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ABSTRACT

and well accepted by the industry as can be seen by its presence in the third generation

partnership project (3GPP) standards all the way up to the recent Release 15 for the fifth
generation (5G) New Radio (NR). In this thesis, we pick two areas that are important research
areas in multiple input multiple output (MIMO).

M ultiple antenna communications is now ubiquitous, well researched by the academia

¢ Optimal algorithms for reciprocity calibration, particularly for the massive MIMO (MaMIMO)
scenario.

¢ Precoding techniques for rapidly time-varying point to point MIMO channels like that seen
for high-speed trains (HST).

MaMIMO is key to enabling the 1000x data rate promised by 5G. The effectiveness of
MaMIMO, in turn, depends crucially on the availability of channel state information at the
transmitter (CSIT). CSIT may be obtained either via feedback or using the concept of reciprocity.
In the case of MaMIMO with a massive number of base station (BS) antennas, the preferred
choice is reciprocity in conjunction with Time Division Duplexing (TDD). However, while the
propagation channel is reciprocal, the overall end to end digital channel is not reciprocal due to
the presence of Transmit (Tx) and Receive (Rx) chains which need to be corrected for to derive
the CSIT. Hence, we consider a TDD MaMIMO scenario and look into internal calibration where
the calibration is done internally over the air amongst the antennas of the BS. Our work provides
a simple and elegant expression of the Cramer Rao Bound (CRB) for calibration parameter
estimation for a general calibration framework that allows grouping of antennas. In addition, the
CRB is applicable to both coherent and non-coherent estimation methods. We provide analysis for
the existing least squares approaches and propose optimal algorithms to estimate the calibration
parameters. In a typical setting, a TDD MaMIMO operates in two phases - the first one is a
calibration phase where the calibration parameters are computed. It is then followed by a data
phase where actual data transmission happens. We propose a novel method to perform calibration
simultaneously with the data transmission in the Long Term Evolution (LTE) framework with no
change in existing standards. A patent has been applied for this method.

We also consider precoding for a rapidly time-varying point to point MIMO link as encoun-
tered in HST. The high Doppler encountered in HST environments violates the orthogonality
requirement for Orthogonal Frequency Division Multiplexing (OFDM), resulting in inter-carrier
interference (ICI). While several prior works have focused on receiver techniques to mitigate
ICI and it is known that multiple receive antennas in a single input multiple output (SIMO)
scenario are very effective in canceling out the ICI, there has been no existing work on optimal
precoder design in the case of MIMO. We study this problem under full CSIT. We first justify
a linear approximation for the channel variation across the OFDM symbol. With the linearity



assumption, it is observed that the MIMO precoder design problem is similar to that of a MIMO
Interfering Broadcast Channel (IBC) precoding design that maximizes the weighted sum rate
(WSR). Hence, we reuse a known technique [23] employed in MIMO IBC, but re-interpret it as a
majorization [38] approach. The precoder design takes into account receive windowing using the
excess cyclic prefix (CP) and the window is jointly designed with the Tx precoder. CSIT is difficult
to obtain in general, more so in the case of rapidly time-varying channels. Hence, in addition to
full CSIT, this part of the work also investigates partial CSIT approaches where the Tx has only
partial knowledge of the channel. We choose expected WSR (EWSR) as the metric to be optimized
under partial CSIT. First, we use a large system approximation that also works well for a small
number of Tx and Rx antennas to derive the precoders. Expected-signal-expected-interference-
WSR (ESEI-WSR) is another metric that is applicable as the number of Tx antennas becomes
large compared to that of the number of Rx antennas. The optimization under this metric is more
mathematically tractable compared to that of the EWSR. In our work, we analyze the possibility
of using the ESEI-WSR instead of the EWSR.

Finally, experimental results on the Eurecom MaMIMO testbed are presented that exploit
some of the theory that has been discussed so far. The first experiment performs precoding for
a TDD MaMIMO scenario using DL channel estimated via reciprocity calibration. The next
experiment focuses on multi-user multi-cell precoding under partial CSIT while taking into
account the end-to-end channel non-reciprocity. A third experiment explores the use of multiple
antennas to mitigate self-interference for a Full Duplex (FD) scenario. Conclusions and a list of
contributions are given in Chapter 7. This research has resulted in 8 conference publications, a
journal publication, and a patent application.
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CHAPTER

INTRODUCTION

ellular networks have enabled the wide reach of wireless networks and have made
wireless communication universal. Figure 1.1 shows a typical cellular network consisting
of base stations (BS) and user equipment (UE). The link from BS to UE forms the
downlink (DL) and the reverse link from UE to BS is referred to as the uplink (UL). Cellular
technology has evolved tremendously since their initial deployment in the 1980s and today, we
are at an important threshold where the fifth generation (5G) has been standardized by the third
generation partnership project (3GPP) and is undergoing field trials by the industry. The air
interface for 5G is known as New Radio (NR). A good overview of the initial evolution of the

wireless standards may be found in [14].

Note that the BS talks to multiple UE and the available resources (in time and spectrum)
have to be judiciously allocated across these multiple UEs which compete for access to the
resources. Hence, the choice of an appropriate modulation scheme and multiple access technique
is crucial. Beyond the third generation (3G) of cellular networks, Orthogonal Frequency Division
Multiplexing (OFDM) has been the preferred choice for modulation. OFDM divides the overall
frequency selective channel into overlapping but orthogonal bands called subcarriers. Each
subcarrier can be processed individually in a frequency flat manner resulting in a low complexity
receiver (Rx) even at high bandwidths. Note that spectrum availability in a given region is a
function of geographic locations and the frequency band of operation. Again, OFDM fits naturally
to this kind of a scenario as it is easy to scale the OFDM to different bandwidths. Hence, both the
competing technologies for the fourth generation (4G), Worldwide Interoperability for Microwave
Access (WiMAX) and long term evolution (LTE) were based on OFDM. Another important
consideration in a cellular system is the choice of a Duplexing scheme that allows the two-way

communication between the BS and the UE. In a time division duplexing (TDD) scheme, the UL

1



CHAPTER 1. INTRODUCTION

and DL transmissions occur on the same frequency band but at different time intervals. In a
frequency division duplexing (FDD) scheme, the transmission intervals may overlap but the UL

and DL happen over different frequency bands.

BS /UE

Figure 1.1: Typical cellular architecture depicting different cells.

The phase 1 standardization of 5G was approved by the 3GPP in July 2018. The new standard
ushers in new use cases like the massive machine type communication (mMTC) and Ultra
Reliable and Low latency Communication (URLLC). It also extends the existing 4G services in
a use case termed the enhanced Mobile Broadband (eMBB). An important mandate here is the
targeted 1000x increase in wireless data capacity. A better term for this "wireless data capacity"

is area throughput [9].
(1.1) Area throughput [bit/s/km?] = B[Hz] - D[cells/km?] - SE,

where B is the bandwidth, D is the average cell density and SE is the spectral efficiency per cell.

2



This clearly implies that to achieve the ambitious 1000x target, one has to focus on all the three
components. Noting that bandwidth is a scarce and costly resource and cell densification has a
negative impact on handoff requirements and quality of service for the high mobility customers, a
reasonable approach is to first look for avenues to increase the SE. It is well known that increase
in SNR improves the SNR only logarithmically whereas multiple antennas can result in a linear
increase in capacity with an increase in the number of antennas at Transmitter (Tx) and Rx [40].
Specifically, the capacity of a point to point Multiple Input Multiple Output (MIMO) link gets
scaled by the minimum of the number of Tx and Rx antennas. Practically, increasing the number
of antennas at the BS (M) is easier compared to that at the UE which typically has one or a
few antennas. This motivates the concept of a multi-user MIMO (MU-MIMO) where multiple
UESs communicate with the BS over the same time and frequency resource in the UL. This has
an additional advantage too that it is easier to have a rich scattering channel which is crucial
for MIMO multiplexing gains. Thus, at least in theory, MU-MIMO is capable of providing us
with the desired SE increase. When MU-MIMO or space division multiple access (SDMA) was
introduced in 4G, the number of BS antennas M was assumed to be of the same order as that of
the number of UEs with which simultaneous communication was to be established. In practice,
this is hard to scale beyond a few UEs due to the high receiver complexity and unpredictable
link quality in a non-line of sight (NLoS) environment. The seminal works by Marzetta [26],[25]
showed the advantages of having a large number of BS antennas for a finite number of UEs. This
configuration, popularly known as Massive MIMO (MaMIMO) greatly simplifies the UL and DL
precoders. In fact, owing to the phenomenon of channel hardening and favorable propagation,
simple maximal ratio combining (MRC) in the UL and maximal ratio transmission (MRT) in the
DL become optimal asymptotically. As a result, MaMIMO is a practical approach to realize the
gains of MU-MIMO.

The effectiveness of MaMIMO (as in the case of MU-MIMO), in turn, depends crucially on
the availability of channel state information at the transmitter (CSIT). That is, a BS with a
massive number of antennas requires the knowledge of the downlink (DL) channel to each of the
user equipments (UEs) to perform multi-user precoding. Given the massive number of antennas,
a direct estimation of these channels in the DL would be impractical taking into account the
number of pilots to be transmitted and the amount of channel information that a UE has to
feedback to the BS. In a TDD system, one can exploit reciprocity of the physical propagation
channel to derive the DL channel from the UL channel estimates. Hence, what is popular today
is to consider TDD MaMIMO systems. The assumption of channel reciprocity is strictly true
only for the propagation channel and not for the end to end digital channel that involves the
Tx and Rx chains. It is possible to model and correct this loss of reciprocity digitally using
linear multiplicative factors termed calibration parameters. This, in turn, calls for algorithms
to estimate these parameters. This topic is called Reciprocity Calibration for MaMIMO (RCMM)

and forms part of our research focus. We benchmark these algorithms by coming up with the

3



CHAPTER 1. INTRODUCTION

Cramer Rao Bound (CRB) for these algorithms. Next, we also come up with optimal algorithms
for transmit antenna array calibration. In addition to the theoretical work, we also perform
experimental work that complements some of our theoretical work.

3GPP standards for LTE and NR have been designed to support speeds of up to 500kmph. The
high Doppler in these environments violates the orthogonality requirement for OFDM, resulting
in ICI. Thus, Performance of OFDM systems is limited by inter-carrier interference (ICI) under
high Doppler scenarios such as that encountered in high-speed trains (HST). While the lower
data rate transmissions are not impacted by Doppler, the higher data rates are severely impacted.
Several publications have addressed the receiver design for SISO (single input single output) and
single input multiple output (SIMO) to combat ICI. Notably, the use of multiple receive antennas
is known to be a very effective way to combat ICI. In our research, we investigate precoding
techniques for rapidly time-varying MIMO channels like that seen for HST. I.e, we focus on
exploiting the transmit antennas to mitigate the impact of ICI. Of course, such a design has to
take into account receiver capabilities as well. Hence, in our Tx precoder design, we also factor in
the presence of excess cyclic prefix (CP) at the receiver that can further mitigate the ICI. Channel
state information at the Tx (CSIT) is difficult to obtain in general, more so in the case of rapidly
time-varying channels. Hence, in addition to full CSIT, this part of the work also investigates

partial CSIT approaches where the Tx has only partial knowledge of the channel.

1.1 Notations

In the following discussions, a bold notation in small letters indicates a vector and bold notation
with capital letters indicates a matrix. On some occasions, calligraphic font with capital letters is
also used for matrices. Unless otherwise specified, vector refers to a column vector. The operation
"diag" has an interpretation identical to that in Matlab. When applied to a vector, it produces a
diagonal matrix with the diagonal elements formed out of the same vector. When the operation is
performed on a diagonal matrix, the result is a column vector formed out of the diagonal elements
of this matrix. E(-) is the expectation operator. ® refers to the Kronecker product. In the following
text, the notation |A| refers to the determinant of the matrix A. In refers to natural logarithm.
% N (u,C) refers to a circularly complex Gaussian distribution with mean u and covariance C. Tx
may denote transmit/transmitter/transmission and Rx may denote receive/receiver/reception.

The list of abbreviations has also been separately tabulated.

1.2 Organization of the thesis

Chapter 2 contains the entire theoretical research on reciprocity calibration for MaMIMO. First,
the reciprocity model is introduced clearly demarcating the propagation channel which is recip-
rocal and the non-reciprocal radio frequency (RF) chain. We then explain various terminology,

namely, UE aided calibration and Internal calibration, Coherent and non-coherent calibration,
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1.2. ORGANIZATION OF THE THESIS

etc. This is followed by some of the relevant state of the art (SoA). We derive the CRB for these
algorithms under a more general setting that allows for antenna grouping. Our results apply to
both coherent and non-coherent calibration techniques. We also present new optimal algorithms
for transmit antenna array calibration.

Chapters 3,4 deal with the topic of sum rate maximization for a point to point MIMO
transmission under Doppler. Chapter 3 considers the problem of precoder design for an HST
scenario under complete CSIT. To make the analysis tractable, the channel variation is assumed
to be linear as has been done previously in the literature and it is shown that this approximation
is justified for our problem scenario. With this setting, we observe that the problem of precoder
design under ICI is similar to that of a MIMO Interfering Broadcast Channel (IBC) precoding
design and hence tap into existing solutions in that space. The design is extended to account
for the presence of Excess CP (ExCP) wherein optimal window parameters are also derived
to take advantage of the ExCP. The same problem is treated under a more realistic setting of
partial CSIT in Chapter 4. Chapter 5 continues to analyze the problem of partial CSIT that
was started in Chapter 4. However, the problem formulation in Chapter 5 considers a general
setting of MIMO IBC and analyses the possibility of approximating the expected weighted sum
rate (EWSR) metric with the expected-signal-expected-interference-WSR (ESEI-WSR) metric.
Finally, in Chapter 6 we perform an experimental validation on the Eurecom MaMIMO testbed
that exploits some of the theory that has been discussed so far. The first experiment performs
precoding for a TDD MaMIMO scenario using DL channel estimated via reciprocity calibration.
The next experiment focuses on multi-user multi-cell precoding under partial CSIT while taking
into account the end-to-end channel non-reciprocity. A third experiment explores the use of
multiple antennas to mitigate self-interference for a Full Duplex (FD) scenario.

The final chapter provides the conclusions. At the end of every chapter, the list of contributions
and associated publications are provided. However, for easy reference, the final chapter also lists
out the contributions from our research chapter-wise. In this thesis, if any particular result is not

the work of the author, an explicit reference to the source is provided.






CHAPTER

RECIPROCITY CALIBRATION FOR MASSIVE MIMO

2.1 Introduction

In this chapter, we present our work on reciprocity calibration for a MaMIMO scenario. Consider
a MaMIMO BS with M4 antennas talking to a user equipment (UE) having Mg number of
antennas. To exploit the advantages of Massive MIMO, it is key to have channel state information
at the transmitter (CSIT). The channel of interest here is of dimension Mg x M 4. In the DL,
estimation of the channel from each BS antenna requires a dedicated pilot to be transmitted
from that antenna. As the number of antennas is massive, this demands a huge number of pilot
transmissions resulting in severe loss of overall system throughput. At the same time, in the
uplink (UL), a single pilot is sufficient to determine the channel from one UE antenna to all
the BS antennas. Thus, in a MaMIMO scenario, it is more attractive to perform UL channel
estimation. Hence, there is a lot of interest in deriving the DL channel estimates from the UL
channel estimates. TDD Massive MIMO (MaMIMO) is an ideal candidate for this due to the
common assumption of channel reciprocity. Simply put, this would imply that the estimated
channel in the UL can be directly used as DL channel. However, the overall digital channel is not
reciprocal. Fig. 2.1 shows a detailed picture of the components forming the overall digital channel
between a pair of radios A and another pair of radios B. It is clear that the RF components are

not reciprocal as the UL and DL signals traverse completely different paths beyond the switch.

In Fig. 2.1, C refers to the propagation channel which is reciprocal. The (i, /)" entry of
C corresponds to the propagation channel between the antennas i and j. Hence, all diagonal
elements of C are undefined. The overall DL and UL channels observed in the digital domain are
noted by Hy _.gp and Hp_. 4. In the frequency domain, over a narrow frequency band, they can be

represented by:
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CT

H B->A

Figure 2.1: Reciprocity Model in Time Division Duplexing

Hjy . =RpCT,,

(2.1)
Hp_ 4 =RsCTT;.

Matrices T4, R4, Tp, Rp model the response of the transmit and receive RF front-ends and
are called the absolute calibration factors. The diagonal elements in these matrices represent
the linear effects attributable to the impairments in the transmitter and receiver parts of the
RF front-end respectively, whereas the off-diagonal elements correspond to RF cross-talk and
antenna mutual coupling. Thus, the DL channel Hy _.g may be derived from the UL channel
Hpg_ 4 as follows.
Hy p=RpR'Hp 2Tz T4 =RpT; HS R T4 =F;"H., ,F4.
(2.2) —_—— ——
F;7 Fa
Thus, the lack of reciprocity at the level of the RF chain brings in a need for reciprocity calibration

factors F4 and Fp. If we drop the note of the set A and B, we have
(2.3) F=R’T,

F is called a relative calibration factor as it is obtained as a ratio of the absolute calibration
factors. It is important to note that for the purpose of DL channel estimation, there is no need to
estimate the absolute calibration factors. Instead, we need only the relative calibration factors.
We would also like to point out here that for the purpose of precoding, we only need the knowledge

of Hy_.p up to a complex gain factor. This can be seen from the fact that the final Tx output

8
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power is determined by the Tx power constraints and that a common phase factor on all the Tx
antennas does not have any impact on the precoding. In turn, hence, F4, Fp also only need be
determined up to a complex scale factor.

A TDD reciprocity based MIMO system normally has two phases for its function. First,
during the initialization of the system or the training phase, the reciprocity calibration process is
activated, which consists in estimating F4 and Fg. Then during the data transmission phase,
these calibration coefficients are used together with instantaneous measured UL channel Hp 4
to estimate the CSIT H4 . g, based on which advanced precoding algorithms can be performed.
Since the calibration coefficients stay stable during quite a long time [37] (in the order of hours),
the calibration process doesn’t have to be done very frequently.

Co-located MaMIMO refers to a single BS with a massive number of antennas that are
co-located. In contrast, in distributed MaMIMO the antennas are spread out over the cell. It
was shown in [41] that a distributed MaMIMO can achieve higher performance compared to
co-located MaMIMO.

2.1.1 UE aided calibration and Internal calibration

There are two main approaches to reciprocity calibration based on whether or not a UE is involved

in its determination.

1. In UE aided calibration, explicit channel feedback from a UE during the calibration phase
is used to estimate the calibration parameters. Hence, during a training phase, explicit
pilots are exchanged between the BS and UE over-the-air. Based on these pilots, the UE
feeds back its estimate of the channel to the BS which together with its estimate of the UL

channel derives the calibration parameters.

2. A second approach is to estimate only the F4 up to a scale factor and not estimate the Fp
at all. Of course, if all the UEs have just one antenna each, Fp is just a complex scalar
and need not be estimated. In the general case of UEs with multiple receive antennas,
the existing literature [32, 33] justifies this approach. Such an approach is called internal
calibration or self-calibration where the calibration is performed entirely between the
antennas of the BS. An important advantage of this kind of calibration is that it ensures
tight clock and frequency synchronization amongst the antennas that are being calibrated
in the case of co-located MaMIMO. The self-calibration may be performed over-the-air
(OTA) or via additional hardware circuitry specifically for calibration. The OTA approach is

a more popular method today and our research is focused on this topic.

2.1.2 Coherent and Non-coherent calibration scheme

The calibration parameters of the antenna may be considered to be constant in the order of

several hours. However, the variation of the physical propagation channel is typically much faster.

9
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This leads to two ways of approaching the estimation of the relative calibration parameters.
We could complete the entire estimation of these parameters in a short time span where the
propagation channel stays a constant. Such a time duration would be called a coherent time slot.
When the estimation happens within one coherent time slot, it is called a coherent estimation
scheme. Alternatively, the problem may well be formulated over several different coherent time
slots (during which the calibration parameters themselves are assumed constant), and in this

case, it is called non-coherent estimation. This is also illustrated in Figure 2.2.

Non Coherent : calibration spans over multiple
coherent intervals

A

Coherence Coherence fan ) Coherence
Interval #1 Interval #2 N ) Interval #n

v

Coherent Calibration: Entire
calibration is completed in a
single coherent interval.

Figure 2.2: Illustration of coherent and non-coherent calibration

2.1.3 Key assumptions

1. We discuss the estimation of the reciprocity calibration factors over a narrow frequency
band where the calibration factors are assumed to be a constant. In the case of wideband
signals, we assume a multi-carrier system like OFDM and the estimation happens on a per

sub-carrier basis.

2. It is assumed that the impact of the Tx and Rx chains may be modeled as a linear scaling
factor over a narrow frequency band. This has been validated in several real implementa-
tions like [37], [35]. This can also be seen later in Chapter 6 as shown in Figure 6.6 where

the performance with calibration matches that with the ideal DL channel.

10
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3. The calibration matrix F is diagonal. This was validated experimentally in [20] where
the off-diagonal elements of F were found to be less than 30dB compared to the diagonal
elements. Note, however, that this does not necessarily imply no mutual coupling or cross-
talk. If .4, B represent reciprocal non-diagonal matrices that encapsulate the mutual
coupling and cross-talk, we get,

Hp_.p =Rp(UBCAMA)T4,
(2.4)

Hp 4 =Ry (aC" 4t5) Tp.

Hence, by treating the mutual coupling and cross-talk as part of the propagation channel,

we get back the diagonal calibration factors! Hence, the diagonal F could be a result of either

no mutual coupling or just reciprocal mutual coupling. The existing literature that uses
mutual coupling to perform reciprocity calibration implicitly assumes it to be reciprocal.

Only [45] considers mutual coupling as non-reciprocal. However, the same authors treat it as

reciprocal in their next work [46]. In summary, however, what is important in our research

is the diagonal nature of F that is justified by the numerous experimental validations
based on that assumption. In fact, our own experiments reported in Section 6.1.1 are in

agreement with this assumption.

2.2 State of the Art

In this section, we discuss the estimation schemes available in the literature.

2.2.1 Argos

Argos was the first published Massive MIMO prototype supporting 64 antennas simultaneously
serving 15 terminals [37]. This work introduced the internal calibration procedure where the
calibration procedure is done exclusively at the BS without involving the UE. Transmission and
reception RF chain asymmetries are modeled by scalar coefficients while RF crosstalk or mutual
coupling are ignored resulting in a diagonal F. The idea is to use one of the BS antennas as a
reference and derive the relative calibration factors of the rest of the BS antennas relative to this
reference antenna. As mentioned before, the relative calibration factor F can only be estimated
up to a scale factor. As the matrix F is assumed to be diagonal, only the diagonal elements f
are relevant, where f = diag(F). The relative calibration factors of the individual antennas are
denoted as f;. Let ¢; and r; represent corresponding Tx and Rx absolute calibration parameters
for the radio i, such that f; = % Then,
2.5) Yi—0=T0Ci—~0tiPi + Ni—0,

Y0—i =TiCi—~0toP0 + N0—i,
where y;_o denotes the received signal at the reference antenna from antenna i. p; and pg

are the transmission pilots, and n;_¢ denotes the noise at the reference antenna at the time of

11
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transmission from antenna i. Note that 0 is considered to be the index for the reference antenna.
The calibration procedure in the Argos system thus uses a bidirectional transmission between the
reference antenna and other antennas to derive their relative calibration coefficients. Assuming

the pilots to be unity, the calibration parameters are estimated as follows:

| —0
(2.6) ;=20
Yo—i
However, this method is sensitive to the position of the reference antenna which can result in
significant channel amplitude difference for antennas close to the reference antenna and those

far away.

2.2.2 Rogalin Method

The Rogalin method [35] can be regarded as an extension of the Argos calibration. It was primarily
intended for a distributed Massive MIMO system but can be equally applied to a co-located MIMO
scenario. In this method, no more reference antenna is defined and the calibration is performed
among different antenna element pairs.

The principle of the Rogalin method is as follows. Consider the set of all transmissions between

antennas i and j that have happened in the same coherence time, and assume pilots as unity.

(2.7) Yimj=rjci—jti+ni.;, Yj-i =ricijtj+nj~i
Eliminating the propagation channel, we obtain,
(2.8) fiyj—i—Yi—jfj=finj—i—ni—;f;
The calibration coefficients can be obtained by minimizing the Least Square (LS) cost function.

2.9) ILs(Fifornf) = 3 |fiviei—Fiyiej|®

@,)es
where . is the set of all pairs of transmissions.

To avoid the trivial all-zeros solution, f7 is assumed to be unity. The result can be obtained by

taking derivatives w.r.t. all f;, yielding
(2.10) o = —(ATA) A ay

where A =[a;]A;], with a; as the first column and A; the rest of the columns. The entries of A
are given by

Yyl forj=i
1:G,NeZF
(2.11) A=Y —yi iy forj#i, G )ed

0 for j#i, (,j)g

12



2.2. STATE OF THE ART

The Argos method can be viewed as a special case every antenna (with indices 2 till M) forms a
transmission pair only with the reference antenna (element 1) at the center. The cost function is

written as

(2.12) Jargos(f1,f2,.s M) = ;ijj—»l _f1y1~j|2
J
By generalizing the Argos method to an LS formulation, Rogalin method gets rid of the need
for a reference antenna. By involving bi-directional transmission between any radio element pairs,
it outperforms the Argos method which relies only on the transmission between the reference
antenna and other antenna elements. In a distributed MaMIMO setting, this work also proposes
hierarchical calibration, i.e. grouping radio elements into different clusters and performing

intra-cluster and inter-cluster calibration separately.

2.2.3 Avalanche

The typical estimation methods mentioned in 2.2.1 and 2.2.2 need M channel uses to complete
the estimation of the calibration parameters. In other words, the time to estimate the calibration
parameters is linear in the number of antennas. Avalanche [31] is a fast recursive coherent
calibration method that can perform the estimation in @(v/M) channel uses. The algorithm
successively uses already calibrated parts of the antenna array to calibrate uncalibrated radios
which, once calibrated, are merged into the calibrated array. At a given point during calibration,
assume M radios have already been calibrated using L channel uses. Refer to this as a reference
set 0 whose calibration factor is fy. With these calibrated radios, a new set of radios M7 will be
calibrated. During the calibration process of the reference set, another antenna j belonging to
the set M1 would have received L transmissions from this reference set. The L length vector thus

observed at the antenna j would be,
(2.13) y;j=PTTyCo_jr; +no_;.

Here, PT represents the transmit pilots and ng_. j refers to the vector of noise observed at
antenna j. Next, consider a single pilot (unity pilots) transmission from all the new M radios to

be calibrated. This results in an observation vector of length M, at the reference antennas.
M,
(2.14) yo =Ry Z Ci_ot; +n;_o.
i=1
Then, it is proved in this paper that if M1 < L, the calibration factors for antenna j in this new

set of radios is given by,
-1
(2.15) £ = (YH Y) YZPT diag(fy)yo.

Here, Y =[y1,y2,...,¥YMm,]. A key drawback of this algorithm is that of error propagation as it

uses previously estimated calibration values to estimate new ones. Note, however, that at any

13
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time instant ¢, the new number of antennas that can transmit would be max(¢ — 1,1). Hence,
the maximum number of antennas that can be transmitted with L channel uses would be
Zf‘zQ max(i —1,1) = % Thus, the overall estimation for M antennas may be performed in

O(vV M) channel uses. More details on this method are provided in the simulation section 2.8.

2.2.4 Method in [43]

In this work, a penalized ML based algorithm is proposed to estimate the calibration parameters.

The overall received signal may be expressed as,

Y=RCT+N=RCR'R'T+N=RCR’F+N.
(2.16) NVl
7€
Here, the (i,7)!" entry of the matrix Y corresponds to the received signal at antenna j from
antenna i. Hence, the diagonal entries of this matrix are undefined. N corresponds to the matrix
of noise observed and again has diagonal entries undefined. Denoting f as the diagonal elements

of F, a penalized ML is then formulated as,
(2.17) (£, 7] = argmaxIn p(YIf, 7) + e(IflI* + 11 711%),

where € is an arbitrary parameter chosen to control the convergence of the algorithm. The
algorithm proceeds by alternately optimizing f and € as follows.
~ -1
h= (9H9‘+el) gy
(2.18) -1

f= (JfHJm 2el) Aty
where h = vec(#°), the vector operator, and h is an estimate of h.

This paper also derives a CRB about which we discuss later in relation to our own derivation
of the CRB in section 2.4.

2.3 Group calibration System Model

Here we present a more general system model [? ] that allows the grouping of multiple antennas
during transmission. This model falls back to the single antenna transmission scenario when
each grouping has only one antenna.

Here, as shown in 2.3, the M antennas are partitioned into G groups with M; antennas each.
Each group A; transmits pilots P; for L; channel uses. Let Y;_.; be the received signal at antenna
J upon transmission of pilot P; from antenna i. Then for every pair of transmission between
antennas i and j (bi-directional Tx), we obtain,

Yi.i= R; C_.; T; P; +N;.j,

—— ~ Y N T
(2.19) Bi-directional Tx{ M;xLi M;xM;M;xM; MixM; M;xL;

— T
Yj—»i = RiCi_,jTij +Nj—>ia

14
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Group A Group A, Group Ag
4 / \\ p /,,/ &_‘.\\\ ’//,/ \\\ .
,-"/ o\/\.0 \‘\ ,s’/ .l\; PY \\"\ / II o\ e \'\
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\ o . ee X o /
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Figure 2.3: Illustration of the group calibration system model

N;_.; represents the noise seen at antenna j when antenna i is transmitting. Equation (2.19)
also shows the dimensions of the matrices involved for clarity. It is important to note that the
channel is assumed to be constant during this bi-directional Tx. Eliminating the propagation

channel C;_.;,
(2.20) P/F/Y;,.;-Y,_ F;P,=P/F/N,.,—-N__FPj,

where F; = R;TT,- and F; = RJ_.TT '; are the calibration matrices for groups i and j. Using the vec

operator and its properties, equation (2.20) may be rewritten as

00 vee(PTFTY, ;) = vec (Y] ;F;P;) +vec(PTF/N,_; -N/_F;P,),
' (YT P! vec(FT) = (PT o YL | vec(FT) + N,

J— 1=J

Here, we have used the property that for any matrices X;,Xo, and Xg,
(2.22) vee(X1XpXs) = (X} @ X1 | vec(Xa),

where ® denotes the Kronecker product. Ni i= vec(PlTFLTN i — NZT_,J.F}’P ;7). In addition, as the

matrices, F; are diagonal, all the columns corresponding to the zero entries of the calibration

matrices can be eliminated. Hence, (2.21) may be further rewritten as,

(2.23) (YT, + T - (T« YT )£ =Ny,

where * denotes the Khatri-Rao product [22] (or column-wise Kronecker product). With matrices
A and B partitioned into columns, A = [al as ... aM] and B = [bl bs ... bM] where a;
and b; are column vectors fori € 1... M, then, A*B = [al ®b; azxeobs ... ay ®bM] . Here, we

have used the equality vec(X; diag(x)X3) = (Xg * X1) x. f; refers to the diagonal elements of the

matrix F;.

2.3.1 Least Squares Solution

Collecting all these bi-directional transmissions, we arrive at a least-squares formulation to solve

for the relative calibration factors f.

(2.24) T =argmin 3 (Y], «PDf; - @] =Y )t [,
1,j€¥9
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where ¢ defines the set of all bi-directional transmissions. Of course, this needs to be augmented

with a constraint,
(2.25) €¢®,£) =0,

in order to exclude the trivial solution f= 0 in (2.24). The constraint on f may depend on the
true parameters f. As we shall see further this constraint needs to be complex valued (which
represents two real constraints). Typical choices for the constraint are

1) Norm plus phase constraint (NPC):

(2.26) norm: Re{6(®0)} =8>~ ¢, c = |IflI?,

(2.27) phase: Im{%”(?,f)} = Im{#f} = 0.

2) Linear constraint:
(2.28) €¢EH=tg-c=0.

If we choose the vector g =f and ¢ = ||f] |2, then the Im{.} part of equation (2.28) corresponds to
(2.27). The most popular linear constraint is the First Coefficient Constraint (FCC), which is
(2.28) with g=ej1,c=1.

2.3.2 Fast Calibration

Here, we consider a coherent calibration scheme and derive parameters for the group calibration
that result in the estimation of the relative calibration factors f using the minimum number of
channel uses. Consider a scheme where every antenna group A; transmits pilots P; in a round
robin fashion. Once all the subgroups have transmitted, we will get the following structure by

stacking the individual equations. Consider the following sequence
¢ When group 2 transmits, we can formulate LoL 1 number of equations.
* When group 3 transmits, we can formulate L3L1 + L3Lg number of equations.
* When group i transmits, we can formulate Z};l L;L j number of equations.

1

Thus, the total number of equations after all the groups transmit is Z?:l Zj:iLiL e

This process continues until group G finishes its transmission. During this process of transmission
by the G antenna groups, we can start forming equations as indicated, that can be solved
recursively for subsets of unknown calibration parameters, or we can wait until all equations are

formed to solve the problem jointly. Finally, stacking equations (2.23) for all 1 <i < j <@ yields
(2.29) Y (P)Yf=n,
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where,
Y2 «PT) —@®I«YT ) 0
(YL «PT) 0 ~PLT+YT )
(2.30) y@)=| 7L 1 - ol
0 (Y3~2 * P2) —(P3 *Yz—»3)

v~

(25}:2 zf'*llLiLj) xM

i=

n represents the stacked form of the noise components. By independence of the rows, we can

state that the problem is fully determined if and only if|

(2.31) > L;LizM-1.
1<i<j<@G
We address the problem of finding the smallest number of groups enabling calibration of the
whole array while ensuring identifiability at each step, by finding the best choices for the L; in
order to see to what extent optimizing the group based calibration can speed up the calibration
process. Let us consider the case where the total number of channel uses available for calibration
is fixed to K. We derive the number of pilot transmissions for each group, L1,...,Lg, that would

maximize the total number of antennas that can be calibrated, i.e.,

G j-1 G
(2.32) max | Y L;L;+1|, subjectto ) L;=K.
@Lisla) | jZ2i=1 i=1
Form the Lagrangian,
G i-1 G
(2.33) Y Y LiLj+1+A|Y L,-K
i=1j=1 i=1

Differentiating with respect to L, the number of pilot transmissions for the group p, we get

oy >

L;+ L;+1=0, Li-L,+A=0

(2.34) j=1 ! i=p+1 L i=1 ' i
K-L,+A=0, L,=K+A

Using Z?zlLi =K,wegetL,= g, independent of p. This implies that every group transmits
for the same number of time instants, L. Thus, the maximum number of antennas that can be
calibrated using LG time instants is %LQG(G -1+1.

1
M= 51:2G(G -1)+1 subjectto LG=K

LK) (K
239 L E)(E )

1
= §K(K—L)+1
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Scenario | Number of channel uses | Number of Antennas that can be calibrated
Y L (CE X Lilp+1
Li=L LG sL*G(G-1)+1
L,=L=1 G 3G(G-1)+1

Table 2.1: The number of channel uses required for calibration

From equation (2.35), it is clear that to maximize the number of antennas that can be calibrated,
L = 1. However, while are above results are correct, the derivation as shown above is not
appropriate to optimize a discrete parameter. The correct derivation was provided by the second

author in the Appendix of [? ].

2.3.3 Non-coherent estimation

We would like to remark that (2.24) applies to any set of bi-directional transmissions. In contrast
to fast calibration, it is often interesting to perform these transmissions across many independent
coherent time slots (non-coherent calibration scheme). This could either be because the channel
coherence time is not sufficient to complete the calibration estimation or simply because the BS
would like to perform the calibration process with minimal interruption to the data transmission.
In the non-coherent case, the key difference is that the propagation channel becomes a function

of the coherent timeslot ¢. Specifically, the equation (2.19) would be modified as,

Y,.j®)=R;C;_;()T;P;(t) + N, ;(2),

Y;_i() =R;C]_(OT;P;(t)+N;_;(®).

(2.36) Bi-directional Tx{
i—]j

Here t€[12... T'] denotes a particular coherent time slot and T is the total number of coherent
time slots used for estimating the calibration parameters. Proceeding as before, the non-coherent

estimator would be obtained as,

£ argmfini. > (s B @)t - (BT owy! o)t
(2.37) t:h,]i;@](_n

= argmin | (P)f]12,
It is advantageous to consider a non-coherent scenario as it includes as a special case, the
coherent scenario. Hence, in the following section, CRB is derived for a non-coherent setting.
2.4 Cramer Rao Bound

We discuss the CRB computation for the non-coherent reciprocity calibration over T' coherent time

slots. The non-coherent case reduces to the coherent case when there is just one coherent time
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slot being considered and bi-directional transmissions between all the antennas can be completed
within this time slot. Note that while the channel can vary across the different coherent time
slots, the calibration factors vary more slowly and remain a constant across all the coherent slots.
Consider a coherent time slot, ¢, where a set of bi-directional transmissions are performed. From
(2.19), we have,

Y. t)= RjCi—»j(t)R;r F;P;(t)+N,;_(?).
———

T (D)

(2.38)

We define /. ;(t) =R;C; . j(t)RlT to be an auxiliary internal channel (not corresponding to any
physically measurable quantity) that appears as a nuisance parameter in the estimation of
the calibration parameters. Note that the auxiliary channel .7 . j(¢) inherits the reciprocity
from the channel C;_. j(¢): A ;(t) = %J.T;i(t). Upon applying the vectorization operator for each
bidirectional transmission between groups i and j, we have, similarly to (2.29),

(2.39) vee (Y (1)) = (PT (&) x Hi ()] £ + vee (Ni—;(8)..
In the reverse direction, using ;. j(¢) = ij{i(t), we have
(2.40) vee (Y1 (1) = (L (1)« PT (1)) £+ vee[NT_ 1)

Alternatively, (2.39) and (2.40) may also be written as
vee (Yi—j(8) = [ (FiPy(»)T o I| vec(;;(®)) + vee (N, (1)

(2.41)
vee (YT_,(1)] = [L® (PT(0)F;) | vee (7#;-.(t)) + veeNT_,(1).

J=t J—t

In the case of non-coherent calibration, the key point is to pick only bi-directional transmissions
that happen every coherent time slot. Stacking all the bi-directional observations into a vector,
y(t) = [VeC(Yl_.z(t))T vec(Yg_}l(t))T Vec(Yl_,3(t))T...]T, the above two alternative formulations

can be summarized into,

(2.42) y(@) = M@),P@),O)f+n=Ff,P(t),t)h(t) +n,

where h(t) = [vee() )T vec(#1_.5)T vec(Hy—3)T ... ]"

The pilot matrix P is different across different coherent time slots, but to simplify the notation,

, and n is the corresponding noise vector.

we omit the explicit dependence on ¢ where there is no room for confusion. The composite matrices

#(h(t),P,t) and Z(f,P,¢) are given below for an example scenario, where, in ¢ time slot, the
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bi-directional transmissions happened between the antenna groups 1,2 and 3.

(PT +.76, 0 0
0 FL , «PL 0
Pl w70 5 0 0
#(h(t),P,t) =
0 0 FEL_ o« P
0 FEL o xPL 0
0 0 L . «PT
(243) 2—i3 3]
PTF; o1 0 0
I PIF, 0 0
0 PTF; I 0
FEP,t) = L
0 I8 PIF; 0
0 0 PIFyo1
0 0 IsPIF;)
Stacking these equations over all T' coherent time slots, we get,
A(h(1),P,1) FEP,1) 0 0 h(1)
y= : f+n= 0 0 | +n
(2.44) A N(T),P,T) 0 0 ZEP,T)||h@)
. - , . g . ,
#(h,P) F(P) h

=A,P)f+n=%fPh+n.

Here, % (f,P) is a block diagonal matrix whose diagonal block ¢ is % (f, P, ). The scenario is now
identical to that encountered in some blind channel estimation scenarios and hence we can take
advantage of some existing tools [4],[3], which we exploit next.

Treating h and f as deterministic unknown parameters, and assuming that the receiver noise
n is distributed as €.4(0,02I), the Fisher Information Matrix (FIM) J for jointly estimating f
and h can immediately be obtained from (2.42) as
;!
gH

1

(2.45) J=—
o

The computation of the CRB requires J to be non-singular. However, for the problem at hand,
J is inherently singular. To determine the CRB when the FIM is singular, constraints have to
be added to regularize the estimation problem. As the calibration parameters are complex, one
complex constraint corresponds to two real constraints. Further, we are only interested in the
CRB for f in the presence of the nuisance parameters h. Hence we are only interested in the (1,1)
block of the inverse of the 2 x 2 block matrix o in (2.45). Incorporating the effect of the constraint

(2.25) on £, we can derive from [6] the following constrained CRB for f:
-1
(2.46) CRBy = o2 (Ve 2y 76%) W,
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Here, Py = (X H ) 2H and ,@j@f =1- P4 are the projection operators on respectively the
column space of matrix & and its orthogonal complement, and f corresponds to the Moore-
Penrose inverse. The M x (M —1) matrix 7 is such that its column space spans the orthogonal

complement of that of affif ), ie., Py = to}”oig . For example, in the FCC case, aff(f ) = g = e, where

e; is the first column of the Identity magjix‘ Hence, 7 would be the orthogonal complement of
this matrix which would be the remaining columns of the Identity matrix.

We now make a few remarks to compare our CRB derivation with another work [43] that
derives the CRB for a single antenna scenario where transmission happens one antenna at
a time. In [43], the relative calibration factors are derived from the absolute Tx and Rx side
calibration parameters, which become identifiable because a model is introduced for the internal
propagation channel. The internal channel is modeled as Gaussian with the mean taken as the
line of sight (LoS) component (distance induced delay and attenuation) and the non-LoS (NLOS)
components are assumed to result in a scaled identity covariance matrix. The NLOS components
are assumed to be 60dB below the mean channel power. This implies an almost deterministic
prior for the (almost known) channel and would result in underestimation of the CRB, as noted
in their own work [43, Sec. III-E-2]. In short, the CRB derivation in [43] has a strong assumption
on the knowledge of the channel. Our CRB derivation, on the other hand, can handle both single
antenna transmissions and group transmissions and treats the internal channel as an unknown
nuisance parameter. Treating the internal channel in this manner is the right approach as it

reflects the real-world scenario.

2.5 Optimal Algorithms

In this section, we propose some optimal estimators. First, a maximum likelihood (ML) approach,

and later a Variational Bayes (VB) based approach.

2.5.1 Alternating Maximum Likelihood (AML)

From (2.42) we get the negative log-likelihood up to an additive constant, as
1 9 1 2

(2.47) — ly-#(h,P)}|* = — ly—-F({,P)h|”.
o o

The maximum likelihood estimator of (h,f), obtained by minimizing (2.47), can be computed
using alternating optimization on h and f, which leads to a sequence of quadratic problems. As
a result, for a given f, we find h = (FHE %) 1 Hy and for a given h, we find f = (72 7#) L7 y.
This leads to the Alternating Maximum Likelihood (AML) algorithm (Algorithm 1) [3, 4] which
iteratively maximizes the likelihood by alternating between the desired parameters f and the

nuisance parameters h for the formulation (2.42).
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Algorithm 1 Alternating maximum likelihood (AML)

1: Initialization: Initialize f using existing calibration methods (e.g. the method in 2.2) or as a
vector of all 1’s.
2: repeat
3:  Construct & as in (2.43) using £,
h=(FHz)1gHy
4:  Construct A as in (2.43) using h.
f= (7" 7)1 7y
5. until the difference in the calculated f between two iterations is small enough.

2.5.2 Variational Bayes approach

In Variational Bayes (VB), a Bayesian estimate is obtained by computing an approximation to the
posterior distribution of the parameters h,f with priors f ~ €4 (0,a 1), h ~ €.4(0, ﬁ_llNh)
and a,f are assumed to have themselves a uniform prior. N, is the number of elements in h.
This approximation, called the variational distribution, is chosen to minimize the Kullback-
Leibler distance between the true posterior distribution p(h,f, a, 8ly) and a factored variational

distribution

(2.48) gn(h) g¢(f) go(a) g (B).

The factors can be obtained in an alternating fashion as,

(2.49) In(qy,(v;)) =<Inp(y,h,f,a, B) >4 +c;,

where v; refers to the it" block of v =[h,f,a, f] and <>p; represents the expectation operator

over the distributions gy, for all £ # i. ¢; is a normalizing constant. The log likelihood,

Inp(y,h,f,a, ) =Inp(yh,f,a, {3) +Inp(fla)+1np(h|B)
(2.50) = -N,lno® - = lly— #f1* + MIna — a |f]®
g
+NpInp-pglh|?+c.

Here, N, refers to the number of elements in y and c is a constant. We shall assume 0?=1and
as known. It is straightforward to see that proceeding as in equation (2.49), a, f would have a

Gamma distribution with mean <a>= —¥— and <f>= <”I}Y|’|lz>. On the other hand (taking only

2
<|If1*>

relevant terms),

lan(f):fH<<]6’H>y—fH <A1 76> - <a>ff

(2.51)
Ingnh)=h? <Fi>y_hf <77 Z>h- <p>h"h

This implies that f ~ €A (?,Cff) and h ~ €4 (E,C}'Lﬁ). The overall algorithm may now be

summarized as in Algorithm 2.
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Algorithm 2 Variational Bayes Estimation of calibration parameters

1: Initialization: Initialize f using existing calibration methods. Use this estimate to determine
h,<a>,<f>.

2: repeat

3. < AU H#>= 78 (h)A(h)+ <A™ (h).#(h)>

4 F=(<HHI> +<a>T) <A >y

5: Cf]z=(<Jz,”HJ£>+<a>I)_1

6: <FHF>=FHOHFO+<FLHFD>

7. h=(<FHF>+<p>1) <>y

8 C,Lh—(<9H$>+<[3>I)_1

9

2
<a>= ”f” , <|IflI2>= fo+tr{Cff}

10 <p>= thz , <IhZ>=h"h+tr(C;;).
11: until convergence.

When G =M, C FF and Cj; are diagonal and <FH®)Z®)>, < #H (h)#(h)> can be computed
easily (diagonal). However, when G < M, these matrices are block diagonal. To simplify the

computation, we propose the following,

tr{ (<A 7> + <a> I)_l}

(2.52) .
tr{(<9H§>+<ﬁ>I) }
Cij= N Iy,.
h

We call this approach EC-VB (Expectation consistent [30] VB). Note here that by forcing the
matrices C P Cj,j, to zero and a, 8 to zero, this algorithm reduces to the Alternating Maximum
Likelihood (AML) algorithm [3, 4] which iteratively maximizes the likelihood by alternating
between the desired parameters f and the nuisance parameters h for the formulation (2.42). The
penalized ML method used in [43] uses quadratic regularization terms for both f and h which
can be interpreted as Gaussian priors and which may improve estimation in ill-conditioned cases.
In our case, we arrive at a similar solution from the VB perspective and more importantly, the

regularization terms are optimally tuned.

2.6 Maximum likelihood vs. least squares

At first, it would seem that the ML and CRB formulations above are unrelated to the LS method
used in most existing works. However, consider again the bi-directional received signal in a pair
(1, /) as in equation (2.36). Eliminating the common propagation channel, we get the elementary

equation for the LS method (2.37). Using this, along with equation (2.44), one obtains

(2.53) yPf=FHy=n,
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where
[ 1® (FoPs)* 0 0 0
—(F1P1)* I 0 0 0
0 I®(F3P3)* 0 0
(2.54) Ft= 0 —~(F1P1)* o1 0 0 ,
0 0 Io(FsP3)* 0
0 0 _(F2P2)* I 0

such that the column space of & corresponds to the orthogonal complement of the column space
of & (see Appendix A) assuming that either M; =L; or L; =M; forall 1<i <QG.

Now, the ML criterion in (2.47) is separable in f and h. Optimizing (2.47) w.r.t. h leads to
h = (FH Z)*ZHy as mentioned earlier. Substituting this estimate for h into (2.47) yields a ML

estimator f minimizing
(2.55) yioLty =yl P2y =yl Fgtigtygiiy,

where we used P]’; = P4.1. This should be compared to the least-squares method which consists

in minimizing | FHy|2 = |¥f]2.
(2.56) Il f)? = | F y)2 =y g tgtty,

Hence (2.55) can be interpreted as an optimally weighted least-squares method since from
(2.42) FHy = 1Hp = f leads to colored noise with covariance matrix 02.% - %+ It is not clear
though whether accounting for the optimal weighting in ML would lead to significant gains in
performance. The weighting matrix (before inversion) %12 .1 is block diagonal with a square
block corresponding to the pair of antenna groups (i, j) being of dimension L;L;. If all L; =1,
then F1H Z1 is a diagonal matrix. If furthermore all M; = 1 (groups of isolated antennas), all
pilots are of equal magnitude, and if all calibration factors would be of equal magnitude, then
F+H Z1 would be just a multiple of identity and hence would not represent any weighting. In
any case, the fact that the CRB derived above and the ML and LS methods are all based on the
signal model (2.42) shows that the CRB derived in section 2.4 is the appropriate CRB for the

estimation methods discussed here.

2.7 Analysis of least squares methods

In this section, we analyze the mean square error for the LS estimator and compare it with
the CRB. From (2.29), the metric to be optimized is ||% f||2 which was derived as a result of

eliminating the propagation channel C. The same objective may also be obtained by eliminating
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the factor h in (2.44), specifically by minimizing ||%1#y||2. Here, #* is the orthogonal matrix to
Z such that F1H Z=0. 1 corresponding to (2.43) is shown in (2.57).

[ I1e (FoPy)* 0 0
—(F1P1)* eI 0 0
0 18 (FsPs)* 0
(2.57) Ft= (FsPs)
0 —(F1P1)* eI 0
0 0 I®(]:—"3P3)’I<
0 0 ~(FoPy)* ® 1
Thus, we can write,
(2.58) min ||ZH By = min||FHBFh + FH Bn)?,
f f

where the additional term in braces highlights that in this case, the matrix Z* is generated
with . When this is not explicitly indicated, the matrix is constructed out of the true f. Next, to

get (2.58) into a more convenient form, we make the following observation.
FHE-HFE-H=0.
(2.59) = (7 - 7@ (70 - F®) =0.
— 7070 = - OFO.

Further, under the assumption of small noise, & ®n ~ FH(n. From (2.58), (2.59) and the

small noise assumption, we can write the LS criterion as,

(2.60) m?inllgleg(f')h ~ g2 = m?inll&f‘LHJff— FHn| 2,
At this point, note that & 7 is not full rank. This can be seen as follows.
(2.61) FHH et =g H gh =0.

Hence, to regularize the problem, we need to add constraints. Consider a linear constraint of the

form,

(2.62) fig=c.

Let f= [g 7/] . , where 7 is the orthonormal complement to the vector g. The notation
a2:M

9.y indicates the elements 2 to M of the vector a. @1 denotes the first element of the same vector.

g’g
yHg
is equal to a fixed value g%g. As a result, (2.60) may be written in terms of the new parameters

= a{gHg = c¢. This implies that @y is real and

Now, using the constraint g = [a; as,. M]

9.y as follows,

(2.63) min||F 7 78~ Fn|* = min||FH 2V agy - F o+ %ijgg% 12
f 2M
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The Mean Square Error (MSE) for this minimization is straightforward and may be obtained as
-1 -1

(2.64) MSEys =0V (VIATAY ) 77 ATBAY (VAT AY) .

Here, A = 7 7 and B = 7 Z1 . In comparison, the CRB from (2.46) is given by

-1 -1
_ 2 H pH 51 1H gp-l\-1g-1H H _ 2 HAaHp-1 H
(2.65) CRB =0y (Ve gt gty et eyy) v =0 (v ATBAY;) E,

where we used 9’; =Py = FH(FHHF L)y 1 H Further, note that the matrix Vr is a matrix
that has to span the orthogonal complement of the derivative of the constraint. In our linear
constraint (2.62), %f(f) = g. Hence, the matrix 7 is the same as the desired matrix 7;.

To understand the relation between (2.64) and (2.65), let us write down the expression for a

weighted least squares with weight matrix W.
-1 -1
(2.66) MSEyws =02V UVH, U= (v7afwAY ) vIATWBWAY (1 AMWAY) .

Now, if we choose the weighting factor W as B™1, we get back the same expression as that of the
CRB. This implies, that to bring down the error variance to that of the CRB, a weighted least
squares is called for. Thus, we establish that the key difference between the CRB and that of the
MSE of the LS is in the lack of weighting factor (7 1)1, which is intuitively appealing as
this weighting factor is nothing but the inverse covariance of the colored noise in Z+y.

The expression here covers the linear constraint as was given in 2.3. For the FCC, we need to
choose g = e;. In this case 1g = ¢ chooses the first element of f to be known and the matrix 7 is
composed of the rest of the columns of the Identity matrix. Now, the NPC constraint may also
be approximated by a linear constraint in the vicinity of the true f. To see this, first, note that
the phase part of the NPC constraint, as given in (2.27), is already a linear constraint where, in
(2.62), we need to choose g = f. In the vicinity of the true f, f7f may also be approximated by £,
and hence the choice of g = f serves as a linear approximation for the norm and phase part of the
NPC constraint. With this choice, the matrix 7" spans the orthogonal complement of the space of
f.

2.8 Simulation Results

In this section, we assess numerically the performance of various calibration algorithms, using
MSE = E[|[f - £]|2] as the performance evaluation metric, and compare them against their CRBs
as the benchmark. For all simulations, the Tx and Rx calibration parameters for the BS antennas
are assumed to have random phases uniformly distributed over [-7, 7] and amplitudes uniformly
distributed in the range [1 - 6,1+ §] where § = 0.1. This assumption is widely used in literature
such as in [34],[44],[43], which is also in line with the measurement results from experiments in
[20]. We further assume that the first coefficient is fixed to 1 so that f; = 1 for the true f. In this
way, regardless of whether the FCC or the NPC (i.e. (2.26),(2.27) with ¢ = [|1£112) constraints are
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used, direct comparison of f to f is possible for the MSE computation (in which the expectation is
replaced by sample averaging). The channels between all the BS antennas are assumed to be

independent and identically distributed (i.i.d.) Rayleigh fading unless specified otherwise.

2.8.1 Comparison of grouping based schemes

Now we evaluate the proposed group-based fast calibration method from Section 2.3.2. For a fair
comparison across different schemes, the number of channel uses should be the same. Hence, we
compare the fast calibration method of Section 2.3.2 against the Avalanche scheme proposed in
[31]. Note that the Argos method and the method from Rogalin et al. are not fast algorithms as
they need channel uses of the order of M, so they cannot be compared with the fast calibration
methods. The number of antennas that transmit at each time instant (i.e. the group sizes of the
12 antenna groups) is shown in Table 2.2. FC-I corresponds to a fast calibration scheme where
the antenna grouping is exactly the same as that of Avalanche. However, we also try a more
equally partitioned grouping of antennas in FC-II. The pilots used for transmission have unit

magnitudes with uniformly distributed random phases in [-7, 7].

Table 2.2: Number of antennas transmitting at each channel use for two Fast Calibration schemes.

Scheme | Antennas transmitting per channel use. M =64
FC-1 1/1(2|3|4|5|6|7[8|9]|10 8
FC-II 5/5|5|5|5|5|5|5|6|6]| 6 6
Scheme | Antennas transmitting per channel use. M = 67
FC-I 1/1(2(3|4|5|6|7[8|9|10] 11
FC-1I 5/5|5|5|5|6|6|6|6|6]| 6 6

The performance of these schemes is depicted in Fig. 2.4 for M = 64. From Section 2.3.2, it
can be seen that the minimal number of channel uses required for calibration is G =12 = VoM.
The performance is averaged over 500 realizations of channel and calibration parameters. Note
that the Avalanche algorithm inherently uses the FCC in its estimation process. For comparison
to methods using NPC, the Avalanche estimate f is then rescaled in order to satisfy the NPC
constraint.

As the CRB depends on the constraint used for calibration estimation, the corresponding
CRBs for these approaches are also shown. However, note that the CRB for the FC-I grouping
applies to both the Avalanche method and the proposed fast calibration method (which performs
least-squares (2.24) over all the available data jointly). For each type of constraint, there are thus
3 MSE curves (Avalanche, FC-I, and FC-II) and 2 CRB curves (for FC-I and FC-II). As the MSE
curve is averaged over multiple channel realizations, the CRB plotted here is also an average
over the CRB values corresponding to these channel realizations.

In Fig. 2.4, the performance of the proposed fast calibration with the FC-I grouping outper-
forms that of the Avalanche scheme. With M = 64 and G = 12 antenna groups, the overall system
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of equations is overdetermined: from (2.31) with L; =1, 66 = %G(G —1)> M —1=63. Note that
the Avalanche scheme also transmits from multiple antennas at a time as a group. However.

there are multiple reasons why the proposed fast calibration outperforms the Avalanche method.

¢ The proposed fast calibration exploits all data jointly for the parameter estimation unlike
the Avalanche method, which employs a recursive method and is hence subject to error

propagation.

* The performance improves when the group sizes are allocated more equitably as in grouping
scheme FC-II. Intuitively, the overall estimation performance of the fast calibration would
be limited by the (condition number of the) largest group size and hence it is reasonable to
use a grouping scheme that tries to minimize the size of the largest antenna group. These

observations hold irrespective of the constraints used.

The CRBs in Fig. 2.4 illustrate the ultimate calibration accuracy that calibration schemes can
achieve, which, according to equation (2.46) depend on f and hence also on the value of §. The
curves in Fig 2.4 are calculated with typical values defined at the beginning of this section.
Avalanche with the FCC constraint exhibits a huge MSE and hence most portions of this curve
fall outside the range of Fig. 2.4. Note also that the MSE in some cases falls below the CRB, see
for instance the MSE NPC FC-I curve at low SNRs. This is because in this SNR region the MSE
saturates due to bias and the CRB is no longer applicable.

To gain further insight into the working of Avalanche, it is illustrative to consider the case
of M = 67 antennas, which is the maximum number of antennas that can be calibrated with
G =12 channel uses. As shown in section 2.3.2, the best strategy is to divide the antennas into
G =12 groups and letting each group transmit exactly once (L; = 1). This then results in a
linear system of 66 equations (2.29) plus one constraint in 67 unknowns. Indeed, (2.31) yields
66 = %G(G —1)=M - 1=266. Thus, the system of equations is exactly determined by using an
appropriate constraint to resolve the scale factor ambiguity. Hence, the error attained by any
LS solution would be zero and the different constraints used for estimation would only lead
to different scale factors in the calibration parameter estimates. So, all the solutions would be
equivalent. Also, FC-I grouping leads to a block triangular structure with square diagonal blocks
for the matrix 2 defined in (2.30) after removing the first column. Hence, the back substitution
based solution performed by Avalanche is indeed the overall LS solution with the first coefficient
known constraint. Thus, in Fig. 2.5 where the performance of these schemes is compared for
M =67, we see that the curves for Avalanche and fast calibration with the FC-I grouping overlap
completely. In general, this behavior would occur whenever the number of antennas corresponds
to the maximum that can be calibrated with the number of channel uses (see Sec. 2.3.2), and
the antenna grouping is similar to that for FC-I1. At the range of SNRs considered, the MSE is
saturated and is hence far below the CRB for this grouping. In fact, only a part of the CRB for the

FC-I grouping can be seen as the rest of the curve falls outside the range of the figure. Indeed,
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Figure 2.4: Comparison of fast calibration with Avalanche scheme (M =64 and the number of
channel uses is 12). The curves are averaged across 500 channel realizations. The performance
with both the FCC and NPC constraints is shown.

though not shown in Fig. 2.5, the MSE curve with the FC-I grouping only starts to overlap with
the corresponding CRB curve for SNR beyond 100dB! However, it is important to note that the
performance improves dramatically with a more equitable grouping of the antennas as can be

seen from the curves for the FC-II grouping in the same figure.

Next, we make a comparison between different grouping schemes on the basis of their CRB.
Consider a system with M = 64 antennas. With single antenna grouping, the minimum number
of channel uses required for calibration is M. Hence, we assume that there are M channel
uses available for reciprocity calibration irrespective of the antenna grouping strategy used.
At the same time, the minimum number of channel uses required for calibration is given by
G(G-1)>=(2M —1), giving G = 12. In this case, the number of antennas in each group would
be 5 or 6 if we distribute the antennas as equitably as possible across the groups. If we choose
this scheme, then every antenna group can transmit pilots for multiple channel uses during
the overall M channel uses required for the single antenna grouping. In Figure 2.6, we plot
the CRB for different group sizes between the slowest single antenna grouping (Num groups =
M = 64) and the fastest multiple antenna grouping. Whenever a faster grouping is used, antenna
groups can transmit pilots during multiple channel uses which further scales down the CRB
by that pilot use factor. The CRB is averaged over multiple realizations of the channel and an
SNR of 30dB is considered. The NPC constraint is used for the calculation of the CRB. In this

plot, two separate curves are displayed for 6 = 0.25 and § = 0.5. From this plot, we can infer
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Figure 2.5: Comparison of fast calibration with Avalanche scheme for M = 67 and the number of
channel uses=12. The curves are averaged across 500 channel realizations. The NPC constraint
is used for the MSE computation.

that given a fixed number of available channel uses, it is more beneficial to use the smallest
possible size for antenna groups. In the case where there are a sufficient number of channel uses
available, this would imply a preference for the single antenna grouping over multiple antenna
grouping. However, it is also noteworthy that a grouping with two antennas per group also has a
performance comparable to that of single antenna grouping while requiring only half the time for
calibration.

So far, we have focused on an i.i.d. intra-array channel model and we have seen in Fig. 2.4
and Fig. 2.5 that the size of the transmission groups is an important parameter that impacts
the MSE of the calibration parameter estimates. We now consider a more realistic scenario
where the intra-array channel is based on the geometry of the BS antenna array and make some
observations on the choice of the antennas to form a group. We consider an array of M = 64
antennas arranged as in Fig. 2.7. The path loss (471%)2 between any two antennas i and j is a
function of their distance d;_.;, and 1 is the wavelength of the received signal. In the simulations,
the distance between adjacent antennas, d, is chosen as % The phase of the channel between
any two antennas is modeled to be a uniform random variable in [-7,7]. Such a model was also
observed experimentally in [43]. The SNR is defined as the signal to noise ratio observed at the
receive antenna nearest to the transmitter.

Continuing with the same internal channel model, consider a scenario in which antennas

transmit in G = 16 groups of 4 each. Note that this is not the fastest grouping possible, but the
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Figure 2.6: Comparison of CRB with different antenna group sizes for M = 64 antenna scenario.
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Figure 2.7: 64 antennas arranged as a 4 x 16 grid.

example is used for the sake of illustration. We consider two different choices to form the antenna
groups: 1) interleaved grouping corresponding to selecting antennas with the same numbers into
one group as in Fig. 2.7, 2) non-interleaved grouping corresponding to selecting antennas in each
column as a group. Fig. 2.8 shows that interleaving of the antennas results in performance gains
of about 10dB. Intuitively, the interleaving of the antennas ensures that the channel from a group
to the rest of the antennas is as well conditioned as possible. This example clearly shows that in
addition to the size of the antenna groups, the choice of the antennas that go into each group also

has a significant impact on the estimation quality of the calibration parameters.
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Figure 2.8: Interleaved and non-interleaved MSE and CRB with NPC for an antenna transmit
group size of 4 (M = 64 and the number of channel uses is G = 16).

2.8.2 Comparison of single antenna transmission schemes

In Fig. 2.9, we consider slower transmit schemes that transmit from one antenna at a time
(G = M) and compare their MSE performance with the CRB. The MSE with FCC for Argos,
the method of Rogalin et al. [34] and the AML method in Algorithm 1 is plotted. As expected,
the method of Rogalin et al. improves over Argos by using all the bi-directional received data.
AML outperforms the performance of the method by Rogalin et al. at low SNR. These curves are
compared with the CRB derived in 2.4 for the FCC case and it can be seen that the AML curve
overlaps with the CRB at higher SNRs. Also plotted is the CRB as given in [43] assuming the
internal propagation channel is fully known (the mean is known and the variance is negligible)
and the underestimation of the MSE can be observed as expected. As was mentioned in section
2.6, the greater the variation in f, greater would be the deviation of the LS approaches from the
ML estimator and greater would be the advantage in using the AML method. To bring out the
difference between the two CRB derivations, the amplitude variation parameter 6 is chosen to be

0.5 to increase the range of values of Tx and Rx calibration parameters.

Figure 2.10 compares the MSE that was derived for the LS with the actual performance
obtained in simulations using FCC. The results have been averaged across multiple channel and
noise realizations. A large variation in calibration values (6 = 0.95) is chosen for this simulation
so as to enhance the gap between the LS performance and the CRB. The simulated MSE is seen
to closely match the theoretical MSE. The plot also shows the CRB for this case which forms a
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Figure 2.9: Comparison of single antenna transmit schemes with the CRB (G = M = 16). The
curves are generated over one realization of an i.i.d. Rayleigh channel and a known first coefficient

constraint is used.

lower bound, as expected.

Next, we compare the convergence of the optimal algorithms that were proposed in section 2.5

when the calibration parameters are generated with 6 = 0.25 in Figure 2.11. The curves in Figure

2.11 are generated for a single channel and calibration parameter realization and averaged over

200 noise realizations. We clearly see that the VB methods (initialized by LS) are far superior to

the AML in terms of both MSE achievable and speed of convergence.

2.9 Summary of Contributions

¢ Showed that the group calibration framework proposed in [? ] can result in Fast calibration

(Section 2.3.2).

¢ Came up with a simple and elegant expression for the CRB for calibration parameter

estimation (Section 2.4) that includes both coherent and non-coherent estimation methods.

¢ Came up with optimal algorithms for calibration parameter estimation (Section 2.5).

¢ We analyzed the performance of least squares methods and showed analytically that their

performance differs from that of the CRB simply because they don’t take into account the

fact that the noise is colored.
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Figure 2.10: Comparison of simulation MSE for an M = 32 antenna scenario with the theoretical
expression for MSE for the first coefficient known constraint (FCC).
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Figure 2.11: Convergence of the various iterative schemes for M = 16 and G = M.

¢ Some of the above contributions were published in [? ], [? ] and the rest will be in [? ].

¢ This work has also resulted in a patent submission [? ].
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CHAPTER

PRECODER DESIGN UNDER DOPPLER - FULL CSIT

3.1 Introduction

We consider a rapidly time-varying point to point MIMO link as encountered in HST (high-speed
train) communicating with a BS. The BS is assumed to be within a distance of one kilometer from
the track. The channel model [21] in such a scenario consists of the LoS path and a few reflected
paths primarily due to reflections from the gantries that support the railway electrification system.

The high Doppler encountered in this environment violates the orthogonality requirement for
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OFDM, resulting in ICI. Several prior publications have focused on receiver techniques to
mitigate ICI ([12],[48]) and it is known that multiple receive antennas in a SIMO scenario are
very effective in canceling out the ICI. However, there has been no existing work on optimal
precoder design in the case of MIMO. Hence, We study this problem under full CSIT.

3.1.1 Key Assumption

This work assumes full CSIT. Of course, this is hard to obtain in general, but the fact that our
work is for an HST that runs on well-defined tracks makes the scenario a bit more plausible. For
instance, a database could be maintained for the channels observed at different positions on the
track. An alternative is to have additional leading antennas on the train that can perform DL
channel estimation via channel reciprocity in case of a TDD system. As the train moves, the set
of antennas dedicated for transmission would arrive at the same location and could use these
channel estimates. We would also like to remark that this requirement for full CSIT is relaxed in

the next chapter.

3.2 System Model

Consider a multiple input multiple output (MIMO) system with N; transmit antennas and N,
receive antennas. An OFDM framework is chosen with N subcarriers and sampling rate f5s.
Out of the total N subcarriers, let N, be the number of utilized subcarriers. For instance, this
would account for the guard subcarriers and DC subcarrier in an OFDM system. We consider a
time-varying Rician fading FIR channel of length L. Thus for every combination of Tx(transmit)
and Rx(receive) antenna, the time domain channel at sample n of an OFDM symbol may be

represented as
(3.1) h(n)=hg+h'(n)

where hy is of dimension L x 1 and represents the average channel across the OFDM symbol. h'is
also of dimension L x 1 and captures the time variation, has average value zero, and is orthogonal

to hy. It is easy to see that with this formulation, the ICI contribution comes entirely from h'(n).

N+

Ne 0 N-1
< OFDM symbol »

Figure 3.1: Illustration of ExCP windowing in an OFDM symbol

The length of the CP is considered to be greater than the channel delay spread by N, samples.
The total length of the OFDM symbol including the ExCP length is taken as Ny =N + N,. It is
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also assumed that the receiver would take advantage of this ExCP through windowing. As shown

in Figure 3.1, let w; be the window weights. In order to satisfy the Nyquist criterion
3.2) w; +wns; =1, 1€{-N,---—1}

Consider a single input single output (SISO) system and a linear time-invariant (LTI) channel of
length L. The received symbols at the subcarrier level obtained after the fast Fourier transform

(FFT) may be expressed as
(3.3) y =FNTLD,T_ 4 HoT., Fy's + FNTL D, ¥

This equation may be interpreted as follows. The inverse FFT (IFFT) matrix F]_\,1 acts on the data
s to produce the N OFDM time domain samples. The time domain samples are extended into
the overall cyclic prefix that includes the length of the ExCP as well as the actual channel delay

spread. The overall operation of cyclic prefix addition may be represented as T,,.

0@ +N)x(N-N.-L) IN.+L On,xv-N,) In,

(3.4) T.p = yo Tex =

ki

Iy Iy

The matrix Hy represents time domain convolution. The matrix T_g, represents the removal of

the portion of the CP corresponding to the channel delay spread.

(3.5) T_gs = [0(N+Ne)xL IN:N,

D,, represents the windowing over the ExCP region and Tg'x represents the folding operation

after windowing at the Rx.

D, =diagw_n,...w-1 1...1 wy...wy,) =diag(w)
With this, equation (3.3) may be equivalently expressed as
(3.6) y =FyTL D, T, HoFy's + FNTL D, ¥,

where Hy is a circulant matrix such that T_q:HoT, p = T,.Hy. Now, if TZwaTex =1, it can be
seen easily that FNTZ;CDWTexI:IoFZ_\,1 would form a diagonal matrix as the FFT matrix forms the
eigen vectors of a circulant matrix. Now, the requirement that TZwaTex =Iis the same as the
Nyquist criterion in equation (3.2) and hence clearly shows the need for this criterion to avoid
ICI due to the receive windowing operation. Note also that equation (3.6) does not explicitly show
the CP that accounts for the channel delay spread. In what follows, we will follow this approach
to simplify our equations.

To continue the analysis, we can approximate h'(n) by a polynomial function. For an LTE-like
OFDM system, we choose a linear model due to the significant subcarrier spacing compared to

the Doppler frequency being considered. To verify the validity of this assumption we consider a
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typical LTE scenario with center frequency 2.4GHz and channel spacing 15KHz. For various SNR
values, the mean channel power, ICI as predicted by the linear model and Residual ICI beyond
what is predicted by the linear model are shown in 3.2. It is clear that up to a Doppler of 1000Hz,
which corresponds to a velocity of 450Kmph at 2.4GHz, the error due to the linear assumption is
below -40dB.

Goodness of linear approximation

10 T T T
OL—*—“—H—*—*—*-—*—*—-*—H

A0 QO_G—G-G-G'G o
20 & o o
2 0~
o -3 /7
g (4
o ’
-40
+ Mean channel power
50 F Interference Power as per linear Approx
residual Interference
i = Mean channel power, Jakes
-60 / - @ = Interference Power as per linear Approx, Jakes |
residual Interference, Jakes
-70 3 3 3 3 .
0 1000 2000 3000 4000 5000 6000

frequency

Figure 3.2: Verification of the linear model for channel variation.

At 450Kmph, 2.4GHz center frequency, Doppler frequency = 1IKHz. From Figure 3.2, approxi-
mation error due to the linear modeling of ICI negligible up to 450Kmph assuming operating
SNR < 35dB L.e, at this operating SNR, the error due to the approximation in channel variation
is significantly lower than that of the AWGN noise floor. Indeed, if the operating SNR is lower,
Figure 3.2 shows that channel variation may be safely treated as linear across the OFDM symbol
for even higher levels of Doppler. We can also infer that at low operating SNR ( < 10dB), the ICI
due to speeds up to 450Kmph is negligible.

Thus, for the duration of an OFDM symbol including the ExCP, equation (3.1) may be

rewritten in terms of orthogonal basis functions for every Tx-Rx antenna pair as,
h'-N)] [1 -N.-2)

3.7 : =1: :
W'w-n| [1 w-1-%

T
hO

T

1

where hj is a constant across the OFDM symbol and captures the time variation per sample. Note
here that h is a column vector of length L representing the number of channel taps. Equation
(3.7) implies that the transmit signal corresponding to every OFDM symbol passes through two
independent time-invariant channels hy and h;. However, the output of the channel h; gets
modified by the linear time variation that results in ICI.

Next, we look a general point to point MIMO scenario with multiple Tx and Rx antennas. For

the ease of handling the problem mathematically, we stack the symbols received at all the Rx
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antennas across all the subcarriers of the OFDM symbol. This would result in a column vector of
length N,.N (N, received elements for each subcarrier). The receiver output across all the receive
antennas and subcarriers after the windowing and N-point FFT may be expressed as a column

vector of length N,.N (N, received elements for each subcarrier). This may be expressed as,
3.8)  y=Fyn, T,y DuN, {Tex N, Ho+ Dy n, Tex N, Texn, HIF 'y s + Fy N, T,y Dy v, V.

H, and H; are time domain block circulant channel matrices of dimension N, N x N;N. Each
block in Hy or Hj is of dimension N, x N; and there are N x N such blocks in these matrices. ¥
is the AWGN noise observed at the receiver and is normalized to have unit variance. s is the
concatenated transmit data vector across all the transmit antennas and subcarriers and is of

dimension NN;. Fy n, =Fy ®IN,, where Fy is the DFT (discrete Fourier transform) matrix.

-1 -1
Ns )...(N—l—Ns

Dy =diag|-(N,— )

Further, Dy, y, =Dy ®Iy,, Dy v, =D ® Iy, and Tey N, = Ter ® Iy, . Hence, assuming that the

window parameters satisfy the Nyquist condition, equation (3.8) may be rewritten as

5.9 y= I:'IQS + }f‘N,Nrsz’NrDw,NrDb,NrTex,ertllF]‘vl,Nts +Fn N, T, v Dwn, ¥
=Hys+=ZHis+v
where Hy = Fn N, I;IOF]_\,I’Nt is a block diagonal matrix corresponding to the time-invariant part.
H; = FN,errllF]‘\,th is a block diagonal matrix corresponding to the time-varying part of the
channel. = = FN,Nrsz,NrDw,NrDb,NrTex,Ner_vl,Nr7 where Z is a block circulant matrix. It can
be easily observed using the properties of the Kronecker product that Z=Z® Iy,., where = =
FNTZ;CDWDbTe,CFZ_V1 is a circulant matrix of dimension N x N. As Z is circular, any element %,/ of
the matrix may be expressed as é((I — k)n) where the notation () refers to modulo operation with
respect to N. ¢ would be the first row vector of = and hence of length N. v=Fy NrTZx,Ner’ N,V
is the frequency domain noise samples seen across the subcarriers and receive antennas.
Thus, at any subcarrier %, the received data may be written as
(3.10)

N-1 N-1

yi = {Hog + H18(0)}dy, + Hyd; & -k)N)+vy = Hpdy, + Hy;d; (1 -R)N)+ vy,
1=01#k T~ 1=0#k

Signal term _

ICI and noise terms

Hy; (dimension N, x N;) is the mean frequency domain channel observed at subcarrier k. The
second term in equation (3.10) represents the ICI caused by time variation due to Doppler.
d; =[s(EN;+1)---s(EN; + N, — 117 is the N; x 1 vector of transmitted data symbols on the carrier
k. &((I —k)n) refers to the (k,]) element of the matrix =. v, is the N, x 1 vector of AWGN (additive

white Gaussian noise) noise observed at carrier index k, with the following variance.
(3.11) Ry, = (e FNTL D, DT, Fhep) oIy, =(ef FNTLD, DT, Fieply,
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where e}, is a column vector with 1 at the k% element. Let P be the maximum sum power
requirement across all the subcarriers and let P; be the individual power at any subcarrier i such
that Zé\i 61 P; =P. Let the transmit covariance matrix of subcarrier & be Q; = E(d;, dil ) where E(-)
is the expectation operator. Thus, the capacity of this MIMO system across all the subcarriers in

the presence of both ICI and AWGN noise would be given as follows.

N-1
(3.12) C= Y log|I+Ho,Q:H} R
k=0

where Ry =Ry, + Zf\i 611 4k [E(1 - k)N)IzleQng. Note that this formulation can include guard
subcarriers and DC subcarrier by simply forcing their respective transmit covariances to zero.
We are interested in determining the optimal Q; and the window weights w; such that the

capacity of the link is maximized under a power constraint

N-1 N-1
(3.13) fo:maxC = Z 10g|I+H0kaH53RE_1| subject to Z tr{Qp} <P.
kW k=0 k=0

3.3 Precoder Design

We first note that the mathematical problem of a point to point MIMO precoder design under
Doppler (3.13) is similar to that of a MIMO interfering broadcast channel (IBC). The only
difference is that the interference from other base stations is replaced by ICI. Hence, similar
approaches may be considered in this problem as well. The objective function f in (3.13) is
non-convex in the covariance matrix Q; and hence we follow an iterative majorization [38] based
approach which is a re-interpretation of the technique used in [23]. In addition, to solve the
joint problem of optimizing the window design we employ the alternating (cyclic) minimization
approach to alternately optimize the precoder design and window design. At the beginning of
the iteration for the subcarrier i, let P; be the power constraint, Q; be the current values of the

precoder and w; be the window values. The steps involved in optimization are

* Update the value of Q; for every used subcarrier i using the majorization technique ([38]).

This is given in subsection 3.3.1.
¢ Update of power allocation across all the subcarriers. This is given in subsection 3.3.2.

¢ Update of window parameters. This is given in section 3.3.3.

3.3.1 Covariance matrix update

Our iterative optimization algorithm operates one subcarrier at a time. With the focus on
subcarrier i, on the same lines as [23], the objective function fo may be rewritten as
N-1

(3.14) max logII+H0kaH€‘;R%_1| = naax{logII+H0iQngR;-_ll +11(Q;,Q-)}
i k=0 i
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where £,(Q;,Q_;) =Y ;x;logI+ HonzH‘gIZlelL Q_; refers to the transmit covariances of all the
subcarriers except for the i**. It is shown in [23] (Lemma 1) that f;(Q;,Q_;) is convex in Q;.
Thus, equation (3.14) is the sum of a concave and convex function and hence the overall capacity
is a non-convex function.

We replace the non-convex function above with its minorization. To obtain the minorizer,
we replace a convex function f;(Q;,Q_;) by its tangent at Q;,Q_,. As the tangent to a convex

function always lies below the function, the new function £; is clearly a minorizer.

3.15) f1:loglI +H0iQngR;~_1| -tr{Bi(Q; —Q)} +fi(Q:,Q_;)
_p

subject to tr{Q;}<P;

where B; is the negative Hermitian of the derivative of f;(Q;,Q_;) with respect to Q; evaluated
at Q;,Q_;. P; indicates the current value of P; at any given stage of the algorithm. B; is given in
equation (3.16) below (see also [17]).

fiQ:i,Q )= lzlog|1+HonzH§§R;1| = Zz{logml-+HozczezH€§| —log [R;[}
#i #i

OR; = Hy;0QHT (G - D)

0fi(Q:,Q ) = ) tr((R; + HyQHf) ' -R;HoR;)
I#1

= tr{(R;+ Hy QHE) ™! - Ry HHy,0QH (G — D))

= tr{|E(G - D) PH (R + Ho QHE) ™' - Ry HH1;0Q;)
B - [afl(gl,Q_»]
(3.16) Q;

= Y16 - iw)PHE { Ry - Ry + Ho QHE) ™ H,
l#i

The Lagrangian for f; may now be written as
(3.17)  L(Qj,u;)=log|I+ HOiQngR{II -tr{Bi(Q;: —Q)}+ [i(Q;i,Q_;)— pi(tr{Qi} - P))

where y; = 0. The term log |I+H0iQngle_1| is concave in Q;. As B; is a constant, tr {Bi(Qi - Qi)}
is an affine function. Thus —tr{Bi(Qi - Qi)} and —u;(tr{Q;} — P;) are also concave. This makes
L(Q;, i;) a concave problem (see [2]). We now proceed to solve this convex optimization problem.

We derive the optimal transmit directions for subcarrier i along the same lines as [23],[18].

The dual function for the Lagrangian (3.17) is
(3.18) D(pi) = IggéiL(Q,ﬂi)

In what follows, we will first obtain the dual 2 by maximizing over Q. Once this is done, the

optimal solution is found by minimizing the dual problem.
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Let A; = Hinle_lHOi. Taking Q; = VL-AiV? , where V; is a square matrix of dimension N;
with unit norm columns and A; be a diagonal matrix with non-negative entries that represent
the power allocation across the different transmit streams. Ignoring the constant terms, the

maximization may be written as
(3.19) maxlog|T+ VI A;ViA;| ~tr {VI(B; + 1DV, As)

Note that B; is symmetric positive semi-definite and hence, so is B; + y;I. We can then define
the Cholesky decomposition for B; + 11,1 as WWH where W is a lower-triangular Cholesky factor.
Define V; = WZV,. Equation (3.19) may be rewritten as

(3.20) maxlog|T+ VW AW VA, - or {Vivlin}

Let the eigen decomposition of W 1A, W H be UZUZ, where Uis a unitary matrix. Then if
Q;=U" ViAinI U, equation (3.20) may be rewritten as

(3.21) maxlog[I+2Q;|—tr {QL}
Q;=0
- U |

By Hadamard inequality ([5, p.279]), the optimal Q; has to be diagonal. Hence, UHViAi2 =
L1 1 ~
Q’ = UH WHViAiZ. By direct substitution, it is easy to see that VZH (B; + i DV;A; = Q;. Now,
VEA VA =Q;2.

Thus the optimal V; diagonalizes both B; + y;I and A; and can be interpreted as a solution

for the generalized eigenmatrix condition ([15])
(3.22) AV, = (Bi + ﬂil) V.Z

While (3.22) provides the directions for transmission, the optimal power allocation A; has to
be determined. This can be done as follows. The Lagrangian in equation (3.17) may be rewritten

as
(3.23) L(Qi, 1) =1og T+ A VITAV; |~ tr {VIB; + DV + P + £4Qi, Q)

Let Vf{ A;V; =Dy;, where Dy; is a diagonal matrix as V; is generalized eigenmatrix of A;, B; + ;1.
Let Dy; be a diagonal matrix containing the diagonal elements of the matrix VLH B;V;. Equation

(3.23) may be rewritten as
(3.24) L(Q;, i) =log I+ A;Dq;| — tr {(Dg; + ;DA } + i Pi + £(Qi,Q_;)

Differentiating this with respect to A;; (the j th diagonal entry of A; ) yields the water-filling

equations,

Dy;(j, /) .
(3.25) — 7 — (D2, ) +pi)=0
1+Dq;(, A 221 H
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The optimal power allocation A; may be determined as
Aij= .1. - 1. . '
(3.26) Doi(j, )+ 1 D1i(j,7)
Vj such that Dq;(j,7/)>0

where [x]" indicates max(x,0).
The optimal p; can now be determined using a bisection search as A;; is monotonic in ;.

Thus, the convex objective function £; can be solved iteratively until Q; converges.

3.3.2 Power allocation across the subcarriers

After obtaining one set of updated Q; for all the subcarriers, one can now update the power
allocation across the various subcarriers. Note that in this step, the optimal transmit directions
across all the used subcarriers remain unchanged, and only the power allocation across the
various transmit streams of all the used subcarriers is optimized. From [? ],
o 1 1 *
(3.27) Y Dai(, N+ Du,))
Vi such that Dj;(j,7)>0

The optimal 7 can now be determined using a bisection search as A;; is monotonic in 7. Once
all the A;; across all the subcarriers and their transmit streams are obtained, this is in turn used
to update the transmit covariance matrix Q; and the power allocation P; of each used subcarrier

i

3.3.3 Optimization of window parameters - Gradient descent

Once Tx covariance matrices Q; have been computed for all the subcarriers, we perform a

gradient search to optimize the window parameters. We limit the optimization to the parameters

wi, 1 € —N,,...,—1 as the window parameters wy.; may be determined to satisfy the Nyquist
criterion.
N-1
(3.28) max C=) loglI+HpQH,R; |
w;,ie(-N,...—1 o

Following the steps in [17],

aC
— =tr{I+Hy QHEL R, )!

Gw;‘ B
(3.29) N-1 H
- 0t (0) _1O0Rz\
H H 1k 1
( Ho.Qp (HlkW_HOkRk pael LU
k=0 i i
oR; N-1 ocH (1 - k)w)
E Y -t TS P Qi+
(3.30) G o .
eIFNTL D ﬁT File, I
EENLcp waw* cpT' NeEIN,

12
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@ -kN) _ pr o DY
(3.31) ——— = ¢, FNT ,Dy—T,Fyex
ow; ow;
H
The matrix % is a diagonal matrix with unity at the ith diagonal element, —1 at (N + i)

! H
diagonal element, and zeros everywhere else. i.e., % =diag(0,...,1,0,...,—-1,0,...). The iterative
update of the window parameters is now performed as

ocC

(3.32) w;,=w;+e——,1€—-N,...—1

ow?

1

where € is a suitable positive step size for the gradient algorithm.

3.3.4 Overall Algorithm and Convergence

The overall algorithm that solves f( is summarized in Table 3.1. The overall algorithm alternates
between the transmit precoder optimization and the window coefficient optimization. At every
iteration of the transmit precoder, a convex sub-problem £ is created and optimized based on the
updated value of Q;,Q_; from the last iteration. A power allocation across all the subcarriers is
performed at the end of one round of transmit covariance update for all subcarriers. The window
optimization is based on the gradient search method.

The non-decreasing behavior of the algorithm in Table 3.1 is now shown below on the same
lines as in [38]. Let Q; be the current value of Q; at the beginning of an iteration, and let Q; be

the updated value. Then,

£0(Qi,Q-;) =£1(Q;,Q-;)
(3.33) <£1(Q},Q-:)
<£0(Q;,Q-)

where the first equality can be observed to be true by direct inspection whenever Q; = Q;. The
first inequality is because Q; is the result of optimization in 3.3.1, and the second inequality is
due to Proposition 1. This shows that the transmit covariance update is non-decreasing.

The iterations for optimization of Q; and power allocations are steps in cyclic minimization
(actually maximization in this problem, also see [38]). Thus the overall algorithm in Table 3.1
results in a non-decreasing updated value of fy at each step of the iteration. This ensures

convergence to a maximum value.

3.4 Simulation Results

We consider a MIMO fading channel based on equation (3.7). A single user MIMO scenario
with a signal to AWGN noise ratio of 20dB is considered. For every Tx-Rx pair, finite impulse
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Table 3.1: Overall Algorithm to solve objective function fg

Initialize window parameters using raised cosine filter coefficients
fork=01...N-1
Initialize Py = &1 and Q; = £1
Initialize Ry, = (e} FNTL Dy, DI T, Fie))ly,
Initialize Ry = Ry, + 1Y o}, 16 ~ R)n)*Hy, Q HI)
Initialize Hyp, = {Hoz + H1££(0)}
Repeat until convergence
Perform Tx precoder optimization
Repeat until convergence
fori=0,1...N-1
Repeat until convergence
Ry =T+ X700}, 6 - D) PHy, QA
Compute A; = HgR‘lHOi
Compute B; = ¥, 1Z;,;*Hy; {R; ' - Ry + Ho QHY) 1} HY
Set Hi= 0, i = tmax
Repeat until convergence
KA
Hi=""35
Compute the generalized eigenmatrix of A; and B; + ;1
Normalize the generalized eigenmatrix to have unit norm; denote it as V;.
Set Dy; =V;A;VE,  Dy; = diag(V;B;V¥)
. L 1 1
Compute the transmit powers, A;; = DG e~ DG
If any diagonal entries of D1; are zero, corresponding A;; is set to zero.
if tr(A;) > P;, set B, = K ,else set [i; = y;
Set Q; = ViAinI
Perform power allocation update
Set n= 0, 7 = Nmax
Repeat until convergence
_mn

2
for/=0,1...N-1

Set Dy; =V,A/VE, Dy = diag(V;B; V)

Compute the transmit powers, A;; =

+

117
DxG.)+1 ~ D)
If any diagonal entries of Dy; are zero, corresponding A;; is set to zero.
if Zf\;ltr(Al) >P,setn=n elseseti=1
for[=0,1...N-1
Set Q; =V, A, VE Py =tr(A))
Perform window coefficient update
Repeat until convergence
fori = —-N,,...,—-1
wi zwi+£% and wy+; =1-w;
fork=0,1...N-1
Ry, =el FNT? D, DT, File, Iy,
Ry =Ry, + L), 60— k)y)PHy, QHE,
Hop, = {Hop + H1£5(0)}
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Figure 3.3: Simulation Results with Ny =4,Nr =3,N =64,N, = 16 and Doppler of 450Kmph

response (FIR) Rayleigh fading channels are generated independently with the power delay
profile (PDP) as [0 -5 -5] in dB for hg and h;. An LTE OFDM system operating at unlicensed
2.4GHz band is considered with 15KHz of channel spacing. A Doppler frequency corresponding
to 450kmph is assumed. The entries of h; are scaled such that the overall ICI power experienced
at any receive antenna corresponds to a Doppler frequency shift of 450kmph. The capacity of the
iterative scheme under different scenarios is considered. In the simulation results presented, all
subcarriers are assumed to be used. For the gradient search, a step size of 0.01 is used. A single
iteration of the window optimization itself has 100 steps of equation (3.32). The raised cosine

window used for initialization is the same as in [11].

Figure 3.3 shows a scenario with N; = 4 transmit antennas and N, = 3 receive antennas.
We consider N =64,N, = 16. The sum rate with a naive water filling approach that takes into
account neither the ICI nor the ExCP is shown by the curve "WF, No ExCP". The curve "ICI
aware WF, No ExCP" shows the merit in just accounting for the ICI while designing the precoder
even if the ExCP is not exploited. The performance with the exploitation of the ExCP and a raised
cosine window is shown by the curve "ICI aware WF, ExCP RC window". Finally, the performance
with the optimal window obtained as explained in Section 3.3.3 is given by the curve "ICI aware
WF, ExCP optimal window". The corresponding window roll off is given in Figure 3.4. To improve
the clarity of the figure, only subcarrier numbers from -15 to +15 are displayed. "No Excess
CP" corresponds to the scenario where ExCP is not exploited. "Excess CP raised cosine" refers

to raised cosine window being used for ExCP. It is very clearly seen that the optimal window
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Power in dB

-40 :
-15 -10 -5 0 5 10 15
Subcarrier Index

Figure 3.4: Comparison of windows used to exploit ExXCP. N; =4,Nr =3,N =64,N, = 16.

does a good side lobe reduction for the closest side lobes and does not over attenuate the farther
side lobes, as done by the raised cosine window. This is quite intuitive too and explains why the

optimal window performs superior to the raised cosine window.

Figure 3.5 shows a scenario with N; = 3 transmit antennas and N, = 3 receive antennas. We
consider again, N = 64,N, = 16 and the trend is similar to that in Figure 3.3. Figure 3.6 gives
the roll-off obtained for the optimized window in comparison with other windows for the same
scenario and once again, the optimal window strikes a better balance compared to the raised

cosine window.

Comparing the Figures 3.3 and 3.5, we also observe that when the number of transmit
antennas is higher, there is a greater gain in performing an ICI aware water-filling relative to
the naive water-filling. This can be seen by observing the corresponding sum rate curves in the
absence of the ExCP. This is in agreement with our motivation to exploit transmit antennas to
mitigate the impact of ICI. I.e, more the number of transmit antennas, greater is the impact
on the mitigation of ICI. In the simulation scenarios considered, we also see that the iterations

always exhibit a non-decreasing behavior in the capacity as is predicted by the theory (section
3.3.4).
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Figure 3.5: Simulation Results with Ny =3,Nr =3,N =64,N, = 16, and Doppler of 450Kmph
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Figure 3.6: Comparison of windows used to exploit ExCP. N; =3,Nr=3,N =64,N, =16
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3.5. SUMMARY OF CONTRIBUTIONS

3.5 Summary of Contributions

¢ We tackle the problem of designing the optimal precoders for a MIMO point to point link
under high Doppler.

¢ Towards this, we first justify a linear approximation for the channel variation across the
OFDM symbol.

* We come up with a good system model that can include the effect of the linear channel

variation and the receive windowing using the ExCP.

¢ The system model reveals that the problem is similar to that of precoder design for a MIMO

IBC with an additional receive window coefficients to be optimized as well.

* Due to the similarity of the problem with MIMO IBC, we take advantage of the difference

of concave approach in [23].
¢ We re-interpret the approach in [23] as an instance of the majorization technique [38].
¢ The window optimization is performed via alternating minimization.
* We prove the convergence of the entire design.

* The work detailed here resulted in the publications [? ], [? ].
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CHAPTER

PRECODER DESIGN UNDER DOPPLER - PARTIAL CSIT

4.1 System Model

In chapter 3, complete knowledge of the channel was assumed at the Tx. In this chapter, we relax
that assumption and look at ways to incorporate imperfect knowledge of CSIT. Consider a finite

delay spread path wise MIMO channel model in the time domain as follows.

4.1)

AT, )=  H(T)D, )AL (1) + H(T,1)
N ) Ay

Deterministic path wise model random part

where /£, contains as columns the receive side path antenna array responses. Similarly,
J; contains as columns the transmit side path antenna array responses. 2(1,t) is a diagonal
matrix that captures the path amplitudes and the Doppler variations of the different paths
and is given by D(7,¢) = diag(A1e/2"1 §(7 — 11), Age/?™2t §(7 — 13),...), where f; are the Doppler
frequencies, A; are the complex path amplitudes and 7; are the path delays. Note here that
the time dependency (Doppler dependency) is limited to the diagonal matrix 2. i.e. other than
the influence of the Doppler, the rest of the components are slow fading. The knowledge of the
deterministic path may be obtained in two different ways.

As we are talking about the channel from a fixed BS to an HST that runs on a rail network,
one possibility is to use location aided information to obtain the path delay, amplitudes and
Doppler corresponding to the deterministic path-wise model. This information could be updated
in a location indexed database.

Alternatively, we could assume that the transmitter is capable of estimating precisely the
components of the deterministic part of the channel - A;, 7; and f; . #(t,¢t) corresponds to the
unknown random part of the channel and is the cause for partial CSIT at the transmitter. Using

a precise estimate of /.(1)2(z, t)thT (1) at time ¢, the transmitter predicts a future instance of
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the channel at a time offset of A as #6.(1)2(t,t + A)A;(1) assuming all components other than
the Doppler for the deterministic channel component remain constant over the A time duration.
Thus, for the OFDM symbol for which the precoder has to be designed, the transmitter has the

channel estimate corresponding to the deterministic part of the channel.

AT+ D) = H(DD(T,t+ N (1) = 0,8+ M)~ (T, t+ D)
—_——

random error

(4.2)

Now, as in chapter 3, the time variation across the OFDM symbol of interest is approximated
to be linear. Thus, let /4 (7,t+ A) be the mean of the channel and #(7,¢ + A) the linear time
variation. After FFT at the receiver, the received data at each subcarrier would be of the following

form,

4.3) V. = HOkdk +
l

N-1
Hyd;E((k - 1)N) + V.
-0

T#k
Hy; (dimension N, x N;) is the mean frequency domain channel observed at subcarrier £ and is a
result of #4(¢+A, 7). The second term in (4.3) represents the ICI (inter-carrier interference) caused
by time variance due to Doppler. Hy; is the frequency domain channel component corresponding
to (¢ + A, 1) at subcarrier k, dj, = [dz(1)---di(N)IT is the N, x 1 vector of transmitted data

symbols on the carrier k. vy is the N, x 1 vector of AWGN (additive white Gaussian noise) noise

observed at carrier index k. The covariance of vk is normalized to be the identity matrix.

(4.4) E(k-Dn) = lNZl (n - E) oI 2mk=D)%;

N = 2
Now, the prediction errors that result from the unpredictable part of the channel result in errors
in #y(t+A,1), #(t + A, T) - the estimates of #y(t + A, 1), #1(t+ A, T). Correspondingly ﬁok, ﬁlk
(the estimates of Hy, Hy) are also in error. Therefore, to proceed further with the Tx precoder
design under partial CSIT, we need a model for the errors in the estimates for Hyz, Hyz.

The unpredicted part of (3.7) is assumed to have a separable (Kronecker) model for each
path delay of the FIR channel model. In the Kronecker model, the correlation between any two
elements of the MIMO channel matrix may be expressed separately as a product of the transmit
and receive side correlations [27]. Hence, after the FF'T at the receiver (a linear operation) at

each subcarrier % in the frequency domain,
- 1. 1 . 1. 1
(4.5) Hy. =H, - C;H,;,C; H;, =Hy,-pCH;,C;

where C,,C; are the receive and transmit side covariances for the error term. The elements
of ﬁok,ﬁlk are i.i.d ~ €.A4(0,1). Note that as the different channel taps are independent, the
covariance matrices are subcarrier independent. f is a real number that signifies the extent of
Doppler. As in 3, the transmit precoder is designed to maximize the weighted sum rate (WSR).

Let the transmit covariance matrix of subcarrier 2 be Q;, = E(dy, dil )= GkGil where E(-) is the
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4.2. LARGE MIMO ASYMPTOTICS

expectation operator. Thus, the WSR of this MIMO system across all the subcarriers in the
presence of both ICI and AWGN noise would be given as WSR = Zfev:_ol log|I+ Gf H(I;;RE_IHO;e Gyl
where R; =1+ Zf\i 611 2k [E((k -1 )N)I2H11Q1Hg. Note that this formulation can include guard
subcarriers and DC subcarrier by simply forcing their respective transmit covariances to zero.
Indeed, in this formulation for WSR, the weights are all unity, but this is done only to simplify
the notation and help focus on the main part of the work. However, as the CSIT is imperfect, to
derive a Tx precoder that is robust to the imperfections in CSIT, various optimization criterion
could be considered, such as outage capacity. Here, we shall consider another commonly used

metric - EWSR.

(4.6)
N1 o N-1 .
WSk = l;) E(Hok ,Hlk)l(ﬁok,ﬁlk)log T+ Gy HOkRE_ HoxGa|  subject to l;) o {Gk G } =

4.2 Large MIMO asymptotics

The key difficulty with the optimization problem in (4.6) is the presence of the expectation
operator. In this section, to tackle (4.6), we pursue the large MIMO asymptotics and alternating
optimization for multi-user systems in [24], which are based on the single-user MIMO asymptotics
of [39], [8] in which both N;,N, — oo at a constant ratio. This approach tends to give good
approximations even when N; and N, are not very large. Some alternative approaches are

pursued later in chapter 5. Note that
(4.7) log T+ G} HY, Ry "Ho, Gy | = log |1+ Ho, Q. Ho, Rz 1| =log|Ry| - log|Ry|

where Ry, = Rz + Hop, Qnge. For the general case of Gaussian CSIT with separable covariance

(which is indeed our case as is seen in (4.5)) , we can write
_ 1. 1
(4.8) H=H+C;HC},

where H = E(H), and the elements of H are i.i.d ~€.#(0,1). C;, and C,, are the Tx and Rx side

covariances respectively. [39], [8] lead to asymptotic expressions of the form

_Zw}

To get the terms in (4.6) into the format of (4.9), at the level of each subcarrier k&, we stack

I+wC,, H

H

4.9) EnlogI+HQHY|= max {log _
" ~QH"  1+2QC,

2=0,w=0

the channel estimates relevant for each subcarrier k. Let the resulting transmit and receiving

covariances of these augmented matrices at each subcarrier £ be denoted as Cy, 1, and C,, 1.

1

— 1 ~ 1
Hy, = [H10¢(k) -+ Hyp-1¢(1) Hop Hip1¢(N -1 ---] =H,+C} ;H;C ;.

rx,k
(4.10) Cir =diaglyro - vYer-11Yek+1 Ve, N-13®Cs.
Crx,k =C,.
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where the elements of Hj, are i.i.d ~ €.#(0,1) and Hj, refers to the mean part of Hj. Yei =
B21E((E —1)N)I? and ® refers to the Kronecker product. Let Q be a block diagonal matrix with the
each diagonal block being Q.. Qj; is similar to Q but with the k" block diagonal set to all zeros.
Then,

(4.11) R, =I+H,QH;, R;=I+H,Q;H}.

Equation (4.6) now becomes (under large MIMO asymptotics),

N-1
(4.12) EWSR= )’ ( maxo{loglsk(Q,Zk,wk)I—ZkLUk}— maXO{IOg|Sk(Q§aZE,w§)|—Zgwg})
=0 Zp,WE= 7, W52

ZpWp=
where

I+wkCr ﬁk

(4.13) S:(Q,2r,wr) = —H
-QH, I+2z,QCy

Further, by the rules of determinant for block matrices
(4.14) log|Sr(Q,zr,wr)| =loglI+wpC,|+log|I+QTr(zp,ws)|

where Ty(2;,w) =2,Cir g +ﬁkH(I +w;,C,)"1H}, can be seen as some kind of generalized Tx side

channel covariance matrix.

4.2.1 Precoder Design

The overall optimization involves several iterations of alternating optimization over Qp,zp,wp, 25, Wy

To determine the Q, we observe the following:

N
log|T+QTy(2x,wp)l =logI+ Y 7Q 7 Th(zp, wp)l
(4.15) =1

— —1
=log[R, 5| +log|T+ Q.7 Tr (21, wi) Ry, 5%,

where I_{k =1+ JIQZJZH Ty(zx,wr), and £, is a block column vector with its block % being
an identiéy matrix and zeros on every other block. Pre-multiplying a matrix with JkH and post-
multiplying it with ., results in the selection of 2 diagonal block of that matrix. Note that Q
refers to the " diagonal block of Q. On the same lines as [23], split EWSR = EWSR,, + EWSR;.
The derivative of EWSR; with respect to Q; is given by,

OEWSR~- —1 —1
B, = —a—k =gH Y [Tz(zi,wj)Rz =Tz, wp)R; ] k.
Qr 17k

R, =1+QT;(z;,w)).

Rj =1+ QZTZ (Zi’ LUZ)

(4.16)
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Table 4.1: Overall Algorithm for precoder design

Initialize Q, Pr, wg, 2k, 2, wy, for used subcarriers
Compute ﬁk for all used subcarriers
Initialize T (21, wp), Tr(25, w3) for used subcarriers
Repeat until convergence

For every used subcarrier &

Maximize alternatively wy, z, 27, wy (see (4.18))
Compute Tr(zr,wr), Tr(25, wy) for used subcarriers
For every used subcarrier &

Update Qj, based on (4.17)

For every used subcarrier %

Update power allocation Py, see from [? ]

Thus, the precoding directions are obtained as the solution for the generalized Eigenmatrix

condition,
(4.17) ALGy = (Bk +ﬂkI) GrZ.

where Aj= f}f{ Tk(zk,wk)R;%ﬂk. Ur is the Lagrangian corresponding to the power constraint
Py, at subcarrier % at the current stage of the iteration and X is a diagonal matrix with non-
negative real entries. The details of power allocation across subcarriers and the interference-

aware water-filling are exactly as in 3. Given Q, the optimization of z;,w;, is obtained as

wp, = tr{QCy(I+ QT (21, wp)) ™1}
(4.18) _ T |
2p :tr{Cr (I+wkCr+Hk(I+ZkQCtx’k)_1QH§) }

Due to the interdependency between w;, and z, they have to be iterated among themselves until
convergence. The equations for z7,wy are similar except for Q being replaced by Q. The overall
steps are briefly summarized in Table 4.1. As always, there are multiple ways of performing the
alternating optimization and this is just one possible approach. It is also illustrative to observe
that in the extreme case of C, and C; being all zeros (implying perfect CSIT), equation (4.9) is
satisfied with z = 0,w = 0 and the algorithm reduces to that given in [? ].

Note, however, that the convergence of the algorithm is not guaranteed for small N, N,.. This
is primarily due to the fact that the expression in (4.9) is only approximate at non-asymptotic
values of N;, N,. However, we observe the algorithm to converge in the simulations presented in
section 4.2.2.
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4.2.2 Simulation Results

An LTE OFDM system operating at unlicensed 2.4GHz band is considered with 15KHz of
channel spacing and 128 subcarriers. For every Tx-Rx pair, FIR Rayleigh fading channels are
generated independently with the power delay profile (PDP) as [0 -5 -5] in dB. A Doppler frequency
corresponding to 450kmph is assumed. The receive and transmit variance of the un-estimated
part of the channel are chosen to be identity matrices reflecting a worst case scenario of no
covariance knowledge about the un-estimated part. The total power in the un-estimated part is
assumed to be 6 dB lower than the estimated portion. In the simulation results presented, all
subcarriers are assumed to be used. The scale factor § in (4.5) is taken as 0.0033 corresponding to
a Doppler variation of 450kmph. For every subcarrier k parameters zp, wg, 27, wy are initialized
to 0. Figure 4.1 shows the EWSR averaged across 500 different channel realizations with the
proposed precoder for N; = 6, N, = 3. In other words, the EWSR is computed for each channel
realization based on the available CSIT and covariance information. The EWSR thus computed
for 500 channel realizations are averaged to obtain the average EWSR at a given SNR. Also
shown is the performance with a naive precoder that does not take into account the unknown
error part (partial CSIT) and computes the precoder using the mean predicted channel. This is
also equivalent to forcing z = 0,w = 0 in the large system approximation. As expected, the gains

from the explicit use of the partial CSIT information become more pronounced at higher SNR.

EWSR with different beamformers
T T

24

23

N
N
T

—*— Partial CSIT based beamformer
+ Naive Beamformer

20 T

EWSR(bps/Hz)
N

20 25 30 35
SNR (dB)

Figure 4.1: EWSR comparison for N; =6, N, =3

4.3 Summary of Contributions

¢ Extended the full CSIT results to a more relaxed setting of partial CSIT.

¢ Came up with a system model that facilitated the use of the Large system approximation

to solve the optimization problem under partial CSIT.
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¢ Employed large system approximation to solve the EWSR optimizing precoders which work

quite well even at small values of Tx and Rx number of antennas.

¢ This work was published in [? ].
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CHAPTER

ANALYSIS OF THE GAP BETWEEN EWSR AND ESEI-WSR

In chapter 4, EWSR optimization was tackled with the help of the large system approximation
given in equation (4.9). In this chapter, we look at an alternative metric ESEI-WSR. Then, we
note that for the particular, but significant, special case of MaMIMO, the EWSR converges
to ESEI-WSR and this metric is more amenable to optimization. [36] considered a multi-user
Multiple-Input Single-Output (MISO) scenario and proposed approximating the EWSR by ESEI-
WSR. They then derived a constant bound for this approximation. We perform a refined analysis
of the gap between EWSR and ESEI-WSR criteria for finite antenna dimensions to analyze the
suitability of this approximation. Noting, however, that the sum rate optimization for the Doppler
scenario is identical to that encountered in a MIMO IBC scenario as well (see section 3.3), we

formulate the problem directly for a MIMO IBC scenario, so as to cover a wider range of problems.

5.1 MIMO IBC Signal Model

Consider an IBC with C cells and a total of K users with d;, streams per user. We shall consider a
system-wide numbering of the users. User 2 has N;, antennas and is served by BS b;. The N, x 1

received signal at user & in cell by, is,

(5.1) Y- :Hk,bk Gk Xz + Z Hk,bk Gi X; + Z Z Hk,j Gi X;+Vp
—f_" i#k j;ébk i;bi:j
signal  bi=be - -

intracell interf. intercell interf.

where x;, is the intended (white, identity covariance) signal, Hy 5, is the Nj x M}, channel
from BS b, to user k. BS b;, serves Ky, =3 ;.5,-p, 1 users. We consider a noise whitened signal
representation so that we get for the noise v, ~ €N(0,Iy,). The My, x dj, spatial Tx filter or

precoder is Gy,.
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The scenario of interest is that of partial CSIT available globally with all the BSs. The
Gaussian CSIT model for the partial CSIT is

(5.2) H;,,, = Hyp, + Hyp, C12

where ﬁk,b ., =EHp,,, and C%/ 2 is the Hermitian square-roots of the Tx side covariance matrices.
The elements of Hy, , are ii.d. ~¢N(0,1).

— — H
EHk,bk H,5, (Hk’bk B Hk’bk) (Hk’bk h Hk’bk) =tr{Ci}ly,

(5.3) B o
EHk,bk [} 5, (Hk’bk _Hk)bk) (Hk,bk _Hk,bk) =N;C;

Note that the expectation is done over Hy, 5, , for a known ﬁk,b .- This is true for all the expectation
operations done in this paper. However, as the parameter over which the expectation is done
is clear from the context, henceforth, we just mention the expectation operator E to reduce

notational overhead.

5.2 EWSR

Once the CSIT is imperfect, various optimization criteria could be considered, such as outage

capacity. Here we shall consider the EWSR for a known channel mean H.

BWSR(G)=EY uyIn 1+ G, Ry H Gy

(5.4) K
=E ) u; (In|RxI-1In|Rg]).
k=1

Here, G represents the collection of precoders Gy, up are rate weights.

R, =H, 5, Q.H}, +R;, Qi =G;G,

RE = %Hk,biQi HkH,bi +INk .
i#

(5.5)

The EWSR cost function needs to be augmented with the power constraints } .5, - ; tr{Qz} < P;

5.3 MaMIMO limit and ESEI-WSR

If the number of Tx antennas M becomes very large, we get a convergence for any quadratic term
of the form

(5.6) HQH? V= EHQH - ﬁQﬁH +tr{QC} 1
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and hence we get the following MaMIMO limit matrices
- . = —H
Ry, =Ry +H 5, Q:H, , +tr{QrCi 0, } Iv,

K

y — —H

RE = INk + Z (Hk,biQin,bi +tr {QiCt,k,bi} INk)
iZk

(5.7)

With the expectation operator taken care of, the problem is similar to that encountered in

chapter 3 for a full CSIT case. Hence, the same approach may be used to maximize the EWSR.

K
ESEI-WSR = Z up (lnIERkI—ln|ERE|)
(5.8) k=1

_ kéuk (In[Ry| - Init]).

We shall refer to this approach as the ESEI-WSR approach as (channel dependent) signal and
interference covariance matrices are replaced by their expected values. In the following sections,
we analyze the gap between the EWSR and the ESEI-WSR to suggest an approximation of the
first by the latter in the design of the precoder.

54 EWSR to ESEI-WSR gap Analysis

We are interested in bounding the difference between ESEI-WSR and the EWSR. At the level of

each user k&, we stack the channel estimates relevant for each user k.

Hy=[Hpp, -Hpp, Hpp, Hpp,, ---Hpp, |
(5.9 — . 1
=H; +H, CZ %
where the elements of Hj, are i.i.d ~ €.4/(0,1) and Hj, refers to the mean part of Hj,. Cip is
a block diagonal matrix whose i diagonal block is C:rp,- Let Q be a block diagonal matrix
with i** diagonal block being 2.1:5,=b; Q1. Note that this summation corresponds to contributions
from all the intracell precoding vectors. Q; is similar to Q but with the k" block diagonal set
to Z#k Q;. Thus, in Qz, only the interfering precoders (intracell and intercell) are included.

1:b;=by,
Then,
(5.10) R,=1+ HkQHH, RE =1+ HkQEHf
K
EWSR(G) = ) up, Eg, (In[R;| - In|R;])
(5.11) =
“EY u (1n|1+HkQH§| —1n|I+HkQEH£I|)
k=1
K
(5.12) ESEI-WSR(G) = Y u; (In|[+ EH,QH| - In |1+ EH,QH )
k=1

Thus, the EWSR and ESEI-WSR have been rewritten in a convenient format so that one
can focus on the gap between the two by comparing terms of the form Eln |I+HkQH£I | and
In|I+EH,QHY|.
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5.4.1 Monotonicity of gap with SNR

For an SNR p, define

(5.13) [k(p) =1n [T+ pEH,H, |~ Eln| L+ pH B
— — — 1 1
where H), ~6N(H,,C), H, = %HkQ%, and C = 1C7QC; . Then, I+ H,QHY =1+ pEH,H, "

Theorem 1. I';(p) is monotonically increasing in p

Proof. In |I + pEHH" | is concave in p. By Jensen’s inequality, I'z(p) = 0 and it can be seen easily
that equality is attained when p = 0. To show the monotonicity, we show that the derivative
with respect to p is always non-negative. We omit the subscripts and superscripts on H for

convenience.

i(1n|1+pEHHH( —Eln|I+pHHH|) _
(5.14) op 1 1
tr({I+pEHHH}_ EHHH_E({1+pHHH}‘ HHH))

Noting that, {I+pEHH? }_1 EHHY can be written as %I - % {1+ pEHH }_1,
(5.15)
-1 1
2 (in |1+ pEHHY| - Eln|1+ pHH?|) = 1tr{E({T+ pHE} )}~ tr{ 1 {1+ pEHB} '} > 0

where we have applied Jensen’s inequality again as {I+pHH }_1 is a convex functionin p. W

As a result, the largest value of I',(p) will be observed at infinite SNR for a general non-zero
mean MIMO channel H with arbitrary transmit covariance matrix. Now, following the same

steps as in [36], we can obtain, for any collection of precoders G,

K K
ESEI-WSR- ) uzI'4(c0) < ESEI-WSR- ) uxI%(p)

k=1 k=1
(5.16) <=EWSR =<
K K
ESEI-WSR + Z ukl“g(p) <ESEI-WSR + ukl";(oo)
k=1 k=1

In the above, I';(p) and FE(p) are terms corresponding to the first and the second terms of equation
(5.11). Remains now to obtain the I';(co) for different scenarios. Hence, in the rest of this chapter,
we will drop the subscript k and use the notation I'(p). However, we first look at the Taylor series

expansion of EWSR to get an alternative expression for the gap.

62



5.4. EWSR TO ESEI-WSR GAP ANALYSIS

5.4.2 Second-Order Taylor Series Expansion of EWSR
Consider the Taylor series expansion for matrices X, Y of dimension Nj,.

1
(5.17) In|X+Y|~In[X|+tr{X 'Y} - Str xyxly}

Consider X+Y = I+pHHH, H=-H+ fIC%, H ~ ¢N(0,I). For expansion around I+pE HHZ  choose
X=1+pEHHY, Y =p(EHH? - HH). Hence, we get,

2
(5.18) E 1n‘1+pHHH( ~In[I+pEHHY |- %Etr{x—l (en” -EHB?)X! (A7 - EHEY)|

Using 4th order Gaussian moments [19], we get
(5.19) .
Eln|T+pHHE| < In|T+ pEHE!| - %tr{tr{x_1}2 C? +otr{X U H X 'HC-(H X H?}

Let us denote this second-order approximation by I'(p). i.e,
y 2 — _ _ —\2
(5.20) fp) = Strfer X1} C? +otr (X H X THC - (HXH)

Consider the mean zero special case, H = 0. Then, EHH” = tr{C}I and X = In, + ptr{CHy;,.
Therefore,
p2N ,3 tr {Cz}

2 (1+ptr{C})?

(5.21) E In |1+ pHH | ~ In(1+ ptx(C) -

At high SNR, as p — oo,

N2 tr{C?
(5.22) Eln|I+pHHH‘ ~In(1+ ptr(C)) - £ ri }2
2 (tr{C}H
o _ N} tr{c?} N .
Thus, I'(co) = =& Continuing from Theorem 1, we now determine the value of I'(co) for

2 (tricy?’
different scenarios.

5.4.3 MISO correlated channel

In the MISO correlated channel, the relevant metric is of the form In(1 + ||h|?), where h is a
1 x M MISO channel vector with A;---1, being the p non-zero, non-identical eigenvalues of the
correlation matrix Ehh? .

Though in general, the correlation matrix would have non-equal eigenvalues, it is illustrative
to consider an extreme case where the eigenvalues are all identical and p = M. In fact, this is
identical to a MISO i.i.d channel.

Theorem 2.

M
0<In(1+pM)-EIn(1+p|h|?) sy—(z 1—1n(M))+l
=y M
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Proof. To ease the notation, we take x = ||h| |2, where x is Chi-squared distributed with mean M.

xM—le—x
2 -z -
(5.23) [x(x) =1
It is known that,
(5.24) Y= —f e “In(x)dx.
0
At high SNR (p — 00),
oo o) xM—l —x
(5.25) E,In(1+ px) = f fx(@)In(px)dx = f —— In(x)dx +1n(p).
0 o (M-1)!
We note the following,

fe_x In(x)dx = —e *In(x) + Ei(—x).

oo ,—t
Ei(x) = — f at.

—X

(5.26) o L(M-2) o (M-2) oo -t 0o rt ~(M-2) —t
X X e X e
— Ei(—x)dx = —dtdx = dx|—dt
fo QI — gy (o fo (M—Z)!fx g et fo (fo (M—-2)! x) :

0o fM-1) oot 1
:f  dr = ——
o M- ¢ M-1

Integrating by parts (M = 2),

(6.27) M-1 M-1 M-2
00 xMTle™ xM T x . o o0 M=
j(; m ln(x)dx = (M — 1)' (—e ln(x) + E1(—x))0 — (M — 2)7

The first part in the above equation is zero, so we only need to focus on the second portion of the

(-e *In(x) + Ei(-x))

integral.

00 yM-1p-x 0o ,M-2 ) .
fo mln(x)dx: _fo M —2) (e *In(x) + Ei(—x))

(5 28) 0o xM—2e—x 0o xM—2 ]
. _fo —(M—2)! 1n(x)dx—/0 (M_2)!E1(—x)

ooxM—2e—x
- [ X
[0 =2y @dxt

The above is a recursive equation, from where we quickly deduce that,

ooxM—le—x M- 11 M- 11
(5.29) fo U\l——l)lln(x)dx:fo e “In(x)dx + Z - :—y+ Z =

Thus, we can now write (5.25) as,

00 M—le—x

m In(x)dx + In(p)

E, In(1+px)= f
0

(5.30) =—y+ Z % +1In(p)
k=

M- 1
= —y+( Z ——ln(M)) +In(Mp)
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Note that for M =1, the bound reduces to that in [36], namely y. Thus, this bound is a much more
refined and tighter bound than what is provided in [36]. We further explore the bound using the

properties of the harmonic series. Define #, = Y7 b=1 i It is known that,

1 N 1
12p2  120p*

1
(5.31) Ty =ln(p)+y+2——

Using this in (2), we get

1 1 1 1
5.32 — (A, -1 +-=—+ - ...
(5.32) y = (#, —In(p)) > =35 T 127 12058

Thus, the second-order term for the bound is %, which is also in agreement with equation (5.22),

1tr{C?} XL A% 1
2(triCH? 20X, 12 2p

(5.33)

Theorem 3.

kS

b
(5.34) 0<In(1+p) A)-Eln(+plhH<y-|)

i=1 =1

ln(Z)L)

=1

nl#z(l AZ/A )

where p is the SNR, v is Euler constant.

Proof. For a correlated MISO scenario, we can write equivalently,
In|1+pllh] 12| =1n| 1+p Zle A;|h;|2|, where A;,i€1-- - p are the non-zero, non-identical eigenvalues
of the correlation matrix Ehh¥ scaled in such a manner that Zl.’_ Ai=M.h; ~€¢N(0,1). The

probability distribution is given in [16] as Zl lm’ where x = Zp Ailh;|2. Thus, at high
SNR (p — 00),
oo P Ai
E.In(1 1 1
n(1+px)= f Z — (1 ) n(x)dx +1In(p)
p ie %ln(x)dx P _vilnA:
(5.35) - A #lnp) =Y —LEBA Ly
i:Zl ML= A7) P i_zlmﬁu—alm-) 2
p InA;
= ——————— —In() A)|+1In( Ai).
v (Z T12(L— AIA7) ; pZ

5.4.4 MIMO zero mean i.i.d channel

In a multi-user scenario, the regime of interest is M = N;. To tackle this scenario, we first

introduce the LDU (Lower Diagonal Upper triangular factorization) of the channel Gram matrix,
(5.36) HH” = LDL¥ = (LD2)(LD?)?
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where L has unit diagonal and D is a diagonal matrix with diagonal entries (D;) greater than zero.
The second factorization corresponds to a Cholesky decomposition. The Cholesky factorization of

a Wishart matrix (such as HH) leads to,
1 . 1 ..
D; ~ éxg(M_M),l €l-N; LD} ~€N(0,1),i>j
which is also known as Bartlett’s decomposition [28]. Note that [HHY| = [ILDL”| = |D|. Hence,
In[HHZ| = Zﬁikl In|D;| and the MIMO case reduces to a sum of MISO scenarios, each having
a X2 distribution with a reducing number of degrees of freedom. Thus, reusing the results in

section 5.4.3, we get,

Ny, M-i 1
(5.37) T(oo)= Y. (y— ( > - —1n(M)))

i=1 k=1
For illustration, let us also consider M > N;. Then using the approximation of the Harmonic
series, it can be easily shown that I'(co) = %’?I, which concurs with the second-order Taylor series
term in (5.22). The general case of correlated MIMO channel with non-zero mean is a future work
to be addressed. However, we conjecture that in the case of a non-zero mean MIMO, the gap would
further reduce based on the rice factor (the ratio of the power in the mean to that of the random
part). However, a few comments are in order. Whenever I'(co) is closely approximated by I'(co)
then I'(p) should be closely approximated by f(p) also. We can also observe that whenever the gap

I'(p) gets small, the second-order term I'(p) becomes good, in the sense that I'(p) = I'(p) + O(Fg(p)).

5.5 Actual EWSR Gap

In the previous sections, the analysis was based upon determining an optimal collection of pre-
coders denoted as G** using the ESEI-WSR criterion. Once this is done, we evaluate | EWSR(G**)—
ESEI-WSR(G**)| to determine the gap. However, note that our real interest is in bounding the
difference [EWSR(G*) — EWSR(G**)|, where G* refers to the optimal precoders that maximize
the EWSR metric. This actual gap determination is not straightforward because of the difficulty
in optimizing the EWSR metric to obtain G*. We now provide some insights into this for cases
where the Tx has more antennas than the dimension of the total interference covariance subspace.
Consider a MISO scenario with covariance only CSIT. At infinite SNR, the optimal precoders
perform zero-forcing (ZF). Thus, there is no interference observed at user 2 and only the signal
part needs to be optimized. Then, the equivalent scalar channel observed at the receiver for a
zero mean Gaussian channel h;, may be written as hygy, which is clearly complex Gaussian
for any choice of the precoding vector g;,. Thus, at infinite SNR, G* optimizes ZleEln( lhyg1%)
and the ESEI-WSR optimizes Zle In(E|h;g;|?). However, as shown in the proof of Theorem 2,
In(E|h;g:1%) = Eln(|h;g|?) - y. Le, in this case, the two metrics differ only by a constant and it
follows immediately that G* = G**.

Thus, for a zero mean correlated MISO IBC channel allowing covariance CSIT based ZF, at
infinite SNR, the actual gap [EWSR(G*) - EWSR(G**)| = 0.
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5.6 Simulation Results

Figure 5.1 verifies the infinite-SNR bounds for MISO correlated scenario by comparing them
against the true values of the gap for different SNRs and different values of M. The true values of
the gap are obtained from Matlab simulations by averaging across different channel realizations
and channel correlations. As expected, the gap is zero at very low SNR. As the SNR increases, the
gap monotonically increases to the infinite SNR limit, as predicted in section 5.4.1. In addition,

the gap reduces rapidly with increasing M. Further, to verify the goodness of the second-order

©
» 06 F—TF—F—F
-
2 —O— Simulated Gap,M=1
% 0.4r ——f= Infinite SNR Gap, M=1 | ]|
c Simulated Gap,M=4
S —¥— Infinite SNR Gap, M=4
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Figure 5.1: Gap between ESEI-WSR and EWSR for the MISO correlated scenario for different
values of transmit antennas.

Taylor series approximation, Figure 5.2 compares the true gap to the gap approximated from the
Taylor series expansion for a zero mean correlated MIMO scenario. This scenario is chosen as we
expect the gap to be maximum here. The number of receive antennas for each user was chosen
as N =4. p was chosen as 1000. As expected, the Taylor series approximation becomes more
accurate with increasing number of Tx antennas. Indeed, even in this MIMO correlated scenario,

the gap reduces quickly as the number of Tx antennas increases.

5.7 Conclusion

We have motivated the use of the ESEI-WSR metric (or the MaMIMO limit of the EWSR) for
utility optimization involving partial CSIT. Towards this end, we presented a refined bound
for the gap between EWSR and the ESEI-WSR. We first showed that the gap is maximum at
infinite SNR. The results clearly show that the gap reduces with increasing number of transmit

antennas, thereby concurring with the well-known result for the MaMIMO limit. We also derived

67



CHAPTER 5. ANALYSIS OF THE GAP BETWEEN EWSR AND ESEI-WSR
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Figure 5.2: Gap obtained from the second-order Taylor series approximation vs. the true value of
the gap for a MIMO correlated scenario. The number of antennas at each receiver, Ny, is taken
as 4.

an alternative simple approximate expression for the gap using the second-order Taylor series
approximation.The general case of correlated MIMO channel with non-zero mean is a subject of
future work. However, we conjecture that in the case of a non-zero mean MIMO, the gap would
further reduce based on the rice factor (the ratio of the power in the mean to that of the random

part).

5.8 Summary of Contributions

* Motivated the use of the ESEI-WSR metric (or the MaMIMO limit of the EWSR) for utility

optimization involving partial CSIT.

¢ Showed that the gap is maximum at infinite SNR and that it reduces with increasing

number of transmit antennas.

* Also touched upon the actual gap criterion and showed that for a specific MISO scenario
with covariance only CSIT, this gap is zero. I.e, the ESEI-WSR metric optimization results
in the true EWSR optimum.

* This work was published in [? ].
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CHAPTER

EXPERIMENTAL RESULTS

In this chapter, we detail some of the experimental evaluations performed in the Eurecom lab as

part of demo deliverables to different projects. We detail the following
¢ Downlink channel estimation via RCMM.
¢ MU-MIMO precoding for a 2 BS, 2 UE scenario.
¢ Multiple antenna based self-interference cancellation for Full Duplex scenario.

The first two experiments were performed using the Eurecom MaMIMO testbed. The third demo
was developed from scratch using Universal Software Radio Peripheral (USRP) B210 software
defined radio (SDR) kit.

6.1 Downlink channel estimation via RCMM.

In this section, we implement the RCMM and verify it’s performance via maximal ratio transmis-
sion (MRT) precoding. The estimation of the reciprocity calibration parameters follows basically

the Argos [37] approach, but with a non-coherent flavor.

6.1.1 Massive MIMO testbed

Figure 6.1 shows an image of the MaMIMO prototype that is a part of the Eurecom OpenAir-
Interface platform. The Eurecom Massive MIMO array is constructed with several microstrip
antenna cards, 12 of which are used in the current validation. Each such microstrip card, in turn,
has 4 antennas. The 48 antennas are driven by 12 Express MIMO radio cards, where each radio

card has 4 transceiver units. The radio units are synchronized with the help of an octoclock. The
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Ref.TAntenna / UE

Figure 6.2: Demo configuration for RCMM

parameters of the testbed are listed in Table 6.1. The transmission scheme from the BS as well
as the UE uses LTE like frames that contain OFDM symbols. The precoder design is applied
individually on every frequency subcarrier.

Figure 6.2 illustrates the demo scenario for the RCMM. The BS units can have up to 46
antennas and the UE has a single antenna. Note that the UE is in reality just another transceiver

unit among the overall 48 radios of the hardware setup. The software setup for the demo is as
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6.1. DOWNLINK CHANNEL ESTIMATION VIA RCMM.

Parameters Value
Number of Antennas 48
Center Frequency 2.6GHz
Bandwidth 5 MHz
Sampling Rate 7.68MHz
FFT Size 512
Number of used subcarriers 300
Frame Duration 10ms
Subframe Duration 1ms
OFDM symbols per subframe 12

Table 6.1: Parameters of the Massive MIMO Prototype
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Figure 6.3: Software setup for the experiment.

shown in Fig. 6.3. A key component in the software setup is the possibility to mimic the over-
the-air demo in a pure octave environment (an octave simulation only environment) where the
over-the-air transmission and reception were replaced by simple channel models in octave. This
corresponds to the path followed by the flow chart in Fig. 6.3 when the decision block indicates
"yes" for simulation mode. In this scenario, the end to end simulations only involves octave blocks
which are easy to debug and control compared to the case where the USRP would be involved.
This greatly shortened the development time for the demo as the code could first be validated in

simulations before launching the actual over-the-air demo.
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Figure 6.4: Frame structure for calibration parameter estimation.

6.1.2 Frame structure

The frame structure for calibration parameter estimation is shown in Fig. 6.4. Note that this
frame structure can support up to 48 Tx antennas and two UEs. The first 8 subframes of the
frame are for DL while the last two subframes are for UL. While the BS antennas are in Tx mode,
the UE stays in Rx mode and hence receives the signal in the DL. The last two subframes are
for UL transmission by the UE where the BS antennas switch to Rx mode. During the DL part
of the frame, only one of the Tx antennas transmits non-zero data during any given subframe
as indicated by the numbering in Fig. 6.4. This ensures the orthogonality between the different
transmissions required to estimate the channel. In the experiment, these frame transmissions
are repeated 4 times. During these repetitions, the channel is not assumed to stay a constant,
only the reciprocity parameters need to stay a constant. Hence, due to this lack of assumption of
channel coherence, our estimation algorithm for reciprocity parameters follows the non-coherent
approach.

Note that the use of the calibration frame is just to derive the calibration parameters. Once

the calibration parameters are stored, a similar frame can be used to obtain the UL (and the
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SF #3
Reprocity based SF #4 —SF #10
MRT

SF#1 SF #2
Ideal MRT Naive MRT

Figure 6.5: Frame structure for MRT transmission to verify the reciprocity calibration. SF refers
to subframe.

actual DL too) channel estimates. As we already have the calibration parameters, the DL channel
estimates may be derived from the UL channel estimates. The goodness of this estimate is verified
by performing DL MRT precoding. It is important to note that the channel is assumed to remain
a constant between the channel estimation phase and the precoding phase. Hence, to reduce the
overhead of frame transmission for channel estimation, the channel estimation frame interleaves
the transmission from different antennas across subcarriers. With an interleaving factor of 6, one
single 10ms frame is sufficient to complete the channel estimation for all the 48 antennas. Of
course, the calibration parameters also are assumed to retain their value during this phase. The
frame structure for precoding is shown in Fig. 6.5. Only the first 3 subframes are used in this
case. No transmission occurs during the rest of the subframes. In the first subframe, the true DL
channel estimates are used to derive the MRT precoder. In the next subframe, the UL channel is
naively taken as the DL channel to perform precoding. Finally, in the third subframe, the DL

channel estimates derived with the help of reciprocity calibration are used to perform precoding.

6.1.3 Results

Consider L =4 repetitions of the pilots using L frame transmissions. During these pilot trans-
missions, the channel is not expected to remain a constant. Based2 on the estimated UL and
DL channels, we minimize the least squares error Z{;l )h(il) —filvl(il)’ . Here, hli refers to the DL

lth

channel on Tx antenna i obtained during the [** transmission of the calibration frame depicted in

Fig. 6.4 for a given subcarrier. "*" refers to the conjugation operation. Explicit subcarrier indices
are not shown for ease of notation. Let the corresponding uplink channel across all the antennas

be denoted by h. The least squares estimate of f; is now obtained as,
L @ g (1)
_ L bRy

=L 1Dp+0)
Y hih;

(6.1)

Once the calibration factors are estimated, the MRT precoder gyrT is obtained as follows:
(6.2) SMRT ZF*fl*,

where F = diag(f). Figure 6.6 shows the need for calibration in a scenario where the BS has 23
antennas. The performance is measured on the basis of the ratio between the received signal
power and the noise power (SNR) observed at the UE. Note that the noise power at the UE can be
measured easily during the portion of the precoding frame where no DL transmission occurs. The

curve "ideal" here refers to the case where the DL channel estimate is available and estimated
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directly. The curve "calib" refers to the implementation of (6.2) and the curve "no_calib" directly
uses the estimated UL channel for DL precoding without applying any reciprocity calibration.
The SNR is shown for all the 300 occupied subcarriers of the 5MHz LTE orthogonal frequency
division multiplexing (OFDM) symbol. The close match between the curves "ideal" and "calib"
shows the goodness of the calibration. Similarly, the poor performance of the naive calibration
("no calib") shows the need for calibration. The difference in SNR level between the left half and
right half of the figure is due to the noise characteristic on the Express MIMO card.

15 MRT Beamforming Performance with 1BS, 1UE
| ¥ T T -

By =@ ideal
==& no calib
—&— calib

SNR (dB)

26 L L L 1 L
0 50 100 150 200 250

Subcarriers

Figure 6.6: Performance of MRT with and without calibration for a 23 antenna BS with a single
UE.

6.2 MU-MIMO precoding for a 2 BS, 2 UE scenario

In this section, we consider MU-MIMO precoding for a 2 BS, 2 UE scenario under TDD. We
also take into account the fact that the end-to-end digital channel is not reciprocal. The demo
framework is the same as that used in Section 6.1. Figure 6.7 illustrates the demo scenario. The
two base BS units consist of 23 antennas each and the two UEs have one antenna each. Thus,
48 antennas of the MaMIMO antenna array are used to mimic the BS as well as the two single
antenna UEs.

The demo exploits channel reciprocity to derive the DL precoder weights based on the UL
channel/covariance estimates. Hence, when the prototype is initialized, we perform a reciprocity

calibration and store the reciprocity calibration parameters F in a file.
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BS| : IBSI2

UE 1 UE 2

Figure 6.7: Demo configuration for MU-MIMO precoding.

6.2.1 Channel Estimation

To perform precoding using channel reciprocity, the UL channel has to be estimated. It is
advantageous to estimate the channel in the UL, as a single pilot transmission from the UE can
provide the channel estimate for all the BS antennas. The instantaneous UL channel estimation
is based on UL pilots. In our demo, we assume all the useful (non-guard band) subcarriers as
pilots in the UL. The quality of the channel estimates is further improved by exploiting the
limited time domain spread of the channel taps. An example plot of the time domain channel
taps is given in Figure 6.8. To improve the estimation accuracy, we choose only the strongest taps

in the time domain, leaving out the taps that are below the noise level.

6.2.2 EWSR Lower Bound: EWSMSE

We have already explored partial CSIT approaches in the previous chapters. Chapter 4 considered
a large system approximation and chapter 5 motivated the use of the ESEI-WSR metric. Here,
we consider the EWSMSE [29] approach to precoder design under partial CSIT to optimize the
EWSR metric defined in equation (4.6). However, we take the special case of a single stream
being transmitted to each user as this is the scenario of choice in our demo. Consider the same
system model as in (5.1). Due to the assumption of single stream, however, the matrix precoder

Gy, is replaced by its vector equivalent g;,. Introduce an Rx precoder f;,. The Rx filter output,

(6.3) i =1f yp =£Hy p, grxp +Y £o Hyp, gi i +E5 v,
ik
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time domain on one OFDM symbol
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Figure 6.8: Example plot for the channel taps in the time domain.

With this, the mean square error (MSE) may be obtained as,

er(fr,gr, )= 1-H, , g1 — g7 Hy p, £
(6.4)
+Y 8/ Hyp gigl HY, £+ 1117
i

Here, H refers to the collection of all Hy p,. It turns out that it is much more attractive to
consider Ee(f;, g, H) as in [29] since e (f;,, g, H) is quadratic in H. Hence consider optimizing
the expected weighted sum MSE, EWSMSE(g,f,w,H).

ming EmﬁWSMSE(g, f,w,H)

(6.5)
> Eggming, WSMSE(g,f,w,H) = ~-EWSR(g)
or hence
(6.6) EWSR(g) = —minEHlﬁWSMSE(g,f, w,H).
fw

Thus, this approach results in the maximization of a lower bound of EWSR.

K
) — — —H
Ee, =6, = 1-2R(8Hy 5, g1} + ) £ Hy b gigl Hy, £
i=1
K

+1IE 112" g2 Cypp, i 117112
i=1

where C; }, , are Tx side (Linear Minimum Mean Square Error (LMMSE) error) covariance ma-
trices of Hy, p,,. Note that the signal term disappears if ﬁk,b , =0. Hence the EWSMSE lower bound

is very loose unless the Rice factor is high, and is useless in the absence of channel estimates. The
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6.2. MU-MIMO PRECODING FOR A 2 BS, 2 UE SCENARIO

overall algorithm for determining the precoders is to perform alternating optimization amongst

the following,
nl})iknEWSMSE => wy, = 1/é
(6.7) n}inEWSMSE = £,=R,'Hy 8
min EWSMSE = g, =(Ts+ Ao, In) Hyp, frswy
where
6.8) R, = Ziﬁk,bigigflﬁkH,bi +(1+Y;87Cy 5,801,

~ —H —
T, =%, wiw;(H; , £F7H; p, +1£1°Cypp,) -

Here, Ap, corresponds to the Lagrangian multiplier for the transmit power constraint at BS b,.
We remark here that a key interpretation of the EWSMSE equations is that the optimal transmit
precoder g has the form of a LMMSE receiver for the dual UL.

6.2.3 Dual DL precoder

We design the partial CSIT precoder based on the EWSMSE approach for a specific case of
Np = 1. i.e., when there is only one antenna at the UE. Note that this assumption is not too
restrictive as single antenna UE is the typical configuration in Massive MIMO. We shall design
the partial CSIT precoder based on a naive UL/DL duality. The relations between Rx f;, and Tx
g7, in equation (6.7) represent a proper UL/DL duality as one can observe that the optimal DL BF
gr, corresponds to an LMMSE Rx in a dual UL in which the UL channels would be H? iy the UL
Tx filters would be f;, the UL stream powers would be u;w; and the white noise variance at the
BS would be A3,. These dual UL quantities are obviously different from corresponding actual UL
transmission quantities. However, in order to largely simplify BF design and reduce signaling
overhead, we propose a naive duality BF design in which we use the actual UL LMMSE Rx as DL
BF. Note that one difference between actual and dual UL is a complex conjugation on the channel
responses. Also, in the case of N =1, we can ignore the UE side BF f},. Note however that the
resulting naive UL/DL duality BF design will converge to a matched filter at low SNR, and to a
ZF at high SNR. Hence the naive duality gives optimal results at both low or high SNR. Finally,
for the partial CSI aspect, we shall replace statistical (channel) averaging by temporal averaging.

The received signal y;, at BS b5, may be written as,
(6.9) Vi :Bk,bksk +\Vlbk.

Here, V3, includes the AWGN noise as well as the received signal from all other users, both
intracell and inter-cell. flk,bk denotes the uplink channel from the user £ to BS b;. Let Ry; be
the uplink correlation matrix. Then the UL Minimum Mean Square Error (MMSE) estimator is

given by,
UL _vH p-1
(6.10) 8uyse = Wiy, Ry
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Note that we have used the covariance matrix Ry; as the partial CSIT is also local. I.e, each BS
only has partial CSIT corresponding to its own UEs and not of UEs corresponding to other BSs.
Using reciprocity in TDD and accounting for the calibration factors, the DL MMSE estimator is
given by

L -1 .H H —1pHy
gzll)/.rMSE:Ryy,dlhk,b =(F Ry“y“F) F hk,bk

(6.11) i 1

Here, ()* denotes the conjugation operation. The covariance matrix is derived as a sample

covariance as follows.
1 L
(6.12) Ryy = I Z 54

A known issue with this approach is the signal cancellation that occurs due to the mismatch
between the estimated channel of the desired UE and the implicit component of the desired
channel present in the sample covariance matrix [47]. A known solution in this context is the
subtraction of the desired signal before computing the covariance matrix. This requires an
iterative receiver for joint detection, channel estimation so that the BS can subtract out the

contribution from its own UE before computing the covariance matrix.

6.2.4 Results

The instantaneous UL channel estimation is based on UL pilots. Let the UL channel matrix to
BS1 be,

(6.13) 7=|h11 h)

In our demo, we assume all the useful subcarriers as pilots in the UL. The quality of the channel
estimates are further improved by exploiting the limited time domain spread of the channel taps.
Our DL LMMSE design assumes no knowledge of the cross-links between the BS of one cell and
UE of another. However, to serve as a reference, we also consider a ZF receiver that has full

knowledge of all cross-links. In this case, let the UL channel matrix be,

(6.14) S = [fll,l flz,l]
Then,
-1
(6.15) O (]ﬁTF(JfTF)H ) e = FL 72" (#TFFE 7% ) le,

where e; =[1 0]7. The other popular receiver in a MaMIMO scenario is the MRT, which in this

case would be,
(6.16) gurr =F*h],.
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6.2. MU-MIMO PRECODING FOR A 2 BS, 2 UE SCENARIO

The estimation of the covariance matrix needs significant averaging, particularly as the
number of BS antennas increases. In our prototype, we exploit the low delay spread of the
environment and compute the average covariance matrix across all the subcarriers.

Figure 6.9 shows the relative gains of MRT and ZF precoders compared to no precoding
(omnidirectional antenna) by measuring the signal to interference plus noise ratio (SINR) at UE 1
as a result of using the different precoder techniques. It is remarkable that the performance of the
ZF precoder is far superior to that of the MRT which is the most widespread precoding technique

used for MaMIMO. In Figure 6.10, the covariance matrix is estimated for the interfering links

Beamforming Performance with 2BS, 2UE
T T T T
==&~ Omnidirectional | _
5 o | == MRT :
R —e—zF

25 T

20

SINR (dB)
S
T

5 I I I I I
0 50 100 150 200 250

Subcarriers

Figure 6.9: Performance of MRT and ZF precoders compared to no precoding

in the UL and the DL MMSE BF is derived based on the UL covariance estimates and the
reciprocity calibration parameters. The curve “ZF” serves as a reference where the UL channels
of the interfering links are known so that the DL ZF precoding can be done with the help of
reciprocity calibration as shown in (6.15). The curve “MMSE_Ryy” is the scenario where the
BS computes the covariance based on the total received signal from both its own UE and the
interfering UE. We are limited here by the accuracy of the channel estimation and the averaging
required for the covariance estimation. For the massive MIMO BS configuration, the averaging
requirement for the covariance matrix estimation is very stringent as the dimension of the
covariance matrix grows proportionally to the square of the number of BS antennas. Due to
inaccuracy in channel estimation, signal cancellation occurs between the channel estimate (in
matched filter (MF)) and the channel contribution in Ryy. The curve “MMSE_Ryy_IntfOnly”
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corresponds to the scenario where the covariance of the transmission from the interfering UE is
used for DL MMSE BF along with the reciprocity parameters. This approach avoids the signal
cancellation issue. Hence, we observe that the performance of “MMSE_Ryy” is much poorer
compared to that of the curve “MMSE_Ryy_IntfOnly” for the massive MIMO BS. In fact, the
performance of the curve “MMSE_Ryy_IntfOnly” is quite close to that of the ZF which has

knowledge of the interfering links as well.

Beamforming Performance with 2BS, 2UE
T T T
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e ZF
. =@ MMSE_Ryy I
25 1 MMSE_Ryy_IntfOnly

P

20 -

0 50 100 150 200 250
Subcarriers

Figure 6.10: Comparison of the performance of partial CSIT LMMSE precoder with that of ZF
which requires full information of cross-links.

6.3 Multiple antenna based self-interference cancellation for
Full Duplex

Legacy communication systems use either Tx or Rx at a given time using a given frequency. Full
Duplex (FD) communication proposes to have simultaneous Tx and Rx at the same frequency
and at the same time instant. Of course, this results in severe self-interference at the receiver of
the FD system from its own transmitter. For a proper reception, 80-120dB of self-interference
cancellation (SIC) is called for. Several works [7],[1] have demonstrated that this can indeed be
achieved by a necessary combination of multiple techniques - antenna, RF, analog and digital.
A simple instance is to isolate the transmit and receive antennas to increase the attenuation

from the Tx to the Rx antenna. With the advent of multiple antennas, another approach is to
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precode from the Tx in such a manner as to minimize the self-interference at the Rx antennas.
[42], [13] propose a 2x2 Full Duplex MIMO system where the precoding weights are adjusted
to selectively cancel the Tx signal at the Rx. [10] experimentally shows the feasibility of this
approach for a 72 element antenna array. As concerns the multiple antenna precoding, the lower
the number of significant singular values in the channel between the antennas of the Tx and
Rx, the lesser the number of Tx antennas required to create nulls at the Rx antennas. Thus, the
MIMO self-interference channel that we investigate here is strongly dependent on the antenna
arrays involved and can be optimized to reach a desirable rank profile behavior.

This demo was developed jointly with a student intern whom I was supervising. During the
development of this work, the Eurecom MaMIMO (Fig. 6.1) was no longer available. Hence, this

work was conducted using USRP boards. The purpose of the demo was two-fold:
¢ Illustrate the multiple antennae based SIC.
¢ Investigate the rank profile of the internal channel between the BS Tx and Rx antennas.

At the time of writing of the thesis, the demo is functional for two Tx and two Rx antennas, but

will be enhanced to use 4Tx and 4 Rx antennas.

6.3.1 USRP based testbed

Fig. 6.11 illustrates the demo configuration. The actual demo setup in the lab is shown in Fig.

6.12. The basic architecture for the software setup was kept identical to that in section 6.1.1 (Fig.

RX

_ elffinterference
f i
1

UE

]

UE 2

Figure 6.11: FD demo configuration in the lab.

6.3). The key change was to use the USRP boards for the over-the-air transmission instead of the

Express MIMO based setup. Of course, the number of antennas under consideration are also far
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Figure 6.12: FD demo setup in the lab.

less here. Communication with the USRP board from a host processor is via the USRP Hardware
Driver (UHD) interface. The UHD installation comes with C++ based examples that illustrate
how to perform this communication. One such example was tailored to create an executable that
could transmit data from a file and receive data into a file.

6.3.2 Frame structure

The overall demo involves two stages during which the channel is assumed to stay constant:
¢ A measurement phase where the channels from all the Tx to all the Rx are determined.
* A precoding phase where actual DL precoding is implemented.

The demo parameters are the same as what is listed in Table 6.1. The channel estimation
strategy consists of transmitting from one antenna at a time and hence the frame structure is as

shown in Fig. 6.13. Note that the frame structure allows transmission from up to 4 Tx antennas
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anticipating the enhancement of the demo setup to have 4 Tx antennas. To verify the level of
SIC, the channel estimation phase is followed by a precoding phase. Here, we study the signal
power received at the UE and the interference level observed at the BS Rx for different precoding
strategies as shown in Fig. 6.14.

ims
Subframe

Tx Ant #1 Tx Ant #2 Tx Ant #3 Tx Ant #4 Blank SFs #5 to #10

Figure 6.13: Frame structure for channel estimation.

- 1ms .
Subframe

Sl Maximal Ratio

Antenna - Zero Forcing | Blank SFs #4 to #10

R Transmission
Transmission

Figure 6.14: Frame structure for precoding.

6.3.3 Results

As the current demo only supports 2Tx and 2 Rx, the selected configuration uses 2 Tx and 1 Rx
at the BS while performing precoding for SIC. The remaining Rx is used as the UE. Figure 6.15
shows the signal level and the constellation plot observed at the UE. As expected, the signal level
is maximized by the MRT and also results in a slightly better constellation SNR compared to
the other approaches. Of course, the constellation SNR for MRT is expected to be poorer once we
introduce a second UE in the demo configuration.

The interference level at the BS Rx for the different precoding strategies in shown in Fig 6.16.
Here, we see that the ZF approach causes a 20dB reduction in the interference seen at the BS Rx
compared to the other approaches.

To investigate the rank profile of the channel between BS Tx and Rx, we use the antenna
placement as in Fig. 6.17. Note that in this case, we don’t need a UE and hence, both the Rx

antennas may be considered to belong to the BS. Thus, we get an internal channel of dimension
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Figure 6.15: Signal level and constellation plot at UE for the different precoding approaches.
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Figure 6.16: Interference level at the BS Rx for different BF approaches.

2 x 2. Several configurations of placing the Tx and Rx antennas were tried before arriving at this
configuration which gave the lowest value for the smaller singular value of the 2 x 2 channel.
The plot of singular values at each subcarrier is shown in Fig. 6.18. The larger singular value
is normalized to unity. This implies that with a careful choice of BS Tx and Rx antennas, it is
possible to achieve a low rank internal channel. Such a choice would result in less Tx antennas

dedicated to SIC and more Tx antennas free to perform the actual DL precoding.
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Figure 6.17: BS Tx-Rx configuration to measure the rank profile.

6.4 Summary of Contributions
¢ Performed actual over-the-air demo using Eurecom’s MaMIMO testbed.
¢ Performed experiments to check the effectiveness of calibration parameters.

¢ Came up with a naive DL precoder that takes into account reciprocity calibration parame-

ters. This work was published in [? ].
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Figure 6.18: Smaller singular value at each subcarrier for the 2 x 2 channel. The larger singular
value is normalized to unity.

* We created a new demo setup with USRPs from scratch and experimentally verified the
SIC using multiple antennas. In addition, for a 2 x 2 internal channel between BS Tx and
Rx antennas, we were able to show a favorable rank profile (low smaller singular value) for

a judicious antenna placement.
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CHAPTER

CONCLUSION

In the previous chapters, we have presented our research related to multiple antenna communi-

cations for 5G. The main topics that have been explored are:
* Reciprocity calibration for Massive MIMO.
* Precoder design for rapidly time-varying channels such as in HST.

On the first topic, our research was focused on coming up with optimal estimators for the
reciprocity calibration parameters. This naturally necessitated the derivation of the Cramer Rao
Bound (CRB) so that we could do the following.

* Compare the existing estimators in the literature with the CRB.

¢ Gain insights into the optimal estimator and also compare our proposed estimators with
the CRB.

The existing estimators in the literature focused on first eliminating the nuisance parameters
and getting a least squares formulation involving only the calibration parameters. For the CRB
derivation, we treated the problem jointly with the calibration parameters and the nuisance
parameters which resulted in a simple, elegant and accurate expression. In continuation with
this strategy, our optimal estimators also were based on a joint estimation of the parameters.
Moreover, our CRB for calibration parameter estimation is applicable to a general setting that
allows grouping of antennas. Our initial CRB derivation was done assuming a coherent channel
scenario. Recognizing the importance of non-coherent estimation techniques, we also extended
our result to a non-coherent scenario. Further, as part of our search for optimal estimators, we

analyzed the existing least squares approaches and provided insights into why its performance
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differs from that of the ML approach. The analysis resulted in the observation that the ML
is actually a weighted version of the least squares approach. This is quite intuitive too as
the equations that result after elimination of the nuisance parameters involve colored noise.
The optimal algorithms that we derived were based on ML and Variational Bayes. Both these
algorithms were based on a joint estimation of the calibration parameters and the nuisance
parameters. In the VB approach, we departed from the typical view of the calibration parameters

as being unknown deterministic parameters to a Bayesian formulation.

The HST problem focused on MIMO precoder design for a rapidly time varying channel
that optimized the weighted sum rate (WSR). The time variations result from the different
Doppler frequencies on the different time domain paths. Of course, a single Doppler frequency
may always be estimated and compensated. Hence, it is the range of Doppler frequencies (the
difference between the maximum and minimum Doppler frequency) that needs to be accounted
for. Time variation results in ICI at the receiver which needs to be factored into the design to
improve performance. To make the analysis tractable we have assumed the channel variation
to be linear as has been done previously in the literature. However, we rigorously showed that
this approximation is justified for our problem scenario. Once this was established, in the case
of full CSIT, we observed that the problem is similar to that of a MIMO IBC precoding design
and hence tapped into existing solutions in that space. Hence, we used the DC approach in
[23] but re-interpret as a minorization [38] technique. We also incorporated into the design the
excess CP windowing at the receiver to further help mitigate the ICI. Hence, we performed
a joint optimization of the precoders and the receive windows. Our precoder design approach
ensures convergence and this convergence property was built in while introducing the window
optimization as well. In fact, the window optimization methods are useful in itself and are
applicable as a stand-alone ICI mitigation technique at the receiver. Once the full CSIT based
precoder design problem was solved, we turned our attention to more robust precoder designs
where only partial CSIT is available. Given the random nature of the knowledge of the channel,
an expected WSR (EWSR) metric was chosen for optimization. The key challenge here was to
solve the optimization problem in the presence of this expectation operator. In a first approach, a
large system approximation was performed to replace the expectation of the log determinant term
with a deterministic equivalent in an iterative fashion. To enable this, we first re-arranged the
system model in a very elegant manner to make it mathematically convenient. Another known
approach to solve the EWSR metric is to substitute this metric with another metric that is used
in the MaMIMO limit, namely the ESEI-WSR approach. We performed a refined analysis of this

approximation and provided further insights and results supporting this approach.

Finally, some experimental results based on the theory have also been presented. In these
experiments, we first validate the need for reciprocity calibration by comparing the performance
of precoding techniques using the Eurecom MaMIMO test bed. Next, we perform precoding for an

MU multi-cell scenario where we bring together the concepts of reciprocity calibration and MIMO
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DL precoding. In particular, we proposed a naive duality based precoder design that does not
need cross-link channel information. The experimental results show that the performance of this
design is comparable to that of an ZF approach that has full cross-link information. And last, but
not the least, we consider the exploitation of multiple antennas to achieve the self-interference
cancellation (SIC) required in a Full Duplex setting. We also explore the importance of the rank
profile of the channel between the Tx and the Rx antennas of the BS. The lower the number of
significant singular values in this channel, the lesser the number of Tx antennas that have to be
dedicated to performing the SIC, thus freeing up the rest of the Tx antennas to perform useful
DL transmission. A chapter-wise list of contributions has been provided already at the end of

each chapter, but we mention it here again for easy reference.

7.1 Contributions

Our contributions have already been summarized at the end of each chapter. However, we list

them again here for easy reference.

7.1.1 Chapter 2

¢ Showed that the group calibration framework proposed in [? ] can result in Fast calibration
(Section 2.3.2).

¢ Came up with a simple and elegant expression for the CRB for calibration parameter

estimation (Section 2.4) that includes both coherent and non-coherent estimation methods.
¢ Came up with optimal algorithms for calibration parameter estimation (Section 2.5).

¢ We analyzed the performance of least squares methods and showed analytically that their
performance differs from that of the CRB simply because they don’t take into account the

fact that the noise is colored.
¢ Some of the above contributions were published in [? ], [? ] and the rest will be in [? ].

¢ This work has also resulted in a patent submission [? ].

7.1.2 Chapter 3

* We tackle the problem of designing the optimal precoders for a MIMO point to point link
under high Doppler.

¢ Towards this, we first justify a linear approximation for the channel variation across the
OFDM symbol.
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We come up with a good system model that can include the effect of the linear channel

variation and the receive windowing using the excess CP.

The system model reveals that the problem is similar to that of precoder design for a MIMO

IBC with an additional receive window coefficients to be optimized as well.

Due to the similarity of the problem with MIMO IBC, we take advantage of the difference

of concave approach in [23].

We re-interpret the approach in [23] as an instance of the majorization technique [38].
The window optimization is performed via alternating minimization.

We prove the convergence of the entire design.

The work detailed here resulted in the publications [? ], [? ].

7.1.3 Chapter 4

Extended the full CSIT results to a more relaxed setting of partial CSIT.

Came up with a system model that facilitated the use of the Large system approximation

to solve the optimization problem under partial CSIT.

Employed large system approximation to solve the EWSR optimizing precoders which work

quite well even at small values of Tx and Rx number of antennas.

This work was published in [? ].

7.1.4 Chapter 5

Motivated the use of the ESEI-WSR metric (or the MaMIMO limit of the EWSR) for utility

optimization involving partial CSIT.

Showed that the gap is maximum at infinite SNR and that it reduces with increasing

number of transmit antennas.

Also touched upon the actual gap criterion and showed that for a specific MISO scenario
with covariance only CSIT, this gap is zero. I.e, the ESEI-WSR metric optimization results
in the true EWSR optimum.

This work was published in [? ].
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7.1.5 Chapter 6

Performed actual over-the-air demo using Eurecom’s MaMIMO test bed.
Performed experiments to check the effectiveness of calibration parameters.

Came up with a naive DL precoder that takes into account reciprocity calibration parame-

ters. This work was published in [? ].

We created a new demo setup with USRPs from scratch and experimentally verified the
SIC using multiple antennas. In addition, for a 2 x 2 internal channel between BS Tx and
Rx antennas, we were able to show a favorable rank profile (low smaller singular value) for

judicious antenna placement.

Some of the experimental work was also published in [? ].
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APPENDIX A

e show in the following that the column space of #* defined by (2.57) spans the
orthogonal complement of the column space of &% assuming that P; is full rank for all
i and that either L; = M; or M; = L; for all i. This proof is not a contribution of the

author of this thesis and was done by the second author in [? ].

Proof. First, using (A®B)(C ® D) = (AC ® BD), it holds
PIF; eIy,

=0.
Iy, e PTF;

(A.1) I,,eP]F; -PIF; ol |

v

LiL<(LiM;+L;M;) —_—
(LiMj+LjMi)XMiMj
Then, the row space of the left matrix of (A.1) is orthogonal to the column space of the right
matrix. As % in (2.43) and Z1H are block diagonal with blocks of the form of (A.1), it suffices
then to prove that the following matrix M has full column rank, i.e., L;M; + L ;M;, which is then
also its row rank
T . _pTr.
(A.2) M| ®P S SREeh,
(FiPi)’k ®IMJ. IML- ®(Fij)*
Denote A; := PiTFi e CLi*Mi gnd A= PJTF € CL*M; Then, by assumption, it holds that either
rank(A;) = M; and rank(A;) = M; or rank(A;) = L; and rank(A;) =L;. Let x = [x{ X2T 17 be such
that Mx = 0 and show that x =0. Since Mx = 0, it holds
(ILi ®Aj)X1 - (Ai ® ILj)XZ =0
(A7 1)) + Ty, ®Aj)xg =0.
Let x1 and x93 be matrices such that vec(x;) = x1; and vec(xy) = x9. Then
Ajxq - szlT =0
x147 +Allx; = 0.
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Multiplying the first equation by A§I and the second by A;T’ and summing them up, we get
A;I Ajxi+ xl(AiAfI )* =0, which is a Sylvester’s equation admitting a unique solution if A;I A;
and —(AL-A{I )* have no common eigenvalues. On the other hand, the eigenvalues of A?Aj and
AiALH are real positive, so common eigenvalues of A;I A; and —(AiAfI )* can only be 0. However,
this does not occur since by the assumptions either A?Aj or A,-A“LH is full rank. We can then

conclude that x; =0, i.e., x; = 0. Similarly, x9 = 0, which ends the proof. |

94



BIBLIOGRAPHY

[1] D. BHARADIA, E. MCMILIN, AND S. KATTI, Full duplex radios, SIGCOMM Comput. Com-
mun. Rev., 43 (2013).

[2] S. BoYD AND L. VANDENBERGHE, Convex Optimization, Cambridge University Press, New
York, USA, 2004.

[3] E.D. CARVALHO, S. OMAR, AND D. SLOCK, Performance and complexity analysis of blind
FIR channel identification algorithms based on deterministic maximum likelihood in

SIMO systems, Circuits, Systems, and Signal Processing, (2013).

[4] E.D. CARVALHO AND D. SLOCK, Semi-Blind Methods for FIR Multichannel Estimation, in

Signal processing advances in wireless communications, Prentice Hall, 2000, ch. 7.

[6] T. M. COVER AND J. A. THOMAS, Elements of Information Theory (Wiley Series in Telecom-

munications and Signal Processing), Wiley-Interscience, 2006.

[6] E.DE CARVALHO AND D.SLOCK, Cramér-rao bounds for blind multichannel estimation,
CoRR, abs/1710.01605 (2017).

[71 M. DUARTE AND A. SABHARWAL, Full-duplex wireless communications using off-the-shelf
radios: Feasibility and first results, in Asilomar Conf. on Signals, Systems and Computers,
Nov 2010.

[8] J. DuUMONT, W. HACHEM, S. LASAULCE, P. LOUBATON, AND J. NAJIM, On the Capacity
Achieving Covariance Matrix for Rician MIMO Channels: An Asymptotic Approach, IEEE
Trans. on Information Theory, (2010).

[91 E.BJORNSON, J.HOYDIS, AND L.SANGUINETTI, Massive mimo networks: Spectral, energy,

and hardware efficiency, Foundations and Trends® in Signal Processing, (2017).

[10] E. EVERETT, C. SHEPARD, L. ZHONG, AND A. SABHARWAL, Softnull: Many-antenna full-

duplex wireless via digital beamforming, IEEE Trans. Wireless Communications, (2016).

[11] A. FARHANG, N. MARCHETTI, L. E. DOYLE, AND B. FARHANG-BOROUJENY, Low Com-
plexity CFO Compensation in Uplink OFDMA Systems With Receiver Windowing, IEEE
Trans. on Signal Processing, (2015).

95



BIBLIOGRAPHY

[12] M. FAULKNER, L. WILHELMSSON, AND J. SVENSSON, Low-Complex ICI Cancellation

[13] E.

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

G.

A.

for Improving Doppler Performance in OFDM Systems, in IEEE Vehicular Technology
Conference, Sept 2006.

FOROOZANFARD, O. FRANEK, A. TATOMIRESCU, E. TSAKALAKI, E. D. CARVALHO, AND

G. F. PEDERSEN, Full-duplex mimo system based on antenna cancellation technique,
Elec. Lett., (2014).

. GHOSH, J. ZHANG, J. G. ANDREWS, AND R. MUHAMED, Fundamentals of LTE, Prentice

Hall Press, Upper Saddle River, NdJ, USA, 1st ed., 2010.

H. GoLUB AND C. F. VAN LOAN, Matrix Computations (3rd Ed.), Johns Hopkins Univer-
sity Press, Baltimore, MD, USA, 1996.

. HAMMARWALL, M. BENGTSSON, AND B. OTTERSTEN, Acquiring partial csi for spatially

selective transmission by instantaneous channel norm feedback, IEEE Transactions on

Signal Processing, (2008).

HJORUNGNES AND D. GESBERT, Complex-Valued Matrix Differentiation: Techniques
and Key Results, IEEE Transactions on Signal Processing, (2007).

. HOANG AND R. A. ILTIS, Noncooperative Eigencoding for MIMO Ad hoc Networks, IEEE

Transactions on Signal Processing, (2008).

P. H. M. JANSSEN AND P. STOICA, On the expectation of the product of four matrix-valued

X.

F.

C.

gaussian random variables, IEEE Transactions on Automatic Control, (1988).

JIANG, M. CIRKIC, F. KALTENBERGER, E. G. LARSSON, L. DENEIRE, AND R. KNOPP,
MIMO-TDD reciprocity and hardware imbalances: experimental results, in Proc. IEEE
Intern. Conf. on Commun. (ICC), London, United Kingdom, Jun. 2015.

KALTENBERGER, A. BYIRINGIRO, G. ARVANITAKIS, R. GHADDAB, D. NUSSBAUM,
R. KNOPP, M. BERNINEAU, Y. COCHERIL, H. PHILIPPE, AND E. SIMON, Broadband
wireless channel measurements for high speed trains, in 2015 IEEE International Con-

ference on Communications (ICC), June.

KHATRI AND C. R. RAO, Solutions to some functional equations and their applications to
characterization of probability distributions, Sankhya: The Indian Journal of Statistics,
Series A, (1968).

[23] S.-J. KIM AND G. GIANNAKIS, Optimal Resource Allocation for MIMO Ad Hoc Cognitive

Radio Networks, IEEE Transactions on Information Theory, (2011).

96



BIBLIOGRAPHY

[24] Y. LEJOSNE, A. BEN NASSER, D. T. SLOCK, AND Y. YUAN WU, Multi-cell multi-user MIMO
downlink with partial CSIT and decentralized design, in 10th IEEE Broadband Wireless
Access workshop, colocated with IEEE GLOBECOM , Austin, Texas, USA, 2014.

[25] T. L. MARZETTA, How Much Training is Required for Multiuser Mimo?, in 2006 Fortieth

Asilomar Conference on Signals, Systems and Computers, Oct 2006.

[26] T. L. MARZETTA, Noncooperative Cellular Wireless with Unlimited Numbers of Base Station

Antennas, IEEE Transactions on Wireless Communications, (2010).

[27] M.BENGTSSON AND P.ZETTERBERG, Some notes on the kronecker model, EURASIP JOUR-
NAL ON WIRELESS COMMUNICATIONS AND NETWORKING, (2006).

[28] R. J. MUIRHEAD, Aspects of Multivariate Statistical Theory, John Wiley and Sons, Inc.,
2008.

[29] F. NEGRO, I. GHAURI, AND D. T. M. SLOCK, Sum Rate maximization in the noisy MIMO
interfering broadcast channel with partial CSIT via the expected weighted MSE, in
International Symposium on Wireless Communication Systems (ISWCS), Aug 2012.

[30] M. OPPER AND O. WINTHER, Expectation Consistent Approximate Inference, J. Mach. Learn.
Res., 6 (2005).

[31] H. PAPADOPOULOS, O. Y. BURSALIOGLU, AND G. CAIRE, Avalanche: Fast RF calibra-
tion of massive arrays, in Proc. IEEE Global Conf. on Signal and Information Process.
(GlobalSIP), Washington, DC, USA, Dec. 2014.

[32] R1-091752, Performance study on Tx/Rx mismatch in LTE TDD dual-layer beamforming.
Nokia, Nokia Siemens Networks, CATT, ZTE, 3GPP RAN1 #57, May 2009.

[33]1 R1-091794, Hardware calibration requirement for dual layer beamforming.
Huawei, 3GPP RAN1 #57, May 2009.

[34] R. ROGALIN, O. BURSALIOGLU, H. PAPADOPOULOS, G. CAIRE, A. MOLISCH, A. MICHALO-
LIAKOS, V. BALAN, AND K. PSOUNIS, Scalable synchronization and reciprocity calibra-
tion for distributed multiuser MIMO, IEEE Trans. Wireless Commun., (2014).

[35] R. ROGALIN, O. Y. BURSALIOGLU, H. C. PAPADOPOULOS, G. CAIRE, AND A. F. MOLISCH,
Hardware-impairment compensation for enabling distributed large-scale MIMO, in Proc.
Information Theory and Applications (ITA) Workshop, San Diego, California, USA., Feb.
2013.

[36] M. SHAO AND W.-K. MA, A simple way to approximate average robust multiuser MISO
transmit optimization under covariance-based CSIT, in IEEE Int’l Conf. on Acoustics,
Speech and Signal Processing (ICASSP), New Orleans, USA, Mar. 2017.

97



BIBLIOGRAPHY

[37] C. SHEPARD, N. YU, H.AND ANAND, E. LI, T. MARZETTA, R. YANG, AND L. ZHONG, Argos:
Practical many-antenna base stations, in Proc. ACM Intern. Conf. Mobile Computing
and Netw. (Mobicom), Istanbul, Turkey, Aug. 2012.

[38] P. SToICA AND Y. SELEN, Cyclic minimizers, majorization techniques, and the expectation-

maximization algorithm: a refresher, IEEE Signal Processing Magazine, (2004).

[39] G. TARICCO, Asymptotic Mutual Information Statistics of Separately Correlated Rician
Fading MIMO Channels, IEEE Transactions on Information Theory, (2008).

[40] I. E. TELATAR, Capacity of multi-antenna Gaussian channels, EUROPEAN TRANSAC-
TIONS ON TELECOMMUNICATIONS, (1999).

[41] K. T. TRUONG AND R. W. HEATH, The viability of distributed antennas for massive MIMO

systems, in Asilomar Conf. on Signals, Systems and Computers, Nov 2013.

[42] E. TSAKALAKI, E. FOROOZANFARD, E. D. CARVALHO, AND G. F. PEDERSEN, A 2-order
mimo full-duplex antenna system, in The 8th European Conf. on Antennas and Propaga-
tion (EuCAP), Apr. 2014.

[43] J. VIEIRA, F. RUSEK, O. EDFORS, S. MALKOWSKY, L. L1U, AND F. TUFVESSON, Reci-
procity Calibration for Massive MIMO: Proposal, Modeling and Validation, IEEE Trans.
Wireless Commun., (2017).

[44] J. VIEIRA, F. RUSEK, AND F. TUFVESSON, Reciprocity calibration methods for massive
MIMO based on antenna coupling, in 2014 IEEE Global Communications Conference,
Dec 2014.

[45] H. WEI, W. D., AND X. YOU, Reciprocity of mutual coupling for TDD massive MIMO systems,
in Proc. Intern. Conf. on Wireless Commun. and Signal Process. (WCSP), Nanjing, China,
Oct. 2015.

[46] H. WEI, D. WANG, H. ZHU, J. WANG, S. SUN, AND X. YOU, Mutual Coupling Calibration
for Multiuser Massive MIMO Systems, IEEE Trans. on Wireless Communications, 15
(2016).

[47] B. WiDROW, K. DUVALL, R. GOOCH, AND W. NEWMAN, Signal cancellation phenomena in

adaptive antennas: Causes and cures, IEEE Trans. on Ant. and Prop., (1982).

[48] Y.PENG, W.WANG, AND Y. I. KiM, Performance Analysis of OFDM System QOver Time-
Selective Fading Channels, in IEEE Wireless Communications and Networking Confer-
ence (WCNC), Apr. 2009.

98



	List of Tables
	List of Figures
	Introduction
	Notations
	Organization of the thesis

	Reciprocity Calibration for Massive MIMO
	Introduction
	UE aided calibration and Internal calibration
	Coherent and Non-coherent calibration scheme
	Key assumptions

	State of the Art
	Argos
	Rogalin Method
	Avalanche
	Method in viera2017reciprocity

	Group calibration System Model
	Least Squares Solution
	Fast Calibration
	Non-coherent estimation

	Cramer Rao Bound
	Optimal Algorithms
	Alternating Maximum Likelihood (AML) 
	Variational Bayes approach

	Maximum likelihood vs. least squares
	Analysis of least squares methods
	Simulation Results
	Comparison of grouping based schemes 
	Comparison of single antenna transmission schemes 

	Summary of Contributions

	Precoder design under Doppler - Full CSIT
	Introduction
	Key Assumption

	System Model
	Precoder Design
	Covariance matrix update
	Power allocation across the subcarriers
	Optimization of window parameters - Gradient descent
	Overall Algorithm and Convergence

	Simulation Results
	Summary of Contributions

	Precoder design under Doppler - partial CSIT
	System Model
	Large MIMO asymptotics
	Precoder Design
	Simulation Results

	Summary of Contributions

	Analysis of the Gap between EWSR and ESEI-WSR
	MIMO IBC Signal Model
	EWSR
	MaMIMO limit and ESEI-WSR
	EWSR to ESEI-WSR gap Analysis
	Monotonicity of gap with SNR
	Second-Order Taylor Series Expansion of EWSR 
	MISO correlated channel
	MIMO zero mean i.i.d channel

	Actual EWSR Gap
	Simulation Results
	Conclusion
	Summary of Contributions

	Experimental results
	Downlink channel estimation via RCMM.
	Massive MIMO testbed
	Frame structure
	Results

	MU-MIMO precoding for a 2 BS, 2 UE scenario
	Channel Estimation
	EWSR Lower Bound: EWSMSE
	Dual DL precoder
	Results

	Multiple antenna based self-interference cancellation for Full Duplex
	USRP based testbed
	Frame structure
	Results

	Summary of Contributions

	Conclusion
	Contributions
	Chapter 2
	Chapter 3
	Chapter 4
	Chapter 5
	Chapter 6


	Appendix A
	Bibliography

