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Abstract

In the near future, the number of connected mobile devices and data-rates
are expected to dramatically increase. Demands exceed the capability of the
currently deployed (4G) wireless communication systems. Development of 5G
systems is aiming for higher data-rates, better coverage, backward compatibil-
ity, and conforming with “green communication” to lower energy consump-
tion. Massive Multiple-Input Multiple-Output (MIMO) is a technology with
the potential to fulfill these requirements. In massive MIMO systems, base
stations are equipped with a very large number of antennas compared to 4G
systems, serving a relatively low number of users simultaneously in the same
frequency and time resource. Exploiting the high spatial degrees-of-freedom
allows for aggressive spatial multiplexing, resulting in high data-rates with-
out increasing the spectrum. More importantly, achieving high array gains
and eliminating inter-user interference results in simpler mobile terminals.

These advantages of massive MIMO requires handling a large number of
antennas efficiently, by performing baseband signal processing. Compared to
small-scale MIMO base stations, the processing can be much more computa-
tionally intensive, in particular considering the large dimensions of the matri-
ces. In addition to computational complexity, meeting latency requirements
is also crucial. Another aspect is the power consumption of the baseband
processing. Typically, major contributors of power consumption are power
amplifiers and analog components, however, in massive MIMO, the trans-
mit power at each antenna can be lowered drastically (by the square of the
number of antennas). Thus, the power consumption from the baseband pro-
cessing becomes more significant in relation to other contributions. This puts
forward the main challenge tackled in this thesis, i.e., how to implement low
latency baseband signal processing modules with high hardware and energy
efficiency.
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The focus of this thesis has been on co-optimization of algorithms and hard-
ware implementations, to meet the aforementioned challenges/requirements.
Algorithm optimization is performed to lower computational complexity, e.g.,
large scale matrix operations, and also on the system-level to relax constraints
on analog/RF components to lower cost and improve efficiency. These op-
timizations were evaluated by taking into consideration the hardware cost
and device level parameters. To this end, a massive MIMO central baseband
pre-coding/detection chip was fabricated in 28 nm FD-SOI CMOS technology
and measured. The algorithm and hardware co-optimization resulted in the
highest reported pre-coding area and energy efficiency of 34.1 QRD/s/gate
and 6.56 nJ/QRD, respectively. For detection, compared to small scale MIMO
systems, massive MIMO with linear schemes provided superior performance,
with area and energy efficiency of 2.02 Mb/s/kGE and 60 pJ/b.

The array and spatial multiplexing gains in massive MIMO, combined with
high hardware efficiency and schemes to lower constraints on RF/analog com-
ponents, makes it extremely promising for future deployments.
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1
Introduction

This thesis presents a multidisciplinary study of wireless communication and
digital hardware design. More specifically, the study is on co-optimized Inte-
grated Circuit (IC) implementations of baseband algorithms for future wire-
less communication systems. Development of such systems is crucial to meet
the communication demands of envisioned billions of devices widely mar-
keted as Internet of Everything (IoE) [1], [2]. On the other hand, the limited
availability and the highly inflated price of spectral resources conflict with the
ever-increasing data-rate demands [3], [4]. Subsequently, tackling this conflict
requires efficient spectrum usage, which calls for more advanced communi-
cation schemes and algorithms.

In general, improving spectral efficiency by advanced schemes, in turn,
comes with an increase in signal processing complexity. Furthermore, the
overall latency of these systems are expected to reduce by a factor of 10x for
5G [5]. Also, future deployment strategies like femtocell Base Stations (BSs)
are expected to be produced in large volumes, which makes lowering hard-
ware cost very desirable. This brings forth one of the main challenges of the
thesis, i.e., to achieve a low latency and high-performance signal processor,
while still keeping the hardware cost and power consumption low.

Reduction in power consumption has become ever-so-important consider-
ing the environmental impact cellular BSs have around the world [6]. Tradi-
tionally, transmit signal amplifiers contributed to the bulk of the BS power
consumption. However, this changes drastically in case of femtocells, where
the baseband processing contributes to a significant portion of the total power
[7]. In the case of battery-powered Mobile Stations (MSs), performing efficient
processing is even more important due to limited energy budget. Therefore,
lowering the power consumption of the baseband signal processing becomes
a crucial aspect and challenge, for both BSs and MSs.
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2 Introduction

In this thesis, the main focus is on massive Multiple-Input Multiple-Output
(MIMO) baseband processing on the BS side. Massive MIMO is a key can-
didate for 5G, offering very high spectral and transmit power efficiency. In
massive MIMO systems, the BSs are equipped with a very large number of
antennas (in 100s), serving a relatively low number of users (say in 10s), simul-
taneously in the same frequency and time resource. To reach the full potential
of massive MIMO, it is critical to perform efficient processing to utilize all
the antennas at the BS. This inherently results in performing operations on
large matrices, however, the challenge is to meet the previously mentioned
requirements on latency, power and hardware cost.

This thesis addresses these challenges by co-optimization at both algorithm
and hardware level. At algorithmic level various techniques were employed,
e.g., complexity vs performance trade-offs, schemes to relax power amplifier
requirements, and exploitation of special computational characteristics occur-
ring in systems. Hardware optimizations were performed on architecture and
device to achieve high area and energy efficiency.

1.1. SCOPE OF THE THESIS

The goal of the research topic is to explore efficient hardware architectures
for next generation massive MIMO systems. The focus has been on baseband
processing both for the BS and the MS, considering the high performance
requirements with constraints on hardware cost and power consumption.

The central part of the thesis is addressing the following questions:

• What is the area and energy cost of performing massive MIMO base-
band processing?

• Are there special system level characteristics which can be exploited to
lower the computational complexity, leading to efficient hardware?

• Is it possible to exploit processing and modulation schemes to relax
constraints while designing low cost and power efficient massive MIMO
systems?

Exploration of these questions, invariably requires a hardware oriented
study. Throughout the work an algorithm-hardware co-design approach is
adopted with special attention to the following:

• Improving hardware efficiency, e.g., by extensive hardware re-usage
and time multiplexed architectures.

• Lowering design/verification complexity by focusing on simplification
of data-flow and control logic.



1.2. Outline and contribution 3

• Utilizing various low power techniques and exploiting modern CMOS
technology nodes.

• Flexible and parameterized implementation using high-level synthesis
languages such as SystemC/C++.

Digital baseband processing is a wide topic which includes many mod-
ules such as digital front-end, Orthogonal Frequency-Division Multiplexing
(OFDM) modulation, channel estimation, MIMO processing, forward error-
correction, and interleaving. Among these, the thesis mainly focuses on
MIMO processing for uplink detection and downlink pre-coding for large-
scale (massive) MIMO BSs. At the mobile terminal side the focus has been on
MIMO channel pre-processing.

1.2. OUTLINE AND CONTRIBUTION

This work is divided into four parts, the first three chapters constitute the
background, to give an overview of the research field. Chapter 2 provides
an introduction to the field of wireless communication, followed by details of
MIMO-OFDM techniques. Later the promising large-scale or massive MIMO
technology is presented. Chapter 3 provides an overview of hardware plat-
forms, followed by a discussion of possible trade-offs and challenges involved
during implementation.

Part I presents aspects of downlink pre-coding for large-scale MIMO, in-
cluding implementation on different hardware platforms followed by mea-
surement results. Other alternative downlink pre-coding strategies to tackle
Peak-to-Average Ratio (PAR) and IQ imbalance are also implemented and dis-
cussed.

Part II presents uplink detection for large-scale MIMO. The two chapters in
this part describe detection techniques followed by a massive MIMO adaptive
framework supporting both linear and non-linear detection.

Part III focuses on Long Term Evolution (LTE) mobile terminals, targeting
low complex channel pre-processing techniques. This is followed by a chapter
with conclusions and outlook for future work.

PART I: DOWNLINK PROCESSING FOR MASSIVE MIMO

Conventional small-scale MIMO systems have been extensively analyzed and
are well established. These systems are also backed by plethora of implemen-
tations performing channel estimation, pre-processing, detection, etc., [8], [9].
However, naive scaling of these designs for a large scale MIMO system will
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lead to inefficient and expensive hardware implementations. The contribu-
tions of this thesis (hereafter referred to as this work) are to propose low com-
plexity algorithms to handle the inherent large matrices in massive MIMO.
The algorithms are tuned for different hardware platforms, and measure-
ments were performed as a proof-of-concept.

This work also includes novel pre-coding schemes relaxing constraints on
the analog circuits, which is in-line with the vision of employing 100’s of low-
cost Radio-Frequency (RF)-chains in massive MIMO BSs [10]. Furthermore,
analysis of IQ imbalance during downlink transmission is also presented.

The contents of part-I are based on the following publications:

• H. Prabhu, J. Rodrigues, O. Edfors, F. Rusek “Approximative Matrix
Inverse Computations for Very-large MIMO and Applications to Linear
Pre-coding Systems”, IEEE Wireless Communications and Networking
Conference (WCNC), Shanghai, China, 2013.

• H. Prabhu, O. Edfors, J. Rodrigues, L. Liu, F. Rusek “Hardware Effi-
cient Approximative Matrix Inversion for Linear Pre-Coding in Mas-
sive MIMO”, IEEE International Symposium on Circuits and Systems
(ISCAS), Melbourne, Australia, 2014.

• H. Prabhu, O. Edfors, J. Rodrigues, L. Liu, F. Rusek “A low-complex
peak-to-average power reduction scheme for OFDM based massive
MIMO systems”, International Symposium on Communications, Con-
trol and Signal Processing (ISCCSP), Athens, Greece, 2014.

• H. Prabhu, F. Rusek, J. Rodrigues, O. Edfors “High Throughput Con-
stant Envelope Pre-coder for Massive MIMO Systems”, IEEE Interna-
tional Symposium on Circuits and Systems (ISCAS), Lisbon, Portugal,
2015.

PART II: UPLINK PROCESSING FOR MASSIVE MIMO

This part of the work presents detection techniques for massive MIMO sys-
tems. The key contribution is an adaptive framework, which based on the
system conditions can perform either linear detection or pre-processing for
non-linear detection. The core module enabling this is a Cholesky decomposi-
tion processor, that has been fabricated and measured in 28 nm Fully-Depleted
Silicon-on-Insulator (FD-SOI).

The content of part-II is based on the following publication:

• H. Prabhu, J. Rodrigues, L. Liu, O. Edfors “A 60 pJ/b 300 Mb/s 128×
8 Massive MIMO Precoder-Detector in 28nm FD-SOI”, International
Solid-State Circuits Conference (ISSCC), San Francisco, 2017.



1.2. Outline and contribution 5

PART III: ADAPTIVE CHANNEL PROCESSING

Constraints on battery lifetime and low-cost requirements in mobile termi-
nals have resulted in numerous low power hardware implementations for
LTE systems. On the other hand, supporting flexibility for various system
requirements and standards necessitates a flexible architecture. In part-II, low
complex channel pre-processing algorithms are presented and evaluated on
an in-house reconfigurable wireless processor [11].

The contents of part-III are based on the following publications:

• C. Zhang, H. Prabhu, Y. Liu, L. Liu, O. Edfors, V. Öwall “Energy Effi-
cient Group-Sort QRD Processor with On-line Update for MIMO Chan-
nel Pre-processing”, IEEE Transactions on Circuits and Systems Part 1:
Regular Papers, Vol. 62, No. 5, pp. 1220-1229, 2015.

• C. Zhang, H. Prabhu, L. Liu, O. Edfors, V. Öwall “Energy Efficient
MIMO Channel Pre-processor Using a Low Complexity On-Line Up-
date Scheme”, Norchip, Copenhagen, Denmark, 2012.





2
Wireless Communication Concepts

From smoke signals used along the Great Wall of China, to transatlantic cables
used by New York traders in the 19th-century [12], information transfer and
retrieval has been a key component in human civilization. The “information-
age” in the mid 20th-century powered by the computer miniaturization, has
seen an incredible growth in Information and Communication Technology
(ICT) industry. The early Nordic Mobile Telephone services had voice only
data-rate of 1.2 kbits/s and around 110 k subscribers in 1985 [13]. ICT industry
in 2015 supports multimedia streaming and world-wide roaming (4G), with
data-rate of 40 Mbits/s and around 3.2 billion users. This growth is just a
beginning, the data traffic is expected to have Compounded Annual Growth-
Rate (CAGR) of 45% with 25 billion IoE connected devices by 2021 [1].
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Figure 2.1. Expected total mobile traffic and number of connected devices.
Devices in the bar graph are stacked in following order fixed
phone, mobile phones, laptop/tablet, non-cellular IOT and cel-
lular IOT. Data/figure from Ericsson mobility report [1].
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8 Wireless Communication Concepts

Sustaining this growth requires much higher data-rates, coverage, and re-
liability than the current 4G standard can deliver. Massive MIMO is a tech-
nology that has the potential to fulfill these requirements and visions. Before
getting into the details of massive MIMO, a brief introduction of a wireless
communication system is presented.

2.1. WIRELESS SYSTEM

An image of a wireless system is depicted in Fig. 2.2. The transmitter includes
digital processing and the RF-chain for transmission of a modulated signal.
Channel is a medium in which information transfer between the transmitter
and receiver occurs. The electromagnetic signal leaves the transmission an-
tenna, propagates through the medium, and is picked up by the receiver. The
received electromagnetic waves experience a reduction in power or attenua-
tion by various factors, e.g., the expansion of radio wavefront in free space
taking the shape of a growing sphere. Furthermore, the signal can be scat-

Figure 2.2. A simplified wireless system in a propagation environment.
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Figure 2.3. Multi-path channel impulse and frequency response.

tered and diffracted by different objects in the paths between the transmitter
and receiver. This would result in several clones of the signal with different in-
teractions and paths reaching the receiver at different times. This, in general,
is referred to as a multi-path channel [14].

The different arrival times due to scattering along with the corresponding
attenuation and phase results in the channel being frequency selective. Intu-
itively this can be visualized as a filter (channel taps), and the corresponding
frequency equivalent of the impulse response is the channel frequency re-
sponse, as shown in Fig. 2.3. Another effect not illustrated here is the changes
in the propagation environment, by movement of receiver, transmitter and/or
scatterers. In addition to changing the channel tap, it also effects the perceived
frequency (Doppler spread) of the transmitted signal. These changes depend
on the speed e.g., a receiver with walking speed or in a moving car will have
different channel variations and Doppler frequency shifts. These propagation
effects make wireless communication a very difficult and challenging task.
In the next section key technologies enabling modern wireless standards are
described.

2.1.1. ORTHOGONAL FREQUENCY-DIVISION MULTIPLEXING (OFDM)

In general, increasing the bandwidth of the communication system can im-
prove the data-rates. Basically more information can be transmitted in any
time interval, however, a higher bandwidth increases the complexity of the
system as well. The main reason for this is that the channel becomes increas-
ingly frequency selective. One approach of reducing frequency selectivity is to
multiplex data over frequency. The key idea in frequency division multiplex-
ing (FDM) is to divide bandwidth into a series of non-overlapping sub-bands
(or sub-carriers), which carry different signals with minimal interference to
each other. Orthogonal Frequency-Division Multiplexing (OFDM) is one such
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(a) Wireless access point.
(Source Netgear Inc., www.netgear.com)
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Figure 2.4. MIMO technology in every day life.

technique, which is similar to FDM with a constraint that sub-carriers are
chosen to be orthogonal to each other. The orthogonality under ideal con-
ditions results in zero interference between sub-carriers and also does not re-
quire inter sub-carrier guard bands. Hence, allowing OFDM system to achieve
high spectral usage. Apart from this, the orthogonality allows for an efficient
modulation/demodulation implementation by using Fast Fourier Transform
(FFT)/IFFT at receiver/transmitter.

The propagation effects are still present in OFDM and cause Inter-Symbol
Interference (ISI) and Inter-Carrier Interference (ICI). Introducing a Cyclic Pre-
fix (CP) with a length greater than the delay spread of the channel can reduce
the impact of the effects of both ISI and ICI [15]. However, in practice, there
are several hardware imperfections like IQ-imbalance, PAR issues, carrier fre-
quency and timing offsets, which effects OFDM systems [16]. Details on tack-
ling some of the mentioned imperfections will be presented in later parts of
the work.

2.1.2. MULTIPLE-INPUT MULTIPLE-OUTPUT (MIMO)

MIMO is a physical layer technique that allows more data to be transferred
within the same available bandwidth [17]. The technique has been incor-
porated into various wireless standards like IEEE 802.11n, LTE-Advanced,
WiMAX, etc., [18], [19]. Products as shown in Fig. 2.4(a) are quite common
nowadays. These MIMO systems allow multiple data streams in different spa-
tial paths simultaneously to improve data-rates compared to a Single-Input
Single-Output (SISO) system.

Transmitting multiple streams simultaneously through wireless channels
would result in mixing of the signals at the receivers. Therefore, additional
signal processing needs to be performed, at either receiver or transmitter or of-
ten at both, to separate the data streams, which is generally termed as MIMO
processing.



2.2. Advent of Massive MIMO 11

MIMO SYSTEM MODEL Fig. 2.4(b) shows a MIMO system with MT transmit
and MR receive antennas. We consider a narrow band channel to simplify
our analysis. Denoting the MR×MT channel transfer matrix by H, the input-
output relation for the MIMO channel is given by

y =
√

PHs + w , (2.1)

where y is the MR×1 received signal vector, s the MT×1 pre-scaled transmit
signal vector, w the additive Independent and Identically Distributed (i.i.d.)
noise vector, and P the total transmit power. The covariance matrix of s,
Rss = E[ssH ], need to satisfy Tr(Rss) = 1 in order to constraint the total
power transmitted.

A mobile receiver equipped with MR antennas receives y, and may require
performing MIMO processing to separate the data-streams. The MIMO pro-
cessing typically involves complex matrix operations like matrix inversion,
QR Decomposition (QRD), Cholesky Decomposition (CD). For battery oper-
ated mobile terminals, optimization at both algorithm and hardware are re-
quired due to the stringent energy constraints. Different techniques to tackle
MIMO processing for MS are presented in the last part of this work.

MIMO CAPACITY The capacity of the MIMO system is given by

C = max
Tr(Rss)=1

log2 det
(

IMR +
P

No
HRssHH

)
bps/Hz. (2.2)

The capacity C is also referred to as the error-free spectral efficiency, or the
data-rate per unit bandwidth that can be sustained reliably over the MIMO
link. For a given bandwidth W Hz, the maximum achievable data-rate over
this bandwidth using the MIMO channel is to scale C with W.

Considering s to be non-preferential, i.e., Rss = IMT /MT, H being an uni-
tary channel and MT = MR = M, results in a capacity

C = M log2

(
1 +

P

No

)
. (2.3)

The above expression for capacity highlights the data-rate gains for MIMO
systems, indicating that increasing M increases the number of parallel data
streams. It is important to note that, the capacity increases linearly with the
number of antennas, but only logarithmically with the power. In the current
wireless standards like LTE-advanced up to M = 8 streams are supported.
These techniques provide high data-rates in the range of 3 Gbps [18], however,
future requirements far-surpass the currently supported 4G data-rates.
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Figure 2.5. Massive MIMO provides huge data-rate improvement over con-
ventional systems. (Artwork from Ove Edfors)

2.2. ADVENT OF MASSIVE MIMO

The high cost and lack of availability of spectrum, and the increasing demand
for data-rates meant that further exploitation of spatial domain is inevitable.
The article “Noncooperative Cellular Wireless with Unlimited Numbers of
Base Station Antennas”, by Thomas L. Marzetta from Bell Labs, pointed out
the possibility of further exploiting spatial domain. Analysis of the effects of
increasing the number of antennas without limit in ideal conditions at the BS
was performed, where it was shown that the effects of additive receive noise
and small-scale fading disappear, as does interference among users [20].

Scaling up MIMO provides higher degrees of freedom in the spatial domain
than existing wireless communication (4G) systems. Conventional MIMO
systems usually have up to 8 antennas, whereas the term “massive MIMO”,
“large-scale MIMO” or “very-large MIMO” are systems equipped with much
larger number of antennas (in 100s) at the BS. Such massive MIMO systems
typically operate in a Multi-User MIMO (MU-MIMO) scenario, wherein a BS
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serves many terminals in the same time-frequency resource. Fig. 2.5 illustrates
the stacking of users in the same time and frequency grid, wherein each user
can use the entire time-frequency resource, resulting in a high spectral effi-
ciency.

Another important distinction is that the multi-path components are ex-
ploited in massive MIMO to improve signal strength at the receiver. This is
possible due to the high spatial resolution and array gains in massive MIMO,
thanks to the large number of antennas at the BS. Moreover, processing efforts
are mostly performed at the BS side, while battery operated mobile terminals
can have low hardware cost and power consumption. One can also think of
such systems as pushing the bulk of baseband computational complexity from
mobile terminals to the BS.

2.2.1. MULTI-USER MASSIVE MIMO SYSTEM MODEL

Consider a massive MIMO BS with M antennas serving K single antenna
users. The downlink signal model for a narrow band system is

y =
√

PH p + w , (2.4)

which is similar to (2.1), except for p, which is a M×1 vector of pre-coded
transmit signals across the antennas. The user symbols s are pre-coded before
transmission and this operation is represented as

p = Ws , (2.5)

where W is the pre-coding matrix with appropriate power scaling. This model
is for a narrow band system, and introducing OFDM modulation will require
an Inverse Discrete Fourier Transform (IDFT) after pre-coding. With OFDM,
several such parallel channels will exist for each sub-carrier. The uplink signal
model is similar to (2.4), with the channel matrix HT , due to the channel
reciprocity. The goal of pre-coding and detection is to separate user data
streams with little or no inter-user interference. Details on different schemes
will be described in latter parts of the work.

Although the very-large MU-MIMO model is similar to a standard MIMO
model, the increased number of BS antennas has several advantages. Things
that were random before, now start to look deterministic. For example, the
distribution of the singular values of the channel matrix approaches a deter-
ministic function [21]. Another observed property is that very wide (or tall)
matrices under certain conditions tend to be well conditioned.

2.2.2. MASSIVE MIMO ADVANTAGES

In this section, some of the advantages of massive MIMO systems are de-
scribed in line with [22]. The benefits are analyzed by allowing the number of
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antennas to grow large, which provides some interesting features and trends.

IMPROVEMENT IN SPECTRAL AND ENERGY EFFICIENCY The capacity in-
crease results from the aggressive spatial multiplexing used in massive MIMO.
The number of spatial streams depend upon the rank of the Gram matrix
HHH . Under ideal conditions, the rank of Gram matrix is equal to the num-
ber of users K. The fundamental principle that makes the dramatic increase in
energy efficiency possible is that with a large number of antennas, energy can
be focused into small regions in space. This is mainly due to the increase in
spatial resolution and the coherent superposition of wavefronts. By shaping
the signals sent out by the antennas, the BS can make sure that the wavefronts
emitted by antennas add up constructively at the locations of users. Interfer-
ence between users can be suppressed even further by using an appropriate
pre-coding scheme.

INEXPENSIVE AND LOW POWER COMPONENTS Massive MIMO reduces
the constraints on accuracy and linearity of each individual amplifier and RF
chain. In a way, massive MIMO relies on the law of large numbers to make
sure that noise, fading, and hardware imperfections average out when signals
from a large number of antennas are combined in the channel.

With massive MIMO, expensive ultra linear (40 W) amplifiers used in con-
ventional systems are replaced by hundreds of low-cost amplifiers with out-
put power in the milliwatt range. Further component cost reduction is possi-
ble by tackling hardware imperfections and constraining transmission signals
by exploiting the large degree-of-freedom e.g., with constant envelope pre-
coding at the BS.

LINEAR PROCESSING PROVIDES CLOSE TO OPTIMAL PERFORMANCE

Under favorable channel conditions, increasing M results in the diagonal el-
ements of the Gram matrix (HHH) becoming more dominant. This in turn,
means that user channels become orthogonal. Inter-user interference vanishes,
and the BS can communicate with the users simultaneously.

For practical systems with a limited number of antennas, the inter-user
interference can still be removed by performing signal processing (pre-coding)
at the BS. The price-to-pay would be that additional radiation power would
be required to explicitly suppress interference. However, such pre-coding
schemes are still linear, and in the case of massive MIMO systems, performs
close to optimal non-linear pre-coding [23].

REDUCTION OF LATENCY The performance of wireless communication sys-
tems can be limited by fading, wherein the signal strength can reduce dras-
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tically. This occurs in multi-path channels where signals on arrival add up
destructively. Fading makes it hard to build low latency wireless links, if the
MS is trapped in a fading dip, it has to wait until the propagation channel
has sufficiently changed until any data can be received. Massive MIMO relies
on the law of large numbers and beamforming to avoid fading dips, so that
fading no longer limits latency.

2.2.3. MASSIVE MIMO CHALLENGES

The advantages of massive MIMO systems are impressive, especially asymp-
totic gains when M increases without bounds. However, for practical systems
with a limited number of antennas at BS (still large compared to traditional
systems), some of the main implementation challenges are listed below.

HARDWARE IMPERFECTIONS The number of RF-chains and analog com-
ponents in massive MIMO is high. Therefore, it is important to lower the
analog component costs. On the one hand, it is expected that massive MIMO
systems can handle imperfections, due to the averaging effects. On the other
hand, for a limited number of antennas in a practical system, there is still a
need to combat these imperfections. In this work, amplifier constraints are
relaxed by performing PAR aware pre-coding, and effects of IQ-imbalance are
studied.

CHANNEL CONDITIONS For analysis of massive MIMO gains, a typical as-
sumption is to consider the channel to be i.i.d. Rayleigh fading. For such
channels increasing M results in the Gram matrix becoming diagonally dom-
inant, leading to an interference free transmission. However, there can be
channel conditions in practical scenarios with a strong correlation between
users [24], e.g., in dense (stadium, shopping mall) scenarios, where a lot of
users are physically close to each other. Furthermore, during peak traffic (rush
hour) the ratio of M and K may not be high. Thus, assuming a diagonal dom-
inance of the Gram matrix may not hold for all channel conditions. When
developing a hardware architecture, the handling of different channel situa-
tions efficiently is important. In this work, one such approach is proposed,
wherein detection is performed adaptively based on channel conditions. The
framework allows only using as much detection complexity as necessary and
therefore saves power.

BASEBAND PROCESSING COST A crucial challenge in massive MIMO is
to perform signal processing operations to efficiently utilize the large antenna
arrays. This inherently requires handling large matrices with dimensions de-
pending on M and K. In addition to handling large matrices, the channel
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matrix may need to be updated frequently, depending on the frequency selec-
tivity of channel and Doppler spread. In this work, the focus is on reducing
down-/up-link MIMO processing computational complexity and its imple-
mentations on different platforms.



3
Digital Hardware Design

The Nobel prize-winning invention of the integrated circuit in 1950’s, revo-
lutionized the electronics industry. No other field in the history of civiliza-
tion has achieved an incredible performance of 55% Compounded Annual
Growth-Rate (CAGR) for such an extended period of time. This trend of ex-
ponential growth was famously observed by Gordon E. Moore and later came
to be known as “Moore’s law” [25]. The growth has impacted all aspects of life
and society, and enabled numerous industries from communication, banking
to space-travel. To get a perspective, a single Google search query performs
more computations than the whole of NASA Apollo (11 years 17 missions)
program [26]. Even comparing to some recent and probably the most famous
supercomputer ever, ”Deep Blue” (11.38 G Floating Point Operations (FLOP)
benchmarked on June-1997), is off no match to today’s off-the-shelf laptop or
smartphone (Single Exynos chip in Samsung S5 delivers 142 GFLOPS).

The field of ICT has been a direct beneficiary of the growth of semiconduc-
tor industry, so much so that today around 35% of semiconductor sales are
in the ICT sector. This impact has been in all aspects of ICT industry, from
the digitalization of switches to advanced communication schemes. The de-
mand for higher performance and spectral efficiency combined with shrink-
ing of transistor size and cost has led to implementation of communication
schemes/algorithms which were deemed too expensive a decade earlier.

As mentioned previously in the introduction, this work mainly focuses on
hardware trade-offs involved in the implementation of future wireless com-
munication systems. Before dealing with implementation details in coming
chapters, a brief introduction of hardware platforms and various optimiza-
tions involved during hardware implementation are explained.

17



18 Digital Hardware Design
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Figure 3.1. Design features for various hardware platforms.

3.1. HARDWARE PLATFORMS

Semiconductor industry growth is backed up by research and development
in all aspects of silicon chip design. The industry is constantly evolving into
different branches/variety of chips, which can be broadly classified as pro-
grammable processors, reconfigurable architectures and Application-Specific
Integrated Circuits (ASICs) as shown in Fig. 3.1. The programmable devices
include general purpose processors (e.g., Intel i7), microcontrollers (e.g., PIC-
18f) and some domain specific processors like Digital Signal Processors (DSPs)
(e.g., Ti C66), Graphics Processing Units (GPUs) (e.g., Nvidia GTX). The re-
configurable architectures differ from the programmable processors by ex-
posing both data and control paths to the user and are configurable in hard-
ware. Field-Programmable Gate Arrays (FPGAs) are one the most powerful
and well-known examples of this architecture, but not limited to it. There
are other products like Complex Programmable Logic Device (CPLD) and
Programmable Array Logic (PAL) used for low-cost products. Application-
Specific Instruction-set Processors (ASIPs) are highly optimized processors
with customized data-paths with a limited degree of reconfiguration, offer-
ing programmability with small instruction sets. They are often assisted by a
smaller scalar processor used to control the data-flow paths and scheduling.
The performance of ASIPs is usually better than FPGAs in the domain of in-
terest, due to limited overhead in data and control paths. ASICs are the most
efficient hardware platform, mainly due to full customization of data-paths,
scheduling and computational blocks. This makes the flexibility of ASICs
quite limited. The selection of a particular hardware platform depends upon
different design space aspects which are briefly described in the next section.
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3.2. HARDWARE DESIGN ASPECTS

Power, performance, and cost are three major and highly dependent aspects
of hardware design. It is desirable to achieve low power, low-cost, and high-
performance devices, but unfortunately, these aspects do not accompany each
other. Fortunately, shrinking of transistors and corresponding improvements
in switching speed assists in lowering cost and improving performance. How-
ever, power consumption, especially static (leakage) power is becoming more
dominant with shrinking technology. Also, the power density of chips in-
creases dramatically, requiring advanced and expensive cooling systems.

Total power consumption of CMOS consists of two components, dynamic
power (Pdyn) and static power (Pstat), and is expressed as

Ptotal = Pdyn + Pstat. (3.1)

The dynamic power consumption (proportional to clock frequency) orig-
inates from different sources, of which the dominant is charging and dis-
charging of internal and load capacitances. Other components are dynamic
hazards caused by glitches and short-circuit currents. In this work, only the
main component of dynamic power is considered and expressed as

Pdyn = αCLV2
DD f , (3.2)

where α is circuit switching activity, CL represents total capacitance, VDD sup-
ply voltage and f operating clock frequency [27].

Traditionally dynamic power has dominated the power budget, but lately
with scaling technology static power is also becoming important. The static
power is in general defined as

Pstat = IOFFVDD , (3.3)

where IOFF is static current, consisting of sub-threshold drain-source leakage,
gate leakage, and junction leakage. Among these three leakage sources, the
sub-threshold leakage plays the most important role, with an exponential in-
crease in leakage current when the threshold lowers [27].

In addition to the three main design parameters, power, performance, and
cost, there are two more important hardware design aspects, which are flexi-
bility and design time (time to market). Flexibility was mentioned as part of
the design platforms in the previous section. The time to market is sometimes
closely coupled with flexibility and is a crucial aspect in the industry. Also,
implementing simpler algorithms (may impact performance), architectures
which are easy to verify, etc., are efforts helping to shorten time to market.
In the next section more details of such trade-offs are discussed by describing
a generic hardware design optimization flow.
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Figure 3.2. Hardware design trade-off [27].

3.3. DESIGN OPTIMIZATION

Fig. 3.2 shows the different stages, or stacks, involved in a hardware design
flow. The optimization impact is higher at the higher stack levels, however, it
should be noted that none of the stacks are independent from the other. The
knowledge of lower level stacks like transistor speed, leakage power, has to
be propagated to higher stacks, and unlike a top-down strategy a “meet-in-
middle” strategy is often employed in modern design flow.

3.3.1. SYSTEM/APPLICATION

The choice of performance requirements, design costs, and its impact on the
application or end-users is a crucial aspect of hardware design. For some
scenarios these requirements may be rigid and quite critical, e.g., control cir-
cuits in nuclear reactors, cryptography for banking. However, the choice of
requirements is quite flexible for numerous mass products such as music play-
ers and smartphones. Targeting a very high precision music quality may be
desirable, however, it may not be noticed by end-user as much as the cost and
battery-life. Therefore, the choices of requirements and trade-offs need not be
some technical numbers, but rather involve more complex intuition and end-
user real-life experiences. Therefore, this stack sets the requirements based on
multitude of choices and has a high impact in the design space.

3.3.2. ALGORITHM MAPPING

Algorithm mapping involves selection of algorithm and corresponding map-
ping to a hardware platform. Trading performance and the choice of algo-
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rithms is probably the most well-known aspect of hardware implementation.
This involves various features such as design time, complexity, arithmetic and
data operations involved, fixed point performance. Typically complexity of
an algorithm in terms of FLOPs is proportional to hardware cost. However,
there can be scenarios where an algorithm with low complexity has higher
cost due to excessive data shuffling [28], division/square-root operations etc.
Therefore, choice of the algorithm requires information from lower stacks as
well, and drawing general conclusions on trade-offs are difficult.

Fixed point word-length optimization is another important aspect of algo-
rithm mapping. Typically, microprocessors opt for floating point representa-
tion due to the high dynamic range required to support various applications.
Reconfigurable hardware like FPGAs and some of the ASIPs support both
floating-point and fixed-point. ASICs, on the other hand, are tuned for a spe-
cific application with known dynamic range, making fixed point implementa-
tions a natural choice. Lowering word-length can reduce critical paths, storage
requirements, and hardware cost at the price of reduced accuracy. Therefore,
the word-length should be long enough to give the necessary accuracy, but
not longer.

3.3.3. MICRO-ARCHITECTURE

Optimization techniques become more independent of the application or al-
gorithm when moving down the stack as shown in Fig. 3.2. At the architec-
tural level, various circuit transformation and optimization techniques can be
employed to trade between hardware cost, power consumption, and perfor-
mance. Some of these techniques are used in this thesis, as briefly explained
in the following.

TIME MULTIPLEXING Hardware re-use, or resource sharing, and time multi-
plexing are similar methods used to share hardware among several functional
blocks to lower area cost. The sharing of resources typically requires a con-
troller, additional muxes in data-paths and some storage. Also, depending
upon the utilization factor of the modules, a higher clock frequency may be
required to maintain the same throughput. An example is shown in Fig. 3.3,
where f1 and f2 blocks are merged, and to maintain the same throughput the
merged block may need to run at a higher clock frequency.

Although the total number of transistors are lowered, the operating clock
frequency is higher and the possibility of scaling down supply voltage is
reduced. Therefore, the total power consumption remains the same or in-
creases if the design is dominated by dynamic power. For such designs
optimization for power/energy would be to perform the opposite of time-
multiplexing known as parallelism, albeit at a higher area cost. On the con-
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Figure 3.4. Pipelining, increase throughput at cost of latency.

trary, leakage dominant design operating on low clock frequencies gain by
time-multiplexing due to lower leakage currents and still have a possibility to
scale down supply voltage.

PIPELINING Pipelining is an important technique, wherein improvement in
throughput is achieved at the cost of latency by inserting extra registers be-
tween logic as shown in Fig. 3.4. The area overhead of pipelining is much
smaller than parallelism, mainly consisting of pipeline registers compared to
replicating the design. The reduction in critical path can also be leveraged to
scale supply voltage to lower power.

Pipelining at architecture level can also be at a higher functional or task
level, using memories or FIFOs as pipeline stages. The main objective of such
pipelining is to improve the utilization of hardware blocks, and are usually
called a coarse pipeline. This is important in OFDM based wireless appli-
cations, where computations have to be performed repetitively across sub-
carriers.

On the other hand, fine grain pipelining or circuit level pipelining is used to
shorten the critical path. In some cases the best position for a pipeline register
is inside a multiplier (or adder) and inserting registers manually is difficult. In
such cases modern synthesis tools are able to perform circuit retiming, where
the pipeline register are moved to balance the timing paths in a design.
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FOLDING/UNFOLDING Fig. 3.5 illustrates the folding and unfolding of an
algorithm implementation. This mainly involves loop transformations such
as loop unrolling and loop pipelining/retiming. The transformation can also
make use of algebraic properties like associativity, distributivity, and com-
mutativity. Design exploration using transformation is quite cumbersome,
especially when using Hardware Description Language (HDL). However, the
field of High-Level Synthesis (HLS) has created some major breakthrough in
this area, especially in the signal processing domain. Providing constraint
in HLS can easily fold/unfold loops and pipeline unrolled loops based on
throughput requirements. Details on HLS-based design flow is described in
Appendix-A.

CLOCK GATING Clock gating is a low power technique, which does not
impact throughput, and is important to be considered during architecture
development. Functionality or task-based clock gating has a bigger impact
on reducing power since the controller knows the utilization or schedule of
the blocks. For some scenarios it is hard to know the behavior of the blocks,
hence local clock gating is required as shown in Fig. 3.6. In general, it is more
efficient to group modules that are idle simultaneously for clock gating. There
is no doubt that clock gating is a truly effective means of reducing dynamic
power, ranging from 20%-60% reduction [29]. The area cost for global clock
gating is minimal, and there is no excuse for not using it in modern digital
designs.
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3.3.4. CIRCUIT AND LOGIC

This stage of optimization is one level above the actual physical device, and it
mainly involves parameters like supply voltage, threshold, device sizing, logic
family. Some of these parameters are continuous parameters and give rise to
a continuous optimization space curves. Discrete parameters like logic fam-
ily or cell libraries result in a set of points in the optimization space. In this
work, many of the parameters like cell libraries, logic families, transistor siz-
ing, stacking are kept to default or adhere to standard digital ASIC flow. For
example, the synthesis tool picks the correct multiplier topology based on the
timing constraint. Similarly, gate drive strengths are dependent on the timing
and power constraints provided to the tool. Some of these techniques are spe-
cific for ASIC flow (body-bias) but not limited to it, e.g., voltage scaling can be
used in FPGAs and microprocessors but are dependent on vendors providing
these options. The main parameters used in this work for optimization in this
stage are described in the following.

VOLTAGE SCALING A highly effective way of exploiting performance and
power trade-off is to opt for both voltage and frequency scaling. Voltage scal-
ing provides a quadratic factor reduction in power consumption (3.2). There-
fore, choosing a minimum operating point with required frequency is im-
portant to keep the average energy per operation low and still meet all the
performance needs. Well known techniques like Dynamic Voltage Frequency
Scaling (DVFS) perform such optimization at run-time. In this work (ASIC
implementations), support for such optimization is provided and also mea-
sured, but the additional infrastructure (voltage sources, software framework,
etc.) are not part of the implementation.

BODY-BIASING Typically transistors have a fourth terminal (in addition to
gate, source, and drain), which can be used to influence the threshold volt-
age. Increasing of the threshold voltage, known as Reverse Body Biasing
(RBB), reduces leakage current exponentially at the cost of lower operational
frequency. On the other hand, Forward Body Biasing (FBB) lowers threshold
voltage resulting in higher operating frequency. Dynamic Body-Biasing (DBB)
introduced in [30], performs both FBB and RBB for active and standby modes,
respectively.

Although this looks attractive at first glance, there are some overheads,
mainly consisting of bias voltage generators (independent of process, temper-
ature, voltage variations) and the distribution network. In [31] the total area
overhead of all the bias units and the wiring turned out to be approximately
8%. In modern technologies, body-bias is quintessential to compensate for
process/threshold variations. In this work, body-biasing is performed with



3.3. Design Optimization 25

external voltage generators and is mainly used as a fine-tuning knob to han-
dle process variations and performance-power trade-offs.

3.3.5. DEVICE

The lowest stack in the optimization mainly deals with the actual physical
components. The choices involved are device platforms, technology nodes,
type of devices (FDSOI or Bulk), transistor thresholds, cost, etc. These choices
propagate up the optimization stack to make architectural decisions. In this
work, Xilinx Kintex-7 FPGA’s, ST-65 nm bulk technology, and ST-28 nm FD-
SOI is used for implementations.

TRANSISTOR OPTIONS The transistors in a design kit or technology usually
come in various flavors, mainly consisting of different physical parameters
like size, doping levels (threshold level), gate-oxide thickness etc. Transistor
size supported in digital design kits are usually a set of fixed lengths greater
than or equal than the minimum channel length. Selecting a larger transistor
than offered by technology may look sub-optimal at first glance, but it is a
important option for reducing leakage and improving reliability while stay-
ing in the same technology. This can be cost effective for an organization,
which can have licensing of the same technology node and cater for different
applications.

Another important option available in the design kit is the different thresh-
old levels. For example, ST-65 nm CMOS technology provides three options,
high-VTH , standard-VTH and low-VTH . As discussed earlier, the threshold
level impacts maximum operational frequency as well as leakage current. The
choice of transistor threshold type is an effective device level design param-
eter since there is no overhead in area, level conversions, and bias voltage
generators. Moreover, multiple thresholds helps in reducing leakage by up to
50% without impacting timing [27]. The real burden is pushed to the man-
ufacturing process, and also the challenge of optimal technology mapping.
In this work, single threshold transistors are opted for according to design
requirements, and when not mentioned explicitly high-VTH with minimum
length transistors of the corresponding technology is used. Details specific to
ST-28 nm FD-SOI technology and the choice of transistor types is provided in
Appendix-B.
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4
Pre-coding Techniques

The assumption of an unlimited number of BS antennas greatly simplifies the
theoretical analysis of massive MIMO systems [20]. However, it is obvious that
in a practical system the number of antennas cannot be arbitrarily large due
to factors such as physical area, cost, and power constraints. The theoretical
analysis in [20], assumes that inner products between propagation vectors of
different users grow at a slower rate than inner products of the propagation
vectors with themselves when the number of antennas grows, i.e., the user
channels are asymptotically orthogonal. In [32], measurements in a realistic
propagation environment for large antenna arrays at a BS (up to 128 antennas
at the BS and 26 different single antenna users) were performed. It was shown
that it is possible to separate single user channels. Furthermore, in [23], res-
idential area measurements were performed, showing linear pre-coding sum
rates of up to 98% of those achieved by Dirty Paper Coding (DPC), for BS to
MS antenna ratios as low as 10.

Although there is a clear benefit of scaling up the number of BS antennas,
including a near-optimal linear pre-coding, the hardware cost and signal pro-
cessing complexity can still be high. Employing linear pre-coding such as
Zero-Forcing (ZF) requires inverting a K×K matrix, where K is the number of
single antenna MSs. In addition to large matrices, the pre-coding matrix may
need to be updated frequently, based on the Doppler spread of the channels.
Therefore, simultaneously delivering high throughput, accuracy, and flexibil-
ity to support different MIMO configurations with reasonable cost requires
optimization at both algorithm and hardware level. The various optimiza-
tion strategies are described in subsequent chapters. This chapter introduces
pre-coding techniques and hardware implementation challenges.

29
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4.1. PRE-CODING IN MASSIVE MIMO

In line with the system model described earlier in chapter 2.2.1, the downlink
signal model for a narrow band system is

y =
√

PH p + w . (4.1)

The key idea here is to transmit signals which propagates through the channel
and constructively adds up at the users. For favorable channels the users can
be spatially separated to create parallel data streams. Compared to a simple
broadcasting, the high spatial multiplexing gains require additional process-
ing. In general linear pre-coding can be seen as a domain transformation,
where K×1 user symbols (s) are mapped to M×1 pre-coded transmit vector
(p) as

p = fprecode(HK×M, s, SNR, hardware constraints)

such that E[pH p] ≤ 1

s = H p .

(4.2)

The expression is an informal representation of pre-coding, since there exists
many arbitrary solutions. Typically, the pre-coding schemes target reduction
of inter-user interference, improve power efficiency, array gain, etc. The hard-
ware constraints for pre-coding in (4.2) can be various factors such as maxi-
mum possible signal amplitude, hardware impairments, PAR limitations. Lin-
ear pre-coding schemes depend on channel matrix and Signal-to-Noise Ratio
(SNR), and are described in the following:

MF PRE-CODING SCHEME A Matched Filter (MF) linear pre-coding, also
known as Maximum-Ratio Transmission (MRT) or Hermitian pre-coding, is a
simple low complexity pre-coder given as

WMF = H H . (4.3)

Therefore, the pre-coding can be performed in a distributed way, with a very
small hardware cost. Although MF is a low complexity scheme, to attain
certain performance levels would require a lot more antennas at BS than other
schemes like ZF [33].

ZF PRE-CODING SCHEME Zero-Forcing linear pre-coding transmits user
signals towards the intended user with nulls steered in the position of other
users as illustrated in Fig. 4.1. The ZF pre-coder is given as

WZF = H† , (4.4)
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where H† = HH(HHH)−1 is the pseudo-inverse of the channel matrix. Per-
fect Channel State Information (CSI) at the transmitter, full rank of H , and
nulling makes this scheme interference free. The sum rate expression for ZF
is described in [23], wherein sum-rates can be maximized by performing op-
timal power allocation. However, in this work, a fair power allocation is per-
formed such that all users more or less have the same performance (SNRs).
As the number of BS antennas M increases, H tends to have nearly orthogonal
columns as the terminals are not correlated due to their physical separation.
This often results in performance of ZF pre-coding being close to that of op-
timal DPC pre-coding. However, ZF pre-coding requires computation of the
pseudo-inverse (in (4.4)), which requires the hardware expensive inversion of
a K ×K matrix.

Figure 4.1. Relative field strength around terminals in a scattering environ-
ment for MF and ZF pre-coding. The left image is pseudo-color
plots of average field strengths, with target user positions at the
center (⋆), and four other users nearby (◦). Right plot is aver-
age field strengths as surface plots. (Artwork from Ove Edfors), c© 2014 IEEE.

Reprinted, with permission, from [10].
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MMSE PRE-CODING SCHEME Minimum Mean Square Error (MMSE) pre-
coding can trade interference reduction for signal power inefficiency. The
MMSE pre-coder is given as

WMMSE = H H

(
H HH +

IK

ρ

)−1

, (4.5)

where ρ is the Signal-to-Noise Ratio (SNR) at the MS. At low SNRs, the MMSE
approaches MF pre-coder and at high SNRs, it approaches the ZF pre-coder.
In hardware, the implementation of MMSE is similar to that of ZF pre-coder.
In this work, although ZF pre-coders are implemented, it can be modified to
perform MMSE with minimal architectural changes.

4.2. HARDWARE DESIGN ASPECTS FOR PRE-CODING

As mentioned earlier, operating on large matrices in a limited time frame is an
implementation challenge. In addition to latency issues, it is also important to
keep the hardware cost and system-bus bandwidth requirements low. In the
next sub-section, first the computational complexity for different pre-coding
strategies are analyzed, which is followed by system-bus communication over-
head.

4.2.1. COMPUTATIONAL COMPLEXITY

The attractiveness of MF is that it can be performed in a distributed fashion,
independently of each antenna unit, as shown in Fig. 4.2. While ZF requires
a centralized processing, it reaches the same performance levels as MF with a
lot lower number of antennas. An order of magnitude reduction in the num-
ber of RF-chains is quite significant, and a BS capable of performing ZF can
always switch to MF. Therefore, the focus of this work is on ZF. The computa-
tional complexity and system-bus requirements of ZF pre-coding vary based
on the chosen architectural strategies. These strategies, in turn, translate to
different hardware costs and hence is important to analyze. The key idea is
that ZF (and MMSE) which requires a pseudo inverse, can be performed either
by inverting matrices or by solving a system of linear equations or merging
both (Hybrid) approaches. Table 4.1 shows the computational complexity for
different approaches and are described in the following:

EXPLICIT ZF Explicit computation basically generates the pseudo inverse of
the channel matrix, which includes all three steps, i.e., Gram matrix genera-
tion, matrix inversion, and matrix multiplication. After explicitly computing
the pseudo inverse (H†), a matrix-vector multiplication is performed with the
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user data. At a first glance, explicit ZF seems to have the highest complexity.
However, when the channel coherence bandwidth/time is large, the rate of
computing matrix pseudo-inverse lowers, since the computed pseudo-inverse
can be reused over frequency and time.

IMPLICIT ZF In the case of implicit ZF pre-coding, no matrix inversions are
performed. Basically, the pre-coding vector is computed by solving linear
equations using iterative methods. The complexity depends on the conver-
gence of the iterative method. At a first glance, this approach may look more
favorable than explicit ZF in terms of complexity. However, the factor b in
Table 4.1 is typically greater than 2, and more importantly, implicit ZF can not
exploit the channel coherence bandwidth and coherence time. This is due to
the fact that, every realization of user data requires solving a new set of linear
equations.

Central processing unit
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Point-to-point bus

Implicit or Explicit 
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RF-chain

(a) Fully central, implicit or explicit ZF.
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(b) Partially distributed, Hybrid-1 or Hybrid-2 ZF.

Figure 4.2. ZF pre-coding architecture/schemes.
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Table 4.1. Complexity for different pre-coding approaches.

per-channel realization per-user data

Gram Matrix
Generation

Gram Matrix
Inversion

Pseudo Inverse
Generation

Matrix vector
operation

Matched Filtering - - - MK

Z
F/

M
M

SE

Explicit 1
2 MK2 aK3 * MK2 MK

Hybrid-1 1
2 MK2 aK3 - K2 + MK

Hybrid-2 1
2 MK2 - - bK2 + MK **

Implicit - - - bMK

* a is constant depending on inversion algorithm.
** b is constant depending on iterative methods.

HYBRID ZF SCHEMES An alternative approach would be to merge explicit
and implicit pre-coding. In addition, the hybrid ZF schemes exploit the chan-
nel coherence bandwidth/time to lower computational complexity. In both of
the hybrid methods, Gram matrix (Z = H HH) is computed explicitly. How-
ever, matrix inversion is performed explicitly only in the Hybrid-1 scheme,
where the value of a in Table 4.1 depends on the inversion algorithm. Hence,
an additional term is added to the vector operations, which relates to the
user data vector multiplied with the inverse of Gram matrix. The Hybrid-2
approach avoids explicit inversion and instead opts for iterative methods.

Complexity of the different schemes depends on M, K, and the rate of
change of the channel matrix with respect to user-data. In OFDM based sys-
tems the channel matrix can be assumed to be constant over a certain number
of sub-carriers and symbols, depending on the scenario. This makes it hard to
generalize the selection of any particular scheme. In this thesis, the algorithms
are generic, however, some of the implementations have requirements derived
from the LuMaMi frame-structure [34]. Consider a system with M = 128 BS
antennas serving K = 8 users. The OFDM frame-structure of the testbed as-
sumes the channel matrix to remain same over 5 OFDM symbols and over K
sub-carriers. For such a system, the Hybrid-1 strategy can exploit the coher-
ence time/bandwidth of the channel efficiently, and in turn lower the com-
plexity. In addition to lower complexity, the Hybrid-1 strategy has another
important advantage in terms lowering system-bus communication overhead
as described in the next sub-section.

4.2.2. SYSTEM BUS COMMUNICATION OVERHEAD

In massive MIMO, data transfer between the large number of RF-chains in-
evitably exerts a huge strain on the system bus. Lowering the system bus
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Table 4.2. System-bus overhead for different architectures.

Data Transfer
[num. of samples] +

Broadcast

Matched Filtering γdK Yes

Z
F/

M
M

SE

Explicit γh MK + γdM No

Hybrid-1 γh MK + γdK Yes

Hybrid-2 γh MK + γdK Yes

Implicit γh MK + γdM No

+ γh - channel estimation rate, γd is user vector transmis-
sion rate, and γd > γh.

requirements is challenging, especially considering the large channel matri-
ces and data which needs to be transferred to a centralized processing unit.
In case of MF, system-bus bandwidth requirements are much lower, since
the user data is broadcast to all the remote RF-chains which perform pre-
coding locally, as shown in Fig. 4.2(b). The remote units are integrated with
the RF-chains, and are capable of performing vector-dot product operation
and channel estimation. In case of ZF, the channel estimates from the remote
units need to be transferred to a central processing unit. The user symbols
or data-vector to be transferred depend on the pre-coding strategy, as shown
in Table 4.2. For both of the hybrid schemes (HH H)−1s is first performed
centrally. The resulting vector (s̃) is then broadcasted to remote units. Where
a multiplication with (HH) is performed, similar to MF. Hence, these hybrid
schemes have a lower system bus bandwidth requirement compared to the
other ZF architecture/strategies.

As an example, consider a system with M = 128, K = 8, and a channel co-
herence time Tch = 1 ms (pedestrian model). The rate of channel estimation is
around γh = 1/Tch, and if the data rates to each user is γd = 106 symbols per
sec (if 16-QAM, leads to a moderate 4 Mbps/user). The bandwidth require-
ment on the system-bus for MF is around 8 MSamples/sec, whereas in case
of ZF opting implicit or explicit strategy requires 129 MSamples/sec. How-
ever, by using Hybrid schemes, which utilize the same broadcasting mech-
anism as MF, the bandwidth requirement on the system-bus is lowered to
9 MSamples/sec. This highlights the importance of architecture/algorithm
selection, which has to encompass many of the system level aspects.

4.2.3. LATENCY REQUIREMENTS

A LTE-A OFDM based frame-structure is a reasonable assumption for initial
development before a standard is established. The frame-structure for the
LuMaMi testbed is shown in Fig. 4.3. The frame-structure is a bit more re-
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Figure 4.3. OFDM frame structure for LuMaMi massive MIMO testbed.

laxed than the LTE-A standard, especially when considering the two guard
frames in a sub-frame. Also, there is in an assumption that the channel re-
mains almost constant over Nint=10 sub-carriers and over 5 OFDM symbols.
These simplifications are valid since massive MIMO deployments would be in
dense urban areas (shopping malls, stadiums) with pedestrian users, provide
internet to homes in rural area, etc. However, the frame-structure is not lim-
ited to slow moving MSs, practical experiments have shown that it can easily
support MSs with speeds of around 70 km/h.

The simplification in the frame-structure aids in lowering the necessary
number of matrix operations, and also lowers the throughput requirements.
For a 20 MHz bandwidth 128×8 massive MIMO system, 120 channel inver-
sions and 1200 user data-vectors need to be pre-coded in less than 150 µs. In
the testbed, due to the communication overhead, there are 8 instances of pre-
coder each handling 150 sub-carriers. Thus, the challenge is to design highly
tuned (not over designed) hardware architectures handling large matrices and
strict timing deadlines. Furthermore, design time, reconfigurability, and scal-
ability, are also desirable hardware traits for the future (i.e., as and when the
standards mature).



5
Algorithms and Implementation

This chapter describes different algorithms and hardware optimizations for
massive MIMO pre-coders, in particular focusing on matrix inversion. It is di-
vided into three sections based on the targeted hardware platforms. The first
section covers a FPGA implementation using a novel Neumann series based
low-computational complexity pre-coding. The aim of this design was to im-
plement a rapid prototype of matrix inversion accelerator for the LuMaMi
testbed. The second section covers a much more elaborate and highly op-
timized ASIC implementation. A new modified QR Decomposition (QRD)
is used for pre-coding, which lowers the inversion complexity with negligi-
ble performance impact and, in turn, provides high hardware efficiency. The
third section provides details of the mapping of a Modified Gram-Schmidt
(MGS) based QRD on a reconfigurable vector processor. This, unlike the pre-
vious two designs, provides a more software-centric solution with a potential
for almost ASIC like performance.

5.1. FPGA PROTOTYPING BASED ON NEUMANN SERIES

The section on massive MIMO pre-coding in [35], briefly introduced an idea
for a low-complexity matrix inversion approach based on Neumann Series
(NS). This was further analyzed for pre-coding in [36], followed by many
other investigations for both detection and pre-coding in [37–40].

The key idea for reducing pre-coding computational complexity is to ex-
ploit certain special properties occurring in massive MIMO systems. Although
the massive MU-MIMO model is similar to a standard MIMO model, the in-
creased number of BS antennas has several consequences. Things that were
random before, now start to look deterministic. For example, with increasing
BS antennas, the Gram matrix H HH/M, asymptotically tends to a diagonal

37
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matrix for certain ”nice enough” channel conditions. This diagonal domi-
nance of the Gram matrix is exploited during matrix inversion by employing
NS, which in turn results in simpler hardware.

5.1.1. NEUMANN SERIES IN MASSIVE MIMO

In massive MIMO, as the number of antennas at BS (M) and single antenna
users (K) increases, the eigenvalues of the Gram matrix Z = HH H converges
to a fixed deterministic distribution, known as the Marchenko-Pastur distribu-
tion [21]. This can be utilized to lower the computational complexity of Gram
matrix inversion. Following the analysis in [35], the largest and the smallest
eigenvalues of Z converge to

λmax(Z) −→
(

1 +
1√

β

)2

, λmin(Z) −→
(

1 − 1√
β

)2

,

where (β = M/K), as M and K grows to infinity. Simple scaling and rear-
rangement leads to an interesting property about the distribution of eigenval-
ues. Eigenvalues are important, as they give an insight on the convergence of
the Neumann series. The faster the convergence of Neumann series the lower
the computational complexity to reach a certain inversion accuracy. The arith-

metic operations are in line with [35], wherein Z is scaled with a factor
(

β
1+β

)
,

and the eigenvalues are found in the region

λmax

(
β

1 + β
Z

)
−→
(

1 + 2

√
β

1 + β

)
,

λmin

(
β

1 + β
Z

)
−→
(

1 − 2

√
β

1 + β

)
. (5.1)

Hence, the eigenvalues of IK − β/(1 + β)Z = IK − Z/(M + K) lie in the
range [−2

√
β/(1 + β), 2

√
β/(1 + β)], where IK is an K × K identity matrix.

By asymptotically increasing β, the eigenvalues of IK − Z/(M + K) lie in the
range

lim
β→+∞

[(
−2

√
β

1 + β

)
,

(
2

√
β

1 + β

)]
−→ [−0, 0] . (5.2)

Therefore, as β grows, the faster is the convergence of

lim
n→∞

(
IK − 1

M + K
Z

)n

≃ 0K . (5.3)
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It is known that if a matrix satisfies (5.3), its inverse can be expressed by
Neumann series [41] as

Z−1 ≈ δ

M + K

L

∑
n=0

(
IK − δ

M + K
Z

)n

, (5.4)

with equality when L grows to infinity, and δ < 1 is an attenuation factor
introduced, since for finite M and K the eigenvalues of channel realizations
may lie outside the range specified in (5.1). For a feasible implementation of
a matrix inversion using Neumann series the number of iterations (L) needs
to be finite and small.

The inverse of Z is approximated by a summation of powers of a matrix (or
matrix multiplications) (5.4), which has a complexity order O((L − 1) · K3).
Although the computational complexity can be equal or higher (depending
on L) than computing the exact inverse, performing matrix inversion using
matrix multiplications are simpler to implement in hardware.

The convergence of (5.3) is based on the fact that the eigenvalues lie in the
range given by (5.1) as M and K grows asymptotically. However, for practical
systems with finite M and K the eigenvalues may lie outside this range. In
addition to what is described in [35], we introduce one modification of the
Neumann series inversion. It is based on the fact that the closer the eigenval-
ues of the inner matrix are to zero, the faster the convergence of the series in
(5.4). The modification is described as follows. The scalar multiplication by
δ/(M + K) in (5.4) can be represented as a diagonal (inverse) matrix

X−1
MP =

δ

M + K
IK.

Using this notation, (5.4) is rewritten as

Z−1 ≈
L

∑
n=0

(
IK − X−1

MPZ
)n

X−1
MP , (5.5)

and the accuracy of the approximation, for a given number of terms (L), de-
pend on the size of the eigenvalues of (I − X−1

MPZ). The smaller their magni-
tude, the faster the convergence. Thus, the goal is to pre-condition Z so that
it will lead to a fast convergence for a finite M and K system.

Now, assume that we want to pre-condition with a diagonal matrix Xd,
with non-zero diagonal entries. In principle, we would like to calculate the
eigenvalues of (I − X−1

d Z) and optimize Xd so that the magnitudes of the
eigenvalues are as small as possible. This, however, is a complex and non-
trivial task. Therefore, the Gershgorin’s circle theorem [42] is used to derive an
upper bound of the magnitude of the eigenvalues. Keeping this bound small,
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by selecting Xd, will also guarantee that the magnitude of the eigenvalues
are small. This derivation of the Xd assumes that the Hermitian matrix Z is
diagonally dominant, meaning that the magnitudes of the diagonal elements
zii are larger than the sum of the magnitude of the off-diagonal elements in
the same row, zij, i 6= j, namely that |zii| > ∑i 6=j |zij|. The largest magnitude

of any eigenvalue of (I − X−1
d Z) is upper bounded by

max
i

|λi| ≤ max
i

(
|1 − zii

xi
|+

∑
i 6=j

|zij|

xi

)
, (5.6)

and under the condition of a diagonally dominant Z, the smallest upper
bound is obtained if xi = zii. For this selection of Xd we also have that
max

i
|λi| < 1, which guarantees convergence of the Neumann series. Hence,

the final approximation of the inverse of a diagonally dominant Z is by using
a pre-conditioning matrix Xd = diag(z11, z22, ...., zkk), and the inverse can be
expressed using Neumann series as

Z−1 ≈
L

∑
n=0

(
IK − X−1

d Z
)n

X−1
d . (5.7)

A fast (or accelerated) way to compute the series (5.4) and (5.7), up to L =
2P − 1 terms, where P is an integer, is to use the identity

Z−1 ≈
L

∑
n=0

(
IK − X−1

d Z
)n

X−1
d =

( P−1

∏
n=0

(I + (I − X−1
d Z)2n

)

)
X−1

d , (5.8)

which leads to a numerical complexity proportional to the logarithm of the
number or terms in the truncated series. In terms of number of matrix mul-
tiplications, the brute force computation of the inverse using (5.7) (or (5.4))
would require L − 1 matrix multiplications, whereas computation using (5.8)
would require only 2(P − 1) matrix multiplications, where P = log2(L + 1).
This acceleration methods although very promising is only beneficial if L > 3.

In [43], a method to solve linear systems using Operator Perturbation Tech-
nique (OPT) is described. It can be shown that this method is essentially the
same as Neumann series, and the proposed acceleration can be applied to
OPT for an exponential convergence. In [44], another method to accelerate
OPT is developed, which could be merged with these techniques. In [37], we
proposed an improvement in convergence, which was achieved by using a
tri-diagonal matrix (X t) as an initial matrix. Although, not as trivial as invert-
ing a diagonal matrix, employing a tri-diagonal initial matrix leads to fewer
iterations and in turn reduced complexity. Moreover, inverting a tri-diagonal
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Table 5.1. Kintex-7 FPGA results for 100×10 massive MIMO pre-coder based
on Neumann series.

FPGA Resource Num. of
instances

Utilization
Percent.

DSP48 216 14%
BRAM 181 22%

Slice Register 28 k 5%
LUT 53 k 20%

Operation Clock
Cycles

Latency at
150 MHz

Gram Matrix 360 2.4 µs

NS Inverse 330 2.2 µs
Matrix-vector
multiplication

110 0.73 µs

matrix could be performed in a streaming hardware friendly data-flow archi-
tecture. However, the common issue with the approximative inversions (NS)
still prevails, i.e., the accuracy depends on the convergence (5.8) with itera-
tions (P). Therefore, it is important to have a trade-off between complexity
and the accuracy of the approximation.

5.1.2. PERFORMANCE OF NEUMANN SERIES

Fig. 5.1 shows the Bit Error Rate (BER) performance for different MIMO con-
figurations. NS performance is not as good as exact ZF when the ratio of BS
to MS antennas (β = 2) is small. However, for massive MIMO it is expected
that a large number of BS antennas serves a few single antenna users. Thus,
the ratio of operation is expected to be around or greater than 8, in which case
the performance of NS gets very close to the exact ZF.

5.1.3. NEUMANN SERIES BASED PRE-CODING IMPLEMENTATION

The pre-coder implementation is targeted for Xilinx R©Kintex-7TM FPGA used
in the LuMaMi testbed. The design used Vivado R©- HLS flow with source
code written in C/C++. The main target of the implementation was to meet
the timing requirements (Fig. 4.3) of the frame-structure described in the pre-
vious chapter. Also, it was expected to be rapid prototyping for the testbed
to evaluate or perform initial studies, before the development of pre-coder in
National Instruments R©LabViewTM. This requirement for rapid prototyping
goes along with Neumann series, since it has a simple data-flow and design-
ing matrix multiplication units are trivial in hardware, especially when using
HLS (see Appendix-A).

The hardware architecture shown in Fig. 5.2, is highly pipelined to perform
operations across sub-carriers. The external interface module handles the pro-
tocol to integrate the pre-coder to the LuMaMi testbed (LabView) interface.
The channel First-In First-Out (FIFO), buffers the channel matrix (H) which
arrives in a serial fashion (element-wise). The user data is stored in a separate
FIFO since the arrival time of channel and user data is different. Furthermore,
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Figure 5.1. NS performance for different antenna ratio β and SNR at MS. Sim-
ulations with uncoded 16-QAM and i.i.d. Rayleigh channel.
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Figure 5.2. Neumann Series implementation on FPGA

the FIFOs are over-designed, since the system DMA burst/data rate are not
guaranteed to be consistent. There is an option for FIFO to stall external inter-
face, however, by setting the size of FIFOs to worst case size, this feature acts
only as a safety measure. The testbed uses 8 instances of the pre-coder, the
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Table 5.2. FPGA results for pre-coding module.

QR Decomposition [45] Neumann series

Complexity MK2 + MK 0.5MK2 + K3

Clock Freq. [in MHz] 200 150

Registers 46470 (9.1%) 16000 (3.1%)

LUT 49315 (20.3%) 28700 (11.8%)

DSP48 596 (38.7%) 216 (14%)

Latency [in µs] 5.1 2.4

FIFOs buffers all the user data for corresponding (1200/8=) 150 sub-carriers
and (150/10=) 15 channel matrices required for 1 sub-frame. In total, the FIFO
size is around 72 Kbytes. The processing is straight forward with two matrix
multiplication blocks and one matrix-vector product unit. The Gram matrix
and Neumann series based matrix inversion unit are merged together and
share the hardware resources (multipliers and adders). This is another im-
portant advantage of NS, i.e., it does not require a special dedicated inversion
and can use the existing matrix multiplication Multiply-Accumulates (MACs)
for inversion. The matrix-vector multiplication unit is separated for parallel
operations and uses 10 complex multipliers. The hardware utilization and
latency numbers are shown in Table 5.1. The resource utilization is reasonable
considering the matrix dimensions and the over-designed FIFOs.

For a fair comparison with National Instruments R©QRD implementation
[45], the FIFOs in the design are removed and only the core processing block
responsible for matrix inversion is accounted. The results of the NS pre-coder
implemented in Kintex-7-410T with 150 MHz clock is shown in Table 5.2. Per-
forming QRD directly on the large channel matrix H is very expensive in
hardware. More importantly, the QRD design operates at a higher clock rate
and still has a much higher latency. Therefore, it is beneficial to lower the di-
mension by first performing matched filtering and then using approximative
inversion.

Before moving to the next hardware platform some takeaways from NS
based implementation are as follows:

• High hardware re-usage between Gram matrix and NS inversion, since
both perform matrix multiplication operations.

• Design time is low, hence suitable for rapid prototyping. Coupled with
HLS, it is only a few lines of C++ code.

• Accuracy of the approximation depends on channel conditions and ra-
tio of BS to MS antennas β.
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5.2. ASIC IMPLEMENTATION BASED ON APPROXIMATE QRD

In the previous section, an approximative NS based pre-coder was imple-
mented on an FPGA. Though it has some advantages like simpler architecture,
the implementation is not robust against channel conditions. In this section
a novel approximative QRD algorithm is described, followed by architectural
details and measurement results.

5.2.1. APPROXIMATE QRD

QRD is a popular approach for solving linear equations and to perform matrix
inversion in hardware. QRD of Z with dimension K×K, is a decomposition
of the matrix into a product

Z = QR , (5.9)

where Q ∈ CK×K is unitary and R ∈ CK×K is upper triangular. This com-
putation can be arranged in several ways e.g., Gram-Schmidt orthogonaliza-
tion [46], Householder transformation [47] or Givens rotations [48]. All these
approaches require around O(l K3) multiplications, where 1< l<1.5. Explicit
inversion after QRD is given by

Z−1 = R−1QH , (5.10)

which requires further computation of R−1 and a matrix multiplication. High
complexity of (5.9) and (5.10) is lowered by performing approximative QRD,
computed utilizing the properties of massive MIMO. In particular, as men-
tioned earlier, when increasing the number of BS antennas, the Gram matrix
Z = HHH , asymptotically tends to a diagonal matrix for certain "nice enough"
channel conditions as

lim
M→∞

1
M

HH H −→ IK. (5.11)

The property of diagonal dominance of the Gram matrix in massive MIMO
systems can be utilized by all the three previously mentioned QRD approaches.
However, Givens rotation reaps the most gains in terms of complexity reduc-
tion and is also favorable in hardware [49].

Givens rotations has the capability of zeroing selected elements of a matrix
[42], by performing matrix operations given as,

[
c s

−s∗ c

] [
a

b

]
=

[
r

0

]
, (5.12)

where,

c = a/r
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s = b∗/r, (5.13)

and a, b are real and complex numbers, respectively, and r =
√

a2 + |b|2.

The selective zeroing, in Givens rotation is performed in an orderly fashion.
Starting from the first column, all the elements below diagonal element are
zeroed. Then this process is repeated by moving to next column and so-on,
resulting in an upper triangular matrix. In case of massive MIMO, the pivot
or the diagonal element is dominant, which would result in a scenario where
a ≫ |b|. Also, Z is a Hermitian matrix with real diagonal elements. In this
work, an approximate Givens rotation based QRD is developed, by leveraging
on these properties, to lower the computational complexity. One such simple
approximation technique is to set

c ≈ cconst

s = b∗/a, (5.14)

where cconst is a constant, as illustrated in Fig. 5.3. It can be observed that as
the value of pivot (a) becomes dominant, the required rotation to nullify b is
smaller, and the resulting vector length is also close to a.

The reduction in computing Givens matrix is evident from above equation,
however, there is further gain achieved from the row operations as well. This
is mainly due to the fact that in hardware, a constant multiplication is im-
plemented using shifts and adds, which results in lower area costs. In the
following, we discuss the performance of the Givens rotation approximation
along with analysis of the effect of cconst. Latter look into the complexity
reduction.

Figure 5.3. Illustrates standard Givens rotations and the low complexity ap-
proximation which can be performed when there is a dominant
pivot. The larger the dominant pivot, smaller is the required rota-
tion.
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Figure 5.4. Performance of approximative QRD.

PERFORMANCE ANALYSIS

To measure the performance of the approximation, the following yardstick is
used

SNRQR =
||Z−1||2F

||Z−1 − R−1
approx.Q

H
approx.||2F

, (5.15)

where denominator term is the inversion MSE and || · ||F is the Frobenius
norm. The reasoning behind this is that the approximate QRD is used to
perform the matrix inversion and hence compared with the exact inverse.

The performance of the approximation is mainly dependent on two inter-
twined factors. Firstly, it depends on the ratio of the number of antennas at
BS to that of MS i.e., β = M/K. For an increasing β, the diagonal elements of
matrix Z gets dominant, enabling the approximation described in (5.14) and
Fig. 5.3. Furthermore, performance depends on the selected value of cconst,
which is in the range

0 ≤ cconst ≤ 1 , (5.16)

for all values of a and b. The above bound is derived from the expression
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c = 1/
√

1 + |b|2/a2, which is a rearrangement of (5.13), and the fact that for
a Gram matrix (Z) the diagonal elements (a) are always real. It is evident that
if the diagonal elements of Z get more dominant, it is more effective to select
cconst closer to 1.

The performance analysis of an approximate QR is shown in Fig. 5.4. The
3-D plot shows the SNRQR for different cconst and β. As β increases, the
approximation in general performs better. However, it is important to select
cconst as close as possible to the actual c. To assist in this selection, the value
of c which yields the best SNRQR (or lowest MSE) for different antenna ratios
β is shown in the second plot of Fig. 5.4. The plot further confirms that as β

increases cconst gets closer to 1. Also, the MSE decreases with an increase in
β, since diagonal elements of Z become more dominant, which in turn lowers
the variations in c. From a hardware perspective, a Look-Up Table (LUT) with
cconst for a range of β can be implemented. This would translate to different
instances of constant multipliers, sharing some of the adders. However, a
single value of cconst can be chosen based on the system configuration, e.g., if
the system is operating with β more than 8 most of the time, cconst = 0.991
would provide SNRQR above 35 dB.

COMPLEXITY ANALYSIS

The algorithm that performs the proposed low-complexity approximate QR
using Givens rotation is shown in Alg.5.1. After the initialization, the two
for-loops run through the matrix in a triangular form. In each inner iteration,
Givens coefficients are computed, by updating variables a and b, after which
the length r is computed, and followed by s and c. The Givens rotation coeffi-
cients are then used to perform row operations. There are two row operations,
first the i-th row is updated (i.e., R(i, :)) followed by the j-th row. For each of
these row operations, elements from the i-th column to the K-th (last) column
of these rows are updated. The upper triangular matrix is formed in-place
after completion of the two nested for-loops. The vector rotations leverage on
the already computed Givens coefficients, consequently, avoiding to generate
Q explicitly.

Computing the Givens coefficients, r requires three multiplications, since
a is always real, and the square root operation is merged with the division
as a single operation attributed to the Newton-Raphson method [50]. The
computation of c becomes obsolete, i.e., c = cconst, which saves 2 multipli-
cations. Moreover, during the row updates the complexity is reduces from
8(K − i + 1)) to 4(K − i + 1). This is because c is a constant, and realized
by shift and add instruction synthesized logic. Overall this translates to a

complexity reduction from O( 8K3

3 + 9K2

2 − 97K
6 ) to O( 4K3

3 + 3K2

2 − 31K
3 ), which

is around 50% less for reasonable values of K. The complexity reduction of
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Algorithm 5.1: Approximative QRD, the last two operations are for the user
vector rotations.

// Initialization per channel realization O
1 R = Z

2 u = s

3 for i = 1 → K − 1 do

4 for j = i + 1 → K do

// Compute Givens Rotations
5 a = R(i, i)
6 b = R(j, i)

7 r =
√

a2 + |b|2 3
8 s = b∗/r 3
9 c = Cval

// Update rows
10 R(i, i : K) = cR(i, i : K) + s R(j, i : K) 4(K − i + 1)
11 R(j, i : K) = −s∗R(i, i : K) + c R(j, i : K) 4(K − i + 1)

// vector rotation of user data
12 u(i) = cu(i) + su(j) 2
13 u(j) = −s∗u(i) + cu(j) 2
14 end

15 end

the proposed method along with the performance is compared with other
approaches in the following.

ALGORITHM COMPARISON

In Table 5.3 the complexity of inversion for different algorithms along with
the user data vector operations is described. In particular, comparison is done
with the Cholesky Decomposition (CD) [42] inversion approach, and the pre-
viously described approximate NS based inversion. The algorithms are clas-
sified into implicit and explicit approaches, where the former method does
not compute the final inversion but indirectly performs the inverse on the
data vectors. Operations per-channel realization involve the decomposition
and post-processing, which needs to be performed when the channel matrix
changes. The post processing in case of QRD and CD is the inversion of an
upper triangular matrix, which has an O(2K3) complexity. The vector op-
erations also play an important role in the complexity, especially when the
channel is almost constant over a range of sub-carriers. This would then re-
sult in lowering the number of matrix inversions, which is performed only
at regular sub-carrier intervals (Nint). For modified-QRD, the complexity of
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Table 5.3. Detailed complexity for different inversion algorithms.

per-channel realization per-user data

Algorithm type* decomposition
process

post-
process

vector
operations

CD I 2K3

3 + 4K2 + 8K 2K3 4K2 + 4K

NS# E 8K2 + 4(L − 1)K3 - 4K2

QRD I 8K3

3 + 9K2

2 − 97K
6 2K3 6K2 − 4K

Modified QRD I 4K3

3 + 3K2

2 − 31K
3 2K3 4K2

* Type of inversion either E - explicit or I - Implicit.
# L is iterations in Neumann series [36].
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vector operations is also lowered compared to standard QRD. Consequently,
the proposed approximative QRD not only has a lower processing complexity,
but also performs better with increasing sub-carrier intervals.

The detailed analysis depends on K and the coherence bandwidth, however,
as an illustration and in line with the massive MIMO (LuMaMi) testbed frame-
structure [34], we choose the sub-carrier interval as Nint = K and K = 8 for
analysis in Fig. 5.5. The SQNR performance serves as an illustration of the
accuracy of algorithms with respect to exact inversion. Later in this section,
system level performance in terms of BER is presented. The NS improves in
performance with increasing β and iterations (L), having the drawback of a
higher complexity when high performance is required. Both exact QR and CD
have fixed performance which is the benchmark, however, they have higher
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complexity. Contrarily, the complexity of a modified QRD is lower with a
robust performance, which improves with an increased β. This complexity
reduction along with high performance makes the proposed modified QRD
a promising candidate for pre-coding in massive MIMO. The next section
details the hardware architecture, which utilizes the proposed algorithm.

5.2.2. HARDWARE ARCHITECTURE

Systolic array consist of a homogeneous hardcoded network of nodes or Pro-
cessing Elements (PEs), with each PE usually performing the same sequence
of tasks. Due to the homogeneity, these architectures are easily scalable and
have a relatively low design time. For the downlink pre-coding, systolic array
are used for all stages as shown in Fig. 5.6 and described as follows:

• The first operation is to perform matrix multiplication to generate Z.
Several systolic arrays for matrix multiplication are described in the
literature [51], [52]. In the case of generating Hermitian or Gram matrix,
the same systolic array can be used, but with only half the PEs in a
triangular form. This is achieved due to the symmetrical property of
Hermitian matrix. In [52], both K2 (2-D) and K (1-D) systolic arrays are
described, which has a time complexity of K and K2, respectively. In
this work, we employ a 2-D systolic array with K2/2 + K PE, resulting
in a time complexity of K.

• The second operation is to triangularize the Gram matrix, which is per-
formed by a 2-D triangular systolic array. The concepts for the trian-
gularization using systolic arrays was proposed in [53], and we utilize
this to perform QRD. The approximative QRD can be leveraged to ei-
ther lower the number of multipliers (gate count) or lower clock cycles
(latency).

• After the QRD, the user data vector is multiplied with the unitary ma-
trix

u = QHs. (5.17)

Generating the unitary matrix Q is an expensive procedure in hardware.
This would require another systolic array with K2 nodes. However,
to reduce the gate count a 1-D systolic array is proposed, which per-
forms the rotation operations on the data vectors (implicit). The Givens
co-efficient are buffered for each PE and the sequence of rotations are
matched to that of QRD.
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Figure 5.6. Top level architecture of QRD based pre-coder.
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Figure 5.7. Functionality of the processing elements.

• After the rotation, the vector is multiplied with the triangular matrix

v = R−1u. (5.18)

To avoid explicitly computing the inverse of a triangular matrix and
then performing the matrix-vector multiplication, we employ a back-
ward substitution based linear systolic array.

All these operations are envisioned to run in parallel on different sub-carriers
to fully utilize the hardware.
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PROCESSING ELEMENTS The four highly scalable modules consist of ho-
mogeneous PEs described in Fig. 5.7. The PEs share the data and control
signals with each other by a hardcoded wire interconnect. Some of the inter-
connects also act as delay elements, these are registers along with a counter, if
multi-clock delays are required. The interconnect between modules are large
arrays, which pass the whole matrix simultaneously.

The processing nodes for the matrix multiplication are of two types, bound-
ary nodes (circular) and internal nodes. Both the PEs have a MAC unit inter-
nally and are initially reset. The internal node has both horizontal and vertical
input-output connections and accumulates the product of incoming data. The
boundary nodes perform an accumulate operation as well as a directional
shift, i.e., the horizontal inputs are pushed out vertically. A scheduler ensures
that each row multiplies with the Hermitian of itself and other rows.

The QRD module although has a similar triangular form as Gram matrix
generation, has different PEs, interconnects and scheduling. The boundary
nodes perform the computation of Givens rotation coefficients and broadcast
it to internal nodes in the same row. The internal elements perform the row
operation in parallel, and results are pushed to lower rows.

The vector projection unit performs (5.17) on a streaming user data vector.
The matrix Q is not explicitly computed, instead Givens rotation is performed
on the data vector in the same sequence. This requires storing the Givens
rotation coefficients in buffers with size of the buffers decreasing from K − 1
to 1. The user data vector s is streamed element-wise into the linear systolic
array. The first element entering the PE is stored in the register (x = xin, see
pseudo code in Fig. 5.7). The remaining elements of the vector are rotated
with the corresponding buffered coefficients. The elements after rotation are
streamed to the next PE, until the (K − 1)-th PE. The final resulting vector
u is in the corresponding registers (x) in the systolic array. To pipeline the
operations further, it is necessary to store the resulting vector elements in a
buffer. This frees up the PEs to operate on the next vector stream. Apart
from pipelining the operations, buffering is used to reverse the order of data
stream.

The final systolic array performs (5.18) using the standard backward sub-
stitution method. The elements with lower indices than the instance index
are multiplied with the corresponding row elements of matrix R, and there-
after, accumulated (in x, see Fig. 5.7). A division operation is performed when
the element index is equal to the instance index, resulting in the solution v.
The result element is streamed out in-place to the next PE. The higher indices
compared to the instance index are not processed, and are passed through to
the next PE.



54 Algorithms and Implementation

Figure 5.8. Scheduling schemes for Gram matrix generation and QRD.

SCHEDULING A generalized event was used to describe the pseudo code
for the PE in Fig. 5.7. The event can be either time, valid signal, or 2-way
handshake protocol based hardware triggers. In this architecture, we use valid
signals to start operations and time-based scheduling to process sequential
data. In Fig. 5.8 the scheduling for both Gram matrix generation and QRD is
shown. For the Gram matrix generation, after the valid start signal is asserted,
the elements of the first row of H (h11, h12...h1M) are pushed into the systolic
array. The successive rows are delayed by one time unit (latency of nodes)
with respect to the previous row. Hence, the last row’s first element (hK1)
enters the systolic array after K − 1 time units. The total time unit from the
first data (h11) into the systolic array till the last one (hKM) is K + M time units
and will require in total 2K + M units to move through the systolic array.

The QRD has a standard scheduling scheme, where the pivot element (z11)
is first provided to the boundary node. The boundary node will compute the
rotation coefficients which are then transmitted to the internal nodes. This
mechanism necessitates that the non-pivot elements be delayed both when
entering the systolic array and internally when moving to the next row. Al-
though there is different scheduling for both operations, the data flow and
architecture has some similarities which can be exploited to merge them to
reduce silicon cost. In the next section, the implementation details of the pro-
posed algorithm based on the generic hardware architecture described in this
section is presented.

5.2.3. IMPLEMENTATION DETAILS

Until now, the described algorithm and hardware architectures were platform
independent and generic. In this part implementation details of the fabri-
cated chip in 28 nm FD-SOI CMOS technology are described. This implemen-
tation involved various techniques, e.g., word-length optimizations, hardware
re-usability, folding, testing strategies (covered in Chapter-2). The implemen-
tation is driven by area and I/O constraints, but word-length and folding
factor can be easily modified without major changes to the architecture (or
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Figure 5.9. BER performance for 12-bit fixed point approximative QRD, for a
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code). Some of the implementation details and techniques are mentioned in
the following.

WORD-LENGTH OPTIMIZATION The internal word-length is a critical as-
pect for efficient hardware implementation and system performance. Fig. 5.9
shows the BER performance with different antenna configurations (β) for ex-
act ZF, approximate QRD, and fixed-point approximate QRD. The perfor-
mance loss of approximative QRD reduces rapidly with increasing β. Simu-
lations showed that a 12-bit word-length provided almost negligible perfor-
mance loss when targeting 10−3 BER for a 256-QAM uncoded system.

HARDWARE RE-USABILITY To reduce the hardware cost of the implemen-
tation, Gram matrix and QRD systolic arrays are merged, see Fig. 5.8. To
support this the PEs have two modes. Since both modes are not active simul-
taneously, the hardware resources are shared between them to reduce cost.
The dotted box in Fig. 5.10(a) shows the hardware resources which are reused
for internal nodes. This merging reduces the hardware cost by 40%. Moreover,
the scheduling schemes for both remain the same, albeit not simultaneously.
This hardware re-usability can also be interpreted as a 20% overhead in the
QR systolic array to support matrix multiplication operations.
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TIME MULTIPLEXED ARCHITECTURE The architecture in Fig. 5.6 describes
the operations (pseudo-code) for different PEs. To reduce hardware cost, an
aggressive time multiplexed design is implemented. The computation and
hardware cost is mainly dominated by multipliers. Consequently, the PEs
were implemented by employing a single multiplier and time-multiplexing,
resulting in a high utilization factor.

In Fig. 5.10(b), the PE for performing vector projection is shown. The main
operation of Vector Projection Unit (VPU) is a 2×2 matrix multiplication. Since
the diagonal elements are constant in (5.12), the total multiplications are per-
formed in 8 clock cycles using a single multiplier. A MAC unit is employed to
perform the rotation operation and to store the pivot element. The final result
after all the rotation operations is in the MAC and is copied into the buffer.

The PE for Backward Substitution Unit (BSU) also employs a folded com-
plex multiplier unit as shown in Fig. 5.10(c). The sum of products of row
elements of R and the data vector (∑K

j=i+1 Rijvj) is implemented using folded
multiplier and MAC units. The result is deducted from the data vector and
then solved by performing a division, i.e., vi = (ui − ∑

K
j=i+1 Rijvj)/Rii. The

division is performed using Newton-Raphson, with initial estimate computed
by first order curve fitting. High hardware efficiency is attained by reusing the
multiplier for performing division. This is possible due to the fact that each
BSU PE only requires inverse of the corresponding Rii, and also leveraging on
the latency of the VPU when R changes.

PIPELINING The modules are fully pipelined to handle sub-carrier process-
ing, i.e., during the n-th tone QRD, the vector projection and backward sub-
stitution units operate on user data of previous tones. The first two matrix
operations are performed in parallel with the two vector operations, as shown
in Fig. 5.11. This is possible by introducing buffers storing results of the pre-
vious QRD. In total K2 register are required in both units to store the QRD.
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The latency of the VPU and the BSU is 16K, and it processes 1 element every
8 cycles. Similarly, the Gram matrix multiplication and QRD in total takes
8M + 24K cycles, see Fig. 5.11. Hence, based on the system configuration,
either the QR unit or the VPU along with the BSU has a higher latency.

LOW POWER TECHNIQUES Due to support for different system configura-
tions, modules can be in an idle state. To lower the power consumption during
an idle state, a clock-gating with 2-way handshake protocol is implemented.
Based on functionality two clock-gating units are employed, one for the QRD
and another for the VPU and the BSU. Furthermore, the implementation ex-
ploits body biasing to either lower power consumption by performing RBB or
improve performance by FBB.

TESTABILITY To perform the functional verification and measurements a
test sub-system based on Joint Test Action Group (JTAG) is implemented [54].
In addition to high flexibility and debugging features, the JTAG interface re-
quires only 5 Input Output (IO) pads. A fully functional verification can be
performed by shifting stimulus into scan-chain and then triggering the De-
sign Under Test (DUT). After completion of processing, the results are cap-
tured and shifted out for comparison. Furthermore, a Built-In Self-Test (BIST)
controlled by JTAG is implemented, which is used to perform validity checks
and power measurements. Further details on the test subsystem are provided
in Appendix-B.

5.2.4. HARDWARE RESULTS AND DISCUSSION

Fig. 5.12 shows the chip micrograph containing different modules along with
the specification. The gate-count for the individual modules is shown in
Fig. 5.13(a), with break down of sequential and combinational logic. The Gram
multiplication module is not implemented in the chip but shown as a refer-
ence for the gains achieved by merging with the QRD module. This huge
reduction in gate-count (100 k) is a design choice aimed at lowering hardware
cost. However, based on system requirements separate instances can be envi-
sioned with minimal changes to the architecture.

The power consumption for various modules is shown in Fig. 5.13(b), with
the QRD module having higher power requirement due to complex control
logic, computations and buffers. The performance of pre-coding along with
the QRD unit was functionally verified for multiple frequencies, core and
body-bias voltages, as shown in Fig. 5.14. The maximum measurable fre-
quency is 300 MHz, due to lab setup, which creates a rooftop in the plots.
The chip is functional from 0.5 V to 1.0 V core supply, and at lower voltage
FBB is used to improve performance at the cost of increased power consump-
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Figure 5.12. Chip photo, with marked modules active during pre-coding.
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Figure 5.13. Results for individual modules. Gram matrix multiplication is
merged with QRD, and is shown here to highlight the reduction
in gate count.

tion. The implementation also supports RBB of up to 0.3 V, which increases
the threshold voltage of transistors, in turn lowering static power consump-
tion at the cost of performance. The maximum clock frequency of 300 MHz
(minimum latency) is achieved for different core and body-bias voltage com-
binations. Fig. 5.15(a) shows the measured minimum latency and correspond-
ing minimum energy per 8×8 QRD operation for different core supply volt-
ages. Applying VDD=0.9 V and FBB of VBB=0.2 V achieves a minimum la-
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Figure 5.15. Measurement results.

tency and energy of .21 µs and 6.56 nJ, respectively, per QRD. The high gains
when opting for approximative QRD for minimal performance loss is shown
in Fig. 5.15(b).
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Table 5.4. Hardware Results Comparison.
This Work Chun Rakesh Shabany Huang Chiu

Aprox. Exact [55] [47] [48] [49] [46]

Matrix Dimension(K×K) 8×8 8×8 4×4 4×4 4×4 4×4
Algorithm Adp. GR GR HH Hy. GR GS

Gram Matrix Generation ✓ ✗ ✗ ✗ ✗ ✗

Technology [nm] 28 90 65 130 180 90
Gate Count [kGE] 138 300 328 36 111 505 a

Clock Freq. [MHz] 300 55 72 278 100 114
Power [mW] 31 27.2 - 48.2 319 56.8

QRD Latency [Cycles] 64 128 - 1 40 4 -
Throughput [M-QRD/s] 4.7 2.34 1.1 72 6.95 25 28.5

N.E.E [nJ/QRD] b 6.56 13.1 - - 11.9 21.9 -
N.H.E [QRD/s/GE]c 34.1 17 3.67 27.4 24.13 28.2 7.1

a Includes SIC based detector, QRD takes around 65% according to micrograph.
b Normalized Energy Efficiency = (Power/(Throughput × (83/K3)))× 28/Tech.
c Normalized Hardware Efficiency = (Throughput × (K3/83))/Gate-Count as in [55]

As an overview, comparison with different QRD implementation is shown
in Table 5.4. It is important to note that our design performs other function-
alities like Gram matrix generation and approximate/exact QRD as well. The
results of QRD implementations may be targeted for different system scenar-
ios and optimization goals, hence, the focus of the comparison is to highlight
the gains of approximative QRD. Moreover, the matrix dimensions for most
of the implementations is lower, and the complexity grows as O(K3). There-
fore, a metric Normalized Hardware Efficiency (NHE) is defined based on
the growth of the complexity with matrix dimension, which is normalized
to a 8×8 matrix, in line with [55]. The ability to reconfigure QRD to per-
form Gram-matrix generation is an optimization choice to reduce the total
system level gate-count. This additional functionality restricts utilization of
the highly efficient custom PE based on COordinate Rotation DIgital Com-
puter (CORDIC) computations as in [49], [48]. Although this restriction re-
sults in exact QRD having a slightly lower NHE, it is still comparable to other
reported implementations. The approximative QRD lowers the total complex-
ity, resulting in an improved throughput, which in turn improves NHE. For
massive MIMO systems, this approach is highly beneficial, since the perfor-
mance loss is minimal for a large improvement in hardware efficiency. The
implementation has the highest NHE of the once compared. However, the
proposed approximation is generic and can also be incorporated into other
CORDIC architectures.

The vector processing blocks (VPU and BSU) achieve a maximum through-
put of 37.5 MSamples/s when operating at 300 MHz with total power con-
sumption of 26 mW. This results in hardware and energy efficiencies of 0.56
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MSample/s/kGE and 0.7 nJ/Sample. The vector processing block supports
up to 256-QAM, which results in data-rate of 300 Mbits/s. Higher through-
puts can easily be achieved by unfolding the PE, however, a folded design
was opted in line with [34], where the IO bottle-neck lead to multiple in-
stances of the pre-coder to operate on separate sub-carrier groups. The highly
time-multiplexed design achieved high hardware efficiency by exploiting the
properties of matrices in massive MIMO at algorithm level and optimizing
circuits to adaptively perform pre-coding based on channel conditions.

Before moving to the next hardware platform some takeaways from approx-
imative QRD based ASIC implementation are as follows:

• Approximative QRD provides better performance and robustness com-
pared to NS. However, more effort at the hardware level is required to
exploit these gains.

• Architectural optimizations in ASIC provide high efficiency. This work
has the highest reported QRD efficiency.

• Flexibility, although limited in ASIC, is still reasonable, e.g., implemen-
tation supports a fixed range of users K ≤ 8, adaptability to perform
exact or approximative QRD.

• The major price-to-pay is the high design time, mainly consisting of
back-end flow, verification (becomes even more critical), and developing
test infrastructure.

5.3. RECONFIGURABLE PLATFORM

Previous two sections presented a hardware-centric approach to meet the mas-
sive MIMO pre-coding requirements. In this section a software-centric ap-
proach is described, mainly targeting a reconfigurable vector processor. The
architecture of the vector processor is not part of this work and is frozen i.e.,
assumed to be an off-the-shelf vector processor. So we analyze scheduling
strategies for a generic vector processor architecture.

5.3.1. VECTOR PROCESSOR ARCHITECTURE

In addition to throughput and power requirements, reconfigurability/flexi-
bility is also becoming important design aspect. This is mainly driven by
shorter time-to market and the need to support various standards. The most
promising reconfigurable platforms are vector processor based architectures.
These vector processors, when finely tuned for a particular domain, provide
high performance, which is almost like ASIC [11], [56]. Interestingly, if one
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ignores domain specific modifications, most of the vector processors have a
very similar architecture. Fig. 5.16 shows a wireless communication baseband
vector processor, in line with [11]. The vector core processor has NMAC MAC
units with 16-bit fixed point precision. This can be reconfigured to perform
as NMAC/4 complex-number MAC units, which is a typical mode for MIMO
processing. The pre-processing module performs vector additions and scaling
operations, which are useful for setting up the vectors before core processing.
Post-processing also performs vector additions, shifting, and some specific
operations like sorting, min/max. The final resulting vector is stored in the
output registers, which can be written into data memory or sent back to input
vector registers. The scalar processor is an off-the-shelf standard RISC pro-
cessor (ARM, RISC-V) used to control/sequencing the vector operations. The
scalar unit also consists of accelerators for division, square-root and trigono-
metric functions. To fully exploit all the MAC units in the vector core the
following features are quintessential:

• Multi-stage computing: Most vector processing involves several tightly
coupled operations, such as scaling, conjugation, offset, before and af-
ter vector computations. Mapping of these operations onto hardware
require a Very Large Instruction Word (VLIW)-style multi-stage com-
putation chain to accomplish several consecutive data manipulations in
one single instruction.

• Flexible data access: A major design challenge is to rate-match the
memory bandwidth with the vector core data consumption rate. For
simple memory access schemes, the bandwidth of memory equal or
greater than the vector size should suffice. However, special access
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patterns may create a bottleneck. One approach is to load data from
memory and perform selection operations in the pre-processing using
a permutation (mux) network. Another approach would be to push the
complexity to a memory controller or DMA, which can handle various
access patterns. Evaluation with different use-case kernels helps in ex-
posing architectural bottlenecks, memory access pattern requirements
etc. A well known approach to perform such analysis is to use the
roofline models [57].

• Zero-delay loop control: Typically vector processing involves loops over
the matrix dimensions. In the case of OFDM systems, the loops exist
over sub-carriers as well. A zero-delay loop control lowers the execution
latency by avoiding dedicated cycles for condition checks.

• Pipelining: High performance is achieved at a cost of a slight increase in
latency by inserting pipeline registers. Performance increase is due to
the shortening of the critical path, which allows for operation at higher
clock frequency. Although it is beneficial and almost a must to pipeline
a processor, it can lower MAC utilization if there are dependencies in
the execution.

5.3.2. ALGORITHM AND SCHEDULING

Considering a generic vector processor with the features mentioned earlier,
the challenge of mapping a massive MIMO pre-coder is to select appropriate
algorithm and scheduling efficiently. In addition to complexity, memory ac-
cess patterns is an important criterion for algorithm selection. Gram matrix
multiplication is straight forward and hence the focus is on matrix inversion.
The goal of approximate approaches used in previous sections was to lower
complexity, thereby reducing hardware cost. However, for an off-the-shelf

Algorithm 5.2: MGS based QRD.

// Iterate over matrix columns
1 for i = 1 → K do

2 rii = ||vi||2 // 2-norm of a column vector
3 qi = vi/rii // Vector scaling operation
4 for j = i + 1 → K do

5 rij = q∗i vj // Vector-dot product operation
6 vj = vj − rijqi // Vector update : scaling and subtraction
7 end

8 end
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vector processor the hardware cost is fixed. Hence, an exact inversion strat-
egy was used, specifically Modified Gram-Schmidt (MGS) based QRD with
its consistent memory access was used for performing matrix inversion.

The MGS based QRD algorithm is described in Alg.5.2. The outer for-loop

iterates over each column, while the inner loop starts from the current column
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Figure 5.18. Unrolling over sub-carrier improves MAC utilization.
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till the right most column. The memory accesses are simple and consistent,
i.e., only column-wise access are performed. The four main vector operations
are vector 2-norm, vector scaling, vector-dot product, and vector-update. Vec-
tor scaling and update are operations which can be performed in parallel on
each MAC separately. However, vector-dot product (and 2-norm) require an
adder tree (reduction operation), which is typically not available, since it in-
creases the critical path of the core. Therefore, these reduction operations
creates a dependency bubble in the pipeline as shown in schedule Fig. 5.17.
Also, the vector dot-product is now computed in a scalar fashion using one
MAC hence requires multiple (K) cycles. Overall, a straightforward schedul-
ing of the MGS will lead to low utilization of the vector core unit. For a vector
processor with NMAC = 32 MACs and Spipe = 8 pipeline stages, 8×8 QRD
would take around 930 cycles with only 13% core utilization.

An approach to avoiding such bottlenecks would be to change the archi-
tecture, i.e., introduce hardware support for vector reduction operations like
norm and dot-product. However, for an off-the-shelf vector processor, this
fix is not an option. Thus, efficient scheduling based on architecture is very
important for improving performance. Typically, in OFDM based communi-
cation systems there is another outer loop which runs over the sub-carriers.
This can be exploited during scheduling to hide the bubble in the pipeline.
Fig. 5.18 shows a scheduling scheme where multiple matrices are fed to each
MAC unit to perform QRD in parallel. This can be envisioned as if each
MAC is an independent scalar processor. The latency of each matrix increases.
However, due to the parallelism, the overall throughput also increases. The
number of clock cycles to perform QRD reduces from 930 to 160. The gains are
mainly due to lowering the impact of the dependency bubble by performing
QRD over more matrices in parallel. For a clock rate of 500 MHz, the efficient
scheduling provides a throughput of 3.13 M-QRD/sec. The gate count and
power consumption require a much more detailed analysis and implementa-
tion, which is not part of this work. On the other hand, the high performance,
flexibility and software implementation offered by vector processor makes it
an attractive platform for massive MIMO systems.
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Hardware Impairments

In the previous chapter, low complex pre-coding algorithms which reduced
the overall digital (signal processing) hardware cost, were presented. How-
ever, it is also important to consider the RF chains for an efficient massive
MIMO implementation. One of the critical components of the transmitting
RF-chain, both in terms of hardware cost and power consumption, are the
Power Amplifiers (PAs). It would be desirable to have low Peak-to-Average
Ratio (PAR), which would both reduce the hardware cost of the PA and, more
importantly, improve its power efficiency. OFDM based systems, are known to
suffer from high PAR. Hence, it requires a linear PA with high dynamic range
to avoid in-band distortion and out-of-band components due to non-linearity
and signal clipping. Linear PAs are much more expensive and typically have
a lower power efficiency than their non-linear counterparts. To counter this,
many techniques for handling high PAR in OFDM systems are described in
the literature [58]. A well known and low-complex approach is the tone-
reservation technique [59]. It relies on reserving bandwidth (around 20% for
10 dB reduction in PAR), which, also, reduces spectral efficiency significantly.
The main reason for the impact on spectral efficiency is the fact that the band-
width has a linear relation to capacity, since it is outside the logarithmic term
in (2.2).

In massive MIMO there is inherently a large degree-of-freedom (due to
the large number of antennas at the BS), that can be utilized to reduce the
PAR. In the first section of this chapter, a novel low complexity PAR aware
pre-coding is presented which reduces PAR by around 4 dB with only a 15%
increase in pre-coding complexity compared to ZF. The idea is to reserve an-
tennas (”antenna-reservation” analogy to ”tone-reservation”), which will be
used to compensate for a (deliberate) clipping of the signals on the remaining
antennas. In the second section, a stringent amplitude constrained (with only

67
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phase changes) transmission scheme known as constant Envelope (CE) is pre-
sented. This allows using a highly efficient non-linear PA, since a very strict
constraint on the amplitude (constant) results in a 0 dB PAR before Digital-to-
Analog Converter (DAC). The last section of the chapter briefly looks into the
effects of IQ-imbalance in massive MIMO.

6.1. PAR AWARE PRE-CODING

The narrow-band massive MIMO system model from the previous chapter is
extended to an OFDM massive MIMO model, which is then followed by the
description of the proposed low-complexity PAR aware pre-coding.

SYSTEM DESCRIPTION

The system model depicted in Fig. 6.1 is an OFDM-based multi-user massive
MIMO system for downlink. The BS consists of M antennas serving K(≪ M)
single antenna users. The K user symbols on tone n, of a total of N tones, is
represented by the K × 1 vector sn. The user symbol normally has an alloca-
tion pattern, consisting of guard-bands (unused tones at the edges) and user
data. In this work, we use ψ as the set of all data tones. The complementary
set ψc hence contains the guard band tones, such that sn = 0K× 1 for n ∈ ψc.

The user symbols on the n-th tone are pre-coded as

pn = Wnsn , (6.1)

prior to transmission in order to cancel inter-user interference, where pn is the
pre-coded vector of size M × 1 and Wn the corresponding pre-coding matrix
for the n-th OFDM tone. In this study, we use a standard ZF linear pre-coder

Wn ∝ HH
n (HnH H

n )−1 , (6.2)

where Hn is the n-th tone channel matrix of size K × M. To satisfy an average
power constraint E{||pn||22} = 1 on the pre-coded vector, a normalization
factor is applied.

The overall input-output relation in the frequency-domain, after removal of
the cyclic prefix, is described as

yn =
√

PnHn pn + wn , (6.3)

where Pn is the transmit power on tone n (constrained by total transmit power
PT = ∑ Pn) and wn contains unit-variance zero-mean complex Gaussian white
noise elements.
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Figure 6.1. Massive MIMO system model for downlink. The PAR problem
occurs after the IDFT, and is related to the pre-coding matrix and
the input symbols.

To describe the transmitted signals in the time-domain, the pre-coded vec-
tors pn are reshaped as

[a1, a2, ...., aM] = [p1, p2, ...., pN ]
T, (6.4)

where am is an N × 1 vector containing the frequency-domain signal trans-
mitted from antenna m and (·)T denotes the transpose operator. An IDFT is
performed on the transposed pre-coded signal as

xm = Fam , (6.5)

where F is the N×N unitary IDFT matrix, xm the N×1 time-domain OFDM
symbol transmitted on antenna m. With the addressed system specified, dif-
ferent approaches to handle PAR are described before introducing the new
low-complexity PAR pre-coding approach.

6.1.1. PAR AWARE PRE-CODING TECHNIQUES

OFDM transmission causes the signal xm in (6.5) to have a high dynamic
range, due to the nature of the transformation. This would, in turn, require
expensive linear PAs made to operate at a certain power back-off. Increasing
the transmit power implies an increased probability of saturating the PAs and
thus generation of both in-band distortion and out-of-band emissions. To
avoid this, PAR reduction techniques are essential. The PAR for the OFDM
symbol on antenna m is defined as

PARm =
||xm||2∞

||xm||2/N
, (6.6)
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and the global PAR as

PARgbl =
||x̄||2∞

||x̄||2/(NM)
, (6.7)

where, || · ||∞ is the infinity norm, which is the vector element with maxi-
mum absolute value, x̄ is an NM×1 vector containing all time-domain OFDM
symbols transmitted on all antennas.

CONVEX OPTIMIZATION BASED PAR PRE-CODING In massive MIMO, the
high degree-of-freedom can be used to select a frequency-domain transmis-
sion signal am with very strict requirements on the dynamic range of the
corresponding time-domain signal xm, while at the same time canceling the
multi-user interference. An example of this is the joint pre-coding, modula-
tion, and PAR reduction (PMP) scheme presented in [60], where an optimiza-
tion problem is formulated along the lines of

minimize
x̄

||x̄||∞ subject to s̄ = Ḡx̄. (6.8)

where all time-domain symbols are stacked in x̄, all user data symbols, in-
cluding nulls on guard-band frequencies, are stacked in s̄, and the structure
of Ḡ implements the constraints on no user interference and no energy in the
guard bands [60].

Different methods to solve this optimization problem exist [61], including
the method described in [60]. This approach gives an optimal solution with
high control on the PAR levels. However, the complexity and the number of
dimensions involved in such large scale optimization poses an implementa-
tion challenge in hardware. Moreover, the optimization problem is non-linear
and depend on the user data, thus requires solving of (6.8) frequently, which
implies a high computational latency.

PEAK CANCELLATION An approach that is contrary to the optimization
problem (6.8) is clipping the signal peaks. Either the clipping is performed in
the analog domain (i.e., by the PA), which introduces both out-of-band com-
ponents and in-band distortion, or it can be performed in the digital domain.
The benefit of clipping in the digital domain is that it does not cause any
out-of-band components, only in-band distortion which also includes guard
band. The idea is to compute a signal r, to be added to x, that reduces the
PAR,

PAR(x + r) < PAR(x), (6.9)
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in line with the tone-reservation technique [59]. When the signal r is mapped
to all tones it is known as the peak-cancellation technique. Remaining part of
this section describes the proposed low-complex approach to reduce PAR in
massive MIMO systems.

6.1.2. LOW-COMPLEX PAR AWARE PRE-CODING

Clipping the transmit signals is simple, but suffers from a certain amount of
distortion. An approach to compensate this distortion is to dedicate a subset
of the antennas which transmits signals to mitigate the resulting distortion.
Hence, the overall system for the PAR reduction would be a set of antennas
(χ) transmitting user data with the clipping technique, and the remaining
antennas in the set χc are used to compensate this distortion as shown in
Fig. 6.2. The peak-cancellation functional block of Fig. 6.2 basically imposes a
saturation logic (clipping), based on the desired PAR level by applying

x
′
=

{
x, if |x| < T

Tej∠x otherwise,
(6.10)

element-wise to the signals, where T is the clipping amplitude threshold and
x
′

the resulting distorted signal value. The clipping signal on the m-th an-
tenna, with notation analogous to (6.10),

cm = xm − x
′
m , (6.11)

is the residual after peak-cancellation. Reducing the desired PAR level would
mean more energy in the clipping signal which, in turn, needs to be compen-
sated by antennas in the set χc.
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Figure 6.2. Low complexity PAR reduction, where the dedicated set of com-
pensation antennas χc counteracts the distortion.
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DISTORTION PREDICTION The distortion arising by clipping signal due to
peak-cancellation needs to be predicted before being compensated by a re-
served set of antennas. This is done by the distortion prediction block shown
in Fig. 6.2, wherein first the clipped signal (cm) is transformed back to the
frequency domain as

bm = FHcm . (6.12)

After which it is reshaped (transposed) similar to (6.4) as

[e1, e2, ..., eN ] = [b1, b2, ...., bM]T , (6.13)

and used to compute the distortion

dn = H
(χ)
n en , (6.14)

on tone n at the user end, for all K users, where H
(χ)
n is the channel matrix

from the antenna set χ to the users. The distortion can now be compensated
by transmitting −dn through the χc antenna set.

COMPLEXITY ANALYSIS There are two sets of pre-coding which needs to
be performed, for user symbols sn and distortion cancellation −dn. If we
consider the set χ to contain M1 antennas with a total of M antennas, the
compensation set χc contains M − M1 antennas. The total complexity in
terms of multiplications for computing the two pre-coding matrices per tone
is O(M1K2 + K3) +O((M − M1)K

2 + K3) = O(MK2 + 2K3), which is almost
the same as performing ZF pre-coding on all M antennas (except for one ad-
ditional K × K matrix inversion).

The main overhead, in terms of complexity, is from the distortion prediction
module. A DFT is performed efficiently using fast Fourier transform, hence
requiring O(N log2 N) multiplications. The matrix-vector multiplication with
Hn requires O(M1K) multiplications per tone, resulting in a total complex-
ity overhead of O(M1N log2(N) + NM1K + NK3) to perform the proposed
PAR reduction as compared to performing only zero-forcing pre-coding on
all antennas. Consider a system with M = 100 antennas serving K = 10 users
simultaneously, using OFDM modulation with N = 512 tones. If we reserve
M2 = 25 antennas for distortion compensation resulting from the peak can-
cellation on the remaining 75 antennas, the complexity overhead is around
15% to that of performing ZF using M antennas. This is a minor overhead
and what remains to investigate is the performance of this method.
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Figure 6.3. CCDF of PARgbl for a MIMO system with M = 100, K = 10,
N = 512, using 64-QAM modulation and with M2 = 25 reserved
antennas for compensation.

PERFORMANCE ANALYSIS

To measure the PAR characteristics of the proposed method, the Complemen-
tary Cumulative Distribution Function (CCDF) of the PAR defined as

CCDF(X) = Pr(PAR < X) = 1 − CDF(X),

in used. A tolerance level of 99%, i.e., CCDF(PAR)=1% is set as a benchmark
for all the antennas.

Fig. 6.3 demonstrates the PARgbl characteristics of the proposed low com-
plexity scheme. There is a reduction of around 4 dB when using 25% of the an-
tennas for distortion compensation. Reserving antennas has a negative effect
on the spectral efficiency, but it is much lower than when using techniques like
tone-reservation to achieve similar PAR reductions. This is because the band-
width is linearly proportional to capacity, whereas array gain which depends
on number of transmit antennas is logarithmically proportional to capacity.
For the antenna set χ, the PARm is controlled by the amplitude threshold
applied in the peak cancellation on these. For the antennas in the compen-
sation set χc the PARm gets worse by around 3-5 dB, which may appear a bit
concerning. However, it should be noted that the average power of these an-
tennas is considerably lower (around 8 dB lower for M2 = 25) than on the
other antennas, resulting in an absolute peak power on a comparable level.
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Figure 6.4. Antenna-reservation impact on SNDR for varying transmit power.
The simulation was performed for a MIMO system with M = 100,
K = 10, N = 512, noise variance of 1 and a hard-saturation model
(maximum amplitude of 1) for PA.

To analyze the impact of antenna-reservation (χc) on the system perfor-
mance, we look at the Signal-to-Noise and Distortion Ratio (SNDR) at the
user terminals

SNDR = 10 log10

(
Ps

Pd + σ2
w

)
, (6.15)

where Ps is the received signal power, Pd the power of the distortion intro-
duced by clipping and σ2

w the receiver noise variance. In Fig. 6.4, it can be
seen that by reserving antennas there is a drop in SNDR at low transmit pow-
ers, because of the associated loss in the array gain. As the transmit power
is increased, beyond some point, the PAs saturate, and a higher SNDR is
achievable by deliberate clipping and using reserve antennas to mitigate the
clipping distortion. This results in a linear extension of SNDR by around 4 dB
as shown in Fig. 6.4. However, further increasing the transmit power results
in more power in the reserved antennas, which also start to saturate, hence
lowering the SNDR.

A more intuitive and generalized measure is the Output Back-Off (OBO),
the difference between operating power and the 1 dB compression point of
the PA, required to guarantee enough linearity. The proposed PAR reduction
schemes allows for around 4 dB lower back-off. This, in turn, would result in
the the PAs operating in a more efficient region.
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6.2. CONSTANT ENVELOPE PRE-CODING

In the previous section, a low complexity OFDM based PAR aware pre-coding
was presented. In this section, a stringent transmission scheme is presented
which, due to the constant amplitude (envelope), has 0 dB PAR before going
through a DAC. The narrow-band system model in this section is similar to
that of the previous chapter, i.e.,

y =
√

PHx + w . (6.16)

The channel gain between the m-th BS antenna and the k-th user is denoted
by hkm. Channel matrix to all users is denoted as H ∈ CK×M, where hkm is the
(k,m)-th entry. Let x = [x1, x2, ..., xM]T denote the pre-scaled transmit vector
from the M BS antennas, which is normalized to satisfy E[xHx] = 1.

ZF pre-coding can be viewed as a constrained least-squares solution for an
under determined system, i.e., ZF cancels (zeros) all inter-user interference
with least transmit energy (min ||x||2, subject to s = Hx). The constant enve-
lope pre-coding is similar to ZF, i.e., inter-user interference is suppressed, but
with a strict constraint on the amplitude. The optimization problem for the
CE pre-coder can be mathematically formulated as

maximize α

subject to αs = Hx

|xm|2 = 1, for m = 1, · · · M,

(6.17)

where α is scaling factor which improves the transmission power-efficiency by
utilizing the array gain more effectively.

CE can also be treated as a phase only (fixed amplitude, 0 dB PAR) trans-
mission, with received signal at the k-th user as

yk =
√

P
M

∑
m=1

hkmejφm + wk, (6.18)

where
√

Pejφm is the signal transmitted on antenna m. The solution to (6.17)
is not trivial, and in this work, we try to simplify it in two steps. First, we
compute an appropriate value of α and then we minimize the inter-user inter-
ference. In the next section, we will look into these simplifications and discuss
the performance and complexity.

6.2.1. PROPOSED CE PRE-CODER

Increasing α increases the signal strength (i.e., increase Signal-to-Interference
and Noise Ratio (SINR)), but a too high α hinders the ability to cancel in-
terference (hence decrease SINR). Finding the optimal scaling factor α is a
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non-convex optimization problem, and is also dependent on the data s. Fur-
thermore, frequent changes in α makes it hard for the users (receivers) to keep
a track or to predict the scaling factor for detection.

APPROXIMATION FOR SCALING FACTOR Due to the above factors, an ap-
proximation of α as a long-term constant (varying slowly over multiple chan-
nel estimations) is preferred. We came up with a low-complexity approxima-
tion to find the scaling factor

αTr =

√
Tr(HHH)

K
, (6.19)

where Tr is the trace of a matrix. This approximation was evaluated with
the simulated heuristic optimal α as shown in Fig. 6.5. The low complexity
approximation is close to a heuristic α, and the computation is performed as
part of the CE pre-coder with limited hardware overhead (initialization step
in Algorithm 6.1). By computing α from (6.19), we can simplify (6.17) as

minimize
x

||αTr s − Hx||2
subject to |xm|2 = 1, where m = 1, · · · M.

(6.20)

The solution of (6.20) has multiple local-minima, but fortunately in case
of massive MIMO, where M ≫ K, even the local-minima tend to be close to
optimal [62]. To solve the CE pre-coder we use the coordinate-descent algo-
rithm, which is analogous to gradient-descent, barring that the optimization
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Figure 6.5. Approximated scaling factor (α) for a K = 10, and 4-QAM modu-
lation. The heuristic-α is determined by sweeping over a range of
values and solving (6.17).
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is performed on one coordinate (variable) at a time. This is quite similar
to [62], except that α = 1 in the latter and also we avoid explicit computation
of phases, due to high hardware cost.

After performing appropriate scaling of user symbols, coordinate-descent
algorithm is used to solve (6.20), as shown in Alg.6.1. To reduce the complex-
ity and hardware cost, the previous results and residual vectors are used to
avoid straight out matrix-vector computations for each iteration. This results
in an O((9K + 5)MP) real-valued multiplications per user symbol s.

PERFORMANCE OF CE PRE-CODER Fig. 6.6 shows the per-user sum-rate
for the CE pre-coder with different number of iterations (P). When the scaling
factor α=1, the CE pre-coding is same as in [62], and has a lower performance
compared to our proposed pre-coding. The proposed CE has a lower sum-
rate than that of ZF for smaller ratios, due to the inability to suppress inter
user interference, while satisfying the strict amplitude constraint. However,
increasing number of antennas provides a large degree-of-freedom (massive
MIMO), which improves the performance of CE. In particular for high ratios
(>10) only P=2 iterations are needed to achieve performance close to the ZF.
In the following the hardware architecture of the CE pre-coder is described,
followed by discussion on implementation results.

Algorithm 6.1: Proposed CE pre-coder.

// Initialization per channel realization O
1 for m = 1 → M do

2 am = hm

||hm||22
4K + 1

3 α = α + ||hm||22
4 end

// Main loop (P iterations over M antennas)
5 for r = s, x = 0, l = 1 → P do

// Inner-Update loop
6 for m = 1 → M do

7 update_x = aH
m r 4K

8 xtemp = xm + update_x

// Truncation

9 xtrunc =
xtemp

|xtemp| 5

// Update residual vector, r

10 r = r − hm(xtrunc − xm) 4K

11 xm = xtrunc

12 end

13 end
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Figure 6.6. Per-user ergodic sum-rate for CE pre-coder with respect to ideal
ZF pre-coder for an i.i.d. channel with σ2 = 0.01.

6.2.2. HARDWARE ARCHITECTURE

The CE pre-coder in Alg.6.1 is mapped to a high throughput and pipelined
systolic array. This mapping exploits the fact that optimization is performed
on one variable at a time, resulting in vector dot-products, rather than matrix-
vector products. The vector dot-product and (update residual) vector-scalar
operation are streamlined, resulting in a highly efficient processing element.

PROCESSING ELEMENT In Fig. 6.7(a), the hardware architecture of the PE
for CE pre-coder is shown. The PE implements the inner-update loop (Alg.6.1),
in a streamlined architecture. The operations start with a load-phase, where the
channel column vector (hm) is shifted serially into the FIFO-1. After the load-

phase, the PE enters a wait-phase and the MAC unit is cleared. A valid data
(r_in_valid) triggers the MAC units to perform vector-dot product (compute-
state) between the serial data (r_in) and normalized column vector (a_in). The
serial data is also pushed into the FIFO-3 simultaneously. After the comple-
tion of the vector-dot product, the result is truncated as mentioned in Alg.6.1.
The PE is pipelined such that while in the compute-state the computation of
residual vector r is performed in parallel to the previous data. The utilization
of the PE is 100%, with both multipliers M1 and M2 continuously active, since
M1 operates on new data vector and M2 operates simultaneously on the old
vector.
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(a) Processing element for CE pre-coder.
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(c) Uni-directional systolic array of the CE pre-coder with M antennas.

Figure 6.7. Hardware details of CE pre-coder.

TRUNCATION UNIT The truncation unit adjusts the amplitude of the result
from the MAC unit to a fixed value. This is performed by dividing by the ab-
solute value (|xtemp|) and scaling appropriately based on the number of anten-
nas. In hardware, the truncation unit can be implemented as an independent
hardware unit with one real valued division unit and two real valued multi-
pliers. However, the utilization of this unit will be low, since it will be used
only once every K cycles i.e., once after compute-state. To avoid this low uti-
lization, the multipliers M1 and M2 are re-used to compute the absolute value
and perform the appropriate truncations. For hardware re-use, a trucate-state

is inserted in the state flow after the compute-state. In this state, the multipli-
ers M1 and M2 are multiplexed to perform the absolute value computation
and scaling, respectively, as shown in Fig. 6.7(b). Overall this re-use costs two
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Figure 6.8. Area and power breakdown of PE with 12-bit precision.

additional cycles, but the expensive truncation logic is performed with almost
no additional hardware.

SQUARE ROOT AND DIVISION UNIT In this implementation, the user sym-
bols are 8-bits wide (modulation of up to 256-QAM), and this in turn means
that the square-root and division unit can be accurately performed without
multipliers e.g., by a simple LUT. The number of elements in the LUT is opti-
mized by dividing the total range based on statistics, and the fact that smaller
numbers need to be more accurately represented when performing division.
In the next section, the optimized PE is used to implement a high throughput
systolic CE pre-coder, and the results of the latter are discussed.

6.2.3. IMPLEMENTATION AND RESULT

The CE pre-coder is implemented by connecting the PEs in series, forming a
systolic array as shown in Fig. 6.7(c), with first PE(m=1) performing computa-
tions for the first antenna. The systolic array is generic and is easily generated
based on the requirements, i.e., BS antennas (M), and iterations (P).

HARDWARE COST The proposed architecture is implemented in RTL, and
synthesized in 65 nm CMOS. The gate-count break-up of the PE is shown in
the pie-chart in Fig. 6.8. The multipliers (M1 and M2) take the majority of com-
binational logic, along with the FSM and counters. The non-combinational
logic mainly consists of 3 FIFOs, with FIFO-2 being the biggest. The other
non-combinational logic mainly consists of pipeline registers required to per-
form the streaming operations. A major concern with this architecture is the
number of registers in the design, which would increase the total power con-
sumption. To combat this, a clock-gating scheme is used.

POWER REDUCTION AND CLOCK-GATING Clock gating of the FIFOs are
performed in each PE separately, based on its local state-machine. The gating
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Table 6.1. Hardware results of CE pre-coder in 65 nm CMOS.
Per Processing

Element
For K = 10,

M = 100, P = 2
Area [mm2]# .030 6.02

Gate Count [kGE] 14.1 -
Max. Clock [MHz] 500 500

Latency
[cycles] K + 2 2400
[µsec] (K + 2)/500 4.8

Throughput [G samples/sec] 0.5/K 4.1
Information rate [Gbps] - 3.33

Power [mW]* 3.96 792
# Includes post layout clock tree synthesis.
* Power numbers are extracted by performing post-layout simulations.

is done by using a latch-based clock-gating circuit [27]. The power reduc-
tion due to the clock-gating technique is around 20%, with a negligible area
overhead.

LATENCY AND THROUGHPUT The latency of the PE depends on the num-
ber of users K (Table 6.1), since the operations in the PE are performed seri-
ally. However, the systolic array provides a high throughput with a maximum
clock rate of 500 MHz. The high clock-rate is mainly due to the critical path be-
ing isolated inside each PE. Furthermore, the PE can handle one user-symbol
every cycle in a fully unrolled implementation. As an example, we consider
a massive MIMO system with K = 10 (up to 16), M = 100 , P = 2, with 256-
QAM modulation, as in Table 6.1. This would result in total user information
data-rate of 3.33 Gbps with a power consumption of 792 mW. The power con-
sumption is high compared to ZF pre-coding, however, it is expected that the
fixed amplitude of transmit signal gets translated to efficient power ampli-
fiers. In the next section, we will look into effects of IQ imbalance in massive
MIMO system.

6.3. EFFECTS OF IQ IMBALANCE

Most of the transceivers today have an in-phase (I branch) and quadrature
(Q-branch) component which are passed through two mixers with a phase
difference of 90◦. IQ imbalance arises when there is a mismatch in amplitude
or phase between the mixers of transmitter and receiver. This effect can be
modeled by two parameters, i.e., ǫ amplitude and δφ phase mismatch, as
shown in Fig. 6.9. The effects and compensation of IQ imbalance are well
studied [63], [64]. In line with these works, two variables a and b are defined,
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���� ����atch Phase mismatch

Figure 6.9. Transmitter IQ imbalance model, with ǫ and δφ the physical mis-
match parameters, xL(t) time domain baseband IQ signal and
xTx(t) is transmitted signal.

which are calculated from the physical parameters as

a = cos(δφ) + jǫ sin(δφ)

b = ǫ cos(δφ) + j sin(δφ),
(6.21)

where a −→ 1 and b −→ 0 with decreasing ǫ and δφ. The signal received at
a receiver with no IQ imbalance, when there is frequency independent IQ
imbalance at a transmitter, becomes

xRx(t) = axTx(t) + bx∗Tx(t), (6.22)

which, in the corresponding frequency domain is expressed as

XRx( f ) = axTx( f ) + bx∗Tx(− f ), (6.23)

indicating a dual effect. There is both an attenuation of the correct signal and
interference from a frequency mirrored copy of the signal.

Various studies on the effects of hardware impairments for massive MIMO
systems have been [64], [65], however, these do not consider any hardware
cost. In the following an analysis of IQ imbalance in the downlink is per-
formed, which show that there is a need for pre-compensation.

EFFECTS OF IQ IMBALANCE IN MASSIVE MIMO To evaluate the effects of
IQ imbalance, we look at the SNDR at the user terminals

SNDR = 10 log10

(
Ps

Pd + σ2
w

)
, (6.24)

where Ps is the signal strength, Pd is the distortion due to IQ imbalance at the
transmitter and σ2

w is the additive noise variance at the receiver. For a fixed
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Figure 6.10. Simulated IQ imbalance for K = 10 users, with 6% amplitude
and 6◦ degree phase mismatch.
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Figure 6.11. Pre-compensation for M = 20, K = 10 system, with different IQ
imbalance estimation accuracy.

transmission power budget, signal power increases linearly with the number
of antennas, due to the array gain. However, the IQ distortion increases at
a much slower rate, mainly due to the fact that the phase of distortion is
negated (x∗Tx in (6.22)), and rotated (multiplying by b). Hence, the IQ distor-
tion is unlikely to add-up constructively at the receiver. These effects can be
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seen in Fig. 6.10, where the x-axis is the loss in power compared to a system
with no IQ imbalance. For a fixed configuration, the SNDR will saturate if the
distortion dominates over noise, and further increasing transmission power
has little effect on the SNDR. One way to improve the SNDR is to increase
the number of antennas, as seen in Fig. 6.10. The x-axis in the plot shows the
loss in transmission power to achieve certain SNDR, which is defined as the
additional transmission power required in a BS suffering from IQ imbalance
compared to an ideal BS without IQ imbalance. The lower the effects of IQ
imbalance, the smaller the value of the transmission power loss (moves left-
wards to 0). As can be seen in the plot, increasing the number of antennas
moves the curves towards the left, e.g., to achieve 15 dB SNDR a BS (suf-
fering from IQ imbalance) with M = 20 antennas has a transmission power
loss of 2.5 dB whereas with M = 160 the power loss lowers to 0.3 dB. This
observation goes in line with the claims about massive MIMO being able to
inherently handle hardware impairments [65]. However, increasing the num-
ber of antennas for mitigating IQ imbalance could be quite expensive, and
digital pre-compensation may be a better option to limit this particular effect.

PRE-COMPENSATION ARCHITECTURE Increasing the number of antennas
is a robust approach to tackle IQ imbalance, as no knowledge of the IQ imbal-
ance parameters are required. However, increasing the number of antennas
only for this purpose may not be the most cost effective solution. In Fig. 6.11
we show how the achieved SNDR of M = 20 antennas system increases with
digital pre-compensation and different quality of the estimated IQ imbalance
parameters. Higher improvements are achieved for fairly low estimation ac-
curacies, and low-energy digital pre-compensation can be a truly viable alter-
native.

The IQ imbalance pre-compensation is performed after pre-coding as shown
in Fig. 6.12. The main idea of pre-compensation is to transmit the signal w

such that after the mixer with IQ imbalance the transmitted signal is the de-
sired signal x. As described in (6.23), mirroring effects the n-th and −n-th
tone, which needs to be considered during pre-compensation. Therefore the
two sets of linear equations are grouped and expressed in the real domain as
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where the subscripts r, i indicate real and imaginary parts of complex signals.
The pre-compensation scheme involves solving (6.25). One technique is to

perform a brute force inversion and a matrix vector multiplication. However,
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Figure 6.12. Top level block diagram of IQ imbalance pre-compensation.

Table 6.2. IQ imbalance pre-compensation in 28 nm FD-SOI.
Per Instance For M = 100

Area [mm2]# .008 0.8

Gate Count [kGE] 27 2700

Max. Clock [MHz] 200 200

Latency [cycles] * 2 2

Power [mW] 0.6 60
# Synthesis results
* Latency is for 1 pair of tones per iteration.

since a and b are close to 1 and 0, respectively, an iterative method of solving
linear equations is favorable. This approach is more hardware friendly and in
this work we use Jacobi iterative approach [42]. To illustrate, we define the
4×4 matrix in (6.25) as A, the 4×1 vectors w and x. The matrix A is split into
two matrices A = D + R, where D contains only diagonal elements of A. The
initial value of w is set with values of x. In total 12 multipliers are used to
perform matrix vector (Rw) multiplications. The resulting vector is subtracted
with input vector using 4 subtracters (x − Rw). The residual vector is then di-
vided by the diagonal elements i.e., D−1(x − Rw). Division is performed
when updating the estimates by using the Newton-Raphson method [50] and
4 multipliers. The hardware has a flexible iterative path, and the input vector
is loaded with the residual vector for the next iterations. For a low IQ mis-
match parameters, the numerical accuracy of the solver is around 27 dB and
38 dB with only one and two iterations, respectively. The pre-compensation
was implemented in 28nm FD-SOI technology and the power simulations are
performed on a gate level netlist with back annotated timing and toggle infor-
mation. The corresponding hardware results are shown in Table 6.2. Although
the numbers when multiplied by a factor M = 100 antennas looks huge, they
are not in practice, as they are distributed over RF-chains. Also, note that
the implementation is fully unrolled, and folding the design to the required
data-rate will reduce gate-count. When considering the energy overhead, the
IQ compensation consumes only around 9 pJ/bit. Thus, the performance im-
provement for an extremely low energy consumption makes digital IQ com-
pensation highly attractive.



Summary of Part-I

This part dealt with various aspects of downlink pre-coding for a multi-user
massive MIMO systems. Exploiting special properties occurring in massive
MIMO resulted in a reduction in computational complexity of the pre-coder.
The evaluation was performed by implementing low complexity algorithms
on different hardware platforms. The Neumann series based approximative
matrix inversion performed well for diagonally dominant matrices, with mini-
mal performance (BER) loss. However, for an ASIC implementation, modified
Givens rotation was opted, which provided a much more robust performance
for various channel conditions. Moreover, circuit level optimizations (like re-
source sharing –merging Gram matrix and QRD–, time-multiplexing) and de-
vice level optimizations resulted in the highest reported hardware and energy
efficiency for a QRD implementation.

Lowering cost of analog components is an important aspect, considering
the large number of antennas in massive MIMO systems. Two PAR aware
pre-coding schemes and an IQ imbalance correction scheme were proposed in
this part. It was shown that the digital hardware cost and power consumption
for mitigating hardware impairments is relatively low.
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Uplink Processing for Massive

MIMO

Results and discussion in this part are from the following paper:

• H. Prabhu, J. Rodrigues, L. Liu, O. Edfors ”A 60pJ/b 300Mb/s 128×8
Massive MIMO Precoder-Detector in 28nm FD-SOI”, ISSCC, 2017.





7
Detection Techniques

Symbol detection is one the most complex tasks in wireless receivers. The
channel and noise (as mentioned in Chapter2) modify the transmitted signal,
and the receiver has to correctly estimate the original transmitted signal. In
general there two ways of performing symbol detection. The output of the
symbol detector can be a constellation point, in which case it is know as hard
detection. The output can also be several possible constellation points with
corresponding probabilities, in which case it is known as soft detection. Soft
detection compared to hard detection may require much more hardware to
compute the probabilities.

Consider a simple narrow band SISO system

y = hs + w , (7.1)

where s and y are the transmitted and received signal, respectively, h the
channel gain, and w is the additive i.i.d. noise. Typically, channel estimation
is performed to aid in receiver detection. In practice, there will be estimation
error which effect performance and these have been analyzed in various stud-
ies. In this work, a quasi-stationary viewpoint is taken such that the channel
time variation is negligible over a few symbols, and the channel is estimated
accurately by use of a training sequence embedded in the symbols. Thus for
brevity and to explore the detection hardware architectures, the channel and
its estimate is assumed to be same. If the channel is known (h) at the receiver,
a simple approach for detection is to invert the channel

y/h = s + w/h , (7.2)

which is illustrated in Fig. 7.1, also known as Zero-Forcing (ZF). ZF in this
context is for a SISO system, and is not the same as ZF for canceling inter-
user interference. After channel equalization the received data can be used
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Figure 7.1. ZF detection illustration and the possibility of noise enhancement.

to perform either hard or soft detection. Hard detection locates the closest
constellation point whereas soft detection computes the probability for each
constellation point. Both these approaches can be parallelized since there is
no dependencies between different constellation points.

The problem with ZF is that it enhances noise if the channel is close to
zero or in low SNR scenarios. An approach to avoid noise enhancement is to
employ MMSE equalizer which uses the SNR information. The noise spectral
density cannot go to infinity due to a perturbation factor [66]. In practice,
MMSE is slightly more complex than ZF and requires hardware to perform
SNR estimation.

7.1. MIMO DETECTION

MIMO detection is a much more complex operation compared to a SISO de-
tection with a single stream. The multiple streams are usually not orthogonal
to each other and will interfere with each other. The streams in case of multi-
user MIMO can be from different independent users. Concisely, the problem
is to recover the transmitted user vector s from an observation (received vec-
tor) of the form

y = Hs + w , (7.3)

where H M×K is the channel matrix, and w the i.i.d. noise vector. The elements
of s belong to a finite alphabet S of size |S|, hence, there are |S|K possible
vectors s. The assumption is that the system is not under-determined i.e.,
M≥K, and the H is full rank. To detect s in the Maximum Likelihood (ML)
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sense is equivalent to

minimize
s∈S

K
||y − Hs||22, (7.4)

which is a finite-alphabet-constrained least-squares problem and is known to
be NP-hard [61]. The optimal detection in terms of lowering Symbol Error
Rate (SER) is the ML detection. This method calculates the distance from
the received vector to all possible MIMO constellation points. Hence, the
complexity (O(|S|K)) becomes unmanageable with increasing MIMO config-
urations and modulation order.

ZERO FORCING The ZF detector solves (7.4) without considering the finite
constraints on s as in

minimize
s∈CK

||y − Hs||22. (7.5)

The solution for (7.5) is the well known least-squares (pseudo inverse of chan-
nel matrix) give as

s̃ = H†y = s + H†w. (7.6)

ZF then approximates (7.4) by pushing each s̃k onto the nearest constellation
point. An important observation here is that the inter-user (MIMO stream)
interference is completely removed, hence the name Zero-Forcing. However,
similar to the SISO channel, the ZF works poorly unless H is well condi-
tioned. To avoid this, a regularized ZF linear detection can be opted, which
trades between interference reduction and signal power inefficiency, given as
s̃ = (HH H + δI)−1HHy, where δ is a perturbation or scalar factor. When
an optimal value of δ is chosen based on SNR to maximize detection perfor-
mance, it is known as MMSE detection. For low SNR (large δ) MMSE ap-
proaches MF and for high SNR (low δ) it approaches ZF. In hardware, other
than the perturbation unit, MMSE utilizes the same modules and data-flow
as ZF.

ZF WITH DECISION FEEDBACK (DF) Assume ZF is computed by using Gaus-
sian elimination. At each step, the symbol computed is projected to the con-
stellation point before solving the next user symbol. This detection method is
called DF-ZF, and in decision-tree perspective, it is equivalent to examining
one single path down from the root. The problem with ZF-DF is error prop-
agation, i.e., if due to noise or bad channel conditions a symbol is detected
incorrectly, the noise will propagate and thereby affect subsequent decisions.
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To counter this the symbols with most reliable detection is first computed
in every step. However, even with optimal ordering, error propagation can
severely limit the performance. Due to this, in this work, we opt for more ad-
vanced tree-search algorithms when analyzing the performance of non-linear
detection.

TREE-SEARCH DETECTION ALGORITHMS A way to reduce the complexity
of ML is to limit the search space of the detector. The idea behind the Sphere
Decoder (SD) is to limit the search space to a hypersphere around the received
vector [67]. Thus, depending on the radius of hypersphere the complexity
and performance vary. The main problem is finding an optimal radius of the
hypersphere.

SD in its basic form can be improved by a mechanism called pruning. The
idea is that every time a leaf node with cumulative metric is reached with a
lower value than the hypersphere radius, the radius is updated [68]. There
are other improvements and flavors of SD, e.g., similar to ZF-DF user symbol
order can be optimized. In this work, the implementation of SD is not consid-
ered. The focus is mainly on the channel pre-processing which is required to
efficiently perform sphere decoding.

To reduce the distance calculations and cancellations in SD, a well-known
procedure is to perform QRD on the channel matrix, i.e., H = QR, where
Q is unitary and R an upper-triangular matrix. Subsequently, the detection
problem in (7.4) can also be reformulated as

minimize
s∈SK

||ỹ − Rs||22 , (7.7)

where ỹ = QHy. The triangularized least-square constraint is a much more
efficient approach to implement in hardware.

A drawback of sphere decoding is the variable time and computational
complexity needed for the detection to complete. An alternative is the K-best
SD algorithm which has a fixed complexity [69], [70]. This detection algorithm
detects a certain number of (k) best candidates in each layer, as shown in
Fig. 7.2. These fixed best candidates are further expanded in subsequent layers
and the result of all expansions are then compared. The lowest cumulative
metric of the (k) sub-sets is selected as the best candidate. The drawback of
this compared ML or SD is that it cannot guarantee an optimal detection. A
larger search (k) increases the chance of optimal detection, but will also lead
to higher computational complexity. Overall the implementation of K-best
algorithm is simpler, since it is a strictly feedforward algorithm, and also can
be parallelized to a certain extent.
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Figure 7.2. Illustration of MIMO ZF hard detection and K-best detection.

7.2. DETECTION IN MASSIVE MIMO

In massive MIMO systems, the number of observations of the transmitted
signal in the uplink is much greater than in previously considered systems,
i.e., M>>K so H is a tall matrix (over-dimensioned). It can also be interpreted
as the BS having higher spatial resolution, which in turn means the multi-user
streams can be resolved with greater precision.

In the next chapter, architecture and algorithm details of detection in mas-
sive MIMO is described. This is followed by a discussion on the measurement
results of the implementation. The detection techniques mentioned in this
chapter is also applicable for small scale, 4×4 MIMO (LTE-A) systems. In
the third part of this work optimization of the channel pre-processing is per-
formed to reduce complexity.
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Linear detection techniques provide good performance in massive MIMO sys-
tems under favorable channel conditions. Increasing number of BS antennas
makes the diagonal elements of Gram matrix more dominant, resulting in
lower inter-user interference. However, for lower antenna ratios (β = M/K)
or for highly correlated channels, the diagonal elements of Gram matrix may
not be dominant. For such scenarios, high-performance requirements call for
non-linear detection schemes. On the other hand, for an efficient hardware
implementation, it is important to not over-compute when the channel con-
ditions are good. This makes detection implementation challenging, and in
this chapter an adaptive Cholesky-based decomposition is proposed, which
supports both linear and pre-processing for non-linear detection.

8.1. LINEAR DETECTION SCHEMES

The system model is similar to the one in previous chapter with a notable
change in dimension of the channel matrix. An OFDM based multi-user mas-
sive MIMO system model is considered, with BS consisting of M antennas
receiving signals from K single antenna users. The K user symbols are rep-
resented by the K×1 vector s. Each antenna at the BS receives these signals,
and the uplink can be modeled as

y = Hs + w , (8.1)

where y is the received M×1 vector signal at the BS, H the M×K channel
matrix, s the K×1 vector of user symbols to be detected at the BS.

For favorable channel conditions and high antenna ratios (M>>K), linear
detector performance is close to optimal. The advantage of linear detection
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is the relatively low complex algorithms and in turn hardware friendly im-
plementations. MF is a simple linear detection scheme given as s̃MF = HHy,
which is multiplying the received signals with the Hermitian of the channel
matrix. MF, although simple, requires much more antennas at BSs to at-
tain close to optimal performance. ZF, on the other hand, requires a central
processing unit and a higher processing cost to perform detection, given as
s̃ZF = (HH H)−1HHy. The ZF detection scheme is viewed as a two-step pro-
cedure: firstly, the multiplication with HH , which is similar to MF, transforms
the over dimensioned M×K linear system (detection problem - (8.1)) to an
equivalent K×K linear system as

ŷ = Zs + ŵ , (8.2)

where ŷ = H Hy, Z = HH H and ŵ = H Hw. The second step involves detect-
ing s either by explicit or implicit inversion of the Gram matrix Z. For large
antenna ratio (β) and in favorable channel conditions, Z tends to be diago-
nally dominant, and low complex approximative techniques can be used for
inversion. However, for unfavorable channel conditions, Z may not be diag-
onally dominant and requires exact inversion. In hardware, typical inversion
strategies include Cholesky decomposition [71], QRD [48] or Direct Matrix
Inversion (DMI) [72]. These algorithms have similar O(K3) complexity. How-
ever, Cholesky decomposition in addition to performing linear detection, as-
sists in setting up a triangularized linear system with whitened noise, which
is crucial for tree-search based detection.

8.2. ADAPTIVE DETECTION BASED ON CHOLESKY DECOMPOSITION

Low complexity and near optimal performance makes linear detection an ob-
vious design choice. However, the claims of high performance assume an
uncorrelated channel and high antenna ratio β. This may not hold true in
practical system, e.g., in the case of highly correlated Line-of-Sight (LOS) or
large K as in stadium scenarios. For these scenarios, non-linear detection tech-
niques like tree-based algorithms are essential for achieving full performance.

The application of tree-based detection algorithms on (8.2) needs to handle
the colored noise ŵ. An exhaustive depth-search considering the noise vari-
ance will not impact performance but is expensive in hardware. On the other
hand, the colored noise impacts performance of sub-optimal pruned breadth-
search algorithms with fixed complexity e.g., the K-best algorithm [69]. The
standard approach in MIMO systems to setup tree-based detection without
coloring noise is to perform QRD on the channel matrix. This is expensive
in massive MIMO considering the large dimension of M in the 100s and the
corresponding precision required for computation [45]. Hence, it is desirable
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to operate on a smaller K×K linear system in hardware, after a simple MF
is performed in a distributed way. However, performing MF will color the
noise and an approach to whiten noise is to first perform Cholesky decom-
position on the Gram matrix Z = LLH , where L is a lower triangular matrix.
Afterwards both sides of (8.2) are multiplied with L−1 as

ȳ = LHs + w̄ , (8.3)

where ȳ = L−1ŷ and w̄ = L−1ŵ. Computing L−1 explicitly is avoided by
employing a forward-substitution module. Performing back-substitution on
(8.3) is equivalent to ZF linear detection. Furthermore, in (8.3), noise w̄ is
whitened, i.e.,

E(w̄w̄H) = E((L−1ŵ)(L−1ŵ)H)

= E((L−1HH)wwH(L−1H H)H)

= E((L−1)HH H(L−1)H)

= E(L−1LLH(LH)−1) = IK .

Hence, using Cholesky decomposition for linear detection has an added
advantage/ability of switching over to tree-based detection techniques for
higher performance.
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Figure 8.1. Simulated detection performance with measured outdoor chan-
nels [24]. The high correlation between users in LOS scenario im-
pacts linear detection. For lower β the performance loss is around
4 dB to achieve 10−3 BER in a 16-QAM uncoded system.
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8.2.1. PERFORMANCE ANALYSIS

The performance evaluation was simulated using the real measured channels
from [24]. The outdoor measurements were carried out with a virtual linear
array in a rich scattering scenario and LOS scenario. Uncoded BER is used as a
metric for performance, and the simulation is performed for different antenna
ratios β. For a rich scattering scenario or i.i.d. channel, the performance
of linear detection is close to optimal [36]. Furthermore, the performance
improves with an increasing ratio of BS to MS antennas. This is due to the fact
that in rich scattering scenarios the channels are highly uncorrelated, resulting
in a well-conditioned channel. However, the performance of linear detection is
poor in cases where the channel is correlated, e.g., in LOS scenario in Fig. 8.1.
There is a loss of around 2 dB to achieve BER of 10−3 when β = 16, and is
higher for lower β. This dependency of performance on channel conditions,
antenna configuration, and number of users, calls for an adaptive detection
architecture.

8.2.2. FRAMEWORK DESCRIPTION

The proposed framework for adaptive detection is shown in Fig. 8.2, wherein
switching between linear and non-linear detection is accomplished depending
on channel conditions and performance requirement. The following modes
can be envisioned for the architecture

Mode 1 : The first detection option in the architecture is MF, which is mul-
tiplying the incoming signal with the Hermitian of the channel es-
timate.

Mode 2 : For ZF or MMSE the output of MF is used for further processing.
This involves computing the Gram matrix followed by Cholesky
Decomposition and then performing forward and backward sub-
stitution on (8.2).

Mode 3 : In this mode, the output after forward substitution i.e., (8.3) is
used for non-linear detection schemes. Due to the whitened noise,
standard tree search implementations [73], [74] can be employed.

The selection of these modes can also be a trade-off between complexity and
performance. Also, the higher non-linear detection performance can be lever-
aged for antenna selection and turn-off antennas at BS, with an increased
detection processing cost.



8.2. Adaptive detection based on Cholesky decomposition 99

½
¾
¿

Figure 8.2. Top level framework of adaptive detection.
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8.2.3. COMPLEXITY ANALYSIS

The total computational complexity for each mode is shown in Table 8.1. As
expected, MF has the least complexity. Non-linear detection compared to ZF
has an additional complexity factor due to the tree-search algorithm. The com-
mon computations for both are matrix-vector product, Gram matrix computa-
tion, and Cholesky decomposition, of which the first two are trivial implemen-
tations in hardware. Tree-search algorithm implementation is not covered in
this work, and an existing standard implementation is used for analysis. The
main focus of this work is on the Cholesky decomposition implementation
which is described in the next section.

Table 8.1. Computational complexity for different detection modes.

Complexity per
realization of H

Complexity for each
realization of y

Mode 1: MF 0 MK

Mode 2: ZF1 0.5MK2 + aK3 MK + K2

Mode 3: Non-Linear2 0.5MK2 + aK3 MK + 0.5K2 + K2|S|K
1 a is constant which depends on the opted matrix decomposition strategy.
2 Sphere decoder complexity depends on the algorithm, constellation

symbols S, search radius, number of users K.

Algorithm 8.1: Cholesky decomposition of a K×K Hermitian symmetric
positive definite Z to a lower triangular L.

// Per Gram matrix realization O
1 for p = 0 → K − 1 do

2 for q = 0 → p do

3 for a = 0, r = 0 → q − 1 do

4 a+ = L[p][r] ∗ (LH [q][r]) K3/6 + K2/2
5 if p == q then

6 L[p][q] =
√

Z[p][q]− a K

7 else

8 L[p][q] = (Z[p][q]− a)/L[q][q] 0.5K2 + K

9 end

10 end

11 end

12 end
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8.2.4. HARDWARE IMPLEMENTATION

For an efficient Cholesky decomposition implementation, various intertwined
trade-offs between area, throughput, and accuracy needs to be considered. To
evaluate these aspects by traversing between different design space parame-
ters requires a flexible architecture.

HARDWARE DESIGN SPACE The Cholesky algorithm in Alg. 8.1 is used for
mapping onto hardware. It consists of 3 for-loops, the outer main loop has
K iterations, the inner loops iterate over the index of the previous loop. The
inner-most loop performs an accumulation and has an O(K3/6) complexity.
This accumulated value is used to compute elements of L, and requires either
a square root or division operation. Different implementations in hardware
can be envisioned, based on parallelization and pipelining, by unrolling the
for-loops.

Word-length optimization is a crucial aspect of an efficient hardware im-
plementation. Fig. 8.3(a) shows the accuracy and corresponding gate count of
performing fixed point Cholesky decomposition for different word-lengths.
Signal-to-Quantization-Noise Ratio (SQNR) is used as an accuracy metric and
is computed as

SQNR = 10 log10

(
||LFloat||2Fro

||LFloat − LFP||2Fro

)
, (8.4)

where LFloat is floating point precision and LFP is fixed point precision com-
putation of Cholesky decomposition. As expected increasing the word-length
improves the SQNR, however, it also increases the hardware cost.

Another important hardware trade-off is between parallelization and cost.
In general, reducing the computation time demands a higher hardware cost.
The actual design space has many more parameters, e.g., pipelining factor,
targeted frequency, power, area, and high speed/low power libraries. For il-
lustration purpose, a simplified design space is shown in Fig. 8.3(b), where
different implementations are realized based on the unrolling factor. The un-
rolling factor represents the speedup in processing the loops in Alg.8.1, hence,
increasing the unrolling factor reduces the processing latency at the cost of
higher gate count.

IMPLEMENTATION DETAIL As a case study, an unrolling factor of 16 and
word-length of 12-bits is used for implementation, corresponding to a la-
tency of 325 clock cycles and an SQNR of around 50 dB. The high accuracy
is achieved by employing a bit accurate division and square root units. A
standard sequential restoring arithmetic algorithm is used for both square
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Figure 8.3. Design space exploration, gate-count is extracted post synthesis at
300 MHz operating frequency. The unrolling factor is defined as
the integer product of the unrolling of the 3 for-loops in Alg.8.1.

Figure 8.4. Top level architecture for Cholesky decomposition.
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Technology               28nm FD-SOI

Gate count                  79.7 k

Total die area            1.1 mm x 1 mm

Max. freq                    300 MHz

Supply voltage          0.5 V  to  1.0 V

Clock cycles               325

Body-bias voltage    -0.3 V  to  1.2 V

8x8 Cholesky decomposition

Power                          20 mW @ 0.9V
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Figure 8.5. Detection microphotograph.

root and division implementation [50]. This approach has a long critical path
mainly due to the repetitive subtractions and comparisons. To overcome the
speed compared to approximative fast techniques (Newton-Raphson), a two
stage pipelining is performed as shown in Fig. 8.4. The architecture consists
of a multiplexer network which feeds data from the register file to the mul-
tipliers. A generic adder tree network performs the vector-dot product to
compute the scalar value. This scalar value (a) is used for further computa-
tions and updates the output register file based on the element pointers. The
forward and backward substitution units are systolic arrays re-used from the
pre-coder (described in Section 5.2).

Two techniques are employed to lower power consumption, namely global
clock gating and body-biasing. The implementation supports different clock
gating modes, e.g., automatic clock gating based on module activity. As men-
tioned earlier in the pre-coding chapter, in FD-SOI technology, the planar
back-side of a gate allows for a higher electrostatic control and body bias-
ing efficiency [75]. The implementation exploits body-biasing to either lower
power consumption by performing RBB or improve performance by FBB. In
the next section, measurement results of a 28 nm FD-SOI ASIC are presented,
focusing on energy and latency.

8.2.5. MEASUREMENT RESULTS

Fig. 8.5 shows the chip micrograph containing different modules, which are
configured by test logic and programmed through a standard JTAG interface.
The performance of the detection unit was functionally verified for different
core and body-bias voltages, and frequency as shown in Fig. 8.6. The maxi-
mum measurable frequency is 300 MHz due to lab setup limitations, which
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Figure 8.6. Measurement results for different core voltages and body-bias.
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Figure 8.7. Measurement results.

creates a rooftop in the plots. The chip is functional from 0.5 V to 1.0 V core
supply, and at lower voltages FBB is used to improve performance for a mi-
nor increase in power consumption. The implementation also supports RBB
of up to 0.3 V, which lowers power consumption. A maximum clock frequency
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Table 8.2. Hardware Results for different inversion algorithms.

This
Work

LDL
[71]

QRD
[48]

DMI
[72]

NS
[37]

Matrix Dimension (K×K) 8×8 4×4 4×4 4×4 16×16

Gate Count [kGE] 79.7 89.8 36 73 104

Normalized Latency1[µsec] 1.08 0.48 1.067 0.56 0.34

Hardware Efficiency2 0.013 0.023 0.026 0.024 0.028
1 Normalized latency scaled for 8×8 with 83/K3 at clock rate of 300 MHz.
2 Hardware Efficiency = Normalized Throughput/Gate Count

of 300 MHz or minimum latency is achieved for different core and body-
bias voltage combinations. The measurements show that to minimize power
consumption it is better to apply RBB than lowering VDD and using FBB.
Fig. 8.7(a) shows the measured minimum latency and corresponding mini-
mum energy for different core supply voltages. For VDD = 0.9 V and applying
RBB provides lower energy consumption compared to VDD = 0.8 V with FBB.
The measurements were performed on 6 chip samples, and Fig. 8.7(b) shows
the performance at VDD = 0.8 V without body-bias. The sample variations are
low and further tuning can be performed by body-bias to reach the desired
performance.

As an overview, we compare the implementation with different matrix in-
version and decomposition strategies in Table 8.2. A fair comparison is diffi-
cult since each of these implementations are optimized for different design tar-
gets like latency, accuracy, and power. The goal here is to show that in general,
the hardware cost of Cholesky decomposition is expected to be in the same
order as other approaches, due to similar O(K3) complexity, with an added
advantage of adaptive detection. The hardware efficiency of this work is lower
than other reported designs, mainly due to the flexibility in supporting vari-
able users (K = 2 to 8), wide dynamic range and multi-cycle bit-accurate di-
vision leading to lower multiplier utilization. These design choices in the
architecture were targeted towards the in-house massive MIMO (LuMaMi)
testbed [34]. The uplink detection has a latency requirement around 3.5 µsec,
which is well supported. The NS based inversion, as expected has higher
efficiency, due to the approximative inversion computations. QRD utilizes
highly optimized CORDIC units which in turn improves the hardware effi-
ciency compared to Cholesky implementations. However, NS, QRD and DMI
approaches do not offer the flexibility of switching between linear and non-
linear detection.

The overall detection, including the systolic array for forward/backward
substitution (same module as for pre-coder), takes 148 k gates. A clock-rate
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Table 8.3. Comparison of measurement results for MIMO detection.
This Work Chen [9] Noethen [8] Winter [76]

MIMO (M×K) 128×8 4×4 4×4 4×4
Detection Algorithm ZF/MMSE MMSE SD SISO SD SO
Modulation 256 256 64 64
Technology [nm] 28 65 65 65
Power [mW] 18 a 26.5 87 38
Frequency [MHz] 300 517 445 333
Detection Area [kGE] 148 347 383 215 b

Detection Data-rate [Mb/s] 300 1379 396 296-807
Area Efficiency c 2.02 0.99 0.26 0.34-0.94
Energy Efficiency [pJ/b]d 60 76.8 878.8 188.3
a Post MF power, MIMO dimension lowers to 8×8
b Pre-processing not included
c Area Efficiency = (Data-rate/Gate Count)×(K2/82)
d Energy Efficiency scaled by (82/K2)×28/Tech. Note that, usually higher efficiency

number is better, however, in case of energy efficiency lower number is better. This
is the convention used literature.

of 300 MHz achieves a throughput of 300 Mb/s, at a power consumption
of 18 mW (VDD = 0.9 V, VBB =-0.2 V). Table 8.3 shows results for small scale
MIMO detection implementations. Note that the MF area and power cost
is not accounted in the central detection chip, since, it is assumed to be per-
formed in a distributed way close to the RF chains. The massive MIMO uplink
detection utilizes a 1.08 µs latency 8×8 Cholesky unit, with comparable de-
tection area and energy efficiency of 2.02 Mb/s/kGE and 60 pJ/b. The reason
for such high performance is that the small scale MIMO implementation re-
quire a lot more complex processing (SD, iterative MMSE) to achieve high
performance. However, in case of massive MIMO, simple linear detectors like
zero-forcing or MMSE are able to achieve high performance.

The energy efficiency can be further improved by body-bias, voltage, and
frequency scaling. The array and spatial multiplexing gains in massive MIMO
require handling large matrices, however, the reported higher hardware effi-
ciencies, and ability to switch between linear and non-linear schemes makes
it promising for future deployments.



Summary of Part-II

This part dealt with various aspects of uplink detection for multi-user mas-
sive MIMO systems. The limitations in the transmit power levels of battery
based MSs and variable channel conditions, makes uplink detection quite
challenging. Performing non-linear detection for all the scenarios is expensive
and not scalable with increasing modulation order and number of users. In
this part, an adaptive detection framework was proposed, which can switch
between linear and non-linear detection schemes. The adaptive framework
also supports different linear detection schemes like MF, ZF, and MMSE. The
adaptability arises by opting to perform Cholesky decomposition on the Gram
matrix, which has an ability to whiten the post matched-filtered noise, and
in turn enables using standard tree-search based detection algorithms. This
could be achieved by performing QRD on the channel matrix directly, how-
ever, performing QRD of a large channel matrix also requires more memory
and higher accuracy computations. Thus, it is beneficial to first perform MF
to lower the dimension.

The Cholesky decomposition, along with forward/backward substitution
unit, was implemented in ASIC. The Cholesky decomposition implemen-
tation in this part is not the most efficient, since it employs a multi-cycle
bit-accurate division and supports variable number of users (K ≤ 8). Opti-
mization of the division unit and using block based Cholesky decomposition
leads to a much more efficient hardware ( [77] in-house improved implemen-
tation). Nevertheless, the systolic forward/backward substitution unit along
with Cholesky decomposition still results in high area and energy efficiencies
of 2.02 Mb/s/kGE and 60 pJ/b, respectively.
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Part III
Adaptive Channel Processing

for Wireless Systems

Results and discussion in this part are from the following papers:

• C. Zhang, H. Prabhu, Y. Liu, L. Liu, O. Edfors, V. Öwall ”Energy Effi-
cient Group-Sort QRD Processor with On-line Update for MIMO Chan-
nel Pre-processing”, IEEE Transactions on Circuits and Systems Part 1:
Regular Papers, 2015.

• C. Zhang, H. Prabhu, L. Liu, O. Edfors, V. Öwall ”Energy Efficient
SQRD Processor for LTE-A using a Group-sort Update Scheme”, IS-
CAS, 2014.

• C. Zhang, H. Prabhu, L. Liu, O. Edfors, V. Öwall ”Energy Efficient
MIMO Channel Pre-processor Using a Low Complexity On-Line Up-
date Scheme”, Norchip, 2012.





9
Channel Pre-processing

The earlier parts of the thesis presented signal processing and digital hard-
ware implementation for massive MIMO BSs. In this part, the focus is shifted
to the MS, which has a much more stringent energy constraints. Although the
techniques are focused mainly on LTE-Advanced (LTE-A) MSs, they are not
limited to it. Massive MIMO BSs could also adopt these techniques once the
frame structures are standardized.

Efficient MIMO signal detection relies on the knowledge of CSI and chan-
nel pre-processing. For instance, the QRD of channel matrices is a key pre-
requisite for advanced tree-search algorithms such as sphere and K-best de-
coders, as discussed earlier in Chapter 7. Channel matrix inversion or other
approaches of solving the system of linear equations is crucial for linear de-
tectors such as ZF/MMSE. However, despite their importance, channel pre-
processing units are often excluded from conventional signal detectors [78],
as their computations are considered to be less frequent due to the common
assumption of block-stationary data transmissions [79]. Unfortunately, CSI
of real-world radio channels is rarely constant because of channel changes
and multi-path propagation. Outdated CSI introduces additional interference
to signal detection, which will drastically degrade MIMO performance. Thus,
frequent CSI update and the corresponding channel pre-processing are highly
desirable in wireless communication systems to provide signal detectors with
adequate channel knowledge.

Using the channel’s time correlation, tracking of channel state changes can
be achieved using decision-directed algorithms such as least mean squares
(LMS), recursive least square (RLS), and Kalman filtering [80] [81]. Never-
theless, continuous CSI tracking has not been widely adopted in practical
systems, as each CSI update requires computationally intensive channel pre-
processing, either QRD or channel matrix inversion, which has a comparable
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complexity to that of MIMO signal detectors [81]. Moreover, considering en-
ergy consumption, frequent CSI updates result in an increased power bud-
get for channel pre-processing operations, which is not always affordable in
practical systems, especially for portable devices. For instance, QRD of one
4×4 channel matrix may be accomplished in 4 clock cycles with power con-
sumption of 318.66 mW, corresponding to 12.76 nJ energy at 100 MHz clock
frequency [49]. Although this QRD scheme achieves 20% higher processing
throughput than the state-of-the-art signal detector presented in [78], each
decomposition consumes 10 times more energy than performing MIMO sig-
nal detection on one received vector. To reduce energy consumption, QRD
update schemes are proposed in open literature to lower the frequency of
brute-force QRD computations by using either LMS [81] or matrix perturba-
tion algorithm [82]. Although those schemes involve low complexity QRD
update operations, additional error evaluation criteria are as complex as the
QRD itself, which goes against the intention of complexity and energy reduc-
tion. To tackle these issues, energy efficient update schemes for performing
channel pre-processing operations are described as follows:

• The first section in next chapter covers a time based energy efficient
update scheme for performing channel pre-processing operation upon
CSI updates. Since matrix inversion can be efficiently computed via
QRD and R−1 [49], we focus on those updates to serve both tree-search
based and linear signal detectors. To the best of our knowledge, this
is the first study in open literature targeting both QRD and R−1 up-
date and has hardware implementation and energy figures reported.
By taking advantage of time correlation between adjacent channels, ex-
act tone-by-tone QRD computation during successive channel matrix
updates can be avoided by holding unitary matrix Q fixed while only
updating the upper triangular matrix R. For R−1 update, Neumann
series approximation is adopted instead of computing exact matrix in-
version. To minimize detection errors caused by outdated Q and R

matrices, on-line condition check of the proposed scheme is performed
prior to each QRD update.

• The second section presents a hybrid decomposition scheme with a
novel group-sort QR-update strategy to efficiently implement a low-
complexity Sorted-QRD (SQRD) processor for a 4×4 MIMO LTE-A sys-
tem. This scheme exploits the property of the LTE-A pilot pattern to
perform QR-update by computing exact Q and R matrices using only
one Givens rotation. To obtain the low-complexity benefit of the in-
troduced update scheme in the context of SQRD a novel group-sort
algorithm for channel reordering is presented.
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SYSTEM MODEL

Before getting into the details of the low-complexity channel pre-processing
techniques it is important to understand the LTE-A pilot patterns. The system
model for a LTE-A N×N MIMO is

y = Hx + w, (9.1)

as described in Chapter 2. Each component of x is obtained by mapping a
set of information bits, encoded by error-correcting codes (ECC), onto a Gray-
labeled complex constellation such as M-QAM. In this work, an in-house LTE-
A downlink simulator is used, and we use Frame Error Rate (FER) to evaluate
the proposed algorithms. The ECC scheme adopted in simulations is a rate
1/2 parallel concatenated turbo code with coding block length of 5376 and 6
decoding iterations. Furthermore, we assume the receiver has perfect channel
knowledge.

To help receivers track frequent channel changes, LTE-A inserts scattered or-
thogonal pilot tones to multiple antenna ports [18]. The pilot pattern for four
antenna ports is sketched in a time-frequency grid, as shown in Fig. 9.1. One
special property to notice, pilot tones allocated in the middle of each LTE-A
Resource Block (RB) are only available for antenna ports 0 and 1. This corre-
sponds to an update of first two columns in the channel matrix H, denoted as
half-H renewal hereafter. Benefiting from this property, the QRD updates can
be simplified and is further described in the next chapter.

The decision to either perform a QRD updates or brute-force QRD in LTE
system depends mainly on the channel coherence time and coherence band-
width. This requires developing an on-line decision making or condition
check scheme to evaluate if the channels have not changed drastically. For-
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Table 9.1. LTE channel models.
EPA fd = 5 EVA fd = 70, 300 ETU fd = 70, 300

Tap τ[ns] PdB τ[ns] PdB τ[ns] PdB

1 0 0.0 0 0.0 0 -1.0
2 30 -1.0 30 -1.5 50 -1.0
3 70 -2.0 150 -1.4 120 -1.0
4 90 -3.0 310 -3.6 200 0.0
5 110 -8.0 370 -0.6 230 0.0
6 190 -17.2 710 -9.1 500 0.0
7 410 -20.8 1090 -7.0 1600 -3.0
8 1730 -12.0 2300 -5.0
9 2510 -16.9 5000 -7.0

tunately evaluating this through simulations is straight forward since LTE-
A provides standard channel models for different scenarios [83]. The three
power delay profiles shown in Table 9.1 represents low, medium and high
delay-spread environments, respectively. All the taps have a classical (or
Jakes) Doppler spectrum [66], and a specified maximum Doppler frequency
for each multi-path fading propagation condition. The three Doppler frequen-
cies of 5, 70, and 300 Hz, say for a carrier frequency of 2.6 GHz corresponds
to speeds of 2, 29 and 125 km/hr, respectively. The high speed model are not
considered in the update schemes, since smaller MIMO configurations (e.g.,
2×2) or lower modulation schemes (e.g., QPSK) are expected to be used in
such channel scenarios to mitigate serious interference induced by fast chan-
nel variations.
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Before presenting channel pre-processing update schemes, different baseband
processing responses to CSI changes are analyzed using 3GPP channel models
with various mobile speeds. In the next sections, we treat half-H renewals as
CSI updates which happen on the 5-th OFDM symbol of a LTE-A RB, see
Fig. 9.1. A full-H update happens at the beginning of each RB. Using QRD for
channel pre-processing, two cases or strategies are developed:

• Case-I : Also referred to as exact QRD update, is the scenario when exact
QRD is performed during half-H renewals.

• Case-II : In contrast to exact QRD update, no QRD update case assumes
the receiver stays in a static channel environment, thus has no channel
pre-processing operation is performed during CSI updates.

Utilizing K-Best signal detector with K = 10, FER performance for the above
cases in a 4×4 MIMO downlink with 64-QAM modulation (system settings of
the simulator is mentioned in previous chapter) is illustrated in Fig. 10.1(a).
EPA-5 and EVA-70 channel models are used for simulations. It is interest-
ing to note that Case-II achieves similar FER performance as Case-I in EPA-5
simulations, thanks to the high channel correlation caused by low mobility.
In contrast, a significant performance degradation is observed with the EVA-
70 model when no operation is performed during CSI updates (Case-II). The
same analysis can be applied on R−1 update together with linear detectors
such as MMSE, and similar results are obtained for the two cases. Hence,
we can conclude that frequent QRD and R−1 updates only lead to small FER
improvements in static and slow moving channel scenarios. However, chan-
nel pre-processing updates need to be performed explicitly upon CSI changes
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(a) FER performance for different CSI
updates.
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Figure 10.1. Update Scheme performance and condition check.

in channel models with moderate and high mobile speed, in order to pre-
vent performance degradation at the cost of computation power. The above
observations motivate us to propose an efficient channel pre-processing up-
date scheme that can bridge the performance gap between Case-I and Case-II
during CSI updates, and at the same time, have much lower computational
complexity and energy consumption than performing the exact channel pre-
processing operations.

10.1. TRACKING BY HOLDING THE UNITARY MATRIX

This section presents the proposed update scheme in conjunction with an
on-line decision mechanism. In each channel matrix factorization, namely
H = QR, the Q matrix contains orthogonalized unit (column) vectors, and
R holds co-ordinates in the new base created by Q. By utilizing the time
correlation property of H, we assume that the orthogonality of column vectors
in Q remains unchanged during successive CSI updates. Also, any change in
channel matrix is represented by value variations in elements of R. With these
assumptions, the demanding QRD computation can be simplified to updates
of matrix R, expressed as

H i = QiRi ≈ Qi−tR̂
′
i, t = 1 . . . T, (10.1)

R̂′

i = QH
i−tH i, (10.2)

where i and t are time indexes of channel matrix updates (both full- and half-
H renewals), and the constant T defines the effective time interval for holding
Q fixed in between two QRD computations. Because of the outdated Q, R̂′

i
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is an approximation of Ri and generally loses its upper triangular matrix
form, which is not in favor of tree-search based signal detectors. Hence, post-
processing of R̂′

i is needed to transform it back to the expected matrix form.
This is accomplished by forcing non-zero imaginary elements on the main
diagonal and non-zero entries below the main diagonal to zero. This post-
processed R̂′

i matrix is hereafter denoted as R̂i.
Comparing to an exact QRD, the total error induced by the update scheme

includes inaccuracies caused by the outdated Q matrix and zero forcing ap-
plied on R̂′

i. To minimize these errors, an on-line decision check is applied
prior to each QRD update. During this decision check, vector closeness be-
tween H i columns and their predecessors in H i−t is evaluated. QRD update
scheme is applied only when the vector closeness is below a certain threshold
value T , otherwise exact QRD is performed. The closeness is measured as
maximum squared Euclidean Distance (ED) between column vectors, formu-
lated as

d2 = max ‖ Hn
i − Hn

i−t ‖2, n = 1 . . . N, (10.3)

where Hn
i is the n-th column vector in H i. The threshold value (T ) is deter-

mined by adjusting update level L in ED distributions (decided off-line and
obtained by Monte-Carlo simulations), where L indicates an average ratio
of QRD updates to the total number of channel matrices during half-H re-
newals. As an illustration, the cumulative distribution function (CDF) of ED
values simulated for 3000 EVA-70 channel realizations is shown in Fig. 10.1(b).
Together with the CDF, T and L values for an 90% update level are marked.
H matrices with ED values larger than T refer to the channel matrices that re-
quire exact QRDs. Selections of update levels L is a design trade-off between
performance degradation and complexity-energy reduction.

INVERSE UPDATE SCHEME

R−1 update is computed based on the result of QRD. By adopting Neumann
series approximation (explained in Chapter 5), the explicit matrix inversion
(from R to R−1) is avoided. Given the fact that matrix R̂i is an updated
version of Ri−1, and if the convergence condition of the Neumann series is
satisfied, expressed as

lim
k→∞

(IN − R−1
i−1R̂i)

k ≈ 0N , (10.4)

then, assuming the inverse of Ri−1 is computed together with the exact QRD,

R−1 update (R̂
−1
i ) can be calculated using Neumann series

R̂
−1
i =

∞

∑
j=0

(IN − R−1
i−1R̂i)

jR−1
i−1. (10.5)
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(a) QRD update, for an 64-QAM system
with K-best (k=10).)
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(b) R−1 update for 16-QAM system with
MMSE.

Figure 10.2. Update scheme performance for different threshold in a 4×4
coded MIMO LTE-A downlink.

Since linear detectors do not utilize the property of upper triangular matrices,

no post-processing is needed for R̂
−1
i . For practical implementations, the

infinite matrix summation in (10.5) needs to be truncated. In this work, we
use the first order Neumann series approximation due to its low complexity,
written as

R̂
−1
i ≈ R−1

i−1 + (IN − R−1
i−1R̂i)R−1

i−1,

= (2IN − R−1
i−1R̂i)R−1

i−1. (10.6)

ALGORITHM EVALUATION

To evaluate the effectiveness of the proposed schemes, FER performance is
simulated for a 5 MHz bandwidth LTE-A test environment. To evaluate the
QRD update scheme, a K-Best signal detector with K = 10 is used together
with 64-QAM modulation in FER simulations, whereas the R−1 update test
uses a linear MMSE detector with 16-QAM.

Simulated FERs, as shown in Fig. 10.2, show that both update schemes fill
up the performance gap between the two cases (Case-I and Case-II). Vari-
ous design trade-offs can be obtained by varying the update level (L) values.
Generally, higher update levels provide higher complexity-energy reduction
at the cost of performance degradation, whereas better FER performance can
be achieved with lower update levels. Interesting to note is that the proposed
schemes with L = 20% exhibit similar FER performance as Case-I. Besides, a
substantial FER improvement is presented in comparison to Case-II, e.g., for
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(a) Update scheme architecture. (b) Energy-performance trade-off for
QRD update scheme.

Figure 10.3. QRD-update architecture and design trade-off.

QRD updates shown in Fig. 10.2(a), the interference noise floor observed at
FER = 10−2 in Case-II is completely removed.

With the adjustable update levels, the proposed schemes can be config-
ured on-demand to meet different system requirements, e.g., performance-
or energy-oriented design criterion. Additionally, when implementing these
schemes on reconfigurable platforms, the update level can be adjusted dynam-
ically adapting to channel condition. Hence, the proposed update schemes are
highly flexible.

IMPLEMENTATION RESULTS AND COMPARISON

The proposed algorithms only involve vector processing, both QRD and the
update schemes have the potential to be mapped onto one platform and to
share computational resources. Therefore, hardware area is not our primary
concern in this work. Instead, focus is on energy reduction in comparison with
conventional QRD designs, and discuss design trade-offs between processing
energy and FER performance.

A hardware architecture for the proposed update schemes is shown in
Fig. 10.3(a). Resorting to the use of four complex-valued vector dot prod-
uct (VDP) units, each R and R−1 update ((10.2) and (10.6)) for 4×4 channel
matrices takes 8 and 16 clock cycles respectively, including on-line update
level ((L)) based decision check (10.3). Threshold values are stored in a LUT,
which are preloaded during system initialization or configured on-the-fly to
adapt to the current channel scenario. The proposed hardware architecture
is synthesized in a 65 nm low-leakage standard cell CMOS library. Hardware
results are summarized in Table 10.1, the total core area is 0.242 mm2 equiv-
alent to a 116 K gate count. Operating at a normal 1.2 V core voltage, the
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Table 10.1. Implementation comparison with conventional QRD.
[49] [84] This work

Algorithm
QRD QRD QRD update

Givens Interpolation R R−1

Matrix size 4×4 4×4 4×4

Technology [nm] 180 90 65
Gate count [kGE] 111 317.95 116
Max. freq. [MHz] 100 140.65 330

Proc. cycles 4 4 8 16
Throughput [M-QRD/s] 12.5 35.16 41.25 20.625

Energy [nJ/QRD] 12.76 1.39 0.36 0.72
N.T. [M-QRD/s/kGE]# 0.31 0.15 0.35 0.18

N.E. [nJ/QRD]* 2.05 1.45 0.36 0.72
# N.T.: Throughput×(Technology/65nm)/(Gate count)
* N.E.: Energy×(65nm/Technology)

maximum clock frequency is 330 MHz, resulting in an update throughput of
41.25 M-QRD/s and 20.625 MR−1/s. The energy consumption of each QRD
and R−1 update is 0.36 nJ and 0.72 nJ, respectively.

In Table 10.1, implementation results are compared with QRD designs re-
ported in the literature. To ensure a fair comparison, normalized throughput
(N.T.) and energy (N.E.) is considered to take into account of various design
parameters, such as throughput, gate count, and technology. It shows that
(Table 10.1) the proposed QRD update scheme achieves 14% higher through-
put (normalized) than the QRD in [49]. More importantly, each QRD and R−1

update consumes 4 and 2 times less energy (normalized) compared an en-
ergy efficient QRD design [84]. Considering the simulation setup, i.e., 5 MHz
LTE-A with 300 data sub-carriers per OFDM symbol, a 38% energy reduction
can be obtained with QRD updates during half-H renewals when using 50%
update level, while performance degradation is less than 1 dB at FER = 10−2.

In order to choose an appropriate update level value L, a design trade-off
analysis is carried out between FER and energy consumption. An evaluation
of FER performance and corresponding SNR values of each L at the target
level of FER = 10−2 was performed. Taking the exact QRD case as a refer-
ence, SNR performance degradation of the proposed schemes is measured.
As an illustration, Fig. 10.3(b) shows the energy-performance trade-off curve
for QRD update simulations (Fig. 10.2(a)). The same analysis can be applied
to the R−1 case. It is worth to note that up to 60% energy reduction can be
achieved with the proposed QRD update scheme with an SNR degradation as
low as 1 dB.
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10.2. GROUP-SORTING

The previous section described a QRD update scheme based on tracking the
upper triangular matrix (track-R) and holding the unitary matrix (hold-Q).
The mechanism is generic and can be easily extended to other OFDM-MIMO
standards. In this section, a highly LTE specific update scheme is presented.
Sorted QR Decomposition (SQRD) is capable of improving detection perfor-
mance by optimizing processing order based on the energy of spatial chan-
nels [85]. SQRD starts with a column permutation to the original channel
matrix H,

H̃ = HP, (10.7)

where H̃ and P denote the sorted channel and corresponding permutation
matrix, respectively. After sorting, a QRD is performed on H̃ to obtain the
unitary matrix Q and upper-triangular matrix R. In the following, we focus
on the computational complexity of the QRD on H̃ .

For scenarios where only parts of the matrix columns change over time,
QRD of the new matrix can be performed in a more efficient way than a brute-
force computation (referred to as Ordering-I), i.e., starting from scratch [42].
Inspired by this, a low-complexity QR-update scheme during half-H renewals
is presented. Specifically, the scheme starts with the brute-force SQRD during
full-H renewals, expressed with a subscript “old” as

H̃old = QoldRold. (10.8)

During half-H renewals, H̃new is obtained by updating two columns of H̃old.
Although orthogonal vectors in Qold may no longer triangularize H̃new, some
of the column vectors may still point in the correct direction. As a conse-
quence, the new R matrix, denoted as R̃new, can be expressed using H̃new

and Qold as

R̃new = QH
oldH̃new. (10.9)

Due to the outdated Qold, R̃new is no longer an upper-triangular matrix but
may still reveal some upper-triangular properties depending on the positions
of the two renewed columns. Specifically, in cases where column changes take
place at the right-most of H̃new, only one element in the lower triangular part
of R̃new (i.e., r̃new(4, 3)) becomes non-zero. This implies that triangularization
of R̃new can be significantly simplified by nulling the single non-zero element
instead of operating on all columns afresh as

GR̃new = GQH
oldH̃new, (10.10)
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where

G =




1 0 0 0
0 1 0 0
0 0 c s∗

0 0 −s∗ c∗


 . (10.11)

In (10.11), (·)∗ is the complex conjugation, c and s are defined as

c = r̃∗new(3, 3)/z,

s = r̃∗new(4, 3)/z,

z =
(
|r̃new(3, 3)|2 + |r̃new(4, 3)|2

)1/2
.

(10.12)

After triangularizing R̃new, exact Qnew and Rnew in the proposed QR-update
scheme are obtained, expressed as

Qnew = (GQH
old)

H, (10.13)

Rnew = GR̃new = G(QH
oldH̃new). (10.14)

By combining the traditional brute-force approach (i.e., computing QRD
from scratch during half-H renewals) and the QR-update scheme, a hybrid
decomposition algorithm is formed which dynamically switches between the
two schemes to reduce the computational complexity, depending on run-time
conditions of the channel reordering. Obviously, the complexity reduction
depends on the applicability of the QR-update. Intuitively, we could fix the
position of antenna ports 0 and 1 to the right-most part of H̃new in order
to obtain a maximum complexity gain, since it completely avoids brute-force
computation during half-H renewals. However, the advantage of channel re-
ordering (for improving detection performance) is lost and we refer to this as
Ordering-II. On the other hand, where channel columns are permuted based
on the optimal detection order without considering the position of renewed
channel columns referred as Ordering-III, the applicability of the QR-update
is dramatically reduced. For example, considering the 4 × 4 MIMO LTE-A,
only (2!2!)/4! = 1/6 of sorting combinations meet the required update con-
dition, thus limiting the complexity reduction. As a consequence, a smart
scheduling strategy is needed to explore the low-complexity potential of the
QR-update, while still retaining the performance gain of the optimal channel
reordering.

GROUP-SORT ALGORITHM To fulfill the above mentioned requirements, an
effective group-sort algorithm for channel reordering is developed. The key
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Figure 10.4. Simulated FERs in a 4 × 4 MIMO LTE-A downlink using 3GPP
EVA-70 channel model with 64-QAM modulation.

idea is that instead of operating on individual columns, sorting of H is applied
on two virtual groups, wherein columns associated with antenna ports 0 and
1 are tied together. This way, combinations of “columns” is reduced from 4! to
2!. Consequently, the probability of having both altered columns at the right-
most part of H̃new is increased by 3 times, i.e., from 1/6 to 1/2. To reduce
errors due to sub-optimal sorting sequences, a two-step sorting scheme is
adopted. First, the sorting between groups is based on the total energy of
bundled columns as

I = arg maxI={{0,1},{2,3}} ∑
i=I

‖hi‖2, (10.15)

where I contains inter-sorted group indexes, e.g., I = {0, 1} if antenna ports 0
and 1 correspond to the strongest channels. Second, the two columns within
each group, e.g., indexes within I , are intra-sorted based on the energy of
individual columns. To conclude, Table 10.2 summarizes all four scenarios of
the hybrid SQRD algorithm and their corresponding applicability, wherein we
denote the proposed group-sort method as Ordering-IV.

ALGORITHM EVALUATION To illustrate the effectiveness of the proposed
algorithm, the 3GPP EVA 70 Hz model is used. In each FER simulation,
5000 LTE-A subframes are transmitted and decoded using a fixed-complexity
sphere decoder [86]. Performance of the proposed group-sort QR-update and
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Table 10.2. Ordering-I−IV of the proposed hybrid SQRD algorithm.

Channel reordering Brute-force QR-update

Ordering-I Optimal ordering with precise sorting 100% 0%
Ordering-II Fixed order for antenna port 0 and 1 0% 100%
Ordering-III Optimal ordering with precise sorting 83.33% 16.67%
Ordering-IV Group-sort 50% 50%

Table 10.3. Computational complexity of hybrid SQRD algorithm.

Complexity Computation Multiplication DIV/SQRT∗

C1 QRD (10.8) N3 + 2N2 2N

C2 QH
oldH̃new (10.9) 1

2 N3 0
C3 Triangularization ((10.10)) N2 + 2N 3
C4 Sorting (10.7)(10.15) 4N 0

* Division, square-root, and CORDIC, where the latter one is often used
for generating GR matrices.

other ordering are shown in Fig. 10.4. Note that Ordering-III is the same
performing brute-force and is used as a reference for FER measurements.
Compared to the one where no QRDs are performed during half-H renewals
(uppermost curve in Fig. 10.4), it clearly shows the importance of performing
CSI and QR updates even for channels with moderate Doppler shifts. Addi-
tionally, adoption of channel reordering during QR decomposition improves
performance over that of the fixed-order approach by, e.g., 1.1 dB between
Ordering-II and III at FER = 10−2. Furthermore, the group-sort approach has
only small performance degradation of about 0.2 dB compared to Ordering-
III, but with a large reduction in complexity as analyzed in the following.

We divide the operations required for performing channel pre-processing
into four parts as shown in Table 10.3. The first operation denoted as C1, cor-
responds to complexity to perform brute-force QRD (10.8). Gram-Schmidt
algorithm [42] is used for performing QRD and the total complexity is for a
matrix with dimension N×N. The second and third operation are related
to the update scheme based on Givens rotation as mentioned in (10.10). The
last operation (C4) is for sorting the columns as described in (10.15). Computa-
tions when performing precise- and group-sort update require both (10.9) and
(10.10), which has a total complexity of C2 + C3. This is significantly lower than
the complexity of performing QRD C1, e.g., by about 42% for N = 4. Note
that the product of QH

oldH̃new in (10.9) requires only half of the matrix com-
putations during QR updates, since only two columns change in H̃new. The
complexity of sorting in both precise- and group-sort approaches is relatively
low.

Based on this analysis and in reference to Ordering-I, Table 10.4 shows the
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Table 10.4. Complexity and performance comparisons of ordering-I−IV.

Complexity
Complexity SNR
reduction degradation

Ordering-I C1 + C4 − (ref.) − (ref.)
Ordering-II C2 + C3 50% 1.1 dB
Ordering-III 5

6C1 +
1
6 (C2 + C3) + C4 6% 0 dB

Ordering-IV 1
2C1 +

1
2 (C2 + C3) + C4 18% 0.2 dB

Table 10.5. Implementation summary of the vector processor [87].

Brute-force QRD Proposed QR-update

Gate count [kGE] 339
Max. freq. [MHz] 500
Execution cycles 7.5 5
Throughput [M-QRD/s] 67 100
Energy [nJ/QRD] 2.85 1.9

complexity reduction versus performance degradation of Ordering-II−IV for
a 4 × 4 system. It shows that a 50% complexity reduction is obtained for
Ordering-II. Moreover, combining the group-sort and the QR-update schemes
results in more palatable trade-offs, i.e., 18% complexity reduction for only
0.2 dB performance degradation.

Evaluation of the hardware friendliness of the algorithm and re-usability is
performed in [87]. Implementation of the vector processor is not part of this
work and is based on a in-house reconfigurable array framework presented
in [88], [11]. Table 10.5 summarises implementation results for the brute-
force and the QR-update computations. Operating at 500 MHz, processing
throughput of the QR-update is 100 M-QRD/s and consumes 1.9 nJ per de-
composition. This results in a 33% improvement compared to the brute-force
counterpart, which is quite an impressive gains considering minimal (0.2 dB)
performance degradation.



Summary of Part-III

This part dealt with lowering computational complexity of channel pre-
processing (QRD) in MIMO systems, mainly focusing on battery operated
MSs. The key idea is to exploit the time correlation of the channel to avoid
computation from scratch. Evaluation of tracking channel by a hold-Q ap-
proach was performed for an OFDM based system, where up to 38% energy
reductions was obtained for a performance degradation of less than 1 dB at
FER= 10−2. The tracking algorithm was further improved by utilizing the
LTE-A frame structure, wherein a new group-sorting mechanism was de-
veloped along with Givens rotation updates. The group-sort algorithm was
mapped to a reconfigurable platform and supports a wide range of trade-offs
between performance and energy. Although, the algorithms where focused
on tracking variations over time, it could also be used to exploit correlation
over frequency. Moreover, the tracking algorithms mentioned in this part are
not limited to mobile terminals, i.e., it can be used in (massive MIMO) base
stations as well.
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Conclusion and Outlook

Exploiting the spatial domain to improve spectral efficiency is critical for
meeting requirements of current and future wireless communication systems.
Massive MIMO is a technology with the potential to fulfill these requirements.
Massive MIMO requires handling a large number of antennas efficiently, by
performing computationally expensive baseband processing. Typically base
stations have slightly relaxed constraints on power and cost, however, it is
still important to keep it low, considering the large volumes expected in fu-
ture deployment strategies like femtocell networks. Furthermore, handling
of the inherent large matrix dimensions in massive MIMO is a challenge, es-
pecially considering the latency requirements. In this thesis, different im-
plementation strategies where explored including fabrication of an 128×8
massive MIMO chip. Algorithm and circuit co-optimization lead to a highly
efficient pre-coding/detection implementation. The downlink pre-coding em-
ploys a QRD unit with the highest reported area and energy efficiency of
34.1 QRD/s/GE and 6.56 nJ/QRD, respectively. The Uplink utilizes a 1.08 µs
latency 8×8 Cholesky decomposition unit, with the detection area and energy
efficiency of 2.02 Mb/s/kGE and 60 pJ/b, respectively. The area and energy
cost are similar to small-scale MIMO (LTE-A) systems, which is promising
considering the advantages of massive MIMO systems.

Another important aspect of massive MIMO base stations is the energy ef-
ficiency and cost of RF components. In this thesis, pre-coding strategies to
lower requirements of power amplifiers were performed. A novel “antenna
reservation” based pre-coding lowered PAR by 4 dB, with only a 15% com-
plexity overhead. A much more extreme pre-coding is the constant envelope,
which has a PAR of 0 dB. Both these techniques have the potential of lowering
the costs and improving efficiencies of power amplifiers. IQ imbalance in the
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RF mixer were also analyzed, where the results showed that increasing the
number of antennas at the base station lowered the impact of IQ imbalance.
However, a much higher performance gains were achieved by performing a
IQ pre-compensation which consumes only around 9 pJ/b.

This work also covered optimization for mobile station targeting currently
deployed LTE-A system. In particular, tracking/update techniques were pro-
posed to tackle the expensive MIMO processing on mobile stations by exploit-
ing channel coherence time/bandwidth. It would be interesting as part of
future work to use these low complexity update schemes for massive MIMO
base stations as well.

This work covered various aspects of (massive) MIMO processing, with fo-
cus on algorithm and circuit co-optimization. This resulted in high hardware
and energy efficient implementations, which is promising for future wireless
communication systems. However, a well known issue with ASIC implemen-
tation is the design time, and with advancement in development tools eval-
uating multi-core reconfigurable vector processor with compiler support to
accelerate algorithm development would be an interesting way forward.
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AAppendix

HLS and SystemC

The raising complexity of applications and corresponding implementation
have forced design methodologies and tools to move to higher abstraction
levels. An analogy of this is in software domain, where until the mid 1950s
machine code (binary sequence) was the only language that could be used to
program a computer. Later the concept of assembly language (assemblers)
were introduced, which quickly progressed to high level languages (C/C++)
with compilers. The productivity has improved dramatically in software do-
main, with higher abstraction levels, platform independent code, human read-
able syntax, and easier debugging. Assembly language are rarely used today,
except for critical parts of a program (real time systems) where performance
or code compactness is absolutely necessary. However, with the growing com-
plexity of both software applications and hardware architectures, using high
level languages clearly generates superior overall results. No one today would
think of programming even a simple (forget complex) software application in
assembly.

In hardware implementation, HDL did bring forth a major boost in the
productivity. However, to utilize increasing silicon capacity requires even
higher level of abstraction. The rapid growing demand for HLS is observed
for the following reasons:

• Trend towards extensive use of accelerators: By 2024 the number of
on-chip accelerators is expected to reach 3000. These accelerators have
custom dedicated architectures and is incredibly expensive to maintain,
update, and verify. Also, it requires dedicated teams working on these
accelerators with specific know-how of the HDL implementations. Such
accelerators are perfect for HLS.

• Easier system level verification: Transaction-Level Modeling (TLM) with

131



132 HLS and SystemC

SystemC or C/C++ is a popular approach to describe virtual hardware
platforms for early embedded software development, architectural ex-
ploration and functional verification. The availability of translating
these models to generate Register-Transfer Level (RTL) automatically
is attractive. Since, it saves the slow and error-prone process of manual
RTL writing.

• Technology and platform independent: The behavioral level implemen-
tation of HLS provides ability to target different applications (perfor-
mance), technology or even platforms. RTL implementations are fixed
for a micro-architecture, and would require rewriting if there is a change
in timing requirements, technology, platform (map to DSP units in
FPGA) etc.

The above mentioned advantages and many other innovative design tools
is expected to be the next big productivity boost in silicon industry. This
chapter provides a tutorial on C/C++ based HLS followed by introduction to
SystemC.

HARDWARE DESIGN USING HLS

Matrix multiplication is selected as an example for exploring some impor-
tant HLS features. Computation of matrix multiplication requires 3 for-loops,
with inner loop performing vector-dot product. In A.1 matrix multiplication
code in HLS followed by design constraints are shown. The code for ma-
trix multiplication (unlike HDL) is few lines and simple to understand. The
implementation is highly parameterized e.g., matrix dimensions, data types,
interface etc. Depending on requirements and constraints different imple-
mentations are synthesized by the HLS tool. In A.1 a folded design using one
multiplier is synthesized which takes 4096 cycles to perform a 16×16 matrix
multiplication.

Listing A.1 Matrix multiplication (folded)

----------------------------------

HLS Code (in C/C++):

void matrix_mult(int in_a[A_ROWS][A_COLS],

int in_b[B_ROWS][B_COLS], int out_c[A_ROWS][B_COLS]) {

a_row_loop : for(int i=0; i<A_ROWS; i++)

b_col_loop : for(int j=0; j<B_COLS; j++) {

int sum_mult = 0;

a_col_loop : for(int k=0; k<A_COLS; k++)

sum_mult += in_a[i][k]*in_b[k][j];



133

out_c[i][j] = sum_mult;

}

}

----------------------------------

HLS Constraints:

A_ROWS=16, A_COLS=16, B_ROWS=16, B_COLS=16

Data type - 32-bit integer, clock rate = 250 MHz

All IO mapped to corresponding single port RAM interface

Top level design pipelined with II=1

All loops are kept folded

----------------------------------

Synthesized Hardware:

Throughput - 4096, Latency clock - 4096

Slack - 1.74 ns, Total Area - 8900 µm2

In A.2 the same matrix multiplication code is used to synthesize a design
with 8x throughput improvement by unfolding the inner loop. Unrolling by
8 generates hardware which performs vector-dot product in 2 cycles, with
an obvious increase in area (8 multipliers). This design space exploration of
folding/unfolding loops to generate different hardware is a powerful feature
which is very hard to mimic in traditional HDL implementations.

Listing A.2 Matrix multiplication (unfolded)

----------------------------------

HLS Code (in C/C++): Same as previous

----------------------------------

HLS Constraints:

A_ROWS=16, A_COLS=16, B_ROWS=16, B_COLS=16

Data type - 32-bit integer, clock rate = 250 MHz

All IO mapped to corresponding single port RAM interface

Top level design pipelined with II=1

Inner loop unfolded by a factor of 8

RAM bandwidth increased from 32-bits to 256-bits

----------------------------------

Synthesized Hardware:

Throughput - 512, Latency clock - 512

Slack - 0.89 ns, Total Area - 58439 µm2

Using template and other high level abstraction in C++ (object oriented
programming) provides high flexibility. In A.3 a complex 12-bit fixed point
matrix multiplication is implemented. The unrolling of inner most loop in-
creases critical path because a multiplier-adder tree is inferred. For complex
data-types requiring 4 real multiplications and 2 addition, the critical path
increases further. Therefore, unrolling the outer loop is more beneficial since
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it infers multiple parallel vector-dot product units. The advantage of HLS is
that only minor changes in design constraint assists in generating different
hardware flavors. For further details on various design tricks and incredible
power of HLS refer to [89].

Listing A.3 Matrix multiplication (unfolded complex fixed point)

----------------------------------

HLS Code (in C/C++):

template <typename T>

void matrix_mult(T in_a[A_ROWS][A_COLS],

T in_b[B_ROWS][B_COLS], T out_c[A_ROWS][B_COLS]) {

a_row_loop : for(int i=0; i<A_ROWS; i++)

b_col_loop : for(int j=0; j<B_COLS; j++) {

T sum_mult = 0;

a_col_loop : for(int k=0; k<A_COLS; k++)

sum_mult += in_a[i][k]*in_b[k][j];

out_c[i][j] = sum_mult;

}

}

----------------------------------

HLS Constraints:

T = ac_complex<ac_int12<12, 2, SIGNED, AC_RND, AC_SAT_SYM> >

(A_ROWS,A_COLS,B_ROWS,B_COLS)=16, clock rate = 250 MHz

All IO mapped to corresponding single port RAM interface

Top level design pipelined with II=1

b_col_loop unrolled by 8

Memory bandwidth of matrices (B, C) is increased by factor 8

----------------------------------

Synthesized Hardware:

Throughput - 512, Latency clock - 512

Slack - 2.37 ns, Total Area - 35912 µm2

SYSTEMC

SystemC is a set of C++ classes and macros which provide an event-driven
simulation kernel deliberately mimicking HDL [90]. These facilities enable
a designer to simulate concurrent processes, each described using plain C++
syntax. SystemC has semantic similarities to both HDLs, with a small syntac-
tical overhead when used for hardware synthesis. However, it offers a greater
range of expression, similar to object-oriented design partitioning and tem-
plate classes. This provides a wide usage range, spanning from architecture
modeling to RTL level as shown in Fig. A.1.
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SystemC features:

Figure A.1. Advantages and features of SystemC.

SYSTEMC EXAMPLE

The HLS implementation based on C/C++ in the previous section are compat-
ible with SystemC. However, unlike C/C++, systemC has a major advantage
that it also supports event based implementation similar to HDL. In A.4 a
JTAG TAP is implemented using systemC, which looks very similar to a HDL
implementation. Therefore, a single language can be used for a range of de-
sign stages (architecture to gate level implementation) as shown in Fig. A.1. In
this thesis the fabricated ASIC was designed in SystemC. Critical blocks like
systolic arrays, state machines where implemented in systemC with RTL like
coding style. High level of abstraction was opted for implementing Cholesky
decomposition. Verification and optimization (word-length) was performed
by calling the top level systemC (design) function from Matlab.

Listing A.4 JTAG TAP SystemC

class jtag_tap_fsm : public sc_module {

public :

sc_in<bool> clk;

sc_in<bool> trst;

sc_in<bool> tms;

// connecting signals

sc_signal<TapState> tap_state_sig;

// modules

void tap_fsm();

SC_HAS_PROCESS(jtag_tap_fsm);

jtag_tap_fsm(const sc_module_name &name_) : sc_module(

name_)
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{

SC_CTHREAD(tap_fsm, clk.pos());

reset_signal_is(trst, true);

}

};

void jtag_tap_fsm::tap_fsm() {

// trigger every pos edge of clock

// sample tms and move states

static TapState tap_state_reg = TAP_TEST_LOGIC_RESET;

bool tms_tmp = 0;

while(1) {

wait();

tms_tmp = tms.read();

switch(tap_state_reg) {

case TAP_TEST_LOGIC_RESET :

if(tms_tmp == 0) tap_state_reg = TAP_RUN_TEST_IDLE;

else tap_state_reg = TAP_TEST_LOGIC_RESET;

break;

case TAP_RUN_TEST_IDLE :

if(tms_tmp == 1) tap_state_reg = TAP_SELECT_DR_SCAN;

else tap_state_reg = TAP_RUN_TEST_IDLE;

break;

.

.

. %fill up all the tap states (cases)

.

.

case TAP_UPDATE_IR :

if(tms_tmp == 1) tap_state_reg = TAP_SELECT_IR_SCAN;

else tap_state_reg = TAP_RUN_TEST_IDLE;

break;

}

// write to connectivity signal, to pull out the state

tap_state_sig.write(tap_state_reg);

}

}



BAppendix

ASIC Implementation in ST-28 nm
FD-SOI

This chapter first describes the ST-28 nm FD-SOI technology node employed
for the chip fabrication. The details are to highlight some of the key ad-
vantages at device level (mentioned in design trade-off Fig. 3.2) which are
leveraged in the implementation. This is followed by description of chip im-
plementation and measurement setup.

FD-SOI TECHNOLOGY

Going below and already at 28 nm technology node conventional planar tran-
sistors are becoming unfavorable to offer low power and optimal performance.
The main reason for not able to meet the performance requirements is the
short-channel effects which impacts the speed, and worsens with each sub-
sequent technology nodes. One key technique which has been identified to
continue the technology roadmap is fully depleted transistors.

Fully depleted transistors can be either tri-dimensional (e.g., FinFet and Tri-
Gate) which wraps around the channel or planar which is a natural evolution
of bulk technology. In the planar transistor version, thin film transistors are
fabricated in an ultra-thin layer of silicon over a buried oxide, as shown in
Fig. B.1. In case of ST-28 nm transistor, a 7 nm thin layer of silicon sits over
a 25 nm buried oxide [75]. This process is comparatively simple with respect
to tri-dimensional gates. The fully depleted transistors do not require dop-
ing or pocket implants in the channel to control the electrostatic and tune
the threshold voltage. This provides a fundamental advantage over bulk in
terms of variability. The buried oxide further offers a dielectric isolation of
the transistor leading to lower leakage.

Although the technology node is 28 nm the actual channel length is 24 nm.
The design kit also provides options to use lengths larger than minimum
length. This is used to perform trade-off between leakage, performance and
area cost. The options are called poly-bias (PB)-4,8,12, wherein the channel
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Figure B.1. 2D planar FD-SOI and transistor cross section. c© 2013 IEEE. Reprinted,

with permission, from [91].

Figure B.2. Body-bias efficiency, c© 2013 IEEE. Reprinted, with permission, from [91].

length is increased by lengths 4,8, and 12 respectively.

Body-biasing is well known technique enabling to combine high perfor-
mance and low power for optimum energy efficiency. Unfortunately, in bulk
technology the ability to change the threshold voltage (efficiency) is lower-
ing with advanced nodes. In FD-SOI due to better electrostatics, transistors
exhibit a higher body-bias efficiency over its bulk counterpart i.e., 85 mV/V
compared to 25 mV/V, as shown in Fig. B.2. Furthermore, it is important to
note that the bias range in bulk technology is typically limited to ±300 mV.
In FD-SOI transistors body-bias is extended from -3V (RBB) to +3V (FBB).
This provides designers a knob for optimization of energy, performance and
leakage reduction.

ASIC IMPLEMENTATION DETAILS

The baseband massive MIMO processor is implemented in ST-28 nm technol-
ogy with PB4 LVT transistors. The digital ASIC flow is a complex engineering
task and certain details are purposefully kept out this thesis. Some of the
main parts of the implementation e.g., verification, test subsystem, layout and
measurement setup are described in this section.
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VERIFICATION

Verification is a very important stage in any circuit design, and additional
care is required when design is to be fabricated. Verification although may
seem trivial sometimes takes up to 70% of design time, making it one of the
major bottlenecks for time to market [92]. The ability of SystemC to generate
both hardware and system models is exploited to create a custom verification
flow. The key idea is to use the same SystemC sub-routines in testbench
throughout the design flow as illustrated in Fig. B.3. The testbench is able to
interface with the golden algorithm models in Matlab, which makes it easy
for algorithm/architecture optimization as well.

Initial stages of design is verified at an software level using standard C
compiler (gcc) and debugger (gdb). This leads to fast verification of the be-
havioral model or loosely timed micro-architecture. Cycle accurate models in
SystemC is also verified in similar way with an optional ability to log wave-
forms. Once the cycle accurate SystemC models are developed hardware is
generated by HLS tool (CatapultC R©). It guarantees a functionally equiva-
lent generation, nevertheless, it should be verified. This can be performed
by running the same testbench and the generated RTL in a HDL simulator
like Modelsim. For final signoff it also important to verify the netlist (post
layout) with back-annotated timing information. This can also be performed
by the same verification framework. This flow which uses a unified language
for modeling, verification, and hardware design, leads to lower overall design
time.

TEST SUBSYSTEM

Another important aspect of design is to provide a suitable testing framework.
A standard approach for debugging and testing complex digital design is to

Figure B.3. Verification strategy used for chip development.
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use JTAG [54]. In this work a minor modification to standard JTAG interface is
performed to ease measurement. The modification is to provide an additional
output pin tdo_valid, which when high indicates a valid tdo. This modification
does not deviate from the standard JTAG functionalities.

The JTAG based test subsystem shown in Fig. B.4 mainly consists of the
following parts:

• Test Access Port (TAP) is a standard JTAG state-machine.

• IR/DR decoder handles all the muxes and routing of TDI/TDO.

• An input/output buffer module stores matrices required by the design
under test. This is used mainly for functionality tests, with the output
buffers shifted back to host computer for comparison with golden data.

• BIST is based on Random Number Generator (RNG) generators, and
can be used for power measurements.

• The configuration and status registers as the name suggests assist in
test setup, design scenarios, triggering design etc.

These modules along with the developed software drivers (JTAG assembler)
in Matlab provides for an easy and flexible test framework. This is important
for a quick Silicon bring up and testing.

PLACE AND ROUTE

Verified design along with test subsystem and constraints are the primary
input for backend flow. The backend flow may look quite obvious, but there
are lot of engineering challenges involved. Especially considering constraints
like limited area, IO limitations, and meeting timing.

The first step in backend flow is to perform synthesis i.e., converting RTL
into gate or cell level netlist. This procedure basically translates the RTL into
equivalent gates provided by the technology libraries. Constraints on the
timing, area and power dictates the gates which needs to be picked by the
synthesis tool (Design Compiler). The netlist after synthesis is imported into
place and route tool (Encounter), where floor planning is first performed. This
is followed by power planning (rails, rings), clock tree synthesis and signal
routing, after which the layout looks like the screenshot shown in Fig. B.5.
Timing and signoff checks is performed before importing design into analog
layout tool (Virtuso). Design rule checks and other violations are fixed as part
of final signoff, before sending for fabrication.
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Figure B.4. Test subsystem used for debugging and measurements.

Figure B.5. Place and Route snapshot of the fabricated chip. Four power rings
are used for supply and body-bias. IO pads are placed in 3 cor-
ners, although not conventional it does not effect functionality or
fabrication.

MEASUREMENT SETUP

The fabricated chip was first bonded directly on the Printed Circuit Board
(PCB). The PCB was then connected to pattern generator, logic analyzer, volt-
age sources, and source current measurement instrument. The connections
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Figure B.6. Lab measurement setup.

from host PC to the logic analyzer was through ethernet, while voltage sources
and measuring instruments where connected by a standard GPIB serial pro-
tocol. The host PC controlled all the instruments through Matlab, enabling a
fully automated setup.
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Popular Science Summary

In recent years, the wireless communication industry has seen a tremendous
growth, and has had a profound impact on almost every aspect of society.
The most noticeable change, although not limited to, is the cellular-phone or
smart-phone revolution. Just in over a decade, cellular phones have trans-
formed from an expensive voice-call only device, which few could afford, to a
low cost device capable of browsing and streaming live high-definition videos.
Subsequently, this has lead to an ever growing demand for high-speed wire-
less communication systems. The advancements in cellular-phone technology
is just a forerunner of a whole new wave of wireless communication appli-
cations. There are many other exciting new technologies which are on the
horizon, e.g., Internet of everything, smart power grid, smart homes, driver-
less cars etc. All these technologies have one fundamental thing in common,
they typically require a reliable wireless communication link. The current
state-of-the-art wireless communication deployment (4G) is already starting
to approach the theoretical data speeds (data-rate). To meet the demands for
higher data-rate, reliability and number of connected devices, evaluating new
ground breaking technologies are becoming crucial. “Massive MIMO" is one
such technology capable of meeting the above requirements. It is expected
to be a key candidate for the next generation (5G) wireless communication
systems.

Theoretical analyses of massive MIMO technology have shown promising
performance over 4G, however, it is important to evaluate various design as-
pects involved in a practical implementation. As in most engineering designs,
the typical implementation aspects are cost, design time, power consumption,
and performance. Although the cost of integrated-chips have decreased in-
credibly over the years (making desktop computers, phones, etc. cheaper), it
is still quite a relevant design parameter. Furthermore, the new 5G standard
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should be low power to adhere to future environmental standards (so called
“Green communication” requirements). In case of mobile devices the power
consumption needs to be low due to limited battery capacity. Thus, the main
implementation challenges are to lower cost and power while simultaneously
meeting the computational processing demands.

In this thesis, the focus has been on analyzing the trade-offs involved in
implementing digital processing for massive MIMO. Various algorithm op-
timizations were proposed to lower the overall computational complexity.
Hardware and circuit level optimization were performed to improve perfor-
mance (computational speed) and lower power consumption of the system.
As part of the evaluation a massive MIMO chip was fabricated. Measurement
results showed that the hardware cost and power consumption were reason-
able considering the performance gains, making massive MIMO a promising
candidate for next generation wireless communication systems.
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