ ZG(c,d) [34], i.e., § = o? is
distributed as

dC
['(c)

p=(§) & £V exp {—g} ; £€(0,00), ¢,d > 0. (2.18)

Under this assumption, one can marginalize the unknown noise variance and obtain

the likelihood p(y|x) as

[ TR (e
plvb) & [ ply € = e (v - @7y — @ +20) 5 @19
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which is a multivariate Student-t¢ distribution. It turns out that the straightforward ap-
proach of using the above multivariate likelihood to directly compute lower bounds
for the various cases given in the previous section is analytically intractable, and that
the lower bounds cannot be computed in closed form. Hence, we compute lower
bounds from the joint pdf, i.e., we derive the HCRB and BCRBs for the unknown vector
0 = [x",~",¢]" with the MSE matrix E? defined by (2.4).> Using the assumptions and

notation from the previous sections, we obtain the following proposition.

Proposition 3. For the signal model in (2.1), the HCRB on the MISE matrix EZ of the unknown
vector @ = (0", €7, where 8" = [xT,~T|T, with the distribution of the compressible vector x
given by N (0, Y), where - is modeled as a deterministic or as a random parameter distributed

as [, ZG (%, %), and & is modeled as a deterministic parameter, is given by (H?) ™!, where

HY 0
HY? = b (2.20)
N
01><L @

In the above expression, with a slight abuse of notation, H?' is the FIM given by (2.8)
when ~ is unknown deterministic and by (2.10) when + is random.
Proof: See Appendix F.

The lower bound on the estimation of £ matches with the well known lower bounds
on noise variance estimation (see Sec. 3.5 in [105]). One disadvantage of such a bound
on & (y) is that the knowledge of the noise variance is essential to compute the bound,
and hence, it cannot be computed offline. Instead, assigning a hyperprior to £ would

result in a lower bound that only depends on the parameters of the hyperprior, which

2We use the subscript ¢ to indicate that the error matrices and bounds are obtained for the case of
unknown noise variance.
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are assumed to be known, allowing the bound to be computed offline. We state the

following proposition in this context.

Proposition 4. For the signal model in (2.1), the HCRB on the MSE matrix E? of the un-
known vector @ = [0'", €], where @ = [xT,~"|T, with the distribution of the vector x given
by N(0,Y), where ~ is modeled as a deterministic or as a random parameter distributed as
HiLZIIQ (%, %), and the random parameter ¢ is distributed as IG(c,d), is given by (HE)™,

where

H 0
I x1
H€ - 0 c(c+1)(N/2+c+3) | -~ (2.21)
1xL 42

In (2.21), H? is the FIM given in (2.8) when ~ is unknown deterministic and by (2.10)
when « is random.

Proof: See Appendix G.

In SBL problems, a non-informative prior on ¢ is typically preferred, i.e., the distribu-
tion of the noise variance is modeled to be as flat as possible. In [34], it was observed
that a non-informative prior is obtained when ¢, d — 0. However, as ¢, d — 0, the bound
in (2.21) is indeterminate. In Sec. 2.6, we illustrate the performance of the lower bound

in (2.21) for practical values of c and d.

2.4.1 Marginalized Bounds

In this subsection, we obtain lower bounds on the MSE of the estimator ¢ (y), in the
presence of nuisance variables in the joint distribution. To start with, we consider the
marginalized distributions of v and &, i.e., py.~.¢(¥; 7, §) where both, v and ¢ are deter-

ministic variables. Since the unknowns are deterministic, the regularity condition has
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to be satisfied for 8 = [y7, £]”. We state the following theorem.

Theorem 4. For the signal model in (2.1), the log likelihood function log py .~ ¢(y; 7y, &) satisfies
the regularity condition [105]. Further, the MCRB on the MSE matrix E of the unknown

deterministic vector @ = [y", £]" is given by B = (Mf)~!, where

Mo 2 [ MY () M?(%&)] | )

MZ2(&,y)  ME(€)

where the ij™ entry of the matrix M (v) is given by (MZ(v))y; = 3 {(®TX,'®;)?}, and

MY (€) = STr(S,2). Further, (M2(~,€)); = (M2(£,7))i = 2220, j = 1,2,..., L.

-2 2 )

Proof: See Appendix H

Remark: From the graphical model in Fig. 2.1, it can be seen that the branches consist-
ing of 7; and £ are independent conditioned on x. However, when x is marginalized,
the nodes ¢ and +; are connected, and hence, Lemma 2 is no longer valid. Due to this,
the lower bound on « depends on ¢ and vice versa, i.e.,, M¢ () and M{ () depend on
both £ and Y = diag(y) through X, = {Iyyy + Y P,

Thus far, we have presented several bounds for the MSE performance of the estimators
%(y), 4(y) and £(y) in the SMV-SBL framework. In the next section, we derive Cramér

Rao type lower bounds for the MMV-SBL signal model.

2.5 Lower Bounds for the MMV-SBL

In this section, we provide Cramér Rao type lower bounds for the estimation of un-
known parameters in the MMV-SBL model given in (2.2). We consider the estima-

tion of the compressible vector w from the vector of observations t, which contain the
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stacked columns of W and T, respectively. In the MMV-SBL model, each column of
W is distributed as w; ~ AN (0,Y), for i = 1,...M, and the likelihood is given by
1Y, prjw, =(ti|wi, &), where prjw,=(ti|wi, &) = N (®w,,€) and € = o2, The modeling
assumptions on v and ¢ are the same as in the SMV-SBL case, given by (2.9) and (2.18),
respectively [104].

Using the notation developed in Sec. 2.2, we derive the bounds for the MMV SBL case
similar to the SMV-SBL cases considered in Secs. 2.3 and 2.4. Since the derivation of
these bounds follow along the same lines as in the previous sections, we simply state

results in Table 2.1.

| Bound Derived | Expression |

HCRB on 4(y) HY, = diag (%),1:1,2...,L
BCRB on 4(y) B§, = X0y,
MCRB on A(y) M§, = [M?],

where MY = (¢T3 1 ;)
HCRB on w(y) HY = (22 + 1) @ Ly
BCRB on w(y) B¢, = (‘I’T‘I’ + AIM) ® Lnrns
HCRB on £(y) HY, = (52)
BCRB on (y) Bg, = el

MCRB on [¥(y)7, £(y)]” M¢, = M x M?

Table 2.1: Cramér Rao Type Bounds for the MMV-SBL Case.

We see that the lower bounds on 4(y) and £(y) are reduced by a factor of M compared
to the SMV case. This is intuitively satisfying, since a higher number of observations are
available for the estimation of the parameters v and &. It turns out that it is not possible
to obtain the MCRB on w in the MMV-SBL setting, since closed form expressions for

the FIM are not available.
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In the next section, we consider two algorithms for SBL, namely the EM algorithm
and the ARD based reweighted /; algorithm, and numerically illustrate the utility of

the lower bounds.

2.6 Simulations and Discussion

The vector estimation problem in the SBL framework typically involves the joint es-
timation of the hyperparameter and the unknown compressible vector x. Since the
hyperparameter estimation problem cannot be solved in closed form, iterative estima-
tors are employed [34]. In this section, we consider the iterative updates based on the
EM algorithm first proposed in [34]. We also consider the algorithm proposed in [96]
based on the Automatic Relevance Determination (ARD) framework. We plot the MSE
performance in estimating x, v and £ with the linear model in (2.1) and (2.2), for the EM
algorithm, labeled EM and the ARD based Reweighted ¢, algorithm, labeled ARD- SBL.
We compare the performance of the estimators against the derived lower bounds.

We simulate the lower bounds for a random underdetermined (N < L) measurement
matrix ®, whose entries are i.i.d. and standard Bernoulli ({+1, —1}) distributed. A com-
pressible signal of dimension L is generated by sampling from a Student-¢ distribution
with the value of v ranging from 2.01 to 2.05, which is the range in which the signal is
“somewhat” compressible, for high dimensional signals [94]. Figure 2.5 shows the de-
cay profile of the sorted magnitudes of L = 1024 i.i.d. samples drawn from a Student-¢

distribution for different degrees of freedom and with the value of E(2?) fixed at 1072.
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2.6.1 Lower Bounds on the MSE Performance of x(y)

In this subsection, we compare the MSE performance of the ARD-SBL estimator and the
EM based estimator x(y). Figure 2.6 depicts the MSE performance of x(y) for different
SNRs and N = 750 and 1000, with v = 2.01. We compare it with the HCRB/BCRB
derived in (2.8), which is obtained by assuming the knowledge of the realization of the
hyperparameters ~. We see that the MCRB derived in (2.14) is a tight lower bound on

the MSE performance at high SNR and V.

10

=
—

=
o
o

— /.
E? ‘ &“. :v"“'--‘a_ ‘‘‘‘‘‘‘‘‘‘‘‘
S N‘oﬂ_ ‘‘‘‘‘‘‘‘‘‘‘
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Figure 2.7: Plot of the MSE performance of X(y), the corresponding MCRB and BCRB
as a function of v, where SNR = 40dB.

Figure 2.7 shows the comparative MSE performance of the ARD-SBL estimator and
EM based estimator as a function of varying degrees of freedom v, at an SNR of 40dB
and N = 1000 and 750. As expected, the MSE performance of the algorithms is better

at low values of v since the signal is more compressible, and the MCRB and BCRB also

reflect this behavior. The MCRB is a very tight lower bound, especially for high values
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Figure 2.8: Plot of the MSE performance of X(y), the corresponding MCRB and BCRB
as a function of N, where SNR = 40dB.

of N. Figure 2.8 shows the comparative MSE performance of the ARD-SBL estimator
and EM based estimator as a function of /N, at an SNR of 40dB and for two different

values of v. The MSE performance of the EM algorithm converges to that of the MCRB

at higher V.

2.6.2 Lower Bounds on the MSE Performance of (y)

In this subsection, we compare the different lower bounds for the MSE of the estimator
4(y) for the SMV and MMV-SBL system model. Figure 2.9 shows the MSE performance
of 4(y) as a function of SNR and M, when v is a random parameter, N = 1000 and
v = 2.01. In this case, it turns out that there is a large gap between the performance of

the EM based estimate and the lower bound.
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When « is deterministic, we first note that the EM based ML estimator for - is asymp-

totically optimal and the lower bounds are practical for large data samples [105]. The

results are listed in Table 2.2. We see that for L = 2048 and N = 1500, the MCRB

and BCRB are tight lower bounds, with MCRB being marginally tighter than the BCRB.

However, as M increases, the gap between the MSE and the lower bounds increases.

| SNR(dB) | 10 [ 20 | 30 | 40 |
M= MSE 0.054 [ 0.053 | 0.051 | 0.050

) MCRB 0.052 [ 0.051 | 0.050 | 0.049

HCRB 0.049 [ 0.049 | 0.049 | 0.049

MSE 0.0450 | 0.039 | 0.035 | 0.030

M =50 | MCRB x10~%| 0.120 | 0.110 | 0.100 | 0.090

HCRBx10~? | 0.977 ] 0.977 [ 0.977 | 0.977

Table 2.2: Values of the MSE of the Estimator 4(y), the MCRB and the HCRB, for 8, =
[v] as a Function of SNR, for N = 1500.
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2.6.3 Lower Bounds on the MSE Performance of &(y)

In this subsection, we compare the lower bounds on the MSE of the estimator £(y) in
the SMV and MMV-SBL setting. Figure 2.10 shows the MSE performance of £(y) and
the corresponding HCRB for different values of N and M. Here, ¢ is sampled from the

IG pdf (2.18), with parameters ¢ = 3 and d = 0.2.
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Figure 2.10: Plot of MSE performance of 4(y) along with the HCRB as a function of N.

When ¢ is deterministic, the EM based ML estimator for v is asymptotically optimal
and the lower bounds are practical for large data samples [105]. Table 2.3 lists the MSE
values of £(y), the corresponding HCRB and MCRB for deterministic but unknown
noise variance, while the true noise variance is fixed at 1073, We see that for L = 2048
and N = 1500, the MCRB is marginally tighter than the HCRB. However, when the

noise variance is random, we see from Fig. 2.10 that there is a large gap between the

MSE performance and the HCRB.
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| | N | 1500 | 1600 | 1700 | 1800 |

MSE x10~® | 0.736 | 0.663 | 0.636 | 0.592
MCRBx10~% | 0.380 | 0.340 | 0.307 | 0.279
HCRBx10~% [ 0.133 ] 0.125 ] 0.118 | 0.111
MSE x10~% [ 0.930 | 0.892 | 0.866 | 0.847
M =50 | MCRBx10~ | 0.680 | 0.652 | 0.614 | 0.573
HCRBx10-™ | 0.267 | 0.250 | 0.235 | 0.222

Table 2.3: Values of the MSE of the Estimator é (y), the MCRB and the HCRB for 6, = [¢],
as a Function of .

2.7 Conclusions

In this work, we derived Cramér Rao type lower bounds on the MSE, namely, the
HCRB, BCRB and MCRB, for the SMV-SBL and the MMV-SBL problem of estimating
compressible signals. We used a hierarchical model for the compressible priors to ob-
tain the bounds under various assumptions on the unknown parameters. The bounds
derived by assuming a hyperprior distribution on the hyperparameters themselves pro-
vided key insights into the MSE performance of SBL and the values of the parameters
that govern these hyperpriors. We derived the MCRB for the generalized compressible
prior distribution, of which the Student-¢ and Generalized Pareto prior distribution are
special cases. We showed that the MCRB is tighter than the BCRB. We compared the
lower bounds with the MSE performance of the ARD-SBL and the EM algorithm using
Monte Carlo simulations. The numerical results illustrated the near-optimality of EM

based updates for SBL, which makes it interesting for practical implementations.
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Joint Sparse Channel Estimation and
Data Detection in SISO-OFDM Systems

using Sparse Bayesian Learning

3.1 Introduction and System Model

In practice, wireless channels have a large delay spread with a few significant channel
tap coefficients, and therefore, the channel is approximately sparse (a-sparse) in the lag
domain. Several papers in literature have proposed sparse channel estimation tech-
niques (see [112-114] and references therein). In the context of channel estimation for
OFDM systems, spectrally efficient techniques (for which P < L, where P is the num-
ber of pilots and L is the length of the channel) that leverage this approximate sparsity
using Compressed Sensing (CS) [5] have been proposed [8,63,70,114-116]. In this work,
we propose to formulate the problem of channel estimation in a Sparse Bayesian Learn-
ing (SBL) framework [34,49]. Specifically, we design novel SBL algorithms for OFDM
systems in the following scenarios: (i) The block-fading case, where the channel coeftfi-

cients remain fixed across the OFDM frame duration and vary in an i.i.d. fashion from

56
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frame to frame; and (ii) the time-varying case, where the channel coefficients across

successive OFDM symbols are temporally correlated but have a common support.

3.1.1 Problem Formulation and Contributions

In this subsection, we cast the channel estimation problem in the SBL framework and
describe the contributions of this work. In an OFDM system with IV subcarriers, the
instantaneous received signal, denoted by y € CV*!, is mathematically represented
as [64]

y = XFh + v. (3.1)

Here, F € CV*L (N > L) contains the first L columns of the N x N Discrete Fourier
Transform (DFT) matrix, h € C* is the channel impulse response. The dictionary matrix
is given by ® = XF, where the diagonal matrix X € CV*¥ contains the N transmitted
symbols comprising both known pilot symbols and unknown M-PSK/M-QAM mod-

ulated data along the diagonal. Each component of v € CV*!

is a zero mean circularly
symmetric additive white Gaussian noise with pdf denoted by CA (0, 0?), where o2 is
the noise variance. Typically, the communication between the transmitter and the re-
ceiver occurs in frames consisting of K consecutive OFDM symbols. Suppose that, in
a given OFDM symbol, P of the N subcarrier locations are pilot subcarriers and the

remaining (N — P) subcarriers carry unknown data symbols. The system model per-

taining to the pilot subcarriers can be written as

yp = X, Fyh+ v, (3.2)
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where y, is a P x 1 vector containing the entries of y sampled at pilot locations, X, is a
P x P diagonal matrix with the known pilot symbols along its diagonal, F), is the P x L
(P < L) submatrix of F consisting of the rows corresponding to the pilot locations and
v, isa P x 1 vector, again consisting of components of v sampled at pilot locations.

As elucidated in chapter 1, the complex baseband representation of the scalar channel
impulse response ht],t € R can be modeled as a stationary tapped delay line filter in

the lag-domain:

hlt] = hid[t — 7], (3.3)

=1

where 4[t] is the Dirac delta function, h; and 7, represent the attenuation and prop-
agation delay between the transmitter and the receiver path I, respectively, and L is
the number of paths [62]. It is known that the wireless channel models obtained using
channel sounding experiments exhibit approximate sparsity in the lag-domain (for e.g.,
due to non-perfect low-pass filtering using raised cosine filtering), as the communica-
tion bandwidth and sampling frequency increase [70]. Hence, based on these practical
considerations, we consider the lag-domain filtered channel impulse response, which
can be represented as h[t] = g;[t] * h[t] * g, [t], where g,[t] and g, [t] represent the baseband
transmit and receive filters and * represents the convolution operation [63]. Then, the
discrete-time channel can be represented as, (1) = h[({—1)T’], where T is the baud inter-
val. The overall channel is represented as h = (h(1), h(2), ..., h(L))”. Further, in an SBL
framework, we model the channel as h ~ CN(0,T'), where I' = diag(v(1),...,v(L)).
Note that if v(I) — 0, then the corresponding h(l) — 0 [33,49].

The traditional methods for channel estimation in OFDM systems assume knowledge

of the MIP and use pilots for channel estimation and tracking [66], or employ iterative
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techniques based on the Expectation Maximization (EM) algorithms for joint channel
estimation/tracking and data detection [72,73]. CS techniques have been proposed for
the estimation of the time-varying channel over all the symbols in a frame when the
channel consists of a few significant nonzero entries but the path delays are unknown
[75-77]. Further, approximate inference methods have been used to solve the problem
of joint channel estimation and decoding in a BICM-OFDM system, where the time-
varying sparse channel is modeled using a Bernoulli-Gaussian prior [63,68]. In [69], the
authors design variational message-passing algorithms based on hierarchical Bayesian
prior models for pilot-assisted OFDM channel estimation.

In this chapter, we propose SBL algorithms for exact inference! based channel estima-
tion, channel tracking, and data detection. In addition to the monotonicity property
of SBL by virtue of the EM framework, SBL offers guarantees such as convergence to
the sparsest solution when the noise variance is zero, and converging to a sparse local
minimum irrespective of the noise variance [49]. In contrast, approximate inference
methods [44], although lower in computational complexity, do not offer such rigorous
convergence guarantees. Given the prior distributions of the noise v, and the channel

h in (3.2), the a-sparse channel estimation problem is given by

||YP - XprhH;

(P1) h = argmin =

L
h;ye]R+X1

+log |T| + h”T'h, (3.4)

where? T' £ diag(y(1),...,v(L)) and | - | denotes the determinant of a matrix. In the

objective function above, the first term originates from the data likelihood and the other

'In the machine learning literature (e.g., [117-119]), “exact inference” is an attribute associated with
algorithms that obtain the exact posterior distribution of the hidden/missing variable.

ZDue to the one-to-one correspondence between the vector « and the diagonal matrix I', we use them
interchangeably.
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terms are from the Gaussian prior (conditioned on ) assumed on the wireless channel.
In this work, we specifically address the problem of OFDM channel estimation.

Note that, the above problem addresses the estimation of the wireless channel us-
ing pilot subcarriers only. However, in the OFDM scenario, several subcarriers carry
unknown data as well. In this work, we also consider the problem of joint channel

estimation and data detection, which can be stated as

. — XFh||;
(P2) h,X= argmin M

h~yeR}*! Xes

+1log || + h*T'h. (3.5)

where S C C denotes M-QAM/M-PSK constellation from which the symbol is trans-
mitted.

Depending on the mobility of the receiver, the channel may remain essentially con-
stant over the frame duration, or may be slowly time-varying. If the channel is con-
stant, the a-sparse channel estimate can be obtained from the pilot subcarriers by solv-
ing (P1). When the channel is time-varying, typically, the nonzero channel coefficients
vary slowly and are temporally correlated, but the hyperparameters of the channel re-
main constant for several OFDM frames [74]. Consequently, the locations of the sig-
nificant components coincide in successive channel instantiations, i.e., the channels
are approximately group-sparse (a-group-sparse). In this work, we cast the channel es-
timation problem as a a-group-sparse channel estimation problem and devise exact
Bayesian inference based solutions. Approximate inference techniques for estimating
the time-varying sparse vector and support have been proposed in [78]. In the context
of SBL, block-based methods such as Block SBL (BSBL) and Temporal SBL (TSBL) algo-

rithms [79] have been proposed to estimate the time-varying correlated sparse vectors
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when the correlation among the group-sparse vectors is modeled using a general cor-
relation structure. In contrast to the above-mentioned works, the autoregressive (AR)
state space model has been employed to model the correlation among the group sparse
vectors and approximate Kalman filtering techniques have been proposed [44]. Further,
CS based Kalman filtering has been proposed in the context of sparse correlated vector
estimation [29].

In this work, we adopt the Kalman Filter (KF) based exact inference, where the tem-
poral variations of the channel are captured by an AR model. Moreover, it is known
that the first order AR model accurately captures the local behavior of fading wireless

channels [120]. The first order AR model for the k" channel tap is given by

h; = phy_1 + u, (3.6)

where the Jakes” Doppler spectrum leads to p = Jy(27f,Ts) € R where Jy(-) is the ze-
roth order Bessel function of the first kind, f; is the Doppler frequency, and 7 is the
OFDM symbol duration [121]. The driving noise u; consists of independent compo-
nents u (i) ~ CN(0, (1 — p*)v(7)). The initial condition for the a-sparse channel is given
by h; ~ CN(0,T).

When the hyperparameters are known, a KF approach has been used for channel
tracking using the pilot symbols [122]. The EM based KF has also been proposed for
joint channel tracking and data detection in OFDM systems [121,123]. However, these
algorithms are not applicable in scenarios where the hyperparameters are unknown

and need to be estimated along with the channel tap coefficients and the data symbols.
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In contrast, we use the exact inference techniques employed for linear dynamical sys-
tems [117,124] to exploit the known correlation structure of the channel. We note that
by using an AR state space model, it is possible to significantly reduce the computa-
tional complexity compared to the block-based a-sparse estimation techniques such as
the ARSBL [125].

Since the unknown channels have a common hyperparameter vector, the joint pdf of

the K received OFDM signals and the a-group-sparse temporally correlated channels

is given by
K
Yy, 0, y) = [ 3pim ) (b [ 137), (3.7)
m=1
where Y, xk = [yp1,---,¥p.i), and, by convention, we use p(h;|hg; ) 2 p(hy;v) where

h; ~ CN(0,T). To obtain the optimization problem, we consider —log p(Y, x, hi, ..., hg; )

and neglect the terms that are constant w.r.t. h and -, to obtain

K 2 K -
P;m_Xp,me,mhm m— — H 1 — -
Sy, b, y) = 32 Iy > oy Klog ||+ > (hm —ph 1)(1:02)(11 phi—1)
m=1 m—2

+hiT'h,. (3.8)

From the equation above, the pilot-based channel estimation problem for X OFDM

symbols can be written as
(P3) hi,...,hx = argmin f(hy, ... hg, ). (3.9)

Problem (P3) addresses the estimation of time-varying wireless channels using only the
pilot subcarriers. However, as mentioned earlier, several subcarriers in each of the

OFDM symbols carry unknown data. Hence, we can also consider the problem of joint
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time-varying channel estimation and data detection, by modifying (3.9) as follows:

(P4) fll,...,flK,Xl,...,XK: arg min gy, ... hg, v, Xy, ..., Xk)
hi,.. hgyeRY X, X k€S
(3.10)
where
K _
obr, o By X Xg) = 30 X F il § (s o)
m=1 m=2
+Klog|T'| + hiT~1h;. (3.11)
Contributions

In this work, we propose a practical and principled approach for joint a-group-sparse
channel estimation and data detection in SISO-OFDM systems, that evaluates well in
Monte-Carlo simulations. First, we show that the problem in (P1) can be solved us-
ing the SBL framework of [49]. We next generalize the SBL framework to obtain the
J-SBL algorithm as a solution to (P2). A key feature of the J-SBL algorithm is that the
observations from both the data and the pilot subcarriers are incorporated to jointly
estimate the a-sparse channel as well as the unknown data. We also propose a low
complexity, recursive J-SBL (RJ-SBL) algorithm to solve (P2). We show that the joint es-
timation procedure leads to a significant improvement in the Mean Square Error (MSE)
of the channel estimate at SNRs of practical interest. Further, we propose a novel, low-
complexity K-SBL algorithm as a recursive solution to (P3). We enhance the K-SBL
algorithm to obtain the JK-SBL algorithm, which is a recursive solution to (P4). The
results are summarized in the Table 3.1.

Although our work focuses on a-sparse channel estimation for OFDM systems using
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Table 3.1: The main contributions of this chapter.

Sl. no. | Novel algorithms proposed Goal Applicability
and Section number
1 SBL in Sec. 3.2 Joint channel, hyperparameter estimation | Block-fading channels (P1)
2 J-SBL in Sec. 3.3 Joint channel, hyperparameter estimation | Block-fading channels (P2)
and Recursive J-SBL and data detection
3 K-SBL in Sec. 3.2 Recursive joint channel Time-varying and
and hyperparameter estimation Block-fading channels (P3)
4 JK-SBL in Sec. 3.3 Recursive joint channel, hyperparameter Time-varying and
estimation and data detection Block-fading channels (P4)

the SBL framework, the algorithms we develop are important in their own right as de-
scribed in 2. This is the first work in the literature that proposes recursive techniques
for exact inference in sparse signal recovery. We show that the joint problems of hy-
perparameter estimation and data detection separate out in the M-step. This leads to
a simple maximization procedure in the M-step, with no loss of optimality. The joint
algorithms involve estimation of the unknown data symbols, which necessitates the
development of techniques that are capable of handling partially unknown dictionary
matrices.’ Finally, the recursive versions of the algorithms have the advantage of com-
putational simplicity compared to other exact inference methods, while retaining the
performance advantages of SBL estimators.

The rest of this chapter is organized as follows. In Sec. 3.2, we propose algorithms for
a-sparse channel estimation using pilots. In Sec. 3.3, the joint channel estimation and
data detection algorithms are proposed and the implementation issues are discussed.
The efficacy of the proposed techniques is demonstrated through simulation results in

Sec. 3.4. We offer some concluding remarks in Sec. 3.5.

3That is, the algorithms are capable of handling the fact that, due to the N — P unknown data symbols
in X, the measurement matrix & = XF is partially unknown.
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3.2 Channel Estimation and Tracking Using Pilot Subcar-

riers

In this section, we propose SBL algorithms for a-group-sparse channel estimation in
OFDM systems using pilot symbols, for both block-fading and time-varying channels.
First, we discuss the SBL algorithm to solve (P1), i.e., the problem of a-sparse channel
estimation using P, pilots in the entire OFDM frame when the channel is block-fading.
Subsequently, we consider the time-varying channel using P; pilots in every symbol,
and propose a novel, recursive approach for a-group-sparse channel estimation, i.e., a

solution to (P3).

3.2.1 The SBL Algorithm: Block-fading Case

Here, we propose the SBL algorithm for channel estimation using pilot subcarriers in a
single OFDM symbol; this forms the basis for the algorithms developed in the sequel.
The observation model is given by (2). SBL uses a parametrized prior to obtain sparse

solutions, given by

p(h;y) = H(m(i))‘lexp (—‘@&?J ) : (3.12)

Typically, the hyperparameters ~ can be estimated using the type-II ML procedure [34],
i.e., by maximizing the marginalized pdf p(y,;~) as

Yuvr = arg max p(yp; y)- (3.13)
,YGRJer 1

Since the above problem cannot be solved in closed form, iterative estimators such

as the EM based SBL algorithm [49] have to be employed. The sparse channel h is
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considered as the hidden variable and the ML estimate of ~ is obtained in the M-step.

The steps of the algorithm can be given as

E-step : Q (YY) = Enjy, ) [l0g p(yp, h; )] (3.14)
M-step : v = arg max @ (v|v"). (3.15)
'YGRin

The E-step above requires the posterior density of the sparse vector with the hyperpa-

rameter v = ~("), which can be expressed as
p (hlypy") = CN (. 3), (3.16)

where & = IV — TW@H (615 + &,TV®H) ' &,I"), and p = 0 *S®y,, where
®, = X, F,. Notice that the EM algorithm given by the steps in (3.14), (3.15) also solves
(P1), where we obtain a MAP estimate of the a-sparse channel, i.e., h = pwith T' =

diag(y(™). The M-step in (3.15) can be simplified, to obtain

(i) = argmax Eyy, o [log p(h; )] (3.17)
() ERL
= By, oy [[R(D] = 2(,0) + (@) (3.18)

In (3.17), the term Ky, . [logp(y,|h;~)] has been dropped, as it is not a function of
v(z). Note that, since all the algorithms proposed in this work use the EM updates,
they have monotonicity property, i.e., the likelihood is guaranteed to increase at each
iteration [126,127].4

In the case of multiple OFDM symbols in a block-fading channel, since the channel

“We have found, empirically, that the straightforward initialization such as T®) = I, leads to accurate
solutions.



Chapter 3. 67

remains constant for the X' OFDM symbols, the system model in (3.2) is modified as

Yom = XpmFpmh+v,,,, m=1... K. (3.19)

The equation above has a one-to-one correspondence with (3.2), since y,, ,, denotes the
observations corresponding to pilot subcarriers in the m™ OFDM symbol and ®,,,,, =
X, mFp.m denotes the matrix consisting of measurements corresponding to pilot sub-
carriers in the m™ OFDM symbol.

We note that the SBL algorithm proposed in this section is not equipped to use the
correlations between the channel across successive OFDM symbols in a time-varying
channel. A straightforward approach to exploit the correlation is to use a block-based
method, where the estimates of all the K channel vectors are obtained jointly using the
observations for the K OFDM symbols [79,125]. However, this joint processing of all
K OFDM symbols is computationally expensive, as it requires inverting matrices of
the size K P, x KP,. In the next subsection, we propose a recursive approach that is
not only low-complexity compared to the block-based techniques, but also exploits the
temporal channel correlation across symbols, resulting in an enhanced channel tracking

performance.
3.2.2 The K-SBL Algorithm: Time-varying Case

In this subsection, we derive algorithms for tracking the slowly time-varying channel
using an SBL framework to learn the hyperparameters along with the channel coeffi-

cients, i.e., we solve (P3). We derive recursive techniques based on the Kalman Filter
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and Smoother (KFS), with an AR model for the temporal evolution of the channel. In-
terestingly, the framework developed in this section can also be used to accommodate
detection of the unknown data (i.e., a solution to (P4)), as we show in the next section.
In the time-varying case, the measurement equation given by the OFDM system model,
and the state equation given by the first order AR channel model, for K consecutive

symbols, are as follows:

vam - (I)P,mhm + Vp,ma (320)

h, .1 =ph, +u,1, m=12 ... K, (3.21)

where ®,,,, = X, ,,F, .. Typically, in a KF approach to (P3), the goal is to recursively
estimate the channel state and its covariance matrix using forward and backward re-
cursions, given the observations y,1,...,y, x sampled at the P, pilot subcarriers. In
the forward recursion, for each OFDM symbol, the KF operates on the received sym-
bol to obtain the estimates of the a-sparse channel as a weighted average of the pre-
vious estimate and the current received symbol. These weights are given by the the
Kalman gain matrix, and are updated for each OFDM symbol. In the backward recur-
sion, the Kalman smoother ensures that the observations until the K" OFDM symbol are
included in the estimation of the a-sparse channel corresponding to the m™ symbol for
1 < m < K. Hence, it improves the accuracy of the estimates of the previous channel
states in every recursion.

For the moment, if we assume that I" is known, and if we denote the posterior mean
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and the covariance matrix of channel in the m™ OFDM symbol by flm‘m and P, ,,, re-

spectively, for 1 < m < K, then the KFS update equations are as follows [124,128]:

form=1,...,K do

Prediction: flm|m_1 = pflm_”m_l (3.22)
Pojm—1 = p°Potjm_1 + (1 — p*)T (3.23)
Filtering:

G = P 1 @7 (0%Tp, + P 1B ) (3.24)
i = Bonn1 + G (Y pim — @pnBinjim—1) (3.25)
Pom = I — Gn®p ) Prjm—1 (3.26)
end

forj=K,K—1,...,2 do

~

SmOOthing: flj—l\K = hj—l\j—l + Jj_l(flj‘[( — ﬁj|j—1) (327)
Pk =Pjaj1+ TPy — Pyy-) Il (3.28)
end

-1

where Jj—l £ ij_l‘j_le\j—l

and G,, is the Kalman gain. In the above, the symbols
flm|m_1, P,.m-1, etc. have their usual meanings as in the KF literature [124]. For ex-
ample, flm‘m_l is the channel estimate at the m™ OFDM symbol given the observations
Y,m-1 = [Ypi1s---sYpm—1] and P,y is the covariance of the m™ channel estimate
given Y, ,_1. The above KFS equations are initialized by setting f10|0 =0and Py =T.

They track the channel in the forward direction using the prediction and the filtering

equations in (3.22)-(3.26) and smooth the obtained channel estimates using the backward
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recursions in (3.27)-(3.28). However, in the a-sparse channel tracking problem, I is un-
known. Hence, we propose the K-SBL algorithm, which simultaneously estimates the
channel coefficients and also learns the unknown I'.

Recall that the a-group-sparse channel has a common hyperparameter set. The joint
pdf of the received signals and the a-group-sparse channel for K OFDM symbols is
given by (3.7), which leads to the optimization problem as given by (FP3). We propose

the K-SBL algorithm using the EM updates, as follows:

E-step : Q (V7)) = En,, _ngly, xy@ 108 D(Yp i, b, . hic; )] (3.29)

.....

(r+1)

= arg max () (’y|’y(’")) . (3.30)

Lx1
7€R+

M-step : v

To compute the E-step given above, we require the posterior distribution of the un-
known a-sparse channel, which is obtained using the recursive update equations given
by (3.22)-(3.28). In order to obtain an ML estimate of «, K-SBL incorporates an M-step,
which, in turn, utilizes the mean and covariance of the posterior distribution from the

E-step. From (3.7), the M-step results in the following optimization problem:

AU = arg max By hi Yy xv© ) [c = Klog |T|
’YGRLXI
= (hj — ph;)"T "' (h; — ph;,) Hyp—1
Z . =2 —h{T 'hy), (3.31)
= (1—=p%

where c is a constant independent of 7. As mentioned earlier, we see that the M-step re-
quires the computation of flﬂ k =Ky,
Pjx + flj|KflﬁK for j = 1,..., K, which is obtained from (3.22)-(3.28). The M-step

also requires the computation of K, hic[Y iy ™) [hjh] = P, 1k + flﬂKfle_l‘K for

.....
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j=K,K—1,...,2,which we obtain from [124] as follows:
P oKk = Pj—l\j—leH_Q + Jf—l(Pj,j—l\K —pP;_qp-1)d . (3.32)

The above recursion is initialized using Py x—1x = p(Iz — Gx®p x)Pxr_1jx-1. Using
the above expressions, (3.31) simplifies as

K

1

~ ) — argmax ¢ ¢ — K log |T| — Trace(I''M; k) — = ZTrace(I“lMﬂK) ;
~eRLX! p J=2

(3.33)
where ¢’ is a constant independent of v, M x £ Pj|K+f].j|Kfl§—|IK+p2(Pj_l‘K‘i_l:.lj_l‘Kﬁf_l'K)_
QpRe(Pj,j_1|K+f1j‘Kﬁf_l|K) and Mk = P1|K—|—f11|KﬁﬁK. Differentiating (3.33) w.r.t. v(7)
and setting the resulting equation to zero gives the update for the i hyperparameter
as follows:

K .
1 Mik(2,1 o
7(r+1)(2~) S (Z ﬂ + M1|K(Z,2)> 7 (3.34)

K (1=p?)

=2
for ¢ =1,..., L. Thus the K-SBL algorithm learns ~ in the M-step and provides low-
complexity and recursive estimates of the a-sparse channel in the E-step. This com-
pletes the EM based solution to (P3).

Remarks: When p = 1, the AR model simplifies to h = h; = ... = hg , and hence, it
reduces to the block-fading channel scenario. The recursive updates in the E-step are

given by the KFS equations (3.22)-(3.28), and the M-step is given by
QYY) = Enpy, iyt [ — (07T h + log |T))), (3.35)

which results in the same M-step as that of the SBL algorithm in the block-fading case.
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Hence, this algorithm provides a low-complexity recursive solution to the SBL prob-
lem in the block-fading scenario, which we discuss in detail in Sec. 3.3.2. At the other
extreme, when p = 0, the AR model simplifies to h,, = u,, form = 1,... K, i.e,, the
channels for OFDM symbols are mutually independent of each other. In this case, the
prediction equations of the KFS equations simplify as flm|m_1 = 0and P, .1 =T,
and the expressions for flm|m and P,,,,, simplify to the mean and covariance matrix, as
obtained in the SBL algorithm for a single OFDM symbol. The smoothing equations
simplify to flm_1|m = flm_l‘m_l and P,,_y;, = Pyy_1jm—1, i.e., the smoothed mean and
covariance at the (m — 1) symbol depend only on observations of the (m — 1) OFDM
symbol, as expected.

Although the algorithms proposed in this section are easy to implement and compu-
tationally simple due to their recursive nature, they do not utilize all the information
available from the observation vectors yi,...,yx. Only the pilot subcarriers are used
for channel estimation. Hence, in the next section, we extend the SBL framework devel-
oped in this section to detect the unknown data. We show how these decisions can be

coalesced into the EM iterations, leading to joint channel estimation and data detection.

3.3 Joint Channel Estimation and Data Detection Using

Pilot and Data Subcarriers

In this section, we start by deriving the J-SBL and the RJ-SBL algorithm for joint esti-
mation of the unknown a-sparse channel and transmit data in a block-fading OFDM

system. Subsequently, we consider the time-varying channel, and generalize the K-SBL
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to obtain the JK-SBL for jointly estimating the unknown data and tracking the a-group-
sparse channel. Our proposed algorithms solve the problems (P2) and (P4) using an

SBL framework.

3.3.1 The J-SBL Algorithm: Block-fading Case

To derive the algorithm for an OFDM frame consisting of X' OFDM symbols, we con-
sider h as a hidden variable and [v, X, ..., Xk]| as the parameters to be estimated. The

E and the M-steps of the J-SBL algorithm can be given as

E_Step : Q(X> 7‘){(7”)7 ’Y(T)) = Eh|y;X(7')7ﬂy(7') [lOg p(y> ha Xa ’7)] (336)
M-step : (XD, 40 ) = argmax Q (X, v|X",~") | (3.37)
X,'yER_‘L_Xl
where X € CN¥*NE ig a block diagonal matrix consisting of the matrices Xy, ..., Xk

whose diagonal entries consist of symbols from the transmit constellation, and y =

T T]T.

vl,...,yk]". The posterior density computed in the E-step is p (hly; X", ~™) =

CN(u,X), where

p = o SFEX™fy

_1\ —1

s = <a-2F§ XM xOR, 40 1) , (3.38)
where F;, ¢ CNS*L with F, = 15 ®F, where 1 is a vector of all ones. Notice that (3.38)
and (3.16) are different since the former uses the known pilot symbols, X, € C'*7,
whereas the latter uses the pilot symbols along with the estimated transmit data, to-
gether given by X in the r'! iteration. The proposed algorithm is pictorially depicted

in Fig. 3.1.
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E-step: [Eh\y,x(r>,7(r> [log p(y, h; X, )] J

M-step: [argmaxfy,x{E-Step}- J

e

[arg maxy By x o[log p(h; )] ] E [arg maxx By, xo) 4o [log p(y|h; X)] ]

ML M eccmccmaee= D, D
Figure 3.1: The J-SBL algorithm: the E-step computes the expectation over the poste-
rior density of h. The joint maximization in the M-step simplifies into two independent

maximizations over (i) and X. The step inside the dashed box indicates the new in-
gredient in the J-SBL algorithm.

The objective function in the M-step given in (3.37) can be written as

— XF;hlf;
Q (X, v X, 4) = ¢ — Epypyoxr) ) Hya—2bH2 +log|T| +hT'h| (3.39)
where ¢’ is a constant independent of v and X. The objective function given above is the
sum of two independent functions, Ey,,.x ) 4 [log p(y|h; X)] and Ey . x () o [log p(h; )]

The key aspect of the M-step below is that the function Ey, . x ) ¢ [log p(y|h; X)] is max-

A
imized over X, which incorporates the information discarded in the M-step of the SBL
algorithm presented in Sec. 3.2.1. Now, since the first term does not depend on v, we
optimize the second function with respect to (i) to obtain v"*+V () as in the SBL algo-
rithm, given by (3.18). On the other hand, the first function can be optimized by solving
the following problem:

XU, 4) = argmin {Cy (i, 8)|:* + |y(i) — 2. Fp (i, )p|*} (3.40)

T, ES

where i € D, D is an index set consisting of the data subcarrier locations, C; = F,XFH,
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Fy (i, :) is the i row of the F, matrix, u and ¥ are given in (3.38) and S is the constella-
tion from which the symbol is transmitted. Due to the above maximization,
Q(X,~v|X ™, 4M) increases monotonically for 1 < r < 7.y, Where 7.y is the maximum

number of iterations. That is,

QX ATHXD 41) > QXM 4D [XIY 4T, for 1 <7 < e (341)

Note that the above function ¢)(.) monotonically (in X and «) approaches the likelihood
function, which in turn is bounded. This guarantees the convergence of the proposed J-
SBL algorithm. Further, by the same reasoning, the convergence guarantee holds good
for the JK-SBL algorithm which will be presented in the sequel.

The J-SBL requires initial estimates of the unknown parameters v and X. The ini-
tial estimate of I' is taken to be the identity matrix, as in the previous section. The
initialization of the (KN — P,) non-pilot data in turn requires an initial channel esti-
mate. Channel estimates using methods like LS and MMSE cannot be used here, as
they require knowledge of the support and the hyperparameters, respectively. Hence,
the initialization of X can be obtained from the channel estimate obtained from a few
iterations of the SBL algorithm from the P, = P pilots (denoted as hsp r). The ML data
detection problem is given by

X O, i) = argmin |y (i) — 2, F (i, DhgpL|*, i€ D. (3.42)

;€S

J-SBL algorithm is a block-based algorithm, and hence, the complexity of the algo-
rithm is dominated by the E-step, which incurs a complexity of O(N?LK?) [104]. In the

next subsection, we derive a low-complexity, recursive version of the J-SBL algorithm,



Chapter 3. 76

using the K-SBL algorithm with p = 1.

3.3.2 Recursive J-SBL Algorithm: Block-fading Case

In this subsection, we derive the recursive joint SBL algorithm which is mathematically
equivalent to the J-SBL algorithm proposed in Sec. 3.3.1, using the framework of the
K-SBL algorithm with p = 1, i.e., for the block-fading channel. Hence, we solve the
problem (P3), using a low-complexity RJ-SBL algorithm.

Consider the state space model in (3.20) and (3.21) in the block-fading case, where
the channel remains constant for X OFDM symbols, with h = h; = --- = hg. The
prediction equations of the KFS update equations in (3.22)-(3.26) simplify as flm‘m_l =
flm—1\m—1 2 1,, ; and Pojm-1 =Pu1jm-1 = Py, form =1,..., K. Moreover, for p =
1, the smoothing equations in (3.27)-(3.28) simplify as h;_;jx = hjjx and P;_ x = Pjx
for j = K,...,1. Hence, the filtering equations of the KFS updates suffice to describe

the recursions, as follows. For m = 1, ..., K, the E-step of the J-SBL algorithm can be

replaced by
Gy = P17 (0Iy + @, P, @) (3.43)
hy, = hy 1 4 G (Y — ®puhypy) (3.44)
P, = (IL - qu)m)Pm—b (345)

where ®,;, denotes the measurement matrix of the £ OFDM symbol given by &, =
X F. However, since I' is unknown and X, is known only at pilot locations, the SBL
framework is incorporated to learn the unknown I"' and unknown data in X;. Hence,

the update equations given above form the E-step, while the M-step is the same as that
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of the J-SBL algorithm, given by (3.37). The update for ~ is given by,

2

: (3.46)

~

ATV (G) = Pre(i, i) 4 | (i)

where hy and Py are given by (3.44) and (3.45), respectively. The unknown data can
be detected by solving the following optimization problem:

XT+D(i §) = arg min {\x,-PC(@', i)+ y(i) — 2, Fy (i, :)ﬁK|2} (3.47)

;€S

where i € D, C = F,PF!. The initialization of v and X is the same as the J-SBL
algorithm of Sec. 3.3.1. The complexity of the RJ-SBL algorithm is dominated by the
computation of Gy, and is given by O(N L?K). Hence, for large K, the RJ-SBL algorithm
is computationally significantly cheaper than the J-SBL algorithm.

The E-step of the RJ-SBL is a recursive implementation of the E-step of the J-SBL al-
gorithm, and the M-steps of the algorithms are the same. Hence, the algorithms are
mathematically equivalent if the same initializations are employed. This is illustrated

via simulations in Sec. 3.4 (see Fig. 3.4).

3.3.3 The JK-SBL Algorithm: Time-varying Case

In this section, we generalize the K-SBL algorithm of Sec. 3.2.2 to obtain the JK-SBL al-
gorithm, which utilizes the observations available at all the /V subcarriers and performs
data detection at the (IV — P,) data subcarriers of the OFDM symbol. The algorithm is
recursive in nature, and the channel estimates for X OFDM symbols are used to jointly
estimate the a-sparse channel and the unknown data of the m* 1 < m < K OFDM

symbol. In essence, we solve the problem given by (P4).
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Our starting point, again, is the state space model given by (3.20) and (3.21). Using
the observations Y, = [y, ..., yk], the recursive updates of the mean and the covari-
ance of the posterior distribution are given by (3.22)-(3.28), with y,, ,,, and ®,, ,,, replaced
by y,, and ®,,, respectively. Thus, the JK-SBL algorithm uses the observations avail-
able at all the IV subcarriers. Further, since I' and data at the non-pilot subcarriers are

unknown, the SBL framework leads to the objective function for the M-step given by

K
(r) (r) o lly;—X;Fh;|?
Q <X1’ o ’XK77|X1 T ’XK ’7(74) =¢ = IEhl ----- hK\YK;XST) ..... X%)ﬁ(” 231 J 0]2 J
‘]:

K _
+K log [T + 3 B L (o) h{fr—lhll , (3.48)
j=2
where ¢ is a constant independent of v and Xj,...,Xk. The expression above is a

sum of terms which are independent functions of v and Xy, denoted as Q (v|y") and
Q (Xl, XX ,Xﬁ?), respectively. Further, we see that Q (v|y(") is the same
as the expression in (3.33). Hence, the learning rule for ~ follows from the M-step of the
K-SBL algorithm, and is given by (3.34). The expression for () <X1, X K\Xgﬂ, cee X%))

is given by

K
(r) N\ _ . _ Z [y m —Xm Fhp, ||
Q (Xl, P 7:X.]('|X.]_ P 7XK = C Eh17hK|YK,XgT) 7777 X%),‘Y(T) 02 .
m=1

(3.49)

As mentioned earlier, the M-step requires the computation of

hjx £ E [h,h#] 2

b, [V X, X () Ly b [ s XS X ()

Pjx + flj| Kﬁﬁ i for j =1,... K, which are given by the KFS equations of the E-step.
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The maximization of @ <X1, X K\XY), e ,Xg?) in (3.49) leads to the following op-
timization problem for X,,:

X (G,4) = argmin {|xi\20m(2',i) + |ym () — 2 F (4, 3)flm\K|2} , 0<m< K, 1D

T, ES

(3.50)

where C,, = FP,, xFH and F(i, :) represents the i row of the matrix F. The iterations
of the JK-SBL proceed similar to the K-SBL algorithm, except for the additional M-step
to estimate the unknown data. Also, the measurement matrix is given by <I>,(f;) in the
' iteration of the m™ OFDM symbol, instead of the ®,,, used in the K-SBL algorithm,
which consisted of pilot subcarriers only. We provide a pictorial representation of the
overall JK-SBL algorithm in Fig. 3.2. We use the channel estimate obtained from a few
iterations of the K-SBL algorithm using P, pilots (denoted as h ksBr) to obtain the initial
estimate ng) for0 <m < K as

XO(i,4) = argmin |ym (i) — 2, F (i, Yhgsp|? i € D. (3.51)

T, ES

E-Step
j=12,... K

\/
<
&
@

°

Update: h]|]' P]‘J -
Smooth: h; i, Pj_y ]

Predict: b1, P ~0), X{)

Figure 3.2: Block diagram depicting the JK-SBL algorithm. The a-sparse channel is
estimated and tracked in the E-step, while the M-step learns the unknown hyperpa-
rameters v and detects the unknown transmit data X, ..., Xx.

Thus far, we proposed algorithms for joint a-sparse channel estimation and data de-

tection in block-fading and time-varying channels in OFDM systems. We now discuss
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some implementation aspects of the proposed algorithms.

3.3.4 Discussion

In this subsection, we discuss the implementation of the proposed exact inference al-
gorithms, and contrast their complexity with the block-based Autoregressive-SBL (AR-
SBL) algorithm [125] and the approximate inference algorithm [44].

Consider the estimation of the wireless channels when the data is observed up to the
K™ OFDM symbol. First, in the forward recursion, (3.22)-(3.26) are applied recursively
until we reach the K" OFDM symbol. Hence, in the forward recursion, we store the
values of flj‘j, flj‘j_l, Pj; and P;;_; for j = 1,2,..., K. Next, we apply the backward
recursion using the Kalman smoother given by (3.27)-(3.28), i.e., KFS is applied to the
whole sequence of observations before updating . The Kalman smoother helps to
utilize all the information available in both the past and future symbols, and hence
improves the channel estimates. For the K-SBL and JK-SBL algorithms, the smoothed
mean and covariance are required for the computation of the M-step.

The K-SBL and JK-SBL algorithms are iterative in nature, and the filtering and smooth-
ing equations are executed in the E-step of every iteration using the hyperparameters
obtained in the M-step of the previous iteration and the unknown data for K symbols.
Hence, the E-step performs exact inference, by obtaining the exact posterior distribu-
tion of the a-sparse channel, given the estimate of the hyperparameters. Exact infer-
ence ensures that the likelihood function increases at each EM iteration. However, the
price paid for the exact inference methods is their higher complexity, as has been well-

demonstrated by the simulation results in [44].
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Using a flop-count analysis [129], for K (K > 1) OFDM symbols, the computations of
the K-SBL and JK-SBL algorithms are dominated by the computation of the Jx_; term
in the smoothing step, which has a complexity of O(K L?) per iteration. In a block-
based method such as the ARSBL, the computation of the covariance matrix ¥ incurs
a complexity of O(K?P?L) per iteration. Hence, we see that if the number of OFDM
symbols to be tracked are such that K P, > L, the complexity of the ARSBL algorithm
is larger than the K-SBL algorithm. In other words, the K-SBL algorithm is a good
choice among the exact inference techniques when the number of OFDM symbols to be
tracked is large.

The proposed recursive algorithms are very flexible. For example, a pruning step,
where small channel coefficients or hyperparameters are set to zero, can be incorpo-
rated between iterations. This leads to a reduced support set, which in turn results in
faster convergence and lower complexity [9]. However, pruning may eliminate some
of the basis vectors of the measurement matrix before achieving convergence and result
in support recovery errors.

The improved channel estimation accuracy achieved by using the SBL techniques can
lead to performance enhancements in different ways. As will be demonstrated in the
next section, the BER performance can be improved, in both uncoded and coded sys-
tems. An additional approach could be to reduce, or optimize, the pilot density, with

the aim of maximizing the outage capacity [70,114].
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3.4 Simulation Results

In this section, we demonstrate the performance of the proposed channel estimation al-
gorithms through Monte Carlo simulations. We consider the parameters in the 3GPP/LTE
broadband standard [60,61]. We use a 3MHz OFDM system with 256 subcarriers, with
a sampling frequency of f; = 3.84MHz, resulting in an OFDM symbol duration of
~ 83.3us with Cyclic Prefix (CP) of 16.67us (64 subcarriers). The length of the a-sparse
channel (L) is taken to be equal to the length of the CP. Each OFDM frame consists of
K = 7 OFDM symbols, which is also known as an OFDM slot. The data is transmitted
using a rate 1/2 Turbo code with QPSK modulation. For the Turbo code generation, we
use the publicly available software [130], which uses a maximum of 10 Turbo iterations.
A sample instantiation of the a-sparse channel used in the simulations and the fil-
tered MIP are depicted in Fig. 3.3. The figure captures the leakage effect due to finite
bandwidth sampling and practical filtering. To generate the plot, we have used the
Pedestrian B channel model [71] with Rayleigh fading. We have also used raised cosine
filtering at the receiver and transmitter with a roll-off factor of 0.5 [61]. At the sampling
frequencies considered, the number of significant channel taps are far fewer than the
weak channel taps in the filtered impulse response, as seen in Fig. 3.3. In the following
subsections, we present the simulation results for the block fading and time varying

scenarios.

3.4.1 Block-fading Channel

In this subsection, we consider a block-fading channel and use F, = 44 pilot subcar-

riers, uniformly placed in each OFDM symbol. Each OFDM frame consists of K = 7
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Figure 3.3: One sample channel realization of the a-sparse channel, along with the fil-
tered MIP, i.e., the MIP when raised cosine filters are employed at the transmitter and
receiver. The plot also shows the strong (> —30 dB) and weak (< —30 dB) channel taps
and filtered-MIP components, to illustrate that the channel can indeed be modeled as
being approximately sparse.

OFDM symbols. We implement the SBL and the J-SBL algorithm and plot the MSE
performance of both the algorithms in Fig. 3.4, using a convergence criteria of ¢ = 1079
and 7,,,, = 200 for both the algorithms. We compare the MSE performance of the
proposed algorithms with the CS based channel estimation technique [8], and the MIP-
aware methods: pilot-only MIP-aware estimation [66] and the MIP-aware joint data and
channel estimation algorithm, which we refer to as the EM-OFDM algorithm [72]. From
Fig. 3.4, we observe that the SBL algorithms perform better than the MIP-unaware, non-
iterative schemes such as the Frequency Domain Interpolation (FDI) technique. Among
the iterative methods, the J-SBL algorithm performs an order of magnitude better than

the SBL algorithm, especially at higher values of SNR, while being within 3 dB from the
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MIP-aware EM-OFDM algorithm. The J-SBL jointly detects the (KN — B,) data sym-
bols along with the estimating channel, resulting in a significantly lower overall MSE.
As mentioned earlier, the RJ-SBL is mathematically equivalent to, and computationally

simpler than, the J-SBL algorithm. Hence, they have the same performance.

.
—=— FDI

—o—cs
—O—SBL

—¥— MIP-aware pilot-onl
J-SBL

—%F— RJ-SBL

—— EM-OFDM

MSE

SNR

Figure 3.4: MSE performance of SBL, ]-SBL/R]J-SBL algorithms compared to FDI [67],
CS [8], MIP-aware pilot-only [66] and EM [72] schemes in a block-fading channel, with
P, = 44 pilot subcarriers, as a function of SNR in dB.

The coded and the uncoded BER performance of the EM, J-SBL and a genie receiver,
i.e., a receiver with perfect knowledge of the channel (labeled as Geni e), is shown in
Fig. 3.5. We also compare the performance with SBL and MIP-aware pilot-only channel
estimation followed by data detection. The BER performance of the RJ-SBL is superior
that of the SBL and CS algorithms in both coded and uncoded cases. The MIP-aware
pilot-only estimation method has a better BER performance compared to RJ-SBL for

SNRs < 15 dB, in both coded and the uncoded cases. Also, the MIP-aware EM-OFDM
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algorithm outperforms the proposed RJ-SBL algorithm by 3 dB. This is because, in the
block-fading case, ]-SBL algorithm suffers due to error propagation from the large num-

ber of data symbols that are simultaneously detected.

Cs
SBL
MIP-aware pilot-only

V+OiEx 00

J-SBL
2 RJ-SBL
10 . EM-OFDM
"\ \\\ Genie
N
‘,\Q\
NS
3 4 $ N

q\q AR
\\ \\\\ Q\\\\
\
107 A X EERNY E
\ \Q '\_o\ Solid: Uncoded
\ ‘\h \}3( 6 Dashed: Coded
VOox
q
10‘5 I I I I
5 10 15 20 25 30
Ey/No

Figure 3.5: BER performance of the proposed algorithms in a block-fading channel,
with P, = 44 pilot subcarriers, as a function of E;/Nj.

3.4.2 Slowly Time-varying Channel

In this section, we consider a slowly time-varying channel, simulated according to a
Jakes” model [131] with a normalized fade rate of f,7; = 0.001 and P, = 44 pilot sub-
carriers in every OFDM symbol. The MSE performance of the K-SBL and the JK-SBL
algorithms are plotted against SNR in Fig. 3.6 and compared with the per-symbol MIP-
unaware FDI [67], and the per-symbol J-SBL and the SBL algorithm. Figure 3.6 also

shows the performance of the optimal MIP-aware Kalman tracking algorithm [121]
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which considers all the subcarriers as carrying pilot symbols. The SBL and the ]J-SBL al-
gorithms are not designed to exploit the temporal correlation in the channel, and hence,
they perform 7-8 dB poorer than their recursive counterparts, the K-SBL and the JK-SBL
algorithms. At higher SNR, we observe that the performance of the JK-SBL algorithm
is only 2 dB worse than the MIP-aware Kalman tracking algorithm with all subcarriers

being pilot subcarriers.
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MIP-aware Kalman|

10°
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Figure 3.6: MSE performance of different schemes in a time-varying channel, compared
to the optimal Kalman tracker [121] with f;7; = 0.001 and P, = 44, as a function of SNR
in dB.

In Fig. 3.7, we depict the BER performance of the proposed algorithms. We see that,
in the coded case, while the JK-SBL performs about 2 dB better than the J-SBL algo-
rithm, it is only a fraction of a dB away from performance of the genie receiver which

has perfect channel knowledge. The JK-SBL outperforms pilots-only based channel
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estimation using the K-SBL and the SBL algorithms by a large (4-5 dB) margin. Fur-
ther, it outperforms the MIP-aware EM-OFDM algorithm, since the latter is unaware
of the channel correlation, and performs channel estimation on a per-OFDM symbol
basis; while the JK-SBL algorithm exploits its knowledge of the channel correlation to

improve the channel estimates.
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Figure 3.7: BER performance of different schemes in a time-varying channel with f;T, =
0.001 and P, = 44, as a function of F;,/Ny.

In Fig. 3.8, we study the MSE performance of K-SBL and the JK-SBL algorithm across
the OFDM frame as a function of the OFDM symbol index for SNRs of 10 and 30 dB. It
is observed that after an initial reduction in the MSE, the MSE tends to remain more or
less unchanged throughout the frame, especially at an SNR of 30 dB, indicating that the
algorithms learn the hyperparameters within the first few OFDM symbols. Hence, this
study shows that at a given SNR, it is possible to restrict the number of OFDM sym-

bols over which the proposed algorithms need to learn the hyperparameters. After the
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hyperparameters are estimated, channel tracking can be accomplished using the con-
ventional MIP-aware Kalman tracking algorithm. This can lead to additional reduction

in the computational complexity of the algorithms.
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Figure 3.8: MSE performance of the K-SBL and the JK-SBL algorithms, as a function of
the OFDM symbol index with f;7; = 0.001 and P, = 44.

3.5 Conclusions

In this work, we considered the joint approximately sparse channel estimation and data
detection for block-fading and time-varying channels in SISO-OFDM systems, from the
perspective of SBL. To estimate the a-sparse block-fading channel, we proposed the SBL
algorithm and generalized it to obtain the J-SBL algorithm for joint a-sparse channel es-
timation and data detection. Furthermore, we obtained a mathematically equivalent
low-complexity RJ-SBL algorithm. For the time-varying channels, we used a first order

AR model to capture the temporal correlation of the a-sparse channel and proposed a
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novel K-SBL algorithm, using which we tracked the a-sparse channel. We generalized
the K-SBL algorithm to obtain the JK-SBL algorithm for joint channel estimation and
data detection. We discussed the implementation issues of the recursive algorithms and
showed that the proposed algorithms entail a significantly lower computational com-
plexity compared to the previously known SBL techniques. Simulation results showed
that the proposed recursive techniques exploit the temporal correlation of the channel,
leading to an enhanced channel estimation and data detection capability compared to
the per-symbol SBL and ]J-SBL algorithms, and also learn the hyperparameters within a

few OFDM symbols.
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Joint Channel Estimation and Data
Detection in MIMO-OFDM Systems: A

Sparse Bayesian Learning Approach

4.1 Introduction

Multiple Input Multiple Output (MIMO) technology combined with Orthogonal Fre-
quency Division Multiplexing (OFDM) is the air-interface solution for next-generation
broadband wireless systems and standards [64]. Most MIMO-OFDM wireless stan-
dards such as DVB-T, IEEE 802.11a, IEEE 802.16e etc., employ pilot-based channel es-
timation for data decoding. However, this approach necessitates the transmission of
known pilots symbols on a set of anchor subcarriers per transmit antenna, leading to
severe overheads on the spectral efficiency. In this chapter, we propose novel MIMO-
OFDM channel estimation techniques using far fewer pilots compared to the conven-
tional methods [66,67], by exploiting the inherent, approximate sparsity of the physical
wireless channel.

In this chapter, we model the N, N, spatially uncorrelated MIMO-OFDM wireless

90
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Figure 4.1: Turbo encoded/decoded transmitter and receiver chain of a MIMO-OFDM
system. The dashed box (block shaded in yellow) highlights the proposed algorithms.
Note that, the quantities of interest are the channel estimates hy;, ..., hy,y, and output
bits {b}.

channels as (a) group approximately-sparse (ga-sparse), and (b) group approximately-
cluster sparse (ga-csparse). Further, we formulate the channel estimation problem in
block-fading and time-varying channels and investigate both pilot-only channel esti-
mation and joint channel estimation and data detection. Our goal is to design novel
algorithms exploiting the structure in ga-sparse and ga-csparse channels for channel

estimation and data detection in MIMO-OFDM systems.

4.1.1 Background and Literature Survey

In this subsection, we present the basic set-up of the coded MIMO-OFDM system con-
sidered in this work and formulate the problem of pilot-based channel estimation and
joint channel estimation and data detection in a MIMO-OFDM system using the Multi-

ple Measurement Vector (MMV) framework.
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The goal of a MIMO-OFDM system is accurate data detection at the output of the de-
coder. We assume that the transmissions between the N; transmit and the N, receive
antennas take place through OFDM frames, where every frame consists of X' OFDM
symbols. In this work, we consider both the block-fading channel, where the channel
coefficients remain fixed across the OFDM frame duration and vary in an i.i.d. fashion
from frame to frame, and the slowly time-varying channel, where the channel coeffi-
cients can vary across the OFDM frame duration. Fig. 4.1 shows the block diagram of a
typical MIMO-OFDM system with NV subcarriers, N, transmit antennas and N, receive
antennas. At the transmitter of the discrete-time MIMO-OFDM system, {b} input bits
are first encoded and interleaved into a sequence of coded bits, {c}. The coded bits {c}
are mapped into an M-ary complex symbol sequence, which is split into [V, streams.
At each transmit antenna, P, pilots are inserted in an OFDM frame in the case of block-
fading channels, and P, pilots are inserted in every OFDM symbol of an OFDM frame
in the case of time-varying channels. The pilot symbols along with coded data sym-
bols {c} are OFDM modulated and transmitted over the multipath fading channel of
the k" OFDM symbol, denoted by h,,,,, . € CL*'. Here, n; (n,) denotes the transmit
(receive) antenna index, and L is the length of the channel. After OFDM demodulation,

the signal received at the n'" receive antenna of the k" OFDM symbol is given by

N
Y.k = Z Xnt,thntnr7k + Vo ks ny = 17 sy NT? (41)

nt=1

where the diagonal matrix X,,, , € CV*N

consists of the pilot and data transmitted over
the n" transmit antenna and ™ OFDM symbol, and the matrix F € CN* consists

of the first L columns of the N x N DFT matrix. Each component of v,, ; € CNx1
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is an circularly symmetric additive white Gaussian noise with probability distribution
CN(0,02).

In the complex baseband representation, the time domain channel impulse response,
denoted by /i, x[t],t € R, can be modeled as a stationary tapped delay-line filter in

the lag domain:

Mh;

tnr,k‘ 15 t— Tl] (42)

ntnr,

I=1
where 4[t] is the Dirac delta function, ﬁmn,«,k,l and 7; represent the attenuation and prop-
agation delay, respectively, on the path I, and I is the number of resolvable paths
[62]. Wireless channel models obtained using channel sounding experiments, on the
other hand, exhibit approximate sparsity in the lag domain, for e.g., due to non-perfect
low-pass filtering using raised cosine filtering [70]. Based on these practical consid-
erations, we model the lag domain filtered channel impulse response as, h,n, x[t] =
9i[t] * B, 2[t] * g.[t], Where g,[t] and g,[t] represent the baseband transmit and re-
ceive filters employed at the transmit and receive antennas, and * represents the con-
volution operation. The corresponding discrete-time channel can be represented as
Py k(1) = Pngn, 1[(I — 1)T], where T is the baud interval. The overall channel is rep-
resented as h,,,, 1 = [y, k(1) Py £(2), - -+ Byn, x(L)]7. In addition, it is known that
the sample-spaced representation of h,,,, x[t] between different transmit and receive
antenna pairs are group-sparse [81,82], i.e., the locations of non-zero elements of the
sparse vectors coincide. Since g;[t] and g, [t] are identical for every transmit and receive
antenna, we deduce that the locations of the significant components in h,,,,, ; also co-

incide across the entire MIMO-OFDM system. In this work, we consider the following

scenarios:
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® h,,,, r is group approximately-sparse (ga-sparse), i.e., the N;N, wireless channels
consists of a few strong components and several weak components, and the time-
lags of strong and weak components between transmit and receive antenna pairs

coincide.

* h,,, r is group approximately-cluster sparse (ga-csparse), i.e., the N,N, ga-sparse
wireless channels consists of clusters such that the components of a given cluster
are all strong or all weak. In addition, there are only a few clusters consisting of

strong components.

Now, to estimate the ga-sparse and ga-csparse channels, we rewrite (4.1) in an MMV
framework [104, 132]. Here, in the £ OFDM symbol, the observations from the N,
receivers form an observation matrix, Y, which is related to the vectors in the channel
matrix, Hy, through a common dictionary ®y, as follows:

hip 0 iy

Yiger- s YNk = g(k(INt & F)J : : + [Vik, -5 VLR, (4.3)

P
V, ECNXNr

Y, €ECN*Nr &, cCNXLNg hNtl koo hNtN k
b} T

~~
Hk Q(CLNt X Ny

CNXNNt

where the overall transmit data matrix X, € is given by X, =S (X1 ks Xk -y XNy k-

At the P pilot subcarriers, the MIMO-OFDM system model can be written as

Y,r=PpiHr + Vi, (4.4)

where Y, € C"*Nr, &, € CP*INt and V,,, € CP*Mr are obtained by sampling Y, ®,
and V, at the pilot subcarriers, respectively.

Several channel estimation techniques for MIMO-OFDM systems have been proposed
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in literature. Conventional pilot-based interpolation techniques based on frequency
domain Least Squares (LS) or Minimum Mean Square Error (MMSE) based methods
[66,67] and lag domain LS and MMSE [66]. These methods do not provide reliable es-
timates when P, < L unless the prior knowledge of the the average multipath power
profile measured at a particular location, also known as the Multipath Intensity Pro-
file (MIP) of the channel [65], is known. In scenarios where the MIP is not known,
blind methods [80] and techniques based on Compressed Sensing (CS) [81, 82] have
been employed. Specifically, CS based simultaneous Orthogonal Matching Pursuit
(OMP) [83], Modified OMP [84], Simultaneous Basis Pursuit Denoising and Simulta-
neous OMP [86] have been proposed for pilot-assisted ga-sparse channel estimation in
MIMO-OFDM systems. Further, CS based Block OMP (BOMP) has been proposed for
pilot-assisted ga-csparse MIMO-OFDM channel estimation [87]. In general, CS based
methods recover an approximately sparse vector by recovering the s significant non-
zero coefficients [133]: a large value of s guarantees recovery accuracy, but requires a
correspondingly large number of measurements. Bayesian algorithms such as the Tem-
poral SBL (TSBL) [79] have been proposed for recovery of temporally correlated group-
sparse vectors, by modeling the correlation among the group-sparse vectors using a
general correlation structure. However, due to the generality of the correlation struc-
ture assumed, the complexity of such algorithms quickly becomes prohibitive as the
time-window over which estimation is performed increases, making these algorithms
unsuitable for OFDM channel tracking.

If the MIP is known, it is well-known that incorporating the observations available
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at the data subcarriers into channel estimation using joint data detection and chan-
nel estimation techniques enhance the quality of channel estimates in MIMO-OFDM
systems [132]. Recently, we showed that such joint approximately sparse channel esti-
mation and data detection schemes enhance the quality of channel estimates in SISO-
OFDM systems [90]. However, using multiple SISO-OFDM estimators in parallel to ob-
tain estimators in the MIMO-OFDM context does not benefit from the spatial ga-sparse
and the ga-csparse nature of the channel. The novelty of this work lies in formulating
the problem such that the proposed Bayesian techniques for joint channel estimation
and data detection harness the group and cluster-sparse nature of the wireless chan-
nels. To the best of the authors” knowledge, this is the first study in which such schemes

are proposed for MIMO-OFDM systems.

4.1.2 Problem Formulation and Contributions

In this work, we propose Sparse Bayesian Learning (SBL)-based methods [34,49] for ga-
sparse and ga-csparse channel estimation and data detection in MIMO-OFDM system:s.
Among the known Bayesian sparse signal recovery techniques [44,45], SBL exhibits the
Expectation Maximization (EM) based monotonicity property, and offers guarantees
such as convergence to the sparsest solution when the noise variance is zero, and con-
vergence to a sparse local minimum, irrespective of the noise variance [49]. The SBL

framework models the sparse channel vector to be estimated as follows:

e The ga-sparse channel is modeled as h,,,,, x ~ CN(0,T'), where the so-called hy-
perparameters I' = diag(v(1),...,7v(L)) are common for the N;N, channels over
1 <k < K, i.e., the channels are spatially and temporally ga-sparse. Note that, if

7(l) = 0, then the corresponding h,,,,, x({) — 0 for all the NV; N, K channels [33,49].
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* The ga-csparse channel h,,,, , is modeled as consisting of B clusters, each of

length M, as follows:

hntnr,k - [@ntnr,k(l)? ey hntnr,k(M); cee ;@mnr,k((M - ]-)B + 1)7 R hntn,«,k(MBZL

7

' '

Ny 1 €C1XM Ny, B €CTXM

(4.5)

for 1 < k < K. Here, the ga-csparse structure is exploited by modeling the o™

cluster of the channel, h,,,,,, i, as N'(0,7(b)I), where () is an unknown hyper-
parameter, such that, when «(b) = 0, the b block of h,,,,, ;. is zero [134]. In ad-
dition, the different clusters of the ga-csparse channel are mutually uncorrelated,
and hence, the overall covariance matrix of h,,,,,  is a block-diagonal matrix with

principal blocks given by v(b)I;, 1 < b < B.

The above prior models facilitate the estimation of the channel under the SBL frame-
work, as they lead to closed-form solutions to the E and M steps of the EM algorithm.
We note that the model need not match the true channel statistics: The goal here is
to develop novel channel estimation and data detection algorithms that offer a coded
BER performance comparable to that of a genie-aided MIP-aware receiver that has ex-
act knowledge of the channel support. In particular, the above prior model results in
sparse solutions to the channel vector, accurate channel estimation, and superior coded
BER performance, while requiring far fewer pilot symbols compared to conventional
methods that do not exploit the structured sparsity of the channel.

Depending on the mobility of the receiver, the ga-sparse and the ga-csparse chan-
nels may remain constant over the frame duration (block-fading), or may be slowly

time-varying. When the channel is time-varying, the nonzero channel coefficients vary
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Figure 4.2: Pictorial representation of the algorithms proposed in this work.

slowly and are temporally correlated, but the locations of significant components of the
channel remain constant for several OFDM frames [74]. In addition, it is known that
a first order autoregressive (AR) model accurately captures the temporal behavior of
fading wireless channels [120]. The channel evolution under the first order AR model
is given by

hntnr,k - phntn,«,k—l + Wpyn, ks (46)

where p = Jy(27fTs), Jo(-) is the zeroth order Bessel function of the first kind, f; is
the Doppler frequency, and 7 is the OFDM symbol duration [121]. The driving noise
W, n, x 18 distributed as CA (0, (1 — p?)y(i)Ip).

The main contributions of this chapter are pictorially depicted in Fig. 4.2, and are
as follows. First, for recovering ga-sparse channels in the MMV framework (4.3), we

propose the following algorithms:

* InSec. 4.2, we adapt the multiple response MSBL algorithm [104] and propose the
novel Kalman MSBL (KMSBL) for pilot-based channel estimation in block-fading

channels and time-varying channels, respectively.
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* In Sec. 4.3, we propose the joint-MSBL (J-MSBL) and joint-KMSBL (J-KMSBL) al-
gorithms for joint channel estimation/tracking and data detection in the block-

fading and time-varying scenarios, respectively.

Next, in the context of recovering ga-csparse channels, we propose the following al-

gorithms:

* In Sec. 4.4, we propose the Block MSBL (BMSBL) and Kalman BMSBL (KBMSBL)
algorithms for pilot-based ga-csparse channel estimation in block-fading and time-

varying channels, respectively.

* In Sec. 4.5, we propose the and Joint-BMSBL (J-BMSBL) and Joint-KBMSBL (J-
KBMSBL) algorithms for joint channel tracking and data detection in the block-

fading and time-varying scenario, respectively.

The joint counterparts of the proposed algorithms, wherein a joint ML estimation of
both the hyperparameters and the data is performed, leads to significant enhancement
in the quality of channel estimates. In the M-step, this joint estimation problem sepa-
rates as independent optimization problems, leading to a simple, computationally inex-
pensive maximization procedure, with no loss of optimality. This, in turn, leads to sig-
nificant improvement in the coded Bit Error Rate (BER) performance compared to the
pilot-based and conventional methods. The algorithms proposed to handle the time-
varying channel conditions fully exploit the correlation structure of the channel, result-
ing in gains of 1 — 2 dB in the coded BER performance, as illustrated using Monte Carlo
simulations. Further, we propose novel, implementation-friendly structures which lead

to a lower computational load for ga-csparse channels.
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4.2 Channel Estimation and Tracking Using Pilot Subcar-

riers for Ga-sparse Channels

In this section, we propose algorithms for ga-sparse channel estimation and tracking,
using the pilot-subcarriers Y, ;. in (4.4), in both block-fading (the MSBL algorithm) and

time-varying (the KMSBL algorithm) scenarios.

4.2.1 The MSBL Algorithm

In the MSBL framework, multiple group-sparse vectors are recovered from multiple ob-
servation vectors [104] with a parameterized prior incorporated to obtain group-sparse
solutions. The prior density is given by
N,
p(H;T) = [] p(hn,:T), 4.7)
nr=1

where h,, represents the n" column of H, given by h,, = [h{, ..., h% |7, with a
prior pdf of h,, ~ CN(0,T}), I';, = Iy, ® I' which control the variances of elements
in H. The hyperparameters in I' = diag(v), where v = [y(1),7(2),...,7(L)]?, can be
estimated using the type-II ML procedure [34], i.e., by maximizing the marginalized
pdf p(yp.n.;v)! at the n'h receive antenna, as follows:

Yur(i) = argmax p(ypn,;v); 1 <i < L. (4.8)
() ERL

'Here, we describe the MSBL algorithm for k£ = 1, and hence, we drop the subscript & in y, . and
Y,.
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Since the above problem cannot be solved in closed form, iterative estimators such as
the EM based? MSBL algorithm [104] are employed. In this approach, H is treated as
the hidden variable, and the posterior distribution of H is obtained in the E-step and

the ML estimate of v is obtained in the M-step. The steps of the algorithm are given as

E-step : Q(v17") = Egjy, -y [log p(Y,, H; )] (4.9)
M-step : 7"V (7)) = arg max Q(y|y"), (4.10)
() ERL

for 1 <i < L, and the E and M steps are iterated until convergence. The E-step requires
the posterior distribution p(H|Y,;v("), which can be obtained from the likelihood at

the n'" receiver, as follows:

1 Hy N @ hnrHQ
P(Ypn, [, ) = Wexp <— - 2 £ 2. (4.11)

Combining the likelihood and the prior distribution, the posterior distribution of h,,, is

given by p (hy,, [ypn,;v") ~ CN(p,,, X), with mean and covariance given by

g

—1
P, = 0 2E®y, 5= (”—21” + rg’”>_1> . (4.12)

Here, I‘l(f) is the hyperparameter value in the r'' iteration and ¥ is common to all receive
antenna, and hence, independent of the subscript n,.

The M-step, given by (4.10), can be simplified to obtain the update equation for ~ as
N, Ni-1

Yo (e i+ L) + 2+ nLyi+ L)) (4.13)

ny=1 nt=0

1
(r+1) ;) —
(@) NN

ZNote that, all the algorithms proposed in the chapter use EM-based updates, and hence, they have a
convergence guarantee to a local optima, with the likelihood increasing in each iteration [127].
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Note that, in the above equation, the ga-sparse nature of the channel results in the
update of v which is averaged over the N, N, channels of the MIMO-OFDM system. For
a SISO-OFDM system, N; = N, = 1, and the above expression simplifies to the one
obtained in [90].

The E-step involves computing the posterior mean and variance of the ga-sparse
MIMO-OFDM channel as given in (4.12), incurring a computational complexity given
by O(P2L) [104], while M-step computes the hyperparameter update as given in (4.13),
incurring a computational complexity of O(N; N, L). In practice, it is found that an ini-
tial estimate for T' given by T'®© =1, is sufficient for the MSBL algorithm.

In the case of multiple OFDM symbols in a block-fading channel, the channel remains
constant for the X OFDM symbols. The system model in (4.4) can be used for channel
estimation, such that the number of observations corresponding to pilot subcarriers is
P.

The MSBL algorithm, in the current form, cannot benefit from the correlation that
exists in time-varying channels across OFDM symbols. In the following subsection,
we extend MSBL algorithm to obtain the recursive KMSBL algorithm which exploits
the temporal correlation across OFDM symbols, resulting in a significant performance

improvement when the channel is slowly time-varying.
4.2.2 The KMSBL Algorithm

In this subsection, we describe the KMSBL algorithm which tracks the N, N, ga-sparse
MIMO-OFDM channels by exploiting both the group-sparsity and the temporal chan-
nel correlation using a Kalman filter and smoother (KES) based recursive framework.

In the time-varying scenario, the state space equations for k = 1,2,..., K — 1 are as
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follows:
Y,r=®,:H, +V,, (4.14)
Hy 1 = pHy + Upyy, (4.15)
where q)ch = [q)p,Lk; RN (I)p7Nt,k]/ (I)p7nt7k £ Xp7nt7ka7nt - CPtXL, Xp7nt7k € CPtXPt is a

diagonal matrix consisting of pilots symbols transmitted from the n!" antenna in the
k™ OFDM symbol, and F,,,, € C"*L is a truncated DFT matrix consisting of the first
L columns and the P; rows corresponding to the pilot subcarriers of the n{" transmit
antenna. Further, H;, consists of the NV, channels corresponding to the k™ OFDM sym-
bol,ie., Hy = [hy, ..., hy, ] whereh, ; = [h{, ,,... , hy, ,]". Inthe above equation,
we define Hy £ Oy, 7« n,, Where Oy, ., is an N,L x N, matrix of zeros. Note that the
columns of the matrix Uy, contain the driving noise vectors, u,, ;1 which consists of
independent components u,,, x+1(i) ~ CN(0, (1 — p?)y(i)). The initial condition for the
ga-sparse channel is given by h; ~ CN(0,T).

The EM steps of the KMSBL algorithm are as follows:

E-step : @ (’Y"Y(r)> =Eu,, Hely,~0 logp(Yp, Hy, ..., Hg; )]

.....

M-step : 4" = argmax @ (v|y") . (4.16)
yeREX!
In the above expression, Y, = [Y,1,..., Y, k] represents the overall observation ma-

trix.
To compute the E-step given above, we require the posterior distribution of the un-
known ga-sparse channel Hj,. For this, we employ the Kalman based recursive update

equations. The Kalman Filtering and Smoothing (KFS) equations for X OFDM symbols
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are as follows [90,124,128]:

fork=1,...,K do

Prediction: ﬂk‘k_l = pﬂk_l‘k_l (4.17)
P11 = /)sz—1|k—1 + (1= p*)Ty, (4.18)
Filtering:

Gy = Pk\k—lq)gk (UzIPt + ‘I)p7kPk|k—1‘I)gk)_l (4.19)
Hyw = Hipot + Gr(ypr — @5 i 1) (4.20)
Pir = (In,p — Gr®p i) P (4.21)
end (4.22)

forj =K, K—1,...,2 do

Smoothing:

Hy e = Hyoyon + 3500 (B — Hyja) (4.23)
Pk =P 11+ 3Py — Pyj_) 3, (4.24)
end (4.25)

-1
Jli—1

where J,_; £ pP;_1;1 P and Gy, is the Kalman gain matrix. In the above, the
symbols ﬂk|k_1, Pji—1, etc. have their usual meanings as in the KF literature [124]. For
example, ﬂk| 1_1 is the channel estimate at the ™" OFDM symbol given the observations
Y, i—1; Pyji—1 is the covariance of the k™ channel estimate given Y, ;_1, etc. The above
KFS equations are initialized by PAIO‘O =0and Py =T, =T ® Iy,.

In order to simplify (4.16), we use the joint pdf of the observations Y, and H, ..., Hg,
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given by
K
p(Yp Hi,. . Higy) = [ [ (Yo Hi, o Hi)p(H [Hy15). (4.26)
k=1

Since Hy, consists of columns h,,, ; for 1 < n, < N,, the M-step results in the following

optimization problem:

N, K
, 1 & )
A" = argmaxEy, Hc Y,y KN log [Ty | + 1= Z Z [(hy, . — phy, 1) T,
’YGR-ﬁL-Xl P nr=1 k=2
(hnmk - phnmk—l) + hf;[r,l]:‘b_lhn'r'yl” : (4'27)

We see that the M-step requires the computation of
Hy|v,~ [H;], and the covariance By, g, |v,.~® [H,H!] £ Pj|K+ﬂj|KﬂﬁK

.....

for j =1,..., K, whichis obtained from (4.17)-(4.25). The M-step also requires the com-

.....

which we obtain from [124] as follows:
Pi1jox = Piyy iy + I70 (Pyjoyx — pPjo1j-1) 52 (4.28)

The above recursion is initialized using Px x—1x = p(In,z — Gk ®p.x)Pr—1jx—1. Using

the above expressions, the optimization problem in (4.27) can be written as

N K N
~ 1) — arg min {KNtNT log |T| + Z Tr(I‘_anhl‘K) + (1_1p2) Z Z Tr(I‘_le,ﬂK)},

Lx1
~YERY™ ny=1 =2 n;=1

(4.29)

where M, 1k € CL*F is the submatrix consisting of rows and columns (n, — 1)L

through n; L from the matrix M, x = Ner|K+I:Ij|KI:IﬁK+p2(NTPj_l‘K"i_I:Ij_l‘KI:If_l‘K)_
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2pRe(N,P; ;_1)ic + ﬂj|Kﬂf_l|K). Similarly, M,,, ;x € CE*L is the submatrix of M, =
N, Pk + IA{H Kﬂﬁ -, consisting of rows and columns (n, — 1)L through n;L. Since the
individual channel components of h,,,  given by h,,,, , for 1 < n, < N, are governed
by v, we note that the update of ~ is averaged over the IV, components via the summa-
tion over n,. Differentiating (4.29) w.r.t. v(i) and setting the resulting expression to zero
and solving for «y gives the update for the i" hyperparameter as follows:
+
A = [m (i > St s M >>] . @30
= P?)
fori =1,..., L. Thus the KMSBL algorithm learns ~ in the M-step and provides low-
complexity and recursive estimates of the ga-sparse channel in the E-step.
Remarks: When p = 1, H; = ... = Hg, and hence, the channel is constant across the

OFDM frame, i.e., the channel is block-fading. Substituting p = 1 in (4.17)-(4.25), the

KFS update equations collapse to the following three equations:

Gy = Pk—l|k‘—1¢£{k(0—21Pt + (I)p,kPk—1|k—1(I)gk)_l (4.31)
I:Ik:\k = I:Ik:—l\k—l + Grp(Y,, — ‘I’p,kﬂk—l\k—l) (4.32)
Prp = (Ing — Gr®p i) Proqjp-i. (4.33)

Further, when p = 1, the M-step of (4.27) simplifies to the M-step of MSBL given in
(4.10).

The KMSBL algorithm proposed in this section is a generalized version of the KSBL
algorithm proposed in [90] for pilot-based SISO-OFDM channel estimation, i.e., setting
N; = N, = 1in the KMSBL algorithm leads to the KSBL algorithm. However, in con-

trast to the KSBL algorithm, the KMSBL algorithm is capable of harnessing the spatial
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sparsity that exists in the MIMO-OFDM channel, and hence track N, correlated channel
vectors governed by a common «.

In order to estimate the wireless channel when the data is observed up to the K™
OFDM symbol, (4.17)-(4.21) are applied recursively until we reach the K" OFDM sym-

A

bol in the forward recursion. We store the values of ﬂj‘j, H;;_ 1, P;; and P;;_, for
Jj = 0,..., K in the forward recursion. Next, we apply the backward recursion using
the Kalman smoother given by (4.23)-(4.25), i.e., KFS is applied to the whole sequence
of observations before updating . The Kalman smoother helps to utilize all the infor-
mation available in both the past and future symbols, and hence improves the channel
estimates.

Using a flop-count analysis [129], the complexity of the KMSBL algorithm is domi-
nated by the computation of J;_; in the smoothing step, which has a complexity of
O(K L?) per iteration per receive antenna. Hence, if KP, > L, the complexity of the
block-based ARSBL algorithm [79] is higher than the KMSBL algorithm. Thus, the
KMSBL algorithm is a good choice among the exact inference techniques when the
number of OFDM symbols to be tracked is large [90].

Although the algorithms proposed in this section are simple to implement, they are
based on the pilot subcarriers only, and do not utilize the data subcarriers. In the fol-

lowing section, we propose such joint channel estimation and data detection schemes

for ga-sparse channel estimation.
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[ E-step: Q(v, X[y, X)) = Eggjy ) x0 [log p(H, Y5, X))] ]
! A
1 !
y 1

[ M-step: arg max., x Q(7, X[y, X)) ]

| e ISR

[wm — arg max, Q(v}y®) ]

Figure 4.3: The J-MSBL algorithm: E-step computes the expectation over the posterior
density of H. The joint maximization in the M-step simplifies into two independent
maximizations over v and X. The dashed box indicates the novelty in the ]-MSBL
approach.

4.3 Joint Channel Estimation/Tracking and Data Detec-
tion Using Pilot and Data Subcarriers for Ga-sparse

Channels

In this section, we derive the novel ]-MSBL and J-KMSBL algorithms that generalize
the pilot-based MSBL and KMSBL algorithms for joint ga-sparse channel estimation
and data detection in MIMO-OFDM systems. Further, using the recursive J-KMSBL
algorithm, we show that a low-complexity recursive variant of ]-MSBL can be derived

using the KFS update equations given in (4.17)-(4.25).

4.3.1 The J-MSBL Algorithm

In this subsection, we derive the ]-MSBL algorithm for joint estimation of the ga-sparse
channels and the transmit data. To derive this algorithm, we modify the MSBL frame-
work to include both the hyperparameters and the data transmitted in X OFDM sym-

bols as unknown variables. That is, we consider H in (4.3) as the hidden variable and
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<'y, X2 X, Xy -5 Xy, K]) as the parameters to be estimated. Here, X,,,;, con-
sists of the data corresponding to the n!! antenna in the £ OFDM symbol. The E and

the M-steps of the ]-MSBL algorithm can be given as

E-step : Q(v, X[y, X)) = Egjy.ym log p(Y, H;, X)]

M-step : ("), X)) = argmax  Q(v, X[y, X)), (4.34)

‘yERiX 1 X:x;e8

where z; is an element in X, and S is the constellation from which the symbols are
transmitted. The E-step computes the posterior distribution at every receive antenna,

and is given as p(h,,, |y,,;¥", X)) ~ CN(,,, X), where
_ —1
o, = 0250y, kT = (0720 @, + T (4.35)

for the K OFDM symbols in a frame. In (4.35), ®, = [®],...,®%]", and for 1 < k < K,
F, =1y, ® F, ®, = F,blkdiag(X\". ..., ng}t)k) and yn, k= [V - Y4l -

At the outset, solving the optimization problem in the M-step in (4.34) seems an uphill
task, as it involves joint optimization over X and v. However, in (4.34), the optimization
problem w.r.t. to v and X can be decoupled as the sum of two independent functions,
QXXM £ Enjyiy o xo [log p(Y|H; X)] and Qlyly") £ Exjy o x[log p(H; v)]. This
is schematically illustrated in Fig. 4.3.3 Further, we see that Q(v|v")) of the MSBL al-
gorithm and the J-MSBL algorithm are identical, and hence, upon optimizing Q(y|v")

with respect to (i), we obtain the expression for 7"+ (i) as in the MSBL algorithm,

*Notice that (4.10) and (4.34) are different, since the former uses the measurement matrix containing
only the known pilot symbols, ®,, whereas the latter uses the measurement matrix consisting of pilot
symbols along with the estimated data, together given by & ().
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given by (4.10). Further, the objective function to obtain X, i.e., Q(X|X™), can be de-
rived as follows:

N
Qmwwzmmmmﬁ%nmmwmxﬂ

n,=1

Ny
:%%%WWW[Zﬂ%w—@mm@. (4.36)

Ner=

and hence, the optimization problem for X is given by

N, N
X{V0), . X (1) = argmin C(6,0) + D [nek(@) = > T, 1 Foli, g, 2,

Ty thES n,=1 ng=1

(4.37)

where i € D, D is an index set consisting of the data subcarrier locations, C = ®X &,
Fy(i,:) is the i" row of the F, matrix, u,,. and ¥ are given in (4.35). The computational
complexity of this algorithm is dominated by the inverse operation in (4.35), and is
O(K2N2LNy).

As stated in the previous section, the initial estimate of I' is taken to be the identity
matrix. The initialization of the (K NN, — P, NV;) data symbols in turn requires an initial
channel estimate. Hence, the initialization of X is obtained from the channel estimate
obtained from a few iterations of the MSBL algorithm from the P, pilots (denoted as

h mspr)- The ML data detection problem for obtaining the initial data estimates is given

by

Nt
X{0(i4),. .., X (i,0) = argmin |y, k(i) — > 2, Fy(i, Jhysprl’, i €D, (4.38)

T1,.., TN, €S ni—1

In order to obtain the solution for both (4.37) and (4.38), we need to find the vector

[z1,...,zy,] that jointly minimizes (4.37). Although we can solve this problem with
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moderate complexity for MIMO-OFDM systems with N; up to 4 [60], the complexity
of this problem is high for large values of NV;. In such scenarios, one can use sphere
decoding [132].

In the following section, we discuss the pilot-based and joint channel estimation and

data detection for time-varying ga-sparse MIMO-OFDM channels.

4.3.2 The J-KMSBL Algorithm

In this section, we generalize the KMSBL algorithm of Sec. 4.2.2 to obtain the J-KMSBL
algorithm, which utilizes the observations available at the N subcarriers of the X OFDM
symbols, and performs data detection at the (N — P,) data subcarriers of the OFDM
symbol. Generalizing the J-MSBL to the J-KMSBL algorithm involves incorporating an
E-step that exploits the correlation in the time-varying channels such that the algorithm
is recursive in nature, and the smoothed channel estimates obtained for the X OFDM
symbols are used to jointly estimate the ga-sparse channel and the unknown data of the
K OFDM symbols.

Our starting point, again, is the state space model given by (4.15). The EM update

equations in this context are given by

E_Step : Q(’Y’ X|7(T)? X(T)) = EHl HK|Y;7(’") [1Og p(Ya Hla teey HK, Y, X)]

.....

M-step : ("), X)) = argmax  Q(v, X[y, X)), (4.39)

‘yERiX ! Xz, €S

where X comprises of the data transmitted on the X OFDM symbols, as defined in
the previous subsection. Since the J-KMSBL algorithm uses the observations available

at all the IV subcarriers of an OFDM symbol, the recursive updates of the mean and



Chapter 4. 112

the covariance of the posterior distribution are given by (4.17)-(4.25), with Y, and @,
replaced by Y and ®, respectively. Further, since I and data at the non-pilot subcarriers

are unknown, the objective function in the M-step given by

Q (X/Y\X(T),’Y(T)) =c— KN, 1og|Ty| — Eq, _w,[vx~®

K N, N

S oy = 3 X Pl

j=1 n,y=1 ng=1

K N,

r n L hn - Hr_l h?”L P h?”L .
_ZZ vg = Phn, 1) "y (B, 5 — phin, 1) —h T:'h, |, (4.40)
(1_ 2) nr, 1" b T
7=2 n,y=1 p

where c is a constant independent of v and X. The expression above is a sum of terms
which are independent functions of v and X, £ Xy, Xnx) for 1 < k < K, de-
noted as Q (v[v"") and Q <Xk\X,(f)> ,1 < k < K, respectively. Further, we see that
Q ('y|'y(7")) is the same as (4.29). Hence, the learning rule for « follows from the M-step

of the KMSBL algorithm, and is given by (4.30). The expression for () (Xk\X,(:)) is given

by

N
an,k‘_E X e F Ny, i

nt=1

Q (XilX{) = By pyixin g [e= D o (4.41)

ny=1

The M-step requires I:IW( £ En, jyx 0 [Hi] and Py £ By jy.xo) o [HHE], which

) ()

are given by the KFS equations of the E-step. The maximization of () (Xk\X,(:)) in (4.41)

leads to the following optimization problem for X;:

X0 V) X (60) = argmin C(id) + Z [, (1) me ) I

T1ye TN €S nr=1 ng=1

(4.42)

where i € D, Dis anindex set consisting of the data subcarrier locations, C = ®Py, @,



Chapter 4. 113

F(i,:) is the i'" row of F and flnmk‘ x is the n'f column of ﬂk| x- Note that, in contrast to
the expression for C in (4.37), the above expression is a function of Py, since the co-
variance is computed recursively.

Data detection in the M-step results in the measurement matrix ‘I>,(f) in the r™ itera-
tion and k™ OFDM symbol. Hence, the iterations of the ]-KMSBL comprise the KFS
update equations that incorporate <I>,(:) instead of the pilot-only ®, ;, used in the KSBL
algorithm. Further, the data detection in the M-step necessitates the initialization of
transmit data, X,(CO) for 0 < k < K. We use the channel estimate obtained from a few
iterations of the KMSBL algorithm from the P, pilots (denoted as hxirse 1) to obtain the
initial estimate X,io) forO0<k< Kandi €D as

N
X{0,0), - XN 6 0) = argmin [y, (1) — Y 2, F(, Yhyarsarl® (4.43)

)
T1yeney thES ny=1

As mentioned in Sec. 4.2.2, when p = 1, the channel is block-fading in nature. Employ-
ing P, pilots in an OFDM frame, we can emulate the block-fading scenario described in
Sec. 4.3.1, and hence implement the ]-MSBL algorithm recursively using KFS equations
given by (4.33). Further, the M-step of the J-KMSBL algorithm is given by (4.30) and
(4.43).

Thus far, we focussed on recovering the block-fading and time-varying ga-sparse
channels using pilot-only and joint techniques. Next, we design pilot-only and joint
channel estimation and data detection algorithms for group approximately cluster-sparse

block-fading and time-varying channels.
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4.4 Channel Estimation and Tracking Using Pilot Subcar-

riers for Ga-csparse Channels

In this section, we model the channel as ga-csparse, i.e., the entries of the approxi-
mately sparse channel are constrained to lie in a few clusters. The ga-csparse channel
h,,,. consists of B blocks each of length M, with each block containing all strong or
all weak components, and the strong component clusters are few in number. The para-
metric prior modeling in SBL can be extended to the ga-csparse channels by assigning a
hyperparameter +.(i) to the it cluster, 1 < i < B, instead of the i" component, as given
in Sec. 4.2.1. That is, a B length hyperparameter vector . is associated with the pdf of
h,,,,,, such that every M length cluster of the channel is distributed as CN(0, 7.(4)).

First, we propose the Block MSBL (BMSBL) for pilot-based ga-csparse block-fading
channel estimation in a MIMO-OFDM framework and propose to implement the BMSBL
algorithm using the parallel cluster MSBL (PCMSBL) approach [135], which is same as
the BMSBL in performance but has the advantage of computational complexity as it
allows for the parallel implementation of the algorithm. Thereafter, we develop the
Kalman-BMSBL (KBMSBL) algorithm for pilot-based ga-csparse time-varying channel
estimation, and propose to implement the algorithm using the low-complexity Nested
MSBL (NMSBL) approach [135].

4.4.1 The BMSBL Algorithm

In this subsection, we propose the Block MSBL (BMSBL) algorithm for pilot-based
estimation of the block-fading ga-csparse channels, by generalizing the BSBL algo-

rithm [134] to the multiple measurement scenario. That is, we recover the N, ga-csparse
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channels, h,, ,, from N, observation vectors, y,, ... Note that setting N, = N, = 1 leads
to the SISO-OFDM problem, making the proposed algorithm backward compatible for
the SISO-OFDM ga-csparse channel estimation.

The EM algorithm for ML estimation of the parameter -+, in the BMSBL framework is

as follows:

E-step : Q (v.[7") = By, o 108 0(Yp, H; )]

") = arg max Q (v.[v") . (4.44)

‘YCEREX 1

M-step : 7!

The posterior distribution in the E-step above can be derived as p(h,, |y,.n,; 'yér)) ~

CN (pen,, ), where

H —2 ¢5¢P -1 -
Hen, = 2e®, Ypn,, Xe=0 2 +(T.®Iy) (4.45)

Observe that the MSBL Sec. 4.2.1 and the BMSBL algorithms differ in the prior distri-

bution of H. The log-likelihood of the ga-csparse channel H is given by

Ny Ny

log p(H;e) = ¢ = NN, log|(Te @ Ty)| = > Y b (Te@Ty) by, (446)

ni=1n,=1

where ¢ is a constant independent of .. Maximizing () (fyc|fy£r)) in (4.44) w.r.t. 4., we

obtain the following

’YCER+

Ny Nt
AI(i) = argmin MN,N, log [T + gy 0 D [Z (T, @ L) "Te[hy,m, b1 nr]] :
nr=1 Ln:=1

(4.47)
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Simplifying the above, we obtain

M N N

1
(r+1) 17\ — 2
Ye (i) = MN, N, Z Z Z Ec7nm7-(m> m) + |I’I’C7ntnr (m)‘ . (4.48)

m=1n,=1n:=1

Note that, in contrast to (4.13), we obtain the averaging over the size of the cluster,
since 'yy“)(i) is common to the entries of the cluster. Further, since the vectors are ga-

csparse over N, transmit and N, receive antenna, we obtain the update, 757"“) (1) which

is averaged over N, N, channels of the MIMO-OFDM system.

Implementation of BMSBL

Here, we discuss the implementation of the BMSBL algorithm. We employ the PCSBL
approach [135] which can significantly decrease the complexity of the proposed BMSBL
approach.

The complexity of the BMSBL algorithm is dominated by the computation of the pos-
terior covariance matrix 3., which incurs a computational load of O(N?M B). In [135],
we proposed an approach for estimating cluster-sparse signals and showed that the
block-based algorithm in [134] is amenable to a parallel cluster SBL (PCSBL) imple-
mentation.

We employ the PCSBL approach to handle multiple measurements, as depicted in
Fig. 4.4, where the ga-csparse channel is recovered by solving M parallel problems.
The M-step is simply the average of the hyperparameter updates obtained from the A/
parallel problems per receive antenna. This approach incurs a maximum computational
load of O(P?), i.e., the complexity does not scale with L = M B.

The BMSBL algorithm is designed for block-fading channels, and cannot avail itself
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Figure 4.4: Block Diagram of the PCMSBL algorithm depicting M parallel branches.

of the temporal correlation in time-varying channels. In the following subsection, we
propose a recursive KBMSBL algorithm for time-varying ga-csparse channel estimation

that exploits its temporal correlation.
4.4.2 The KBMSBL Algorithm

In this subsection, we derive an algorithm for tracking the slowly time-varying ga-csparse
MIMO-OFDM channel using the SBL framework. As in Sec. 4.2.2, we employ an AR
model for the temporal evolution of the ga-csparse channel and derive recursive KFS
based techniques. In addition, we propose a nested SBL approach [135] which fa-
cilitates the implementation of the proposed algorithm using M parallel Kalman fil-
ters/smoothers.

We formulate the ga-csparse channel estimation problem by modeling the channel
corresponding to the k" OFDM symbol as h,, ; ~ CN(0,(T. ® I,/)). We model the
temporal variation of every cluster in the ga-csparse channel using the first order AR

model as given in (4.15), i.e.,

hntnr,mk - phntn,«,mk—l + Wnin,.,mk> (449)
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for 1 < m < M, where u,,,, .« is spatio-temporally white, i.e., Wy, e ~ CN (0, (1 —

p?)y(m)Iy). The E and M steps for pilot-based ga-csparse channel estimation are given

by
E-Step : Q (76‘70T)) - EHl ..... HK|Yp3’Y£T) [log p(YPJ H17 cey HK; 76)] (450)
M-step : 4 = argmax @ (v.[v{") . (4.51)
Ye€REX1

The posterior distribution of H;, ..., Hx can be efficiently evaluated using the KFS
equations given in (4.17) - (4.25), by replacing I', by T, 2 (Iy, ® (T. @ Iy)).

The logarithm of the conditional prior distribution is given by

N, K
2—1 ]g(hnr,k — phy )T (g — phy, 1)
log p(Hy|Hy_1;T.) = KN, log |Tp| — 22— s
Ny
- > bl T 'h, (4.52)

ny=1
Note that, in the above expression, I';' imposes the ga-csparse structure on the channel

for K OFDM symbols. The M-step of KBMSBL can be simplified as follows:

A+ = arerEinll Eg, . Hye[Y, T [K N, log |T |
YeCR
K N, 1 N,
2 : z : (hn k — phn k—l)HI‘ b (hn k — phn k—l) 2 : H -1
T T C T T h F hn . 4.53
! k=2 n,=1 (1 - p2> i ne=1 e T’l] ( )

Using (4.52), and invoking the fact that ', = (In, ® (I'. ® I/)), we can simplify (4.53)
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as

,),C(r+1) = arg min KM N, N, log |T.| + Z Tr (T, M, 1K)

Bx1
RX nt=1

K N

+ ) Z Tr (T, Mo, ix); (4.54)
k=2 n¢=1

where M., jx consists of rows and columns (n; — 1)L through n,L from the matrix

M, i £ NP+ B A p? (NP e+ H, g I ) —2pRe(N P oy +Hy i HIL ).

Likewise, M., 1) consists of rows and columns (n; — 1)L through n;L from the matrix

\Y PP =S NPy + ﬂl|kﬂﬁk. Note that, in the above expressions, P, and ﬂj|k are a

function of «., unlike (4.29), where the expressions are a function of ~. Differentiating

(4.54) w.r.t. 7.(i) and setting the resulting equation to zero gives the update for the it

hyperparameter as follows:

CALCEPISE 0 3) 95 i SERD 9) S AT FRNTE.

nt=1 k=2 m=1 nt=1m=1

where, M,,, .., jjx consists of rows and columns (B — 1)M through BAM from the matrix
M., jix and M,,, ¢, 1/ consists of rows and columns (B — 1)M through BM from the
matrix M,, ¢, 1jx- Thus the KBMSBL algorithm learns -, in the M-step and provides
low-complexity and recursive estimates of the time-varying ga-csparse channel in the

E-step using the KFS framework.

Implementation of KBMSBL

The complexity of the KBMSBL algorithm is dominated by the term J;,_;, whose com-
putational complexity is given by O(KL?). In [135], we proposed a low-complexity,

Nested SBL (NSBL) approach for estimating cluster-sparse signals. In this approach,
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we introduce auxiliary variables t,,,,, » € CV*!, such that

tntnmk’ = q)nt,khntn7-7kc + Zpin, ke- (456)

The structuring of the vectors h,,,,, k. is crucial for the NSBL algorithm since it directly
affects the computational complexity. Here, we construct a vector h,,,,,, k., such that it

consists of sub-vectors governed by a common hyperparameter vector ., i.e.,

hmnr,kc - [hmnr,lk(l)a hnmr,%(l)a SRR hntnr,Bk(l)? sy h’ntn'mlk(M)J

hntnr72k(M)7 EII) hntn7-7Bk’(M)]- (457)

Accordingly, ®,, , consists of the columns of ®; corresponding to entries of h,,,,, k.
Although z,,,, r. cannot explicitly obtained, we note that its covariance can be written

as Zp,n, ke ~ CN(0,B,0%Iy) where, 0 < ,, < 1 and Zﬂ]\le Bm = 1. [135]. Further,

using t,, & = [t{, ... .th,,. .|, we construct the matrix T), € CN*ML*Nr by stacking
tik,...,tn, k asits columns. The auxiliary variable matrix T, decomposes the problem

of tracking ga-csparse channels into a problem of tracking M length ga-sparse channel
component vectors.

The NSBL technique is implemented using two EM loops, one nested within the other,
as depicted in Fig. 4.5. The outer EM loop consists of updating the posterior distribu-
tion of T, for 1 < k£ < K, and the inner EM loop consists of updating the posterior
distribution of the ga-csparse channel using the KFS framework across the X' OFDM
symbols.

The inner EM loop in the NSBL algorithm is amenable to parallel implementation

as M parallel KFS chains. Each KFS chain incurs a computational load of O(K B?),
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Figure 4.5: Block Diagram of the NSBL approach.

since the parallel chains track a vector in a lower dimension (B). The computational
complexity of the outer loop of the NSBL approach dominates the overall complexity
of the algorithm, and hence, the complexity of NSBL is given by O(K*M?P?L). Note
that, in contrast to KBMSBL which incurs a computational complexity of O(K L?), the
complexity of the NSBL approach scales linearly in L. Hence, the NSBL approach leads
to an efficient implementation of the proposed KBMSBL algorithm for large L.

In the following section, we briefly discuss the generalization of the BMSBL and
KBMSBL approaches to joint channel estimation and data detection in time-varying

ga-csparse MIMO-OFDM channels, before presenting our simulation results.

4.5 Joint Channel Estimation/Tracking and Data Detec-
tion Using Pilot and Data Subcarriers for Ga-csparse

Channels

In this section, we develop the novel ]-BMSBL and J-KBMSBL algorithm that generalize
the pilot-based BMSBL and KBMSBL algorithms for joint ga-cparse channel estimation
and data detection in MIMO-OFDM system:s.

Here, the unknown variables are not only the hyperparameters but also the unknown

transmit data symbols in the entire OFDM frame. We consider H as the hidden variable,
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and, in contrast to BMSBL and KBMSBL, we consider [v., X], where X = [X, ..., Xy,],
as the parameters to be estimated.

Note that the BMSBL /KBMSBL algorithms differ from the ga-sparse based
MSBL/KMSBL algorithms in the cluster-based hierarchical channel model, which, in
turn, affects the posterior mean and variance of the channel. These posterior statistics
affect the updates of ~. as shown in (4.47) and (4.53). The updates of the transmit data
[X1,...,Xp,] in the case of ]-BMSBL, and [y,, Xy, ..., X] in the case of ]-KBMSBL, can
be obtained from the posterior estimates of the ga-csparse channel, from the E-step.

Hence, the update equation for the transmit data remains the same as (4.37) and (4.42).

4.6 Simulation Results

In this section, we demonstrate the performance of the proposed channel estimation al-
gorithms using Monte Carlo simulations. We consider the parameters in the 3GPP/LTE
broadband standard [60,61]. We use a 3MHz 2 x 2 MIMO-OFDM system with 256 sub-
carriers, with a sampling frequency of f, = 3.84MHz, resulting in an OFDM symbol
duration of ~ 83.3us with Cyclic Prefix (CP) of 16.67us (64 subcarriers). The length of
ga-sparse channel (L) is taken to be equal to the length of the CP. Each frame of the
MIMO-OFDM system consists of K = 7 OFDM symbols. The data is transmitted using
a rate 1/2 turbo code with QPSK modulation. For the turbo code generation, we use
publicly available software [130], which uses a maximum of 10 turbo iterations. We use
a convergence criterion of € = 1072 and 7,4, = 200 for all the algorithms. Further, we
use a raised cosine filtering in every receive and transmit antenna chain with a roll-off

factor of 0.5 [61] and the Pedestrian B channel model [71], which leads to approximately
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sparse channels at the sampling frequencies considered [90].
4.6.1 Block-fading Ga-sparse and Ga-csparse Channels

In this subsection, we consider the pilot-only channel estimation and joint channel es-
timation and data detection in block-fading ga-sparse and ga-csparse channels. Each
OFDM frame consists of K = 7 OFDM symbols, with P, = 44 uniformly placed pilots
in an OFDM frame of each transmitter. We implement the MSBL and the J-MSBL al-
gorithm for ga-sparse and BMSBL and J-BMSBL algorithms (with block sizes of 4 and
6) in the case of ga-csparse block-fading channels, and plot the MSE and the coded
BER performance of the algorithms in Fig. 4.6 and Fig. 4.7, respectively. We compare
the performance of the proposed algorithms with the CS based Simultaneous OMP
(SOMP) [12] using 50 pilots, MIP-aware methods: pilot-only MIP-aware estimation [66]
and the MIP-aware joint data and channel estimation algorithm, which we refer to as
the EM-OFDM algorithm [132].

From the top half of Fig. 4.6, we observe that the MSBL algorithms performs at least
1 dB better than the CS based SOMP technique. Since the proposed MSBL technique
exploits spatial sparsity, it performs 5 dB better than the symbol-by-symbol SBL algo-
rithm in [90]. We also observe that since BMSBL exploits the cluster-sparse structure,
it outperforms the MSBL by 2 — 2.5 dB. The bottom half of Fig. 4.6 depicts the MSE
performance of joint data detection techniques that detect the (KN — P,) data symbols
along with estimating the channel, resulting in a significantly lower overall MSE com-
pared to pilot-only schemes. We see that among the joint SBL based iterative methods,

the J-MSBL algorithm performs an order of magnitude better than the MSBL algorithm,
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especially at higher values of SNR. Further, we see that ]-BMSBL has a superior perfor-
mance compared to J-MSBL and the symbol-by-symbol J-SBL [90]. Note that, ]-BMSBL

is less than a dB from the MIP-aware (support-aware) EM-OFDM algorithm.

" H —— MIP-aware pilot-only
—¥— J-MSBL
—B— MIP-aware EM-OFD

10 12 14 16 18 20 22 24 26 28 30

; ; ;
= =X- = J-SBL
S —— J-MSBL
3 i~ , + J-BMSBL
~% o —H&— MIP-aware EM-OFD

M

10 12 14 16 18 20 22 24 26 28 30
SNR

Figure 4.6: MSE performance in block-fading channels as a function of SNR in dB: Top:
symbol-by-symbol SBL vs. MSBL vs. BMSBL. Bottom: J-SBL vs. ]-MSBL vs. J-BMSBL.
P, = 44, ga-csparse: Solid curves - block size = 4, Dashed-dot curves - block size = 6.

The coded BER performance of the proposed schemes is compared with the MIP-
aware EM-OFDM and with a genie receiver, i.e., a receiver with perfect knowledge of
the channel (labeled as Geni e), in Fig. 4.7. We also compare the performance with
MSBL, BMSBL and MIP-aware pilot-only channel estimation followed by data detec-
tion. First, we observe that the MSBL algorithm performs 2 dB better than the SOMP
scheme, while being more than a dB poorer than the BMSBL scheme. Further, the J-

BMSBL technique, performs 1 dB better than the BMSBL scheme and 0.5 dB better
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than the ]-MSBL scheme and only 0.5 dB away from the MIP-aware pilot-only tech-
nique. Since the MIP-aware pilot-only technique estimates the channel from an overde-
termined system of equations, it outperforms the MIP-unaware pilot-only techniques.
Moreover, at lower SNRs (between 0 — 10 dB), the joint channel estimation and data
detection techniques are prone to errors in the detected transmit data, and hence, they

are outperformed by MIP-unaware pilot-only techniques.

T
Solid - Cluster size: 4

Dashed dot- Cluster size: 6

!
@
T

—fe— MIP-aware pilot-only

—B— MIP-aware EM-OFD|
Genie

0 1 2 3 4 5 6

Ey/No

Figure 4.7: Coded BER performance of the proposed algorithms in a block-fading chan-
nel, with P, = 44 pilot subcarriers, as a function of E},/Nj.

4.6.2 Time-varying Ga-sparse and Ga-csparse Channels

In this section, we consider a slowly time-varying channel, simulated according to a
Jakes” model [131] with a normalized fade rate of f,7; = 0.001 and P, = 44 pilot sub-
carriers in every OFDM symbol.

The MSE performance of the proposed algorithms as a function of SNR are depicted
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in Fig. 4.8. In the top half of the plot, we demonstrate that the pilot-only KMSBL algo-
rithm performs 5 — 7 dB better than the MSBL and symbol-by-symbol J-SBL algorithms,
since the KMSBL algorithm exploits the temporal correlation and joint sparsity in time-
varying channels. Further, we demonstrate that the KBMSBL technique which exploits
the approximate cluster-sparsity performs 1.5 — 2.5 dB better than the KMSBL algo-
rithm, while being 5 — 6 dB away from the MIP-aware Kalman tracking algorithm [121].
However, the ]-KBMSBL algorithm performs 5 dB better than its pilot-only counter-
part, i.e., the KBMSBL algorithm, while being less than a dB away from the MIP-aware
Kalman tracking algorithm. The MIP-aware algorithm performs joint channel estima-
tion and data detection, i.e., uses an MIP-aware EM algorithm which implements the
channel estimation in the E-step using a Kalman tracker, and detects the transmit data
in the M-step.

In the bottom half of Fig. 4.8, we demonstrate the performance of joint channel esti-
mation and data detection schemes in time-varying channels. First, we observe that the
symbol-by-symbol J-SBL algorithm that is not designed to exploit the temporal corre-
lation performs 5-6 dB poorer than the recursive KMSBL and JKMSBL algorithms. At
higher SNR, we observe that the performance of the JKMSBL algorithm is 2 dB away
from the MIP-aware Kalman tracking algorithm. In contrast to pilot-only schemes, -
KMSBL and J-KBMSBL have the same performance, while being 1 dB away from the
MIP-aware Kalman tracking algorithm. The gains due to modeling the channel as being
cluster-sparse diminishes as the algorithm effectively has a higher number of known

symbols to work with due to accurate detection of transmit data, especially at higher

SNRs.
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Figure 4.8: MSE performance in time-varying channels as a function of SNR in dB:
Top: symbol-by-symbol SBL vs. MSBL vs. KMSBL vs. KBMSBL, Bottom: J-SBL vs.
J-MSBL vs. J-KMSBL vs. J-KBMSBL, compared with the MIP-aware Kalman tracker
[121]. f4Ts = 0.001 and P, = 44. Cluster-sparse: Solid curves - block size = 4, Dashed-
dot curves - block size = 6.
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In Fig. 4.9, we depict the coded BER performance of the proposed algorithms. We
see that, while the proposed algorithms perform better than the SOMP algorithm by
a margin larger than 2.5 dB, the J-KBMSBL is only a fraction of a dB away from per-
formance of the MIP-aware Kalman receiver and the genie receiver which has perfect
channel knowledge. The J-KSBL outperforms the pilots-only KMSBL by a margin of
0.5 dB. Further, the ga-csparse KBMSBL and J-KBMSBL algorithms perform better than

their ga-sparse counterparts, i.e., KMSBL and J-KMSBL, by a margin of 0.5dB.

Solid- Cluster size: 4
Dashed dot — Cluster size: 6

BER
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: \ \ \
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Figure 4.9: Coded BER performance of different schemes in a time-varying channel
with f;T, = 0.001 and P, = 44, as a function of Ej/Nj.

In both block-fading and time-varying channel conditions, the algorithms proposed
for ga-csparse channels outperform their ga-sparse counterparts, affirming that exploit-
ing the cluster-sparse nature of the channel does offer better performance in MIMO-
OFDM channels. Intuitively, modeling the channel using v € R} *! leads to over-fitting,
which can be overcome by modeling the channel using ~. € RZ*!, where B < L. We

also observe that the performance is better for a block size of M = 6 (i.e., B = 10 blocks)
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compared to M = 4 (i.e., B = 15 blocks), demonstrating that A/ = 6 is more appropri-
ate for modeling the MIMO-OFDM channel, as it reduces the over-fitting compared
to M = 4. We have seen, empirically, that M = 10 (i.e., B = 6 blocks) performs worse
than M = 6. This is because M = 10 is perhaps an overly parsimonious model for the
channel, leading to model mismatch and associated estimation errors. In general, the
value of M needs to be tuned depending on the channel behavior, the transmit-receive
filtering used, the sampling frequency, etc. A deeper study of the choice of M is beyond

the scope of this chapter.

4.7 Conclusions

In this chapter, we considered the pilot-only channel estimation and joint channel esti-
mation and data detection for block-fading and time-varying ga-sparse and ga-csparse
channels in MIMO-OFDM systems, using the SBL framework. In the block-fading sce-
nario, to estimate the ga-sparse and ga-csparse channels, we presented an adaptation
of the MSBL and BMSBL algorithms. We also generalized them to obtain the J-MSBL
and J-BMSBL algorithms for joint ga-sparse and ga-csparse channel estimation and data
detection, respectively.

In the time-varying scenario, we used a first order AR model to capture the tempo-
ral correlation of the channel and proposed the pilot-only based KMSBL and KBMSL
algorithms, respectively. We generalized these algorithms to obtain the ]-KMSBL and
J-KBMSBL algorithms, respectively, for joint channel estimation and data detection. We
discussed the computational aspects of the proposed algorithms and showed that the

proposed recursive algorithms entail a significantly lower computational complexity
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compared to the previously known SBL based techniques. Further, we discussed effi-
cient implementation structures for ga-csparse channels in both block-fading and time-
varying cases.

Simulation results showed that (i) joint algorithms outperformed their pilot-only coun-
terparts, especially at higher SNRs, (ii) recursive techniques outperformed the symbol-
by-symbol algorithms, and (iii) algorithms proposed in the context of ga-csparse chan-
nels outperformed their ga-sparse counterparts. Thus, it is, in general, beneficial to ex-
ploit any available structure in the sparsity of the signal being estimated. Future work
can study the use of the algorithms developed in this chapter for other applications

besides channel estimation and data detection in wireless communications.
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On the Recovery of Sparse and
Structured Sparse Signals Using Sparse

Bayesian Learning

5.1 Introduction

In problems of sparse learning and regression, in order to obtain sparse estimates,
Bayesian inference is performed by incorporating a prior distribution on the vector to
be recovered. Typically, the prior density contains a set of free parameters that are capa-
ble of inducing sparsity: the sparse vector estimation task involves inferring the values
of such parameters based on the observed data. Lately, Bayesian methods for sparse
recovery have found widespread applications as they often lead to simple, convergent
algorithms accompanied by efficient implementations. Typically, Bayesian methods in-
volve deriving the full posterior distribution of the missing variables conditioned on
the observations, hence providing valuable statistical information as compared to CS

based techniques that provide point estimates. In dynamic, time-varying scenarios that

131
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involve recovering sparse vectors, the statistical information obtained from the poste-
rior distribution is used to obtain predictive densities, which potentially lead to future
states that are sparse [34]. Furthermore, in the context of structured sparsity, it has
been found that it is hard to adapt non-Bayesian sparse recovery algorithms to scenar-
ios where sparse signals exhibit inter and intra-vector correlations. In contrast, it is
simple to incorporate structured sparsity using Bayesian methods by employing these
constraints into the hierarchy of prior distributions or hierarchy of mixture distribu-
tions, which intuitively behave as a constraint on the space of all possible structured
sparse solutions [44,79]. In addition, Bayesian methods infer the number of non-sparse
components automatically, and hence, do not necessitate the information regarding the
level of sparsity.

In this thesis, we focus on a popular Bayesian technique known as Sparse Bayesian
Learning (SBL), which uses a parameterized prior to promote sparsity through a pro-
cess of evidence maximization [34]. The prior distribution used in SBL regularizes
the overcomplete problem given in (5.5), thereby circumventing its ill-posed nature.
SBL uses a two-stage hierarchical distribution on the unknown vector, as shown in
Fig. 1.1. Here, x ~ N(0,T'), where the diagonal matrix I' contains the hyperparame-
ters ¥ = [y1,...,71)" as its diagonal elements. In order to obtain an explicit posterior
density function and yet promote sparsity, a conjugate Inverse Gamma (IG) hyperprior

parameterized by a and b is assumed for «, i.e.

v ~ZG(a,b), a>0,b>0. (5.1)

By marginalizing over -, the distribution of sparse vector x parameterized by a and b
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can be obtained as

p(x|a,b) = /p x|y)p(v; a, b)dy (5.2)

i)

=1

which is a Student-t prior on the vector x [34]. Further, note that as a,b — 0, the

Student-t distribution is given by

1
(D]

L
p(xja=0,b=0) x H (5.4)
=1

Such a prior is strongly peaked around z(i) = 0, and consequently, the overall prior
p(x) is sparsity promoting.

An empirical SBL technique which incorporates a Student-t prior with a = b = 0
was first proposed by Tipping for learning the sparse vector, based on the Expectation
Maximization (EM) and McKay updates [34]. Several results that elucidate the general
behavior of the nonconvex SBL cost function and solid theoretical justification for using
the EM-based update equations are provided in [49]. Specifically, the authors prove
that the global minima of the SBL cost function is always achieved at the maximally
sparse solution in the absence of noise, and, irrespective of noise, the local minima
are sparse. SBL based algorithms have been successfully employed for image/visual
tracking [56], neuro-imaging [57, 58], beamforming [59], and joint channel estimation
and data detection for OFDM systems [90].

The Single Measurement Vector (SMV) SBL system model given by

y =®x+n, (5.5)
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as described in (1.1). The model given above can be generalized to a Multiple Measure-

ment Vector (MMV) SBL model given by

Y = ®X +V, (5.6)

where, Y € CN*K represents the K observation vectors stacked as its columns. The
columns of X € CF*¥ represent the K sparse/compressible vectors, and each column
of V. € CV*K is modeled as i.i.d. and with the same distribution as n in (1.1) [104].

Albeit related, a more general MMV system model is given by

Y. = @ka + Vi, for 1 S k < K. (57)

Note that compared to (5.6), the equation given above involves K distinct matrices
®,, ..., Py for different instantiations of the sparse vector, i.e., the system model given
above collapses to (5.6) when ® = &, = ... = ®,, and to (5.5) for K = 1.

Several extensions of SBL have been proposed that handle group sparsity, cluster spar-
sity and correlation constraints in (5.6). In [104], the authors have proposed the MSBL
algorithm for simultaneous recovery of sparse columns of X from measurements in Y.

Consider a scenario where the columns of X are correlated, i.e., for i # j,

E[xx] = B, (5.8)

J

where x; and x; represents two distinct columns of X and B is a covariance matrix such
that B(i, j) # 0 for ¢ # j, i.e., B is not a diagonal matrix. In order to recover columns of
X in such scenarios, the Temporal SBL (TSBL) algorithm has been proposed [79]. TSBL

converts the problem in the MMV framework to a problem in the SMV framework
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by vectorizing X7, i.e., x. = vec(X”). Then, the MMV recovery problem in (5.6) can
be reformulated as a problem of estimating the vector x. in an SMV formulation, as
follows:

Ye = P x, + Ve, (59)

where &, € CNV*MB jg given as &, = & ® Iy is the restructured measurement ma-
trix. Further, v, is the ambient noise given by v. = vec(V?). By construction, the
vector x,. consists of correlated non-zero entries which occur in clusters, and hence,
such vectors are called as block-sparse or cluster-sparse. From (5.9), we see that the
problem of recovering correlated MMV vectors can be formulated as a cluster-sparse
vector recovery problem, where the inter-vector correlation is manifested as intra-vector
correlation, and in particular intra-cluster correlation. There are several applications
where cluster sparsity and intra-vector correlation arise naturally (see [136] and refer-
ences therein). In particular, strong intra-cluster correlation has been observed in EEG,
ECG and several physiological signals [137]. Popular CS based approaches include
those which exploit cluster sparsity in linear models using mixed penalty such as the
¢y — Uy and ¢, — { [138-140] and techniques such as block matching pursuit, block
orthogonal matching pursuit [139], and block-CoSamp [141]. However, none of the
techniques based on CS exploit the intra-cluster correlation in the cluster-sparse signal.
In the SBL framework, a cluster-sparse vector recovery algorithm known as the BSBL

algorithm [134,142] is proposed, which, in addition to incorporating the cluster-sparse
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structure into the Bayesian framework, also exploits the intra-cluster correlation.! Fur-
thermore, when the intra-block correlation is not known, the BSBL framework uses
an approximate heuristic to estimate the intra-block correlation from the observations

themselves, in an MMV setup.

5.1.1 Proposed Algorithms

In this subsection, we describe the novel SBL-based algorithms proposed in this thesis.
These algorithms are proposed in the context of group-sparse and cluster-sparse sig-
nals, and they offer efficient and low-complexity solutions. We also provide a variant
of SBL that addresses recovery of partially known measurement matrices jointly with
the recovery of sparse vectors.

First, we consider the problem of recovering correlated vectors x;, . .., xx which have
a common support in an generalized MMV framework, as given in (5.7). We formu-
late the recovery of correlated vectors using a recursive framework by modeling the

correlation using a first order AR model leading to the state space model given by

Vi = Ppxy + vy, (5.10)

Xp = pXp_1+2x, k=1,2,... K, (5.11)

where, by definition, x, £ 0., where 0, represents an L-length vector of zeros, p repre-

sents the AR co-efficient. Also, z;, is the the noise driving the state sequence, consisting

1A subtle difference between the TSBL and the BSBL algorithm lies in the structure of the measure-
ment matrix. In the TSBL algorithm, the measurement matrix is restructured in order to facilitate cluster-
sparse vector recovery, and hence, the measurement matrix is of the form ® ® Ix. However, the BSBL
algorithm recovers the cluster-sparse vectors in the presence of generic measurement matrices.
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of independent components given by z;(i) ~ CN (0, (1 — p*)T'). The recursive formu-
lation along with the nature of the prior distributions allows us to use the Kalman
tiltering and smoothing (KFS) framework. Such a KFS framework is amenable to an
efficient implementation of the proposed algorithm, which we refer to as the Kalman
SBL (KSBL) algorithm. We show that when K is large, the proposed algorithm is of
significantly lower complexity compared to the TSBL algorithm.

In the context of cluster-sparse signals with intra-cluster correlation, we propose the
Nested SBL (NSBL) algorithm. Unlike the BSBL and the ARSBL algorithm [134], we
obtain closed form EM based updates for estimating the correlation coefficient. Further,
when intra-block correlation is absent, we simplify the NSBL approach and propose the
PCSBL algorithm. While the PCSBL algorithm offers the same performance as the BSBL
algorithm, we show that PCSBL is based on a divide and conquer approach and hence
amenable to parallel implementation.

Another novel algorithm proposed in this thesis learns the partially unknown dictio-
nary matrix jointly with recovery of the sparse vector in an SBL framework. Consider
the system model given by

y = AYx + n. (5.12)

The expression given above is identical to (1.1), with ® = A1. Let 1 be a known matrix
such as the Fourier or the wavelet basis. We consider a scenario where A is diagonal
with some missing entries. We elegantly generalize the conventional SBL based EM
framework in order to incorporate the estimation of diagonal entries of A in the M-step
of the SBL algorithm. We show that such an algorithm continues to enjoy the likelihood

monotonicity property of the conventional SBL framework. Further, using Monte Carlo
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simulations, we also show that incorporating the missing entries of A into the update
equations leads to superior MSE and support recovery efficiency as compared to the
SBL framework where only known entries of A are included. Until now, we described
the problem setup and provided an overview of the algorithms proposed in this thesis.
In the next section, we describe the SBL algorithm which is the basis of the novel SSR

algorithms proposed in this thesis.

5.2 Sparse Bayesian Learning

Here, we describe the SBL algorithm for the recovery the sparse vector x from (1.1).

SBL uses a parametrized prior to obtain sparse solutions, given by

p(x;y) = H(m(i))‘lexp (Ji((ii))‘ ) : (5.13)

Typically, the hyperparameters -« can be estimated using the type-Il ML procedure [34],
i.e., by maximizing the marginalized pdf p(y;~y) as

Yy = argmax p(y; ). (5.14)

Lx1
7€R+

Since the above problem cannot be solved in closed form, iterative estimators such
as the EM based SBL algorithm [49] have to be employed. The sparse channel h is

considered as the hidden variable and the ML estimate of ~ is obtained in the M-step.
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The steps of the algorithm can be given as

E-step : @ (’y|’y(’")) = Eyjyym [log p(y, x5 )] (5.15)
M-step : "V = arg max Q (’y\’y(T)) : (5.16)
'yE]Rin

The E-step above requires the posterior density of the sparse vector with the hyperpa-

rameter v = ~(), which can be expressed as
p (xly;7") = CN (1, Z), (5.17)

where X = T — TM&H (521 + ®TM@H) ™ ST, and p = 0 28®"y. The M-step

in (5.16) can be simplified, to obtain

'y(’”rl)(z') = argmax E ) [log p(x; )] (5.18)
(i) ERL
= By [|2()[*] = B, 1) + [p(i)[*. (5.19)

In (5.18), the term E, ) [log p(y|x;~y)] has been discarded, as it is not a function of
7(7). Note that the EM framework enjoys the monotonicity property, i.e., the likelihood
is guaranteed to increase at each iteration [126,127]. We have found, empirically, that
the straightforward initialization such as I'® = I, leads to accurate solutions. Note
that this algorithm recovers the sparse vector with no additional constraints on x such
as its sparsity level etc.

In the following section, we discuss the generalizations of the SBL framework for

estimation of group-sparse and cluster-sparse signals.
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5.3 SBL: Group and Cluster Sparsity

In this section, we discuss various extensions of SBL that exploit the group and cluster
sparsity in sparse vectors. First, we consider recovering M vectors in (5.6)/(5.7), where
the columns of X are group-sparse, i.e., locations of non-zero entries of the vectors
coincide, leading to several zero rows in X. Subsequently, we consider the problem of
recovery of cluster-sparse vectors from (5.9), where clusters are equi-sized and consist
of either all zero or all non-zero entries. We consider cluster-sparse signals where the
entries of non-zero clusters are correlated within the cluster and independent between
clusters.

In this chapter, we design algorithms which exploit the intra-cluster correlation when
the correlation is known. Further, when the correlation is unknown, we provide EM

based update equations for learning the correlation.

5.3.1 Existing Algorithms for Group Sparsity: MSBL and TSBL

In this subsection, we first describe the MSBL algorithm [104] for recovery of uncor-
related group-sparse vectors in X from the observation matrix Y in (2.2). Next, we

describe the TSBL algorithm [79] for recovering the group-sparse correlated vectors.

MSBL

MSBL incorporates a parameterized prior to obtain sparse solutions in regression, which

can be written as

p(X;T) = [[ (e T), (5.20)
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where x;, represents the k" column of X, with prior density given by x; ~ CA(0,T).
The hyperparameters in I" are estimated using the type-II ML procedure [34], i.e., by
maximizing the marginalized pdf p(y; ) as follows:

yur(i) = argmax p(yr; ), 1<i<L. (5.21)
Y(H)ERL

As in the case of SBL, the above problem cannot be solved in closed form. Unlike the
SBL algorithm, the above problem involves solving for xy,...,xk, for which iterative
estimators such as the EM based MSBL algorithm [104] are employed. In order to use
the MSBL algorithm, X is treated as the hidden variable and the posterior distribution
of X is obtained in the E-step, and the updates of ~ is obtained in the M-step. The steps

of the algorithm are given as

E-step : Q(v|7") = Exjy.y» [log p(Y, X; )] (5.22)
M-step : "V (i) = arg max Q(v|~y"), (5.23)
y(H)ERL

for 1 < i < L, and these steps are iterated until convergence. The E-step requires the

posterior distribution p(X|Y;~()), which can be obtained from the likelihood given by

1 — bx,|2
p(yrlxx) = 7% P (——H‘Yk k||2> : (5.24)

(ro o2

Combining the likelihood and the prior distribution, the posterior distribution of x;, is

given by p (xk\yk; 'y(’”)) ~ CN (Bmsblk, Zmsbl), With mean and covariance given by

PP N\
Hmsblk = U_2Emsblq)Hy1f Emsbl = < o2 +F(T) 1) . (525)
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Here, T'") is the hyperparameter update in the " iteration.
The M-step given by (5.23), can be simplified to obtain the update equation for ~ as

7(7“—1-1)(@') = E i:(: (Z ,umsblk( ) + Emel(@ ’L)) . (5.26)

k=1

Note that, in the above equation, the group-sparse nature of the channel results in the
update of v which is averaged over the K instantiations of the sparse vector.

The MSBL algorithm consists of executing the E and the M steps iteratively, until the
algorithm reaches convergence, i.e., the difference H’y(r) - 'y(’“‘l)H; < ¢, where € is a
small value, for e.g. € = 107°. The E-step involves computing the posterior mean and
variance of the sparse vector as given in (5.25), incurring a computational complexity
given by O(N?2L) [104], while M-step computes the hyperparameter update as given in

(5.26). In practice, it is found that an initial estimate for I' given by
=1, (5.27)

is sufficient for the MSBL algorithm.

In Fig. 5.1 and Fig. 5.2, we compare the the MSE performance and the support recovery
of the MSBL algorithm with the CS based Simultaneous OMP (SOMP) technique [83],
the conventional SBL and the OMP algorithms [12], which are unaware of the group-
sparse nature of the vectors. First, we observe that SBL based techniques have a better
MSE performance compared to CS based greedy techniques such as the OMP and the
SOMP algorithms. MSBL also outperforms the conventional SBL algorithm, i.e., utiliz-
ing the group-sparse nature of the channel leads to superior support recovery and MSE

performance.
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Figurg 5.1: MSE performance of the Figure 5.2: Success rate of the the al-
algorithms MSBL and SBL gompared gorithms MSBL and SBL compared to
to SOMP and OMP algorithms for SOMP and OMP algorithms for SNR
N =30,L =64and S = 3. —20,L =64and S = 3.

TSBL

Here, we describe the TSBL algorithm proposed in [79]. As mentioned earlier, the TSBL
algorithm recovers the group-sparse vectors by transforming the MMV model in (2.2)
to an SMV model.

As in the case of MSBL, each column of X is governed by a prior density given by
x; ~ CN(0,T'). However, since the group-sparse columns are correlated, the prior
density associated with every row of X (the i" row of X is denoted as x(i,:)), is as
follows:

p(x(4,:);9(0),B;) = CN(0,7(i)B;), 1<i<N (5.28)

where ~(¢) is the hyperparameter associated with each row of X, i.e., (i) = 0 corre-
sponds to a zero row of the matrix, and B; is a non-diagonal positive definite matrix
that captures the correlation structure of x(i, :).

Lety = vec(Y?) € CNM*! D = & ® I}, and x = vec(X¥) and v = vec(V#). Then the
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system model given in (2.2) can be rewritten as

y =Dx+v. (5.29)

Hence, in the process of converting a MMV model to the SMV model, a row-sparse

matrix X is transformed into a cluster-sparse vector x. The row correlation of X governs

the correlation of the it cluster of x, i.e., the i cluster is correlated according to B;.
Using the likelihood and the prior distribution given in (5.28), we obtain the posterior

distribution using Bayes’ rule, as follows:

p(X[y; ) = N (tsbl, Zisbl), (5.30)

where the posterior mean and covariance are given by

_ 9 H
Pisbl = 0 “ DDy,

Yl = 2o — XD (0’ Iyx + DXD) D3, (5.31)

where ¥ is a block diagonal matrix with the i" block diagonal entry given by ~(i)B,.
Here, 3, represents the overall covariance matrix of the cluster-sparse vector x. In
order to avoid the over-fitting, a single positive definite matrix B = B; = ... = By is
used to model all the covariance matrices.

In the M-step, the update equations for the unknown parameters can be obtained as
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follows:

. - i i i H
v(i) = Tr [B N(Bhe + MispMisp1 )] (5.32)
1 i + ulz uz
B - tSbl t‘Sbl tSbl (5.33)
M mz::l 7(7)
o |y = Dpsgn||” + 0 [ML — Tr(Zigp1 X0)]
- 5.34

where X! = S ((1 — 1)L +1:4L, (i —1)L+1:iL)and ply, = pesoi((i — 1)L+ 1 :iL).
The posterior mean, covariance and the update equations together constitute the TSBL
algorithm.

A special case of TSBL algorithm is considered in [125], where the correlation among
the entries of the i row (1 < k < K) of X is modeled using a first order AR model as

follows:

i1 (i) = pai(i) (1= p?)zi41(2), (5.35)

where p is the AR coefficient, z; (i) ~ CN(0,7(i)) and x (i) ~ CN(0,7(i)).

TSBL and the ARSBL algorithms are computationally complex since the measure-
ment matrix is tranformed from a N x L matrix to a NK x KL matrix. As a low-
complexity alternative to TSBL/ARSBL, we propose the KSBL algorithm [90] in the
following subsection. In contrast to the ARSBL algorithm, we show that the update
equations of the KSBL algorithm involve measurement matrices of dimension N x L
and not NK x K L. Moreover, the KSBL algorithm is capable of recovering correlated

simultaneously sparse vectors for the general system model given in (5.7).
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5.3.2 Proposed Technique: Kalman SBL

In this section, we describe the KSBL algorithm [90] which is a recursive, low-complexity
recovery technique based on the Kalman Filter and Smoother (KFS). The algorithm
works by fitting a first order AR model for the temporal evolution of the sparse vectors.
As explained in the previous section, x4, ..., X, are considered to be simultaneously
sparse and correlated. We model the correlation using a first order AR process given by

(5.35). The correlation in columns of X is given by
Xk :pXk_l—i—Zk, k= 1,...,K, (536)

where by definition, x; = 0;. The state space model comprises of the measurement
equation given by in (5.7), and the state equation given by the first order AR channel
model in (5.36). The joint pdf of the observations and the K sparse vectors is given by
K
p(Y, X1, ... Xg;y) = HP(Yk‘Xk)p(Xk‘Xk—U'Y)- (5.37)

k=1

We propose the KSBL algorithm using the EM updates, as follows:

E_Step : Q (’Y"y(r)> = Exl ..... x| Yy () [logp(Y> X1y XK 7)] (538)
M-step : v = argmax @ (y|v") . (5.39)
yeRY*!

To compute the E-step given above, we require the posterior distribution of the un-

known a-sparse channel, which is obtained using the KFS recursive update equations
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given as follows [124,128]:

fork=1,...,K do

Prediction: X,—1 = pXp—1jx—1 (5.40)
Prje—1 = p’Pr_1jp—1 + (1 — p°)T (5.41)
Filtering:

G = P 1@ (0°Ty + B Py 1®7) (5.42)
Xk = Xplk—1 + Gr(Yr — PrXpjp—1) (5.43)
Pur = Iz — G ®p) P (5.44)
end

forj =K, K—1,...,2 do

Smoothing: )ACj_l‘K = }A(j_1|j_1 + Jj_l(}A(ﬂK — )Aij‘j_l) (545)
Pjijx = Pjijm1 + Jm1(Pyix — Py I (5.46)
end

where the mean and the covariance matrix of sparse vector in the k™ instant is repre-
sented by X;;, and Py, respectively, for 1 < k < K, J;_4 =S ij—lU_le_\]l'—l and Gy, is
the Kalman gain. In the above, the symbols X1, Pyj;—1, etc. have their usual mean-
ings as in the KF literature [124]. For example, X, ;1 is the estimate of the Eth sparse
vector given the observations Y;_1 = [y1,...,ys—1] and Pjx—1 is the covariance of the
k™ channel estimate given Y;_;. The above KFS equations are initialized by setting

)A(0|0 = OL and Po‘o =T.

Typically, in a Kalman Filtering (KF) approach, the goal is to recursively estimate the
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channel state and its covariance matrix using forward and backward recursions, given
the observations Y. In the forward recursion, the KF operates on the observations to
obtain the estimates of the sparse vector as a weighted average of the previous estimate
and the current received symbol using prediction and the filtering equations in (5.40)-
(5.44). These weights are given by the the Kalman gain matrix, and are updated for
each sparse vector. In the backward recursion, the Kalman smoother ensures that the
observations of the K instantiations are included in the estimation of the sparse vector
corresponding to the k™ instant for 1 < k < K using (5.45)-(5.46). Hence, it improves
the accuracy of the estimates of the sparse vectors in every recursion.

In order to obtain an ML estimate of v, KSBL incorporates an M-step, which, in turn,
utilizes the mean and covariance of the posterior distribution from the E-step. From

(5.37), the M-step results in the following optimization problem:

K Hp-1
L AT . .
,),(r+1) = argminExl,_wa‘Yw(r) Klog\I‘| +Z (X] PX; 1) (Xg PX; 1)

yerE! = (1—p?)

+ X{{F_lxl
(5.47)

As mentioned earlier, we see that the M-step requires the computation of X, £

- T & o o H :
Ey... xxlyyo [Xj], and covariance By | o, vy (XX ] = Py +X kX forj =1,.. . K,

which is obtained from (5.40)-(5.46). The M-step also requires the computation of
x;x]_1] = Py 1k + XjxX]_y ) for j = K, K —1,...,2, which we obtain

EX1,---7XK\Y;'Y<T>

from [124] as follows:
Piyjax =Pionadj o+ I3 (Pjjoax — pPjo1j-1)d-2. (5.48)

The above recursion is initialized using Py x_1jx = p(I, — Gk ®x)Px_1/x-1. Using the
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above expressions, (5.47) simplifies as

K
1
~" ) = arg min {Klog IT'| + Trace(T' "My x) + =2 ZTrace(I‘—leK)} , (5.49)
=2

Lx1
7€R+

where Mj i £ Pjjx + X 5K e+ p* (P 1jie + %51 6X] g ) — 20Re(Pyj 1 + X5 kX))
and M,k £ Pk + x4 KfclT‘ - Differentiating (5.49) w.r.t. v(i) and setting the resulting
equation to zero gives the update for the i hyperparameter as follows:
q g p yperp
K .
. 1 M; 1,1 ..
~r(§) = = (Z M;xc (i ) + M1|K(7'>Z)> : (5.50)

K (1=p?)

j=2
for ¢ = 1,..., L. Thus the KSBL algorithm learns « in the M-step and provides low-
complexity and recursive estimates of the correlated simultaneously sparse vectors in
the E-step.

Using a flop-count analysis [129], for K (K > 1) group-sparse vectors, the compu-
tations of the KSBL algorithm is dominated by the computation of the Jx_; term in
the smoothing step, which has a complexity of O(K L?) per iteration. In ARSBL/TSBL,
the computation of the covariance matrix ¥ incurs a complexity of O(K*N?L) per it-
eration. Hence, we see that if the number of OFDM symbols to be tracked are such
that KN > L, the complexity of the ARSBL/TSBL algorithm is larger than the KSBL
algorithm. In other words, the KSBL algorithm is a good choice among SBL based tech-
niques when the number of group-sparse vectors is large.

In Fig. 5.4 and Fig. 5.3, we demonstrate the support recovery and the MSE perfor-
mance of KSBL algorithm as compared to conventional SBL and the OMP algorithms,
which are unaware of the correlated group-sparse nature of sparse vectors. Note that

KSBL uses distinct measurement matrices for every k, and hence, we cannot implement
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Figure 5.3: MSE performance of the Figure 5.4: Success rate of the KSBL
KSBL algorithm compared to SBL algorithm compared to SBL and OMP
and OMP algorithms and support- algorithms for SNR = 20, L = 64 and
aware Kalman filter for N = 30, L = S =3.

64 and S = 3.

TSBL and ARSBL algorithms in such a scenario. We see that KSBL which benefits from
group sparsity and temporal correlation among sparse vectors has a superior perfor-
mance compared to SBL and OMP algorithms.

Furthermore, the KSBL algorithm can be generalized to learn p as well. The Q(-)

function in the E-step w.r.t. pis given by

r K (xj—px;_1)TT Y (x;—px,_
Q <p|p( )) — C” - (K - 1) log(]- - p2) - Exl ,,,,, XK|YK;p(7‘) Z]:Q ( L PR 1)(1_92)( P 1):|

=" — (K —1)log(1 — p?) — =y Tr {T1 — p(T2 + T3) + p°Tu}, (5.51)
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where,

1K A
T, =T" > 2Pk + Xj\kxﬁk]
K A
T,=T" Zj:Q[Pj,j—llk + Xj\kxgH—l\k]
Ty =T 350 1k + %5kl

T, = r-! Z]K:2 [Pj—l\k + )A(j_1|kf(§{_1|k]. (552)

Differentiating the above expression w.r.t. p, we get

2Q(Ple") 2K -1)p 2 B )
R (o R e A
1

- mn {-Ty — Ts+2pT4}. (5.53)

Hence, p can be obtained as a solution to the cubic equation

2(K —1)p* —Tr {Ty + T3} p* — [2(K — 1) = 2Tr {T; + Ty)}|p— Tr {T2 + T3} = 0, (5.54)

subject to the constraint 0 < p < 1.

In the following subsection, we discuss the cluster-sparse recovery problem based on
the system model given in (5.9). Further, we discuss existing SBL based techniques for
the recovery of cluster-sparse vectors from (5.9) and propose novel techniques such as

the NSBL approach that overcomes the in the existing SBL based techniques.
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5.3.3 Existing Algorithms for Cluster Sparsity: BSBL

In this section, we present the BSBL algorithm [134] recovering cluster-sparse vectors
from an underdetermined set of linear equations as given in (5.9). Unlike the exist-
ing CS based techniques, BSBL is capable of handling intra-block correlation in block-

sparse vectors.

BSBL

In this subsection, we present the BSBL algorithm proposed in [134] for recovery of
cluster-sparse vectors in the presence of unknown intra-block correlation.

We consider the system model given in (5.9), where the unknown L = BM length

cluster-sparse vector x consists of B blocks denoted by by, ..., bpg, as follows:
Xe = [§11,$12> <oy LIM 3 TB1, TB2y - - JBJ\/d- (5.55)
b{IE?(;X]M bgeEIXAJ

The M entries of each cluster b; are constrained to be either all-zero or all-nonzero. In
the cluster-sparse framework, the underlying structure is exploited by modeling b; ~
CN(0,7,;B;), where ~; is an unknown hyperparameter such that when ~; = 0, the ith
cluster of x, is zero [134]. Here, B, € CM*M js a positive-definite covariance matrix that
captures the intra-block correlation of the i block, which is also unknown. Moreover,
different clusters are mutually uncorrelated, and hence, the cluster-sparse vector x, ~
CN(0,3), where X is a block-diagonal matrix with principal blocks given by v;B;,

1<i<B.
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The posterior mean and covariance are given by

_ 9 H
Hbsbl = 0 “2psb1 P, Ve,

Ebsbl = 20— qu)f(an + <I>CEO<I>£I)‘1<I>CEO, (556)

Note that the subtle different between the BSBL framework and the TSBL framework
arises in the construction of the measurement matrix - the BSBL framework employs a
general measurement matrix ®., while the TSBL assumes a block-diagonal matrix. As
a consequence, the learning rules for the unknown parameters v.,B (B =B;, 1 <i <
B), 02 remain the same as in (5.34).

Since learning the entire matrix B could lead to over fitting, B is further constrained
such that it depends on a single parameter [134]. A first-order AR process with param-

eter p is suitable in such scenarios. The corresponding correlation matrix of each block

is given by
1 p pM—l
2 M—2
B=| " " (5.57)
I pM—l pM—l 1 |

When p is unknown, an EM based closed form update for p is not available in the BSBL
framework. The approach adopted in [134] is to heuristically look for a correlation ma-
trix which is close to B especially along the main diagonal and the main sub-diagonal.
Such a non-EM based, heuristic update procedure offers satisfactory performance and
reasonably fast convergence in practice. However, it disrupts the EM based monotonic-
ity properties of the BSBL algorithm.

In order to overcome the above drawback of a heuristic update method, we propose
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the Nested SBL approach. In the following subsection, we show that, using the NSBL
approach, we are able to provide a convergent, low-complexity solution to the problem

of cluster-sparse recovery with EM based updates for all the unknowns.

5.3.4 Proposed Technique: NSBL

In this subsection, we describe the NSBL algorithm [135], which is based on a divide
and conquer approach: the problem of estimating a high-dimensional cluster-sparse
vector is reformulated as a set of smaller problems, each involving the estimation of
low-dimensional correlated group-sparse vectors. We show that the NSBL framework
enjoys the unique distinction of being a low-complexity recovery technique comprising
of EM based updates for the unknown intra-block correlation, unlike the BSBL algorithm

which uses a heuristic method to estimate the unknown intra-block correlation.

NSBL

The NSBL algorithm is an EM-based convergent technique which is capable of recov-
ering cluster-sparse vectors in the presence of unknown intra-block correlation (B #
I). As a special case, the NSBL approach can be simplified to a Parallel Cluster
SBL (PCSBL) approach for the case when the entries within a block are not correlated
B =1u).

As depicted in Fig. 5.6, restructuring the cluster-sparse vector x,, the problem of recov-
ering x. from y, is equivalent to finding the vectors x1, .. ., xy;, where x; = [zy;, ..., T pi].
Since b; ~ CN(0,7;B;) for 1 <i < B, x; ~ CN(0,T';) where I'. = diag(7.(1),...,7.(B)),

i.e., Xi,...,X) represent group-sparse vectors.
) Y
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Figure 5.5: Restructuring the block-sparse recovery problem such that the B length
vectors X, ..., X)s are group-sparse vectors.

By rearranging the columns of ®., the system model in (5.9) can be equivalently writ-
ten as
M

Ve = Z t,,, where t,, =®,x,+n,,, 1<m<M. (5.58)

m=1

In (5.58), ®,, € CV*B consists of the columns of ®. such that the coefficients corre-
sponding to its columns are given by x,,. Although n,, cannot be explicitly obtained,
we note that its covariance can be written as n,,, ~ CN(0, 3,,0*Iy) where, 0 < 3, < 1
and 3™ B,, = 1. If t,, is known, recovering x,, from t,, is a group-sparse recovery
problem [104] in a lower dimensional space (B), as compared to the dimension of the
original problem (M B). Here, we focus on recovering the cluster-sparse vector by re-
covering its group-sparse components X1, . . ., X;, using the restructured problem given
by (5.58).

The conventional SBL framework in Sec. 5.2 treats (y., x.) in (5.9) as the complete data,
and x. as the hidden variable. However, for the reformulated system model in (5.58),
it is necessary to augment the set of hidden variables x. with t = [t7,... t],]7 since t
is also hidden [143]. Accordingly, the complete information is given by (y., t,x.), and
(t,x.) constitute the hidden variables. Since closed-form expressions for the maximum

likelihood estimates of the unknown parameter «, cannot be obtained, we adopt the
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iterative EM algorithm for estimating ~,, as follows:

E-step : Q (ve[") = E, 1,y 08 D(ye, 8. %0 7))
M-step : 7"V = arg max Q ('yc\'ycr)) : (5.59)
'YcEREXl

The E-step in (5.59) requires the computation of p(t, x.|y.; ~¢y, which is given by

Pt %y Y7 = pxelt, e YY)ty A7) = p(xclt; A7)ty ). (5.60)

Hence, the E-step can be rewritten as

E-step : Q (v.[v") =E

T ]E T
tlyert” “xeltiy”
— —

log p(ye, t, Xe;¥e)]- (5.61)

E: Ex,

To compute Q('yc\'yc(r)), we first compute the posterior distribution p(t|y.; 'yér)) using the

likelihood p(t,,|xm) = CN(®,Xm, Bmo?Iy) for 1 < m < M, and the prior p(x.;~.) =
CN(0,T'p). Given H = 1), ® Iy, where 1,/ is a M length vector of ones, and y. = Ht,

we have p(t|y.; 'yér)) = CN (w4, 3¢), where

pe = (R+ @pCp®y ) HY(H(R + ®pTp®5)HY) y,

¥, = (R+ ®plp®) — (R+ &Iz )HY (H(R + &3 )HY)'H(R + &I p®L).
(5.62)

Here, ®5 € CNVM*BM jg a block diagonal matrix with ®,,..., ®,, along the diagonal,

and I's = B ® I'., where I'. = diag(~.). The block diagonal matrix R has mth diagonal

entry R,, = 3,,0%Iy. Note that the posterior mean p, € CMN*! consists of M vectors,

M
Pty -y My, such that Hy, =y, ie, y. = > -
m=1
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The posterior distribution p(x.|t; A ) depends on the correlation between the vectors
Xi,...,Xy. We model the intra-block correlation (i.e., correlation among x,...,Xy)
using a first-order AR model. The first order AR model is a widely accepted model,
and is used in a variety of applications [144-146]. It also has the advantage that it
avoids over-fitting [134] and allows for a Kalman filtering based learning framework.

The evolution of the m'" group-sparse vector is modeled as

Xm = PXm-1+ Wy, m=1,..., M, (5.63)

where the driving noise u,, is distributed as u,, (i) ~ CN(0, (1—p?)7(i)), p € Ris the AR
coefficient and 0 < p < 1. Overall, this leads to a common correlation matrix given by
M

B; =... =B =B =Toep([l,p,..., p"!]), where Toep(a) represents the symmetric

Toeplitz matrix defined by its first row a [134]. The state space model for t,, and x,, is

given as
t, = P, X, +n,,, (5.64)
Xm = PXpm-1+W,, m=1,..., M. (5.65)
Since x4, ..., Xy are group-sparse, from the above model, we have
M
p(t, X1, .., Xar;Ye) Hp o | X ) P(Xn [ X —15Ye) s (5.66)
m=1

where p(x1|X0; ve) = p(X1;7e)- Using (5.66), the posterior distribution of the sparse vec-

tors p(x, ..., Xp|t; 7@) is computed using the recursive Kalman Filter and Smoother
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(KFS) equations for 1 < m < M as follows [124,128]:

form=1,...,M do

Prediction: Xpjm—1 = pXpm—1jm—1 (5.67)
Poim1 = PP tjm1 + (1 — p*)T, (5.68)
Filtering: G, = Ppyjpm 187, (0°Iy + ®, P 187) (5.69)
Xmjm = Xmjm—1 + G (tm — PrXpjm—1) (5.70)
Poim = (Ip — G ®,) P (5.71)
end

for j=M,M—1,...,2do

SmOOthing: )ACj_l‘m = }A(j_1|j_1 + Jj_l(fij‘m - }A(j|j—1> (572)
Pt =P a1+ T 1 (P — Pyj-1)J] (5.73)
end,

-1
jli—1

where J;_; = pP;_;; 1P and G,, is the Kalman gain matrix. The above mentioned

KFS equations are initialized by setting xoo = 0p, i.e., a B length zero vector, and P, =

I'.. The E-step requires the computation of IEX1 (" [xjxf_l] = Pji_1jm+ fcﬂmfcf

----- xu [ty —1|m
form = M,M —1,...,2, which we obtain from [124] as follows:
Pjtjom=Pj1j1Ij o+ I (Pjjajm — pPj1j-1)Tj2. (5.74)

The above recursion is initialized using P, ,,,—1» = p(Ip — G, ®)Py—1jm—1. Note that
x; v and Py, 1 < @ < M represent the posterior mean and covariance of x given t,

respectively.
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The expectation K, involves computing p(t|y.;7!”) using (5.62). As mentioned ear-

lier, I'p is given by I' = B ® I'.. The KFS equations in (5.67)-(5.75) constitute the Ey
step, after which we compute E;. However, due to the recursive nature of the inner
E-step, E, the expectation of pi,,, w.r.t. the posterior density of t is a recursive function
of t,,,...,t1. As M increases, the complexity of computing such a recursive expecta-
tion becomes prohibitive. In order to circumvent this problem, we employ an alternate
technique, known as the Nested EM approach [147]. This monotonically convergent
approach allows us to simplify the overall algorithm into an inner and outer EM loop,
while the unknown parameter . is the common factor between the two loops. We call

this algorithm as the NSBL algorithm, where the nested E- and M-steps are given as

..... Xar|t;ye

E-step : Q (’Ychfé ),79“’ = { ik i [log p(ye, t, X1, - - Xars Ye)]
L
K

k+1
M-step : 7§T+ ) = arg max () <7c|7c ,'yg’“)) : (5.75)

ERBXl

L

The inner EM loop is initialized by 'yg i) 'yc . Note that, when ~. is updated in

every iteration, only the inner E-step (Ex = E g [-]) is updated. The overall
X1,--X M [65Ye

NSBL algorithm is executed by nesting one EM loop within the other, as depicted in

Fig. 5.6. The inner EM loop consists of E, and the corresponding posterior distribution

is given by (5.67)-(5.71). Further, the M-step for the inner EM loop is given by

M
'y(’”*‘(k%l))(i) _ ﬁ (Z (J\M(Z)Z) + My (4, 2)) (5.76)

=2
for 1 < 1 S B, where MJ‘M £ Pj‘M—F)A(ﬂM)A(]T'M+p2(Pj_1|M+)A(j_1|M)A(?_1‘M)—Qp(Pj,j_HM“‘
§<j|M§(§.F_1|M) and My = Py + fcl‘MfcﬂM. After K iterations of the inner EM loop, we
K

obtain 'yz =~/ 1, which affects the posterior distribution of t. The outer EM loop
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XM P, 1 <m <M

!
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YW M-step
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7(T+1) , p(T+1)

Figure 5.6: Pictorial representation of the Nested SBL implementation.

consists of updating the posterior distribution of t given in (5.62).
An update step for the unknown correlation coefficient p can also be incorporated into
the M-step of the NSBL algorithm. The correlation coefficient p(”(k—itl)) in the (r+ &)t

K

iteration is obtained as a solution to the cubic equation

(2B(M —1))p* +Tr {Ty + T3} p> —Tr {Ty + T3} —[2B(M —1) —2Tr {T, + T4)}]p = 0,

(5.77)
where the matrices T, through T, are defined as
Ty =T Y0Py + %X ), (5.78)
Ty = T 0P + XX ), (5.79)
Ty =T 0P + XX, (5.80)
Ty =T Y0P + XXy - (5.81)

Among the possible solutions of the above cubic equation, we pick the p € R that
satisfies 0 < p < 1.
Using a flop-count analysis [129], we note that the computations in BSBL are domi-

nated by the E-step, which incurs a computational complexity of O(N?M B). On the
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other hand, NSBL consists of two EM loops, where the maximum complexity of the
outer and inner EM loop are O(N?M B) and O(M B?), respectively. Typically, in the
nested EM approach, the number of inner EM iterations are fixed, so that the outer EM
loop is guaranteed to converge, and the inner EM loop ensures likelihood increase [147].
Consequently, the complexity of the NSBL algorithm is dominated by O(N*M B). How-
ever, since the number of outer EM iterations are far lower than that of BSBL, the NSBL

entails a lower computational complexity than the BSBL approach.

—©—NSBL

0.7 —&—BSBL

s 06l BOMP
& —— SBL
8 05F —¥— OMP

20 30 40 50 60
Number of Measurements (N)

SNR

Figure 5.8: Success rate of the NSBL
as compared to BSBL, BOMP, SBL
and OMP algorithms for SNR = 40,
L=100,B=5and S =1.

Figure 5.7: MSE performance of the
NSBL as compared to BSBL, BOMP,
SBL and OMP algorithms for N = 40,
L=100,B=5and S = 1.

In Fig. 5.7 and Fig. 5.8, we demonstrate the MSE performance and the support recov-
ery performance of the NSBL algorithm as compared to BSBL [134] and the conven-
tional SBL and the OMP algorithms, which are unaware of the correlated cluster-sparse
nature of sparse vectors. Since the NSBL algorithm employs EM based updates for up-

dating the unknown correlation co-efficient p unlike the heuristic updates based BSBL

algorithm, NSBL has a superior performance compared to the BSBL algorithm. Further,
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we see that the cluster-sparse structure aware NSBL and the BSBL algorithms have a
superior performance compared to SBL and OMP algorithms.

Remarks: In the literature on cluster-sparse vector recovery, past work has mainly fo-
cused on sparse vectors that consist of clusters where intra-cluster correlation is absent,
i.e., B =15 [138,139]. The NSBL proposed earlier has a very simple form when B = I,
which we refer to as the PCSBL algorithm.

When B = I, the vectors xy, . . ., x), are uncorrelated, and hence, we have p(x.|t; v.) =
1Y, p(Xm[tm;~e). This decomposes the cluster-sparse recovery problem in (5.9) into
a MMV problem [104], where the goal is recovering group-sparse vectors xi, ..., Xy
from multiple measurements py,, . . ., pt,,. The posterior distribution of x,, is given by

(X [t 757«)) = N(py,,, 2x, ), where py, = 3-107238, ®It,, and

—1\ —1
Y = (qﬂlq’m +r ) . Using the posterior distribution computed above, the up-

ﬁmUQ

date for ~, is obtained as follows:

AU = argmaxE, oo [log plt, X )]
’YCEREX1 ) 3
xzﬂl"flxC
= arg max(c — Et|yc;’y§’")Excltry§T)[ 2% 4 2log [Tsl)) (5.82)

'YcERle

In the above expression, log |T'z| simplifies as M log|T'.| and x'T3'x, = %1 xI D%,
Further, E_ .« xLT %,,] = Te(T (2, + Mx., 1L, ). Substituting for py,,, we obtain
the overall optimization problem in the M-step as

M

,Ygurl) — arg min(c’ + % log |T.| + % Z Tr(T, 'S, )Tr <I‘C—1 ExméﬁRmémzxm)) , (5.83)

G707
’YCEREX1 m=1

where R, = ¢, + p,, 1t , E¢,, € RV is the m™ entry of blkdiag(X;) and blkdiag(A)
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returns the block diagonal matrices of A. Maximizing (5.83) w.r.t. ., we get

M
1 & ,
= mg diag (Bx,, + ButigndaDu ), (5.84)

The proposed PCSBL and the BSBL algorithm [142] are mathematically equivalent for
the case when B = I5. However, the PCSBL approach allows for parallel implementa-
tion of the algorithm, since the cluster-sparse vector is recovered by solving M parallel
problems. Further, from (5.84), we see that the overall M-step is simply the average of
the hyperparameter updates obtained from the M parallel problems.

Note that several cluster-sparse extensions of the algorithms proposed in the context
of group-sparse signals are possible. For e.g., a simple modification of the prior den-
sity leads to the cluster-sparse variant of the MSBL algorithm, which we refer to as the
BMSBL algorithm, for the recovery of multiple uncorrelated cluster-sparse vectors in
an MMV framework. Similarly, a modification in the prior density following a mod-
ification in the AR model leads to the KBMSBL algorithm as the block-sparse MMV
variant of the KSBL algorithm in order to track multiple correlated cluster-sparse vec-
tors in the MMV framework. The novelty in the proposed algorithms lies in effectively
incorporating the block-sparse structure of the vectors in the prior pdf, leading to effec-
tive utilization of the information regarding the structure of the vectors. In chapter 4,
we consider such cluster-sparse variants of the algorithms proposed in this chapter for
OFDM channel estimation and tracking.

Until now, we have considered scenarios where the measurement matrices are com-
pletely known. In the following section, we consider a case when & is not known

completely; some entries of ® are missing. In particular, we propose algorithms that
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facilitate learning the missing entries along with sparse vector estimation in a general

SBL framework.

5.3.5 Partially Unknown Measurement Matrix and SBL

In the algorithms proposed thus far, we assumed that the sparse vector x is unknown
and @ is completely known. In this section, we consider a partially known measure-
ment matrix, i.e., a measurement matrix in which a few entries are missing. Since SBL
uses an EM based framework, we show that SBL can be elegantly extended not only
to estimate such missing variables, but also incorporate their estimates into the update
equations of unknown parameters.

When @ is partially known, the unknown parameter set is given by © = [®,~]. The

EM algorithm in such a case is given by

E-step: Q(0]0") = Eyy.0m [log(p(y,x; 9))]

M-step: D) = arg max Q(0|0™) (5.85)
o
The E-step given above can be further simplified as

log(p(y, x;©)) = log(p(y|x; ®)) + log(p(x; 7)) (5.86)

The Q(0©]6)) function in the E-step given above splits into two independent functions,

as follows:

Q(0]0") = Eyy.om [log(p(y|x; ®))] + Eyy.om log(p(x;))] (5.87)
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The optimization problem w.r.t. the missing variables in ® can be given by

Q(®[®")) = Ey .00 [log(p(ylx; ®))], (5.88)

since other terms in (5.87) are independent of the missing variables in ®. Further,
Q(®|®™) is independent of x and parameters of the pdf of x. Specifically, the miss-
ing entries of ® are independent of the sparse vector estimation process, and in turn
independent of the inherent structure of the sparse vector (the sparse vector being cor-
related, group-sparse or cluster-sparse). Hence, the expressions given above hold for
all the algorithms proposed in this chapter.

Since estimating all the entries in ® leads to overfitting, we restrain ourselves to mea-
surement matrices of the form ® = A1, where A is a diagonal matrix with a few
missing entries and 1) is a known basis matrix (such as wavelet or Fourier). Such ma-
trices are naturally found in applications such as OFDM channel estimation and data

detection [89]. The function Q(®|®™) given above simplifies as

Q(®|®") = Eypyac [log(p(ylx; AM))] (5.89)

As discussed earlier, the update for v depends on the optimization problem with ob-
jective function given by the second term in (5.87). The optimization problem w.r.t A is

given by

AT — arg max Q(®|®™)
A

(v —AYx)'(y — AYx)

o2

(5.90)

=argmax Ey . A
A
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The optimization problem given above can be simplified as

AU = arg min [y Avppg + pl " ATy — y A [pgpdy + Sl ATy]  (5.91)

The above expression can be solved in closed form to obtain the update equation for

elements of A as follows:

a = (Y¢uaw + pap" Y ) Yehpa, (5.92)

where Y = diag(y) and a = diag(A). The theory of EM algorithm shows that Q(0|0™)
increases monotonically for 1 < r < 1.y, where 7y, is the maximum number of itera-

tions. That is,
QO I[60) = QO[O 1), for 1 <1 < . (5.93)

Note that the above function )(.) monotonically (in ©) approaches the likelihood func-
tion, which in turn is bounded. This guarantees the convergence of the proposed
approach. Further, the convergence guarantee holds for correlated /uncorrelated or
sparse/block-sparse type of sparse vectors as well.

In Fig. 5.9 and Fig. 5.10, we demonstrate the MSE performance and the support re-
covery performance of the SBL algorithm as compared to the novel J-SBL algorithm. In
order to run the SBL algorithm, we assume that the diagonal values of A are known at
a few locations, and some of the entries are missing. Since the J-SBL incorporates esti-
mates of the missing entries as well as the observations corresponding to the missing

entries of A, it outperforms the SBL algorithm, both in MSE and support recovery.
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Figure 5.9: MSE performance of the
SBL compared to J-SBL for N = 30,
L =64and S = 3.
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Figure 5.10: Success rate of the SBL

compared to J-SBL for SNR = 20, L =
64 and S = 3.

5.4 Conclusions

In this chapter, we summarized the novel algorithms proposed in this thesis. We first
stated the SBL and the MSBL algorithm. In order to handle inter-vector correlation
in the MMV framework, we derived the KSBL algorithm as a low-complexity alterna-
tive to the known TSBL and ARSBL algorithm. The KSBL algorithm exploited the KFS
framework, while the correlated sparse vectors were modeled using a first order AR
model. In the context of recovering cluster-sparse vectors, we proposed the NSBL algo-
rithm in order to exploit the intra-cluster correlation. First, we showed that in contrast
to the heuristic updates of the correlation coefficient in the BSBL algorithm, the NSBL
framework consists of EM updates with global convergence guarantee to a local opti-
mum, i.e., it converges to a local minimum from any initial point. The NSBL and the
PCSBL algorithms entail a complexity much lower than the BSBL algorithm. We also

extended the SBL framework to jointly update a partially known matrix along with
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recovering the sparse vector. Using Monte Carlo simulations, we presented a perfor-
mance comparison of the proposed algorithms and their SBL and CS based counter-

parts.
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Conclusions and Future Work

In this thesis, we investigated the Bayesian learning technique known as sparse Bayesian
learning for the problem of channel estimation and data detection in approximately-
sparse (a-sparse) SISO and MIMO-OFDM systems. We also derived Cramér Type lower
bounds to benchmark the performance of the SBL based estimators in the presence of

compressible vectors. The concluding remarks of this thesis are summarized below.

6.1 Conclusions

In chapter 2, we derived Cramér Rao type lower Bounds (CRB) on the MSE for the sin-
gle measurement and the multiple measurement SBL problem of estimating compress-
ible signals. In particular, we derived the hybrid, Bayesian and marginalized CRBs
under various assumptions on the unknown parameters, using a hierarchical model
for the compressible priors. The derived bounds provided key insights into the MSE
performance of SBL and the values of the parameters that govern these hyperpriors.
We showed that the MCRB is tighter than the BCRB. We compared the lower bounds

with the MSE performance of the ARD-SBL and the EM algorithm using Monte Carlo

169
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simulations. The numerical results illustrated the near-optimality of EM based updates
for SBL, which makes it interesting for practical implementations.

Chapter 3 considered joint approximately sparse channel estimation and data detec-
tion for block-fading and time-varying channels in SISO-OFDM systems, using SBL-
based techniques. To estimate the a-sparse block-fading channel, we proposed the pilot-
based SBL algorithm and the J-SBL algorithm for joint a-sparse channel estimation and
data detection, and a mathematically equivalent low-complexity R]J-SBL algorithm. For
time-varying channels, we used a first order AR model to capture the temporal corre-
lation of the a-sparse channel and proposed a novel pilot-based KSBL algorithm. We
generalized the KSBL algorithm to obtain the J-KSBL algorithm for joint channel esti-
mation and data detection. We discussed the implementation issues of the recursive
algorithms and showed that the proposed algorithms entail a significantly lower com-
putational complexity compared to the previously known SBL techniques. Simulation
results showed that the proposed recursive techniques are able to exploit the temporal
correlation of the channel, resulting in an enhanced channel estimation and data detec-
tion capability compared to the per-symbol SBL and J-SBL algorithms, and also learn
the hyperparameters within a few OFDM symbols.

In chapter 4, we considered pilot-only channel estimation and joint group a-sparse
(ga-sparse) and group a-cluster sparse (ga-cpsarse) channel estimation and data detec-
tion for block-fading and time-varying channels in MIMO-OFDM systems, using the
SBL framework. To estimate the ga-sparse and ga-csparse block-fading channels, we
adapted the existing MSBL and BMSBL algorithms and generalized it to obtain the J-

MSBL and J-BMSBL algorithms, respectively, for joint ga-sparse and ga-csparse channel
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estimation and data detection. We used a first order AR model to capture the temporal
correlation of the ga-sparse and ga-csparse channels and proposed a novel pilot-only
KMSBL and KBMSL algorithms, respectively. We generalized these algorithms to ob-
tain the J-KMSBL and J-KBMSBL algorithms, respectively, for joint channel estimation
and data detection. We discussed the computational aspects of the proposed algorithms
and showed that the proposed recursive algorithms entail a significantly lower compu-
tational complexity compared to the previously known SBL based techniques. Further,
we also discussed efficient implementation structures for ga-csparse channels in block-
fading and time-varying scenarios. Simulation results showed that (i) joint algorithms
outperformed their pilot-only counterparts, (ii) recursive techniques outperformed the
per-symbol algorithms, and (iii) algorithms proposed in the context of ga-csparse chan-
nels outperformed their ga-csparse counterparts.

In chapter 5 of this thesis, we summarized the algorithms proposed in this thesis in a
generic SBL framework. We showed that many of the proposed algorithms are capable
of handling correlated sparse vectors along with being efficient and low-complexity.
We demonstrated the efficacy of the proposed techniques (MSE and support recovery
performance) as compared to the existing CS and SBL based algorithms using Monte
Carlo simulations. We also showed that these performance improvements come at a
minimal computational cost. In some cases, exploiting the structure in the sparse signal

enables us to improve both the performance and computational complexity.
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6.2 Future Work

Some interesting directions for future work are as follows.

* Inthe Kalman based KSBL framework for correlated sparse MMVs, the EM frame-
work involves a fixed-interval type smoothing. Further, this necessitates batch
processing and not online processing of the observations. It would be interesting

to derive fixed-lag type smoother for estimating correlated sparse MMVs.

¢ In this work, we have assumed the noise to be white across the measurements. It
would be interesting to study the effect of colored noise along with exploring the

learning rules for the same.

e Throughout this work, we propose SBL based iterative receivers where we per-
form data detection and employ the detected symbols as pilots in the channel
estimation procedure. The channel estimates are used to compute the log likeli-
hood ratios and decode the data bits. It would be interesting to explore SBL based

iterative receivers that perform joint channel estimation and data decoding.
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Appendix for Chapter 2

A.1 Proof of Proposition 1

Using the graphical model of Fig. 1.1 in (2.5), H?(x) is computed as

lI>

H’ (X) _EY,X;’V [Vi 10ng,X;'y(Y> X, 7)}

_ _EY,X;'y [vx <<I’T();2—<I’x) _ T—1X>}

— TP 4 T_l.

o2

(A1)

Similarly, it is straightforward to show that V4V, log py x.+(y,x;v) = diag <%, Lo,

Since x; are zero mean random variables,

He(’Ya X) = _EY,X;'y [V'yvx IngY,X;‘Y(y> X 7)] = OL><L~

Further,

H®(v) £ —Ey x+ [V2(log pyix (y[x) + log px.y (x;))] -
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72

(A.2)

(A.3)
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Now, since log px, (x;7) = Y17, log pxi (Xi; 1), we get,

L2 .
9 log px»(%;7) _ {2727‘ ifi= (A.4)

i 0 if i # j.
Taking —Ex.(-) on both the sides of the equation above and noting that Ex.,(?) = ~;,

we obtain

2 .
He(’y) = diag (_EXW {8 lngX;;()g 7)])
0v;
1

. 1
= d1ag<{2—ﬁ,...,ﬁ}). (A.5)

This completes the proof.

A.2 Proof of Proposition 2

Using the graphical model of Fig. 1.1 in (2.5), B?(x) is computed as

(1>

B(x) —Eyxr [Vilogpy xr(y,x;v)]
= —Evxr [Vx <_@T(i—2_@x) — T_1X>]
= B[22 (A.6)

= 22 LR [Y7]. (A7)
The expression for Er [Y '] w.r.t. 7; is given by,

Be[2] = 1 [ A e (g fan (A8)
-

()2 L0 2V

=1

=\ (A.9)
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since K, = (%)V/ (T (%)) ". Hence, the overall bound is given by

TP

o2

BY(x)

NSy (A.10)
Using the graphical model of Fig. 1.1 in (2.5), for 6 = [x*, 7|7, B®(~) is defined as

B(y) £ —Eyxr [V (log pyix(y[x)

+log pxr(x|y) + log pr(v))] - (A.11)

Since the expressions for log pxr(x|v) and log pr(+y) are separable and symmetric w.r.t.
7i, the off-diagonal terms of B9 (~) are zero, and it is sufficient to evaluate the diagonal

terms

_E <82(10gpxm(X\’Y)+1ogpr('7))
Y, X,I

52 ) Differentiating the expression w.r.t. v; twice,

& (logpxir(x|y) +logpr(v))  (v+1) v

== . A2
077 277 A (A12)
The expression for —Er [— (2:21 ) 4 #} is given by
(v+1) v _
EF |: 2,yi2 - )\’Y?:| =
oo v —2 v =3 - | v
Ky [0, [( . M( : >exp{—m}d%, (A.13)

where K, = (%) V2 (T (%))~". After some manipulation, it can be shown that the above

integral reduces to

= . (A.14)
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Using (2.5), the (ij)™ component of the matrix B (v, x) is obtained as

_ & log pxr(xly) i

9 .. g
(B (’77 X))Zj a,ylaxz 722 )

(A.15)

and B?(x,~) = (B%(~,x))”. Since Ex|r(z;) = 0, B®(v,x) = 0. This completes the

proof.

A.3 Proof of Theorem 1

To establish the regularity condition, the first order derivative of the log likelihood

lo (y:~) is required. This, in turn, requires the evaluation of 21%2Z+| and ' By
ng;‘y Yy q . ’ Y q v; ;i .
The derivative of the log likelihood w.r.t. v, is obtained using the chain rule [148] as

follows:

T
Odlog |3,| — Tr Olog |3, | 03y
0v;j 03y 0v;

=Tr {(%,")7®;0T} = 0TS 10, (A.16)

Here, we have used the identity Vy log | X| = X ! [148], and results from vector calcu-

lus [148] to obtain 82?’ = @&, 7, where ®; is the j"* column of ®. Similarly, the derivative
;4 AT j Y

of y"X 'y can be obtained as

ayTE;ly —T oyTsly T ozt
0'yj - < 82?71 ) dj

= -7y lyy"S 10, (A.17)
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and hence,
) OIS 1P, — OTE yyTS 1D,
—logpy~(y:y)=— L+ 21 IV v, A.18
7, 08 Py (¥:7) ( 5 (A.18)
Taking Ey.,(-) on both the sides of the above equation, it can be seen that
Eyy [% logpy;-,(ysv)]

since Ey (yy”) = X,. Hence, the pdf satisfies the required regularity constraint.
Using the regularity condition above, the MCRB for € = |v] is obtained by computing

the second derivative of the log likelihood, as follows:

0 19
- 1 ) = s (213 10, — (T Ty)?
a,yl,yj ngY,‘Y(Y7’7) 28’}/@( i<y J ( 7~y y) )

1 T -1 Ts -1
= 5Tr {20 (-3, 0,02, )}

T
(T y)\ ox !
— (O, 'y)Tr ( v v
7Y 0%, i
1 - _
= 5@?(—2;@@?% N, —
(@I ly)y" (-2, ;0% ") 0;. (A.20)

Taking —Ey .~ (-) on both the sides of the above expression, we obtain

o logpy;w(y;'r)} _ (23,

M?);; & —Ey. { ,

(A.21)

as stated in (2.11). This completes the proof.
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A.3.1 Proof of Theorem 2
The proof follows from the proof for Theorem 3 in Appendix H by substituting 7 = 2.
A.3.2 Proof of Theorem 3

The MCRB for estimation of the compressible random vector with 6 = [x] is given by

M* = —Ey x[VZlogpy x(y, X)]

= —Ey x[Vxlog pyx (y|x) + Vi log px (x)]. (A22)

The first term above is given by

—Ey x [Vilogpyx(y]x)] = —Eyx [wa}
=—-Eyx [_izﬂﬁ] = (I’C,T;I’- (A.23)

Note that px(x) is not differentiable if any of its components z; = 0. However, the
measure of x; = 0 is zero since the distribution is continuous, and hence, this condition

can be safely ignored. Note that

T—1
DA __2; if 2; >0

Dlogpxlx) _ ©() B (A.24)

on (1) wEA = f g <0,
<1+(—1)T%>

First, we consider the case of x; > 0. Differentiating the above w.r.t. z; again, we obtain

—(v+A(r—1) =

a%? log px (x) = > <1+ZMT> +—> <1+Z>\i7->2- (A.25)
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Taking —Ex(-) on both sides of the above equation, we get

27—2

° =127 2 ATx?
[{—=hn - e . (A.26)
0

g7\ D/ AT
(1+5) (1+55)

The above can be simplified using the transformation ¢; = Aj; and using [~ ﬁdt =
T'(u)T'(v)
m, we get
v T— 1/
— Bx (2 log px (x) ) = K=t (2)Y
r V4142 —lF v+2
r(r-1) { ( ;(”22711() T >} for x; > 0. (A.27)

For the case of z; < 0, we see that the integral simplifies to the integral given in (A.26).

Hence, the overall expression is given by

K(v+1)2(r—1
(i o)) = KEe

(
I ( —%){%}. (A.28)

v+2 1
20, 2/r T(75)T (2~
—Ex <8%210gpx(x)> _ (V—i(-T——i_i-ll)) (2) / w (A.29)
Combining the expression above and (A.23), we obtain the MCRB in (2.17).

A.4 Proof of Proposition 3

In this case, we define 8 = [x”,~4”]” and hence, 8 = [0'",£]”. In order to compute the

HCRB, we need to find H?(¢), H (0') and H?(6',£). We have log py xiv.¢(y, %7, &) =
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log py x¢(¥]%; &) +1og px.~(x; ), where { = 0. Using (2.5), the submatrix Hg(@’) =H?,
i.e., the same as computed earlier in (2.8). Hence, we focus on the block matrices that

occur due to the additional parameter ¢. First, HY (¢) is computed as in Sec. 3.6 in [105],

N

from which, —Ey x.¢ [—%] = 57

From Lemma 2, it directly follows that Hg('y,f ) = OLx1. Using (2.5), we compute

H{ (x,¢) as follows:
HY(x,¢) = Ex(Eyx,¢(®"y — ®" ®x)). (A.30)
Since By x.¢(y) = ®x, Ex(®” (®x) — &7 ®x) = 01,4;. This completes the proof.

A.5 Proof of Proposition 4

In this case, we define @ £ [0, ¢] and @ 2 [x”,47]”. In order to compute the HCRB,
we need to find H? (¢), H?(0’) and Hf (0", £). Using (2.5), the expression for Hf (6') is the
same as computed earlier in (2.8). Since ¢ is random, the expectation operator includes

an expectation over ¢, and hence,

HS’(S) = —Eyxz= g—;(logpwxg(ﬂ?@ §) +logp=(§))

_E- <N/2£_Qc_1 . §—d> , (A.31)

The above expectation is evaluated as

Hg(g) = (N/zr_(cc)_l)dc / 2 Vexp {_g} d¢§ +
€20

r d?

1 o0 cle ﬂ C
e T oo gy {—%} de = “erens) (A.32)
£=0



Appendix A. 181

To find the other components of the matrix, we compute H?(O’ &) = (Hg (¢£,0")T, which
consists of H?(,¢) and HY (x, £). From Lemma 2, HY (v, £) = 0. Using the definition
of HY (x,¢), we see that HY (x,£) = (HZ(£,x))" = 01,1, from (A.30) and since p=(¢) is

not a function of ;. Thus, we obtain the FIM given by (2.21).

A.6 Proof of Theorem 4

The proof of Theorem 3 requires the regularity condition to be satisfied when the noise
variance is unknown. In (A.19), we showed that the log likelihood function satisfies the
regularity condition when 6 = [v]. In this subsection, we show that the log likelihood
log(py ~.¢(y,7,€)) in (2.3) satisfies the regularity condition w.r.t. {. Differentiating the

log likelihood w.r.t. £ and taking —Ey . ¢(-) on both the sides of the equation,

e 108Dy e (¥, 7,€)) = 55 (—log [By| - yS,y)

[Tr(=, 1) — Tr(yy” (;,'5,1)] (A.33)

1
2

Evive [Tr(—%Ey_l) + %Tr(ny(Egjlzy_l))]

=3 [Tr(Z,") - Te(2, )] =0, (A.34)

1
2

Hence, the regularity condition is satisfied. From (A.21), we have (M2(v));; = — w.
To obtain M (&), we differentiate (A.33) w.r.t. £ to obtain

0’ 1 —2 T (-3

a—gg(bng;mf(Y%%f)) = §Tr(2y ) —Tr(yy™ (3,7)). (A.35)
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Taking —Ey., ¢(-) on both sides of the above equation,

M?(S) = —Eyiye [%Tr(E;Q) o Tr(nyTr(Ey_?’))}

= Tr(S,?) - 1Ti(S,?) = LTe(Z,2). (A.36)

Y

The vector Mg('y, ¢€) is found by differentiating (A.18) w.r.t. { and taking the negative

expectation:

TS 10—l s lyyTS 1d;
(M2(7,6))s = By | & (200 Bl Tm, 100
1 e
AR (A.37)

Since M{(£,7) = (M{(v,¢€))”, the i term of (M2(¢,7)); = 9] X, 2®;. The MCRB M?

2
can now be obtained by combining the expressions in (A.21), (A.36) and (A.37); this

completes the proof.
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