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Modeling, Analysis, and Real-Time Design of Many-Antenna
MIMO Networks

Yongce Chen
(ABSTRACT)

Among the many advances and innovations in wireless technologies over the past twenty
years, MIMO is perhaps among the most successful. MIMO technology has been evolving
over the past two decades. Today, the number of antennas equipped at a base station (BS) or
an access point (AP) is increasing, which forms what we call “many-antenna” MIMO systems.
Many-antenna MIMO will have significant impacts on modern wireless communications, as
it will allow numerous wireless applications to operate on the vastly underexplored mid-band

and high-band spectrum and is able to deliver ultra-high throughput.

Although there are considerable efforts on many-antenna MIMO systems, most of them
came from physical (PHY) layer information-theoretic exploitation. There is a lack of inves-
tigation of many-antenna MIMO from a networking perspective. On the other hand, new
knowledge and understanding begin to emerge at the PHY layer, such as the rank-deficient
channel phenomenon. This calls for new theories and models for many-antenna MIMO in a
networking environment. In addition, the problem space for many-antenna MIMO systems
is much broader and more challenging than conventional MIMO. Reusing existing solutions
designed for conventional MIMO systems may suffer from inferior performance or require

excessive computation time.

The goal of this dissertation is to advance many-antenna MIMO techniques for networking
research. We focus on the following two critical areas in the context of many-antenna MIMO

networks: (i) DoF-based modeling and (ii) real-time optimization. This dissertation consists



of two parts that study these two areas. In the first part, we aim to develop new DoF models
and theories under general channel rank conditions for many-antenna MIMO networks, and
we explored efficient DoF allocation based on our new DoF model. The main contributions

of this part are summarized as follows.

e New DoF models and theories under general channel rank conditions: FEx-
isting DoF-based models in networking community assume that the channel matrix
is of full rank. However, this assumption no longer holds when the number of anten-
nas becomes many and the propagation environment is not ideal. In this study, we
develop a novel DoF model under general channel rank conditions. In particular, we
find that for IC, shared DoF consumption at both transmit and receive nodes is most
efficient for DoF allocation, which is contrary to existing unilateral IC models based
on full-rank channel assumption. Further, we show that existing DoF models under
the full-rank assumption are a special case of our generalized DoF model. The findings
of this study pave the way for future research of many-antenna networks under general

channel rank conditions.

o Efficient DoF utilization for MIMO networks: We observes that, in addition
to the fact that channel is not full-rank, the strength of signals on different directions
in the eigenspace is extremely uneven. This offers us new opportunities to efficiently
utilize DoFs in a MIMO network. In this study, we introduce a novel concept called
“effective rank threshold”. Based on this threshold, DoFs are consumed only to cancel
strong interferences in the eigenspace while weak interferences are treated as noise in
throughput calculation. To better understand the benefits of this approach, we study
a fundamental trade-off between network throughput and effective rank threshold for
an MU-MIMO network. Our simulation results show that network throughput under

optimal rank threshold is significantly higher than that under existing DoF IC models.



In the second part, we offered real-time designs and implementations to solve many-
antenna MIMO problems for 5G cellular systems. In addition to maximizing a specific
optimization objective, we aim at offering a solution that can be implemented in sub-ms to
meet requirements in 5G standards. The main contributions of this part are summarized as

follows.

e Turbo-HB—A novel design and implementation for ultra-fast hybrid beam-
forming: We investigate the beamforming problem under hybrid beamforming (HB)
architecture. A major practical challenge for HB is to obtain a solution in 500 us,
which is an extremely stringent but necessary time requirement for its deployment
in the field. To address this challenge, we present Turbo-HB—a novel beamforming
design under the HB architecture that can obtain the beamforming matrices in about
500 ps. The key ideas of Turbo-HB are two-fold. First, we develop low-complexity SVD
by exploiting randomized SVD technique and leveraging channel sparsity at mmWave
frequencies. Second, we accelerate the overall computation time through large-scale
parallel computation on a commercial off-the-shelf (COTS) GPU platform, with special
engineering efforts for matrix operations and minimized memory access. Experimental
results show that Turbo-HB is able to obtain the beamforming matrices in 500 us for an
MU-MIMO cellular system while achieving similar or better throughput performance

by those state-of-the-art algorithms.

e mCore+—A sub-millisecond scheduler for 5G MU-MIMO systems: We
study a scheduling problem in a 5G NR environment. In 5G NR, an MU-MIMO
scheduler needs to allocate RBs and assign MCS for each user at each TTI. In particu-
lar, multiple users may be co-scheduled on the same RB under MU-MIMO. In addition,
the real-time requirement for determining a scheduling solution is at most 1 ms. In

this study, we present a novel scheduler mCore+ that can meet the sub-ms real-time



requirement. mCore+ is designed through a multi-phase optimization, leveraging large-
scale parallelism. In each phase, mCore+ either decomposes the optimization problem
into a large number of independent sub-problems, or reduces the search space into a
smaller but more promising subspace, or both. We implement mCore+ on a COTS
GPU platform. Experimental results show that mCore+ can obtain a scheduling solu-
tion in ~500 ps. Moreover, mCore+ can achieve better throughput performance than

the state-of-the-art algorithms.

M3—A sub-millisecond scheduler for multi-cell MIMO networks under C-
RAN architecture: We investigate a scheduling problem for a multi-cell environ-
ment. Under Cloud Radio Access Network (C-RAN) architecture, the signal processing
can be performed cooperatively for multiple cells at a centralized baseband unit (BBU)
pool. However, a new resource scheduler is needed to jointly determine RB allocation,
MCS assignment, and beamforming matrices for all users under multiple cells. In ad-
dition, we aim at finding a scheduling solution within each TTI (i.e., at most 1 ms)
to conform to the frame structure defined by 5G NR. To do this, we propose M3—
a GPU-based real-time scheduler for a multi-cell MIMO system. M? is developed
through a novel multi-pipeline design that exploits large-scale parallelism. Under this
design, one pipeline performs a sequence of operations for cell-edge users to explore
joint transmission, and in parallel, the other pipeline is for cell-center users to explore
MU-MIMO transmission. For validation, we implement M? on a COTS GPU. We
showed that M? can find a scheduling solution within 1 ms for all tested cases, while
it can significantly increase user throughput by leveraging joint transmission among

neighboring cells.



Modeling, Analysis, and Real-Time Design of Many-Antenna
MIMO Networks

Yongce Chen

(GENERAL AUDIENCE ABSTRACT)

MIMO is widely considered to be a major breakthrough in modern wireless communica-
tions. MIMO comes in different forms. For conventional MIMO, the number of antennas
at a base station (BS) or access point (AP) is typically small (< 8). Today, the number
of antennas at a BS/AP is typically ranging from 8 to 64 when the carrier frequency is
below 24 GHz. When the carrier frequency is above 24 GHz (e.g., mmWave), the number
of antennas can be even larger (> 64). We call today’s MIMO systems (typically with > 8
antennas at some nodes) as “many-antenna” MIMO systems, and this will be the focus of

this dissertation.

Although there exists a considerable amount of works on many-antenna MIMO tech-
niques, most efforts focus on physical (PHY) layer for information-theoretic exploitation.
There is a lack of investigation on how to efficiently and effectively utilize many-antenna

MIMO from a networking perspective.

The goal of this dissertation is to advance many-antenna MIMO techniques for networking
research. We focus on the following two critical areas in the context of many-antenna MIMO
networks: (i) degree-of-freedom (DoF)-based modeling and (ii) real-time optimization. In
the first part, we investigate a novel DoF model under general channel rank conditions for
many-antenna MIMO networks. The main contributions of this part are summarized as

follows.



e New DoF models and theories under general channel rank conditions: In
this study, we develop a novel DoF model under general channel rank conditions. We
show that existing works claiming that unilateral DoF consumption is optimal no longer

hold when channel rank is deficient (not full-rank). We find that for IC, shared DoF

consumption at both Tx and Rx nodes is the most efficient scheme for DoF allocation.

o Efficient DoF utilization for MIMO networks: In this study, we proposed
a new approach to efficiently utilize DoFs in a MIMO network. The DoFs used to
cancel interference are conserved by exploiting the interference signal strength in the
eigenspace. Our simulation results show that network throughput under our approach

is significantly higher than that under existing DoF IC models.

In the second part, we offer real-time designs and implementations to solve many-antenna
MIMO problems for 5G cellular systems. The timing performance of these designs is tested

in actual wall-clock time.

e A novel design and implementation for ultra-fast hybrid beamforming: We
investigate a beamforming problem under the hybrid beamforming (HB) architecture.
We propose Turbo-HB—a novel beamforming design under the HB architecture that
can obtain the beamforming matrices in about 500 ps. At the same time, Turbo-
HB can achieve similar or better throughput performance by those state-of-the-art

algorithms.

« A sub-millisecond scheduler for 5G multi-user (MU)-MIMO systems: We
study a resource scheduling problem in 5G NR. We present a novel scheduler called
mCore+ that can schedule time-frequency resources to MU-MIMO users and meet the

~500 ps real-time requirement in 5G NR.



e A sub-millisecond scheduler for multi-cell MIMO networks under C-RAN
architecture: We investigate the scheduling problem for a multi-cell environment
under a centralized architecture. We present M?3—a GPU-based real-time scheduler
that jointly determines a scheduling solution among multiple cells. M? can find the

scheduling solution within 1 ms.
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Chapter 1

Introduction

1.1 Background and Objective

Among the many advances and innovations in wireless technologies over the past 20 years,
MIMO is perhaps among the most successful. In the commercial sector, MIMO is the core
technology in wireless standards such as Wi-Fi (802.11n [1], IEEE 802.11ac [2]) and cellular
(4G LTE [3], 5G NR [4]). In the research community, MIMO continues to be a centerpiece

of wireless communications and networking.

The paradigms and applications of MIMO have been evolving. One of the most noticeable
evolutions is that the numbers of antennas at a base station (BS), an access point (AP),
and a mobile device, are continuously increasing. For conventional MIMO, the number of
antennas at a BS/AP is typically small (< 8) and the number of antennas at a user device
is even fewer. Today, the number of antennas at a BS/AP typically ranges from 8 to 64
when the carrier frequency is below 24 GHz. When the carrier frequency is above 24 GHz
(e.g., mmWayve), the number of antennas can be even larger (> 64). We call today’s MIMO
systems (with > 8 antennas) as “many-antenna” MIMO systems. Many-antenna MIMO
allows numerous wireless applications to operate on the vastly underexplored mid-band and

high-band spectrum and is able to deliver ultra-high throughput.

Although many-antenna MIMO is critical for high-performance wireless networks, most

1



research efforts focus on physical (PHY) layer studies for information-theoretic exploitation
(e.g., [b, 6, 27, 34, 35, 72, 80, 81, 82, 84, 101, 162, 163] ). There is a lack of investigation
of many-antenna MIMO from a networking perspective. On the other hand, new knowledge
and understanding begin to emerge at the PHY layer, such as the rank-deficient channel
phenomenon. This calls for new theories and models for many-antenna MIMO in a network-
ing environment. In addition, the problem space for many-antenna MIMO systems is much
broader and more challenging than conventional MIMO. Reusing existing solutions designed
for conventional MIMO systems may suffer from inferior performance or require excessive

computation time.

To make a concrete step towards advancing many-antenna MIMO technologies for net-
working research, this dissertation identifies and focuses on the following two areas: (i)
Degree-of-Freedom (DoF)-based modeling and (ii) real-time optimization. Our motivation

and the limitations of existing works in these areas are summarized as follows:

(i) DoF-based Modeling for Many-Antenna MIMO Networks. DoF based models have
become very popular in the research community for modeling, analysis, and optimiza-
tion of MIMO networks [14, 15, 16, 17, 18, 19, 20, 21, 22, 50, 51, 52]. Due to their
simple abstraction of MIMO’s capabilities in spatial multiplexing (SM) and interfer-
ence cancellation (IC) [10, 11, 23, 60, 61], a DoF-based model can be used for resource
allocation for SM and IC, with simple “4/-” arithmetic calculations. By avoiding
complex matrix manipulation in resource allocation, DoF-based models are powerful
and tractable tools to analyze MIMO’s behavior in a network setting. A common
characteristic among existing DoF-based models is that they all assume the channel
matrix is of full rank (see, e.g., [14, 15, 16, 17, 18, 19, 20, 21, 22, 50, 51, 52]). This
assumption is mostly valid for conventional MIMO (with a small number of antennas)

in the rich-scattering environment. But when the number of antennas becomes many



and the propagation environment is not ideal (e.g., lack of rich scattering or presence of
key-hole effect [30, 31]), this assumption no longer holds. As expected, a rank-deficient
channel will hinder many-antenna MIMO’s SM capability. Further, it undermines the
viability of existing DoF-based IC models. Although channel rank deficiency has been
recognized and studied for many-antenna MIMO [5, 6, 27, 34, 35, 72, 73], those efforts
have been mainly at the PHY layer. Little progress has been made so far for network-
ing research. As a result, there is hardly any result available on how to address rank

deficiency in the context of DoF models for many-antenna MIMO networks.

Real-Time Optimization for Many-Antenna Cellular Networks. For practical MIMO
systems, the available time to compute an optimal (or near-optimal) solution to a
scheduling problem can be very limited. In particular, the allowed computation time
is constrained by the physical properties of wireless channels. For example, the chan-
nel coherence time for mmWave systems can be as short as 1 ms for a mobile user
moving at a speed of 20 km/h. Therefore, a practical beamforming solution must be
offered within ~500 us (i.e, half of the channel coherence time) to be useful. Beyond
channel coherence time, the beamforming solution may lead to poor performance due
to the fast varying channel conditions. As a result, in modern cellular systems, the
standardization bodies have imposed stringent timing requirements in their radio in-
terface. For example, in 5G NR, one transmission time interval (TTI) is 1 ms under
numerology 0 [91]. Since the radio resources are allocated in each TTI in 5G, the so-
lution of resource allocation and beamforming matrices must be found within 1 ms to
meet the requirement. To support ultra-low latency applications, an even shorter TTI
may be needed (e.g., 500 us under numerology 1). Such stringent timing requirement
becomes a serious challenge for many-antenna MIMO systems, due to the extremely

large solution space and high-dimensional matrix operations. On the other hand, most



existing research has been largely limited to asymptotic complexity analysis (i.e., in
O(+)). Although such complexity analysis is of interest from a theoretical perspective,
it does not give any indication on how much actual time (“real-time”) is needed when
it is implemented on a given hardware platform. For a real-world cellular system, the
benchmark is real-time performance (as measured in wall-clock time in terms of us or

ms), as there is a well-defined frame structure for data transmission.

The goal of this dissertation is to address the above challenges so as to advance research

in many-antenna MIMO networks. Specifically, we aim to:

(i)

Develop new DoF models and theories under general channel rank conditions. The
presence of rank-deficient channels fundamentally changes the current understanding
of DoF models for many-antenna MIMO networks. We aim to address this problem by
developing a novel DoF model that can identify a feasible DoF region of any multi-link
MIMO networks under general channel rank conditions. Further, we explore efficient

DoF allocation based on our new DoF model.

Offer real-time designs and implementations for 5G cellular networks. In this dis-
sertation, we focus on critical MIMO problems in modern cellular networks, such as
hybrid beamforming, MU-MIMO scheduling, and joint transmission under C-RAN ar-
chitecture. In addition to maximizing the optimization objective, we want to offer
real-time (sub-ms) solutions so that they can be used in practice. We will pursue
implementation on real-world hardware, so that we can measure their actual running

time performance.
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Figure 1.1: Dissertation structure.

1.2 Dissertation Outline and Contributions

The goal of this dissertation is to make a concrete step towards advancing many-antenna
MIMO techniques in the networking research community. This dissertation consists of two
parts. In the first part (Chapters 2 and 3), we investigate DoF models and theories and
their utilization under general channel rank conditions. The second part (Chapters 4, 5 and
6) offers real-time designs and implementations for many-antenna MIMO problems. The
structure of this dissertation is shown in Fig. 1.1. The main contributions of this dissertation

are summarized as follows.

o In Chapter 2, we investigate the DoF-based model under general channel rank condi-
tions. Existing DoF-based models in networking community assume that the channel
matrix is of full rank. However, this assumption no longer holds when the number of
antennas becomes many and the propagation environment is not ideal. In this chapter,
we start with a fundamental understanding on how MIMO’s DoFs are consumed at

each node for SM and IC in the presence of rank-deficient channels. Based on this



understanding, we develop a DoF model that can be used for identifying a feasible
DoF region of a multi-link MIMO network and for studying DoF scheduling in MIMO
networks under general channel rank conditions. In particular, we find that for IC,
shared DoF consumption at both transmit (Tx) and receive (Rx) nodes is critical for
efficient DoF allocation. Further, we show that existing DoF models under the full-
rank assumption become a special case of our generalized DoF model. Based on case
studies, we show that the general IC model can achieve larger feasible DoF' regions or

improved objective values than existing unilateral IC models.

In Chapter 3, we study DoF conservation in MIMO IC and exploit the difference
in interference signal strength in the eigenspace. Chapter 2 addresses the problem
of how DoFs should be allocated between Tx and Rx nodes to support SM and IC
with given channel ranks. In this chapter, we address a parallel question on how
to set channel ranks and efficiently utilize DoFs. We introduce a novel concept called
“effective rank threshold” to differentiate signal strength on an interference link. Based
on this threshold, DoFs are consumed only to cancel strong interfering signals in the
eigenspace while weak interfering signals are treated as noise in throughput calculation.
To better understand the benefits of this approach, we study a fundamental trade-off
between network throughput and effective rank threshold for an MU-MIMO network.
Our simulation results show that network throughput under optimal rank threshold is
significantly higher than that under existing DoF IC models. To ensure the new DoF
IC model is feasible at PHY layer, we propose an algorithm to set the weights for all

nodes that can offer our desired DoF allocation.

In Chapter 4, we focus on a beamforming problem under the hybrid beamforming (HB)
architecture. A major practical challenge for HB is to obtain a solution in 500 us, which

is an extremely stringent but necessary time requirement for its deployment in the



field. We present Turbo-HB—a novel beamforming design under the HB architecture
that can obtain the beamforming matrices in about 500 ps. The key ideas of Turbo-
HB are two-fold. First, we identify the bottleneck of computation time is attributed
to the high-dimensional SVD operations. Our design cuts down the computational
complexity by utilizing randomized SVD technique and leveraging channel sparsity
at mmWave frequencies. Second, we propose to accelerate the overall computation
time through large-scale parallel computation on a commercial off-the-shelf (COTS)
GPU platform. Our design incorporates a large number of matrix transformations and
special engineering efforts such as minimized memory access. Experimental results
show that Turbo-HB is able to obtain the beamforming matrices in 500 ps for an MU-
MIMO cellular system while achieving similar or better throughput performance by

those state-of-the-art algorithms.

In Chapter 5, we study a scheduling problem for 5G MU-MIMO systems. Per 5G speci-
fications, an MU-MIMO scheduler needs to determine RBs allocation and MCS assign-
ment to each user for each TTI. Under MU-MIMO, multiple users may be co-scheduled
on the same RB and each user may have multiple data streams simultaneously. In ad-
dition, the scheduler must meet the stringent real-time requirement (at most 1 ms)
during decision making to be useful. We present mCore+—the first 5G MU-MIMO
scheduler design and implementation that can meet the sub-ms real-time requirement.
The key idea of mCore+ is to perform a multi-phase optimization, leveraging large-
scale parallel computation. In each phase, mCore+ either decomposes the optimization
problem into a number of independent sub-problems, or reduces the search space into a
smaller but most promising subspace, or both. mCore+ is implemented and validated
on a COTS GPU platform with meticulous engineering considerations. Experimental

results show that mCore+ can offer a scheduling solution, as well as corresponding



beamforming matrices, in ~500 us for up to 100 RBs, 100 users, 29 MCS levels and
4 x 12 MIMO scheduling. Moreover, mCore+ can achieve better throughput perfor-

mance than the state-of-the-art algorithms.

In Chapter 6, we investigate a scheduling problem for a multi-cell MIMO system under
C-RAN architecture. C-RAN is a novel centralized architecture for cellular networks,
which can significantly improve spectrum efficiency by cooperative signal processing
for multiple cells at a centralized baseband unit (BBU) pool. However, a new resource
scheduler is needed before we can take advantage of C-RAN’s multi-cell processing
capability. The problem is how to jointly determine RB allocation, MCS assignment,
and beamforming matrices for all users under all covering cells so that the PF objective
can be maximized. In addition, the real-time requirement to determine a solution is
1 ms in order to conform to the frame structure defined by 5G NR. We propose M?—a
GPU-based real-time scheduler for a multi-cell MIMO system. M? exploits indepen-
dency and parallelism through a multi-pipeline design. Specifically, M? performs two
independent parallel pipelines, where one pipeline performs a sequence of operations
for cell-edge users to explore joint transmission, and in parallel, the other pipeline is
for cell-center users to explore MU-MIMO transmission. We implemented M3 on a
COTS Nvidia DGX Station. Through extensive experiments, we show that M3 can

find a scheduling solution within 1 ms for all tested cases.



Chapter 2

A General Model for DoF-based
Interference Cancellation with

Rank-deficient Channels

2.1 Introduction

Degree-of-freedom (DoF) models have become widely used to study MIMO network perfor-
mance [9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 22, 50]. The concept of DoF was
first introduced by the information theory community (IT) to represent the multiplexing
gain of a MIMO channel [10, 11, 12, 13]. It was then extended by the wireless networking
community to characterize a node’s spatial freedom. In particular, DoF-based models (e.g.,
(14, 15, 16, 17, 18, 19, 20, 21, 22, 50]) leverage DoFs at nodes to characterize MIMO’s spa-
tial multiplexing (SM) and interference cancellation (IC) capabilities. For IC, zero-forcing
(ZF) precoding technique is used to create interference-free signals through beamforming in
the null space of interference signals [23, 24]. Using DoF as a metric, the so-called DoF
region can be used to characterize the performance envelope of SM for a set of links that
transmit simultaneously (free of interference) [25, 26]. Although not without limitations,
DoF-based models have served the wireless networking community well. By getting around

complex matrix manipulation, it is a simple and tractable tool to analyze MIMO’s SM and

9
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IC capability.

However, existing DoF-based models in the literature do suffer from one serious limita-
tion. They assume the channel matrix is of full-rank (see, e.g., [14, 15, 16, 17, 18, 19, 20, 21,
22, 50]) which is typically one would encounter when the number of antennas is small and
the propagation environment is ideal (i.e., rich scattering). But such an assumption quickly
falls apart as the number of antennas increases and the propagation environment is not
close to ideal (i.e., lack of rich scattering or presence of key-hole effect [27, 28, 29, 30, 31]).
As expected, a rank-deficient channel will hinder MIMO’s SM capability and undermine
the validity of existing DoF-based IC models, which all assume full-rank channels. With
FCC’s recent interest in communications in midband spectrum (between 3.7 and 24 GHz)
[32, 33|, which is the spectrum where we expect to see many-antenna MIMO (typically
ranges from 12 to 64), issues associated with rank deficiency will become even more critical

and significant.

We use an example to illustrate issues with rank-deficient channels and motivate the need
of our research in this chapter. Consider two active transmissions in Fig. 2.1(a), where Tx
node 4 transmits z;; data streams to Rx node j while Tx node % transmits z;; data streams
to Rx node [. Rx node j is interfered with by Tx node k. Suppose all the nodes have
12 antennas. Denote H,;;, Hy; and Hj; as channel matrices of ¢ — j, k — [ and & — j,
respectively and let the ranks of H;;, Hy, and Hy; all be 9 (< 12, i.e., rank-deficient). Under
these rank-deficient channels, SM on links ¢ — j and k& — j are now each upper limited
to 9 (instead of 12). So it is infeasible to have z;; or zj to carry 12 data streams as under
full-rank assumption. To find the DoF region of the two links (i.e., feasible data streams
that can be carried on links ¢ — j and k& — j simultaneously), we need to consider how
the interference (from Tx node k to Rx node j) is cancelled. It was well understood that

for full-rank channels, DoF consumption for IC is most efficiently done by either Tx node
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Figure 2.1: A motivating example showing different DoF regions for a two-link network.

k or Rx node j, but not both nodes. That is, either Rx node j (consuming z, DoFs) or
Tx node k (consuming z;; DoFs) can be used to cancel the interference from node k to j
[15, 16, 17, 21, 22]. This will result in a DoF region that is bounded by the inner pentagon
(dash lines) in Fig. 2.1(b). However, as we shall show in this chapter, such unilateral DoF
consumption for IC (at either Tx node or Rx node, but not both) is inefficient for general
rank-deficient channels. In fact, to maximize efficiency, DoF consumption must be shared
between Tx node k and Rx node j to cancel the interference from k to j. We will show that
through shared DoF consumption by both Tx node k and Rx node j for IC, a larger DoF
region can be achieved, as shown in the outer pentagon in Fig. 2.1(b), where the shaded area

is the gain in the feasible DoF region.
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The existence of rank-deficient channels for MIMOs with many antennas calls for a deeper
understanding of DoF-based IC models. Unfortunately, there is hardly any research results
available on this important problem in the wireless networking community. The goal of this
chapter is to explore this important area by developing a unified theory on DoF consumption
for SM and IC under general channel rank conditions. The main contributions of this chapter

are the following:

« Based on a rigorous analytical method for accounting of DoF consumption at a node,
we offer a theory on how DoFs at a node are consumed for SM and IC under general
channel rank conditions. Our theoretical development starts with a single SM link and
IC on a single interference link and then extends to multiple links. In particular, we
find that a shared DoF consumption for IC at both transmit and receive nodes is most
efficient for DoF allocation under rank-deficient conditions. This result is in contrast

to existing DoF models under full-rank conditions.

o We show that in the special case when channels are of full ranks, existing unilateral IC
models present themselves as a special case under our new model for general channel
rank conditions. That is, our general DoF model remains valid for both full-rank and

rank-deficient channel conditions.

o We further extend the general DoF model to analyze multi-link MIMO networks by
developing a set of mixed integer linear constraints. This allows our DoF model to
be used for identifying the DoF region of a multi-link MIMO network as well as for

studying DoF scheduling problems in MIMO networks.

e Through numerical studies, we show that the general DoF model can achieve larger
feasible DoF regions or improved objective values than existing unilateral IC models

under general channel rank conditions.
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The remainder of this chapter is organized as follows. In Section 2.2, we review existing
works on DoF-based IC models. In Section 2.3, we present a DoF IC model under general
channel rank conditions. In Section 2.4, we revisit previous DoF models that assume full-
rank conditions and show that they are a special case under our general DoF model. In
Section 2.5, we develop a DoF scheduling model for multi-link MIMO networks. Section 2.6
presents case studies and demonstrate the efficacy of our DoF model under general channel

conditions. Section 2.7 concludes this chapter.

2.2 Related Work

DoF-based IC models have been widely studied in the networking community. However,
these DoF models have been mainly established under the assumption of full-rank channels
(14, 15, 16, 17, 18, 19, 20, 21, 22, 50]. In [14], Bhatia and Li proposed to cancel interference
by consuming DoFs on both Tx and Rx nodes. But it is easy to show that consuming DoFs
at both sides only results in duplication in IC and is wasteful in DoF resources. In [50],
Sundaresan et al. proposed that IC could be done by consuming DoFs only at the Rx node.
This approach failed to explore the possibility of consuming DoFs at a Tx node and thus led
to a smaller solution space. In [15], Blough et al. showed that it is sufficient to consume
DoFs at either the Tx node or the Rx node to cancel the interference, but not both. Most
DoF-based IC models (e.g. [16, 17, 21, 22]) were developed along this "unilateral” approach,
which is the most efficient DoF allocation under full-rank channel assumption. As we shall
show in this chapter, under general channel rank conditions (i.e., in the presence of rank-
deficient channels), a unilateral IC approach is no longer the most efficient and instead, a
shared DoF consumption at both Tx and Rx nodes is more efficient. Further, the existing

(unilateral) IC scheme for full-rank channels can be regarded as a special case of our new IC
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model when channels are of full ranks.

In the IT community, there have been some active research activities to understand
MIMO’s behavior under rank-deficient channels [25, 27, 34, 35, 36, 37, 39]. The focus there
has been to derive closed-form expressions of achievable/outer-bound DoF region for specific
link topology and rank settings. Some representative research includes achievable DoFs for
point-to-point MIMO channels with an arbitrary number of antennas and channel rank [27],
3-link MIMO with symmetric antenna number and channel rank [25, 27, 34], K-link MIMO
with symmetric antenna number and/or channel rank [27, 37|, K-link MIMO with rank-
deficient channels only on interference links [35]. A few works also considered simple multi-
hop networks. In [36], Sun et al. studied the upper bound of the DoF region under 2 x 2 x 2
link topology. In [38], Chae et al. showed the achievable DoFs under relay-assisted K-link
topology with specific rank settings. In [39], Fanjul et al. proposed a scheme to construct
beamforming matrices given that the DoFs allocated for SM at each link are known and
feasible. None of these results can be used for DoF allocation for arbitrary network topology
and general channel rank conditions. In other words, there is a lack of study of rank-deficient
from a networking perspective, i.e., a lack of results that can be used for DoF allocation in

a MIMO network, which is the primary interest in the wireless networking community.

In the literature, another related interference management technique is known as inter-
ference alignment (IA) (see, e.g., [40, 41, 42]). The focus of TA is to jointly construct the
signals so that multiple interfering signals are aligned in the same direction at an unintended
receiver. In other words, the focus of A is on signal alignment. In contrast, our proposed
scheme (DoF-based IC) focuses on how to eliminate interference with the fewest number of
DoFs without exploiting signal alignment. To better understand the relationship between
IA and DoF-based IC (our scheme), let’s compare the solution spaces, multiplexing gains

and tractability of these two schemes. First, since IA requires additional constraints (for
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signal alignment), the solution space for TA is a subspace of that for IC. Second, for both
IA and IC, the optimal multiplexing gain that can be achieved under a general multi-link
MIMO network remains an open problem. But generally speaking, a feasible IA scheme
provides higher multiplexing gain, as fewer DokFs are needed to cancel interference when
multiple interferences are aligned. Third, IA is much more complex than IC from a theoret-
ical perspective. To date, how to design a feasible IA scheme for general topologies (under
general rank conditions) remains unknown. IA is only understood for certain topologies
(e.g., [36, 39, 40]). On the other hand, this chapter offers a tractable approach for IC under

arbitrary topologies and general rank conditions.

2.3 DoF Consumption under General Channel Rank

Conditions: A Theory

In this section, we present a DoF IC model under general rank conditions. We say a chan-
nel is under general channel rank condition if the channel is either rank-deficient or full
rank. Throughout our exposition, we assume general channels unless we make an explicit

distinction between rank-deficient and full-rank conditions.

The concept of DoF was originally developed to represent the multiplexing gain of a
MIMO channel. For a multi-link network, the sum of DoFs in the network represents the
total number of data streams that can be transmitted simultaneously (free of interference) in
the network. This DoF concept was then extended to characterize a node’s spatial freedom

by its multiple antennas. DoFs at a node can be used for SM and IC.

As more and more DoFs are used for SM and IC at a node, its spatial freedom diminishes.

In this section, we develop a rigorous accounting method for DoF consumption at a node
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Table 2.1: Notations in Chapter 2

Symbol Definition

C A complete set of complex numbers

df} Number of DoFs consumed by Rx node j to cancel
interference from Tx node i to Rx node j

d};- Number of DoFs consumed by Tx node i to cancel
interference from Tx node i to Rx node j

H,; Channel matrix from Tx node 7 to Rx node j

L. Identity matrix with dimension m x m.

Z; Set of nodes within node i’s interference range

K Set of nodes in the network

N; Number of antennas at node ¢

Tij Rank of Hij

T Set of nodes within node ¢’s transmission range

U; Weight matrix at Tx node 7

V; Weight matrix at Rx node j

z;(t) A binary variable to indicate whether node 7 is a Tx node at time ¢

i (t) A binary variable to indicate whether node 7 is an Rx node at time ¢

Zix Total number of outgoing data streams at Tx node %

Zxj Total Number of incoming data streams at Rx node j

Zij Number of data streams from Tx node 7 to Rx node j

1% A binary variable to indicate whether Rx node j
consumes DoFs for IC from ¢ to j

1;5- A binary variable to indicate whether Tx node @
consumes DoFs for IC from i to j

X Hermitian transpose of matrix X
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that is tightly related to the number of constraints at the node. Based on this accounting
method, we offer a theory on how DoFs at a node are consumed for SM and IC under
general channel rank conditions. Our theoretical development begins with a fundamental
understanding of SM on a single link and IC on a single interference link. Then our theory

generalizes to multi-link MIMO networks via an additivity property.

We consider a multi-link MIMO network with an arbitrary topology. Some of the key
assumptions that we made in this chapter include the following. We assume channel state
information (CSI) is known at both Tx and Rx nodes, and the set of interfering nodes at a
node is also given. All channels are assumed to be generic. That is, the channel matrices
are randomly and independently generated from continuous distributions subject to rank-
constraints, without any special structure. Further, we do not consider diversity gain and

multi-cast channels.

2.3.1 DoF Consumption at Node

To quantify the DoFs consumption at a node, it is necessary to have an analytical method

for DoF accounting, which we formally describe as follows.

Assume node 4 has NV; antennas. Denote x;; € CNix1 as the weight vector at node i
for the j-th stream, where C™*™ denotes a complex set with dimension m x n. With N;
antennas, there can be at most N; streams. Assume node ¢ transmits or receives n, streams
(where n, < N;). Then its weight matrix X; = [xX;1, X2, ..., Xin,| € CVi*™s. We first introduce
the definitions of total number of DoFs at a node and DoF consumption at a node. Then

we derive the remaining available DoFs at a node.

Definition 2.1. The total number of DoFs at node 7 is the maximum number of dimensions

that can be spanned by X;1, X;2, ..., Xip, -
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Definition 2.2. The number of consumed DoFs at node 7 is the number of linearly inde-

pendent constraints imposed on X;.

The number of a node’s total DoFs is directly tied to its number of antennas. Initially,
when there is no constraint on X;, each of its elements is undetermined and can be set
arbitrarily. There is a feasible region (a space) that includes all possible values by such an
unconstrained matrix. The initial DoFs of this feasible region is equal to the number of X,’s
rows (or the number of antennas at the node), i.e., IV;, since IV; is the maximum number of
dimensions spanned by X;1, X;2, ..., Xin,. Thus, a node’s total number of DoFs is the number

of antennas at this node.

To perform SM and IC, a node’s weight matrix must satisfy certain constraints to achieve
interference-free transmission. Thus, some DoFs at the node will be consumed for SM or
IC. Assume some constraints are imposed on X; in the form AX; = B, where A € CM*M:
and B € CM*"=. That is, M linear constraints are imposed on each x;;. Denote ® as
the union solution space of each x;; to problem AX; = B, ie, ® = {¢p1 U U--- U
Pn,

dimension of X;, namely dim(®).

Alpr ¢2 -+ ¢,,] = B}. Then the remaining available DoF at node i is the free

Lemma 2.3. Suppose node i has N; antennas and its weight matriz X; is constrained by
AX,; = B. If rank([A B|) = rank(A), then the number of consumed DoFs at node i is
equal to rank([A B]), and the remaining available DoFs at node i is N;—rank([A B]). If
rank([A BJ) # rank(A), then there is no feasible solution to AX; = B.

Proof. Initially, all the elements in X; are undetermined and can be set arbitrarily. N; is
the maximum number of dimensions spanned by X;1, X;o, ..., Xin,, i.€., the number of initial

available DoFs provided by X; is N;.

Let B = [by, by, ...,b,.]. For any A € CM*Ni and b; € CM*!| where j € {1,...,n},
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rank(Hij) = 7“2'3'

Figure 2.2: Spatial multiplexing on a link.

if rank([A b;]) = rank(A), then the set of solutions to the non-homogeneous linear system
Ax;; = b; is an affine subspace of C*! denoted as ®;. Since the solution dimension of a
non-homogeneous linear system is the same as its corresponding homogeneous linear system,
we have dim(®,;) = dim(nullspace(A)) = N; — rank([A b,]). Note that non-homogeneous
linear systems Ax;; = b; (j = 1,...,n,) are sharing the same corresponding homogeneous
linear system Ax;; = 0 (thus share the same homogeneous solutions). We conclude dim(®) =
dim(®;) = N; — rank([A B]J). If rank([A b,]) # rank(A), then there is no feasible solution
to Ax;; = b;. Consequently, if rank([A B]) # rank(A), then there is no feasible solution to

Lemma 2.3 shows that the number of consumed DoFs at a node is determined by the
number of linearly independent constraints imposed on its weight matrix. In particular, SM
and IC will appear in the form of constraints that are to be imposed on a node’s weight
matrix and will consume DoFs. That is, one DoF is consumed for each linearly independent
constraint imposed on X;. The number of linearly independent constraints (DoFs consumed)
on X; is equal to rank(|[A BJ|), and the remaining available DoFs at node i is X; to be
N; — rank([A B]J). Based on this understanding, we study DoF consumption by SM and IC

separately under general channel rank conditions in the following two sections.



20

2.3.2 DoF Consumption for SM under General Channel Rank

Conditions

Consider the single transmission link in Fig. 2.2, where the number of data streams trans-
mitted from Tx node ¢ to Rx node j is z;;, and rank(H;;) = r;;. Then some DoFs at Tx
node ¢ and Rx node j will be consumed for SM. As expected, the number of data streams

transmitted on channel H;; cannot exceed the rank of this channel.

Lemma 2.4. For transmission on a single link where node v is a transmitter and node j is
a receiver, z;; data streams can be transmitted free of interference only if z;; < r;;. Further,

the number of DoF's consumed by SM at node © and node j are both z;;.

Proof. Denote U, and V; as the weight matrices at Tx node ¢ and Rx node j, respectively.
Since the number of data streams transmitted from Tx node ¢ to Rx node j is z;, U! and
V, can be represented as [u; u;o ...uizij]T and [v;1 Vjo ...Vjz,], respectively. To ensure

interference-free transmission of z;; data streams, the following constraint must be satisfied:

Ul - H; -V, =L, (2.1)

Zi]'XNZ' NiXNj N]'XZZ']'
where I, denotes identity matrix with dimension z;; X z;;.

We first consider DoF consumption at Rx node j. We have

rank Uj : Hij Izi]' = Zij- (22)
ZinNi NZ'XN]'

Note that rank(H;;) must be at least z;. Otherwise, rank(U'H;;) < min{rank(U}),
rank(H,;)} < z; = rank([UTH; I.,]), and Eq. (2.1) will have no solution. This means z;;

data streams can be transmitted only if z;; < r;; is satisfied. By (2.1), (2.2) and Lemma 2.3,



21

Loz
° @ ° -®
N;

Tij Tkl

Figure 2.3: Interference cancellation between two nodes.
the number of DoFs consumed by SM at Rx node j is z;;.

Following the same token, one can show that at Tx node ¢, the number of DoFs consumed

for SM is also z;. ]

2.3.3 DoF Consumption for IC under General Channel Rank Con-

ditions

Consider a single-interference case as shown in Fig. 2.3, Tx nodes ¢ and k are transmitting z;;
and zy,; data streams to Rx nodes j and [, respectively, where z;; > 1, 23, > 1, and Rx node j
is interfered with by Tx node k, rank(Hy;) = ry;. Suppose channel matrix Hy; is of general
rank condition, (i.e., Hy; may be rank deficient). Then how to cancel the interference from

k to j so that data streams z;; can be received at Rx node j free of interference?

Denote 1;£j and 11,;- as binary variables with the following definitions:

o7 1 if Tx node k consumes DoFs for IC from £ to j,
kj —
0 otherwise,
\
(
IR 1 if Rx node j consumes DoFs for IC from k to 7,
P =
kj
0 otherwise.
\

Then following theorem shows how the interference is cancelled by consuming DoFs at Tx
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node k£ and Rx node j.

Theorem 2.5. For the single-interference case, let Tx node k consume dgj DoFs and Rz

node j consume dfj DoFs for IC. Then interference from Tz node k to Rx node j is cancelled

if

A1 + dig 1 = min {215 + 2515, e} (2.3a)
(13, 13;) # (0,0). (2.3b)

Proof. To guarantee interference-free transmission, the following constraint must be satisfied:

U -H, -V, = 0 . (2.4)

2p1 X N NkX]VJ' NjXZij FKIX Zij

The theorem can be proved by enumerating all possibilities of (15]., 1%).

Case I: Only Rx node j consumes DokFs for IC, i.e., (15j, 15]») = (1,0). This means we

impose constraint (2.4) on V;. We have

rank <[ UL - Hy, 0 ]) < min{zg, r; }- (2.5)

ZleNk NkXNj ZleNj

This indicates node j may use fewer DoFs than min{zy,ry;} to cancel interference. But
since Hy; is generic, without “special treatment” (case III) on Uy, we have to consider an
upper bound min{zy,r;} to guarantee interference-free transmission. Thus according to

Lemma 2.3, the number of DoFs consumed for IC at Rx node j is min{zy, 74}

Case II: Only Tx node k consumes DoFs for IC, i.e., (1,}}]-, l;fj) = (0,1). The proof is
similar to Case I and we omit the details to conserve space. The number of DoFs consumed

for IC at Tx node j is min{z;;, 7x;}-

Case III: Let both Tx node k and Rx node j consume DoFs for IC. i.e., (13, 1)) = (1,1).
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Obviously, if 2z + 2;; < rgj, Theorem 2.5 is trivial and can be proved based on the same

analysis as in Case I and Case II. Now we prove Theorem 2.5 when zj; + z;; > ry;.

By singular value decomposition (SVD) of the interference channel, we have Hy; =
U} ALV, where U,T and V' are Ny x Ny and N; x Nj unitary matrices, respectively. Ay;
is a N x N; diagonal matrix with singular values of Hj; on the main diagonal and zeros
elsewhere. Denote U = U, Uy, Vj = V;-Vj. Note that it is just linear transformation from
Uy, to Uy, V; to V;, maintaining the same number of dimensions (the same rank). Also,
U, can be easily derived by U;flfjk. Therefore, it is equivalent to use Uy, Vj and Ay; in

the proof.

We can write Aj; and U, as

At
A
Ak] - )\Tkj )
0
0
- = Nk ><Nj
u;
_ Us
U, =
up,
- - Nk XZk1

According to Sylvester’s rank inequality: if A is an m X n matrix and B is an n x k
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matrix, then

rank(AB) > rank(A) 4 rank(B) — n. (2.6)

Thus we have rank ([ Ul - Ay

21 X N, NkXNj

> > 2y + 1k — Ni. We can force the rank of

[ I_JL Ay | = [A1u1 )\ng )\rkju;f,kj 0---0] to be at most ', (25 + r1; — Nk, <7r’), by

21 X Nk Nk X Nj
adding the following 74; — 7’ linear independent constraints on I_JL:

)\TI+1U.:[/+1 = wn)\lui + wlz)\gug + ...+ wlrr)wui,,

)\T/+QUi/+2 = wgl)\lui —+ w22)\2u£ + ...+ WQT/)\T/UI/7

(2.7)
Aryy ulkj - w(rkj—r’ﬂ)‘lui + W(rkj—r/)z)\zu; + ..
+ (,d(,ﬂkj_T,/),,,/)\r/ui/7
where scalars w1, wjg, ..., w;,» are not all zeros for 1 < ¢ < ry; —r'.
Denote 2 =
wiAi Wi2A2 e Wi Ay
war A1 w2 Ao e Waorr Ay
_w(rkj*T/)l)\l OJ(rkj,T/)Q)\Q ... w("'kj*?“’)?"/)\’r‘/
1 (2.8)
— A1 0 0 0 --- 0
0 _AT/—FQ LY 0 O « o 0
0 0 _)\rkj 0 --- 0

= (1 —7")X N
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(2.7) is equivalent to
Q-U,=0 (2.9)

Obviously, the rank of [€2 0] is r; — 7" and thus rj; — 7’ DoFs are consumed at node k

by Eq. (2.9) and Lemma 2.3.

Next, since the rank of UL - Ay 0 is at most r’, we can use ' DoFs at node
ZleNk NkXNj ZkIX Zij

J to force ULijVj = 0 according to Lemma 2.3. Thus we have d,fjj + dgj = Thj.

Theorem 2.5 shows that to cancel interference from Tx node k to Rx node j, DoFs can
be consumed either Tx node k, or Rx node j, or both nodes. The required number of DoFs
consumed at Tx node k£ and Rx node j are related to the number of data streams and rank
of the interference channel. By enumerating all possibilities of (15].7 1;;) in (2.3b), IC can

be done by one of the following three cases:

o Case I: (1@, 1Ej) = (1,0), i.e., only Rx node j consumes DoFs for IC and the number

of DoFs that Rx node j consumes is min{zy, 74}

e Case II: (13, 14;) = (0,1), i.e., only Tx node & consumes DoFs for IC and the number

of DoFs that Tx node k consumes is min{z;;, ry; }.

o Case III: (1};3, 1@) = (1,1), i.e., both Tx node k and Rx node j consume DoFs for
IC. If zp + 2ij < 745, then dEj + dgj = 2z + 2;j. That is, a total of zy + 2;; DoFs are
used for IC, which is more than that in the previous two cases (either transmitter or
receiver). On the other hand, if ry; < 2z + 25, it is possible to design UL and V} such
that (rx; — x) DoFs are consumed at Tx node k to guarantee the rank of [UL . ij]

is at most . Then Rx node j will consume x DoFs to cancel this interference. Thus
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we have dgj + dgj = ry;. This is the most interesting case and is quite surprising.
It shows that a shared DoF consumption between Tx and Rx for IC is most efficient

under rank-deficient conditions.

To fully understand and appreciate the significance of the third (and new) case, let’s
revisit the motivating example in Section 2.1 (see Fig. 2.1). First, (2, 2i) = (5,7) is a
feasible solution and can be realized by Case I, i.e., (11,;, 15]-) = (1,0), because Rx node j
can consume 5 DoFs for SM and 7 DoFs for IC, and Tx node k uses 7 DoFs for SM. Second,
(2ij, 2x) = (5,7) can also be designed under Case II, i.e., (13, 1};) = (0, 1), where Tx node
k consumes 7 DoFs for SM and 5 DoFs for IC, and Rx node j consumes 5 DoFs for SM.
Following the same token, we can find a feasible region of the inner pentagon in Fig. 2.1(b).
However, for (z;;, zi1) = (8,7), it is impossible to have only Rx node j (Case I) or Tx node
k (Case II) alone to cancel this interference. But if we let Rx node j consumes 8 DoFs for
SM and 4 DoFs for IC, and Tx node k£ consumes 7 DoFs for SM and 5 DoFs for IC, then the
condition in Case I1I (i.e., (13, 13;) = (1,1)) will be satisfied and we have a feasible solution.
That is, under channel rank-deficient condition, a shared DoF consumption between both Tx
node k and Rz node j can offer more feasible solutions than unilateral I1C by only Tx node
or Rz node. The outer pentagon in Fig. 2.1(b) shows the extra feasible DoF region. This

finding is new and beyond the state-of-the-art.

2.3.4 Extension to Multiple Links and Additivity Property

The results in the previous two sections show DoF consumption for SM on a single link and
IC between a Tx node and a Rx node. Using these results as basic building blocks, we explore
DoF consumption for the general multiple-link case in this section. Consider Fig. 2.4, where

Tx nodes i1, t2, ..., ip are transmitting 2;, ;, 2i,5, .., 2ip; data streams to Rx node j, respectively.



Figure 2.4: Additivity of DoF consumption at Rx node j.
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Figure 2.5: Additivity of DoF consumption at Tx node 1.
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Rx node j is also interfered with by Tx nodes ky, ko, .., kg simultaneously. Suppose Tx nodes
ki, ko, .., kg are transmitting zz,i,, 2oy, -+, 2kol, data streams to their respective receivers.
Suppose the number of consumed DoFs at Rx node j for cancelling interference from k,, to
jis di 5, where dif 1+ di Ay o = min {20, 18 5+ 2518 5, Tra by (125, 14,,) # (0,0),
kn, = ki, ks, ..., kg. The following Lemma shows the required DoF consumption for SM and
IC at Rx node j.

Lemma 2.6. In a general multi-link case for a Rz node j, the number of consumed DoF's
for SM and IC at Rx node j is additive and constrained by channel ranks. If z;, ; < ri.;
form = 1,2,..., P are satisfied, then the number of consumed DoFs for SM at Rx node j
is 22:1 Zi,.i- The total number of consumed DoFs for IC at Rx node j is Zgzl dgnj' The

total number of consumed DoFs for SM and IC at Rx node j is 22:1 Zipj T Zf;f:l dgnj.

Proof. Supposing Rx node j consumes dEn ; Dols to cancel interference from Tx node &, to Rx
node j,n =1,2,...,Q. According to Lemma 2.3 and Theorem 2.5, we have rank([ULlHklj]) <
dR

"o rank([U]_ Hy,;]) < df rank([ULQHij]) < dj} ;. Now consider the general multi-

kojoe

link case for a Rx node j (see Fig. 2.4). Weight matrix V; of node j must satisfy

U H;,; L., 0 - 0
Ul H,,; 0 L, 0
Ul H, 0 0 - L,
P v = Pl (2.10)
Ul Hy,; 0 o0 0
Ul Hy,; 0 0 0
\UjL, Hy, | 0 0 0 |
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Thus we have

.|.
uH,; L, 0 - 0
T
UH, 0 L 0
T
rank UipHipy 0 0 “ipd
U H, 0 o0 0
ULQszj 0 O --- 0 (2.11)
Ul Hip; O 0 --- 0|

<Ziyj + Zigjeo + Zipj A A A+ dY

kij kaj kqi
P Q
— E § : R
m=1 n=1

The first ZnP@:1 Zi,,; Tows are with full rank ZnP@:1 Zi,.;; the remaining rows may have
rank lower than 22:1 dl,jn ; and we consider the upper bound in this chapter. According to
(2.10), (2.11) and Lemma 2.3, the number of DoFs consumed for SM and IC at Rx node
jis S a4 23:1 dg ;. Note that z;,,; < ry,5,m = 1,2,..., P must be satisfied, and
the channels are assumed to be generic (i.e., row space of UZT”HW- for n = {1,2,--- | P}

are mutually linearly independent almost surely, and U;-rnHinj and ULnHk;nj are mutually

linearly independent almost surely), otherwise Eq. (2.10) will have no feasible solution. [

Next we consider the case of SM and IC at Tx node k as shown in Fig. 2.5, where Tx
node k is transmitting zjy,, 2k1,, ---, Zri, data streams to Rx nodes Iy, 1y, ..., lg, respectively.
Tx node k is also interfering with Rx nodes ji, jo, .., 7p. Suppose Rx nodes ji, jo, .., jp are
receiving 2, j, ; Zisjas ---s Zipjp data streams from Tx nodes i1, %9, ..., i p, respectively. Supposing

the number of consumed DoFs at Tx node k for cancelling interference from k to j, is dgjn,
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where

The following Lemma shows the required DoF consumption at Tx node k.

Lemma 2.7. In a general multi-link case for a Tx node k, the number of consumed DoF's
for SM and IC at Tz node k is additive and constrained by channel ranks. If zy;,, < Ty, for
m=1,2,...,Q, then the number of consumed DoFs for SM at Tx node k is ZTQn=1 21, - The
number of consumed DoFs for IC at Tt node k is 25:1 dzjn. The total number of consumed

DoF's for SM and IC at Tx node k is ZWQ@:1 2k, + 25:1 ;.-

The proof of Lemma 2.7 is similar to Lemma 2.6 and is omitted to conserve space.

2.4 A Special Case: Full-rank Channels

In this section, we show that, when channel has full rank, our general DoF model degenerates
into the well-known unilateral DoF consumption model in the literature (e.g., [14, 15, 16,

17, 21, 22]). Therefore, the existing full-rank DoF model is a special case of our model.

For SM, consider a single link transmission (see Fig. 2.2). If the channel matrix is of
full rank (i.e., rank(H;;) = min{N;, N;}), then at most min{/N;, N;} data streams can be
transmitted over this link, and the number of DoFs consumed by SM at Tx node ¢ and Rx

node j are both z;.

For IC, consider the single-interference link (see Fig. 2.3). When channel matrix Hy; has
full rank, we have rank(Hy;) = min{NNy, N;}. We consider two existing IC schemes assuming

full-rank channels and show that they are a special case of our model.
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Scheme 1: IC by Tx or Rx node, but not both: As shown in the literature (e.g.
[15, 16, 17, 21, 22]), for IC, DoFs can be consumed unilaterally at either Rx node j (with zj,
DoFs), or at Tx node &k (with z;; DoFs). Without loss of generality, assume N < N;, then

we have 7; = min{ Ny, N;} = Nj.

Case 1: Rx node j consumes DoFs for IC. Since r; = N > 2, this is consistent to

Theorem 2.5 when (1, 1) = (1,0).

Case 2: Tz node k consumes DoF's for IC. Since z;; > 1, zp; > 1, the available DoFs at
Tx node £ for IC is no more than N, — 1. Consequently the number of data streams that
can be received at Rx node j is no more than N, — 1, ie., z;; < N — 1. We have z;; < ry;.

This is consistent to Theorem 2.5 when (1%, 1;,) = (0,1).

Scheme 2: IC by both Tx and Rx nodes: In this case, interference is cancelled at Rx
node j by consuming zj; DoFs, and at Tx node k by consuming z;; DoFs as in [14]. Obviously
Zij+ 2 > min {zkllgj + zijl;fj,rkj}. We can let dEj = Zu, d’krj = Zij, (lgj, l;fj) = (1,1), which
will satisfy the sufficient condition in Theorem 2.5. Although feasible, this scheme uses more

DoFs than necessary and is considered wasteful.

The next question to ask is: in full-rank case, is it possible for Tx and Rx nodes to share
DoF consumption for IC such that Tx node k consumes fewer than z;; DoFs and Rx node j
consumes fewer than z;; DoFs as in rank-deficient case? The answer to this question is given

in the following Lemma.

Lemma 2.8. In full-rank case, in order to cancel interference from Tx node k to Rx node j
(as shown in Fig. 2.3), it is impossible to have both Tx node k consume fewer than z;; DoF's

and Rz node j consume fewer than zy DoFs, where z;; > 1,2 > 1.

Proof. Suppose Tx node k consumes x DoFs and Rx node j consumes y DoFs to cancel

interference from Tx node k£ to Rx node j, where x < z;; and y < 2. This means there are
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x linearly independent constraints imposed on Uy and y linearly independent constraints

imposed on V;. We must have

rank ([ V;r- : HL]. 0 ]) =z, <z, (2.12)

Zij X2
ZinNj N]'XNk “ ki

and

rank ([ UL - Hy; 0 ]) =y, Y< 2. (2.13)

ZleNk NkXNj FkLX Zij

On the other hand, since Hy; is of full rank, according to Sylvester’s rank inequality [43],

we have i
rank V; : HLJ. 0 > z;; +min{ Ny, N;} — Nj, (2.14)

ZinNj NjXNk %ij Zkl_

and i
rank ([ Ul - H; 0 ) > 2y + min{ Ny, N;} — Ny (2.15)

2k XN NpXNj ZleZ”_

But (2.14) and (2.15) contradict (2.12) and (2.13).

In fact, the outcome of this cancellation is

0---0---0
Y
elementary | () ... () --- ()
Ul - Hy, -V — (2.16)
ZleNk NkXNj NjXZl'j p . . C
0---0
2Rl X Zij
T

where C is a (2 — y) X (%; — ) matrix which is not guaranteed to be 0 and interference

still exists.

Thus, it is infeasible to have Tx node k consume z < z;; DoFs and Rx node j consume
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y < zp, where 2z;; > 1 and 2 > 1. O

Lemma 2.8 shows that in full-rank case, there is no benefit to have both Tx node and Rx
node consume DoFs for IC, as doing so will incur more DoF consumption than necessary.
That is precisely the reason why existing DoF IC models only consider using DoFs unilaterally
at either Tx or Rx node for IC, but not both. But under general channel rank conditions
(i.e., with rank deficiency), things become different. IC burden is better to be distributed

between Tx and Rx nodes, as we have shown in Theorem 2.5.

2.5 DoF Scheduling in a Network

In Section 2.3, we developed a theory for DoF model under general channel rank conditions
for the most basic topologies. In this section, we apply this model to develop a set of con-
straints that can be used to characterize a feasible DoF scheduling region for an arbitrary
multi-link MIMO network. When outfitted with a proper objective function (e.g., the ex-
amples in Section 2.6.2), we will have a complete optimization problem involving a DoF

scheduling model with general rank conditions.

Consider multi-link MIMO network with an arbitrary topology. Denote K as the set of
nodes in the network. Denote 7; as the set of nodes that are within node i’s transmission
range and Z; as the set of nodes that are within node ¢’s interference range, respectively. We
consider a time-slot based scheduling (so that the model can be easily extended to multi-hop
applications with additional flow balance constraints [21, 44]). We have the following three

sets of constraints for DoF scheduling in a network.

Node Activity and SM Constraints We assume each node in the network is half-

duplex, i.e., a node can be either a Tx node, an Rx node, or idle at any time. Define a
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binary variable z;(t) to indicate whether or not node i is a Tx node at time ¢, i.e., x;(t) = 1 if
node 7 is transmitting at time ¢ and 0 otherwise. Likewise, denote y;(t) as a binary variable
to indicate whether or not node i is a Rx node at time ¢, i.e., y;(t) = 1 if node 7 is receiving

at time ¢ and 0 otherwise. Then half-duplex constraint at node ¢ can be modeled as:

() +y(t) <1, i€k, (2.17)

If node ¢ is an active Tx node (i.e., x;(t) = 1), then the total number of DoFs used for

transmitting data streams cannot exceed the total number of antennas N; at this node, i.e.,

zi(t) < Zzij(t) < Niwy(t), i€ K. (2.18)

J€T;

Similarly, if a node j is an active Rx node (i.e., y;(t) = 1), then the total number of DoFs
used for receiving data streams cannot exceed the total number of antennas NN; at this node,
ie.,

yi(t) <D z(t) < Nyyy(t), jeK. (2.19)

i€T;

Further, considering general channel rank condition, the number of data streams that

can be sent over a channel must satisfy the following constraint (Lemma 2.4):

zij(t) <rii(t), €K, jeK, i# ] (2.20)

IC Constraints Consider a Tx node k that interferes a Rx node j in a network (see
Fig. 2.6). Tx node k may transmit multiple data streams to Rx nodes [ € T (other than j)
while Rx node j may also receive multiple data streams from Tx nodes i € 7; (other than k).

To cancel interference from Tx node k£ to Rx node j, we apply Theorem 2.5 and Lemmas 2.6
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Figure 2.6: An interference link (%, j) in a network.

and 2.7 (with consideration of multiple outgoing data streams from node k£ and incoming

data streams to node j). We have the following constraints:

For every k€ K, j €Iy, if x4(t) =1 and y,(t) = 1, then

( di; ()15 (1) + di (1) 15 (t) =
1£j i#k (2.21)
min ¢ IR0 " zu(t) + 135(6) Y 2is(t), riy(t) ¢,
leTy i€T;
\ (155(8), 15(8)) # (0,0). (2.22)

Node’s DoF Constraints A node can use its DoFs for both SM and IC, as long as the
total number of consumed DoFs does not exceed the total available DoFs at the node. If

node k is an active Tx node, by Lemmas 2.6 and 2.7, we have

If () = 1, then szl(t) + Z di;(t) < Ny, kek. (2.23)

=y JELy
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Similarly, if node j is an active Rx node, we have

If y;(t) = 1, then Y z;(t)+ Y _dp(t) < Nj, jeK. (2.24)

i€T; keZ;

For constraint (2.23), it can be reformulated by incorporating binary variable () into

the expression as follows:

€T JELy

where By, is a large constant, which can be set as By = > e, N; to ensure that By is an
upper bound of Y., dii;(t).

Similarly, constraint (2.24) can be reformulated as follows:

>zt + ) () < Nys(t) + (1—y(1) - By, jEK, (2.26)

Z‘€73' kJEIj
where B; =3, 7 Np.

Reformulation of IC Constraints To make the IC constraints suitable for mathematical
programming, we need to remove ”if-then” statement for (2.21) and (2.22), non-linearity in
(2.21), and the joint statement in (2.22). First, we can relax (2.21) by substituting "=" sign
by 7>" sign. To remove ”if-then” statement for (2.21) and (2.22) and the joint statement in

(2.22), we incorporate binary variables xj(t) and y;(t) into (2.21) and (2.22), we have:
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For every ke K, j € Iy,

[2 = (1) =y (8) ] i () + i (£ (£) (diy (1L (8) + digs () 155(1)) (2.27)
14 ik
> min ¢ 1 (6) > zua(t) + 156> 2(t), miy(t) p
€T i€T;
135(8) + 15 (t) > ap(t) + y;(t) — 1. (2.28)

When z(t) = 1 and y;(¢) = 1, one can easily verify that (2.27) is a relaxation of (2.21)
because of 7>" sign. Note that such relaxation won’t introduce any infeasible DoF allocation
for IC. While (2.28) is equivalent to (2.22) by examining all possibilities of (1%@), 1.5(t))
other than (0,0). For z4(t) # 1 or y;(t) # 1 (i.e., link £ — j is not an interference link),

(2.27) and (2.28) always hold (i.e., the associated variables are unconstrained for 1C).

Next we show how to reformulate the "min” function in (2.27). First, (2.27) is equivalent

to
[2 = 23, (t) = y;(0) | rag (t) + 2r()y; (1) (dig () 115(1) + &35 (H)15(1))
l;é] itk (2.29a)
leTk 1€T;

[2 = () — 5 (8) iy (1) + 2 ()y; (1) (i ()13 (8) + iy (1) 135(1))

> ri(t).

(2.29D)

To remove the “or” statement in (2.29), we introduce a set of binary variables sy;(t), and
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(2.29) can be reformulated as

I#] ik
U5 (0)Y  zm() + 150 D 2(0) — [2 = 2i(t) — y5()] s (1)
IET; i€T; (2.30a)

— a8y (1) (di; (L (1) + di5 (L5 (1) < My sp(1),

rii(t) = [2 = wi(t) — y; ()] iy (1)

— (s () (di; ()15 (1) + dis ()15 (8) < My - (1 — sp5(t)),

(2.30b)

where M; and M, are big constants to ensure M is the upper bound of LHS of (2.30a), and
Mj is the upper bound of LHS of (2.30b). As an example, we can set M; = N + N; and
My = 14;(t). Therefore, when s4;(t) = 0, (2.30a) becomes (2.29a) and (2.30b) holds trivially.
Likewise, when s;;(t) = 1, (2.30b) becomes (2.29b) and (2.30a) holds trivially.

Now only the non-linear terms in (2.30), i.e., products of variables, need to be refor-
mulated. For this purpose, we employ the Reformulated-Linearization Technique (RLT) in
[45, 46], which is specifically designed for this purpose. For non-linear terms x(t)y; (t)1;(t)
and x(t)y; (t)1;5(t) in (2.30), they can be linearized by introducing new variables and adding
new linear constraints. To do this, define binary variables ni;(t) = xx(t)y;(t)1;(t) and

Or;j(t) = x(t)y;(t)13(t). Constraint (2.30) can be reformulated as

I#5 i7k
15(0) D au(t) + L5(8) Y zis(t) — [2 — o (t) = y;(t) | (2)
leTy, i€T;

— g () dlj; (8) — Ory (£) iS5 () < My - s5(t)
rg(8) = |2 = 2u(t) = 550 (8) — g (O (8) = B () 1)
< My - (1 — sy4()) (2.31)

Mg (1) > i(t) + 4 (1) + 15(t) — 2,
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Next, to remove non-linear terms 1y, (£)dj; (t), Ox; (t)dis (1), 175(t) Zg?@ 2z () and 1(t) Zzz% 2i(1)
in (2.31), we introduce new variables and add new linear constraints. For n;(t)dy;(t), define
new variables ag;(t) = m;(t)dy;(t). Since m;(t) € {0,1}, and 0 < djj;(t) < Ny, then the

following constraints must hold:

(nk;(t) = 0) - (dy;(t) —0) >0,

(ks (£) = 0) - (Ni — dj;(t)) =0, (2.32)
(1= mi;(1)) - (dg;(t) = 0) >0,

(1= ez (1) - (Ni = di;(8)) >0

Substituting ay;(t) for ny;(t)dy;(t) in the above constraints, the new constraints among

s (1), ks (t) and dj;(t) are

aj(t) >0,
g (t) < N -1 (1), (2.33)
Qkj (t) S d']fj (t)a

g (t) > Ni - s (t) + di; () — Ni.
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Similarly, by letting new variables fi;(t) = 0k, (t)d}5;(t), i (t) = 15(t )Zﬁfﬁ 2k (t) and
Ok (t) = 13,(t) Zzgg- 2;j(t), all non-linear terms in (2.31) can be removed with additional

linear constraints.

Therefore, (2.30) can be reformulated as a set of mixed integer linear constraints as

follows:

For every k € K, j € Ty,

Vg () + 0j () — [2 — 2o () — ()]s () — g () — By (t)
< (Vi + Nj)sis(8),

rei(t) = 2 — 2 (t) =y ()] (8) — an;(£) — B (1)
< g (0) (1 = s (1)),

M (1) > wu(t) +y;(1) + L (0) — 2,

M (8) < Ly5(0),

s (£) < x(t),

;i (t) < y;(t),

Oki (£) 2 wi(t) +y;(t) + 15(0) — 2,

Oy (t) < 15(t),

ag;(t) < diy(t), (2.34)
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Vi () < Ny - 15(8),

I1#]
i (t) < szz(t)7
=
I#]
V() = N - L) + ) z(t) — N,
€T
Ok (t) >0,
O (1) < Nj - 135(1),
itk
Ori(t) <) 2i5(1),
iET;
itk
Oj (1) > Nj - 1p5(t) + Z zij(t) = Nj.
i€T;

In summary, (2.17)-(2.20), (2.25), (2.26), (2.28) and (2.34) together constitute a set of

feasibility constraints for SM and IC among all nodes in a network.

Existence of Weight Matrices If the above set of feasibility constraints for SM and IC
are satisfied among all nodes, then there exists a set of weight matrices that can offer the
desired data stream transmission free of interference almost surely. We formally state this

result in the following lemma.

Lemma 2.9. Given that the channels are generic (i.e., the channel matrices are randomly

and independently generated from continuous distributions subject to rank-constraints), if
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DoF feasibility constraints (2.17)-(2.20), (2.25), (2.26), (2.28) and (2.34) are satisfied, then

there exists a set of weight matrices, with probability 1, such that

(i) the intended data streams are transmitted, i.e.,

U;r [Hijlvjl T Hijlva} =L., if Zijis s Rijg > 0,
Ul H,,;
11 1] (235)

Vj = Iz*j if Ziyjyttt y Ripj > O,

T
Uip H'LP]

and (i) unintended interferences are cancelled, i.e.,

UIH,,;V; =0,
(2.36)
itkelk, jely, z1s >0, 2, >0 and z; = 0.
A Proof Sketch. At Rx node j, since all channels are randomly generated from a

continuous distribution (i.e., without any special structure), the row spaces of UleHiu’a
ULHM-, ceey U}LP H;,; are linearly independent with each other with probability 1. Also, the
row space of U;rnHinj (for any i € {1,2,---, P}) and the row space of ULij are linearly
independent almost surely. Similar properties hold for Tx node i. Further, the DoF allocation
satisfying constraints (2.17)-(2.20), (2.25), (2.26), (2.28) and (2.34) guarantees that the DoF
resources are sufficient for SM and IC at each node. Then following the DoF consumption
theory (Theorem 1, Lemmas 1, 2, 3 and 4) that we developed in Section 2.3, there exists
a feasible solution (i.e., a feasible U; or V) at each node satisfying SM and IC constraints

(2.35) and (2.36). O

Although Lemma 2.9 guarantees the existence of a feasible set of weight matrices, finding

such a set of weight matrices is not trivial from a computational perspective, due to the inter-
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dependency among Tx weights and Rx weights. One possible approach to design weight
matrices will be given in Chapter 3. The approach in Chapter 3 can find weight matrices
that offer desired DoF scheduling and suppress the unwanted interference signal strength
close to zero (rather than absolute zero). For practice purposes, this approach is sufficient

to meet our needs.

2.6 Case Studies

In this section, we use case studies to demonstrate the DoF regions obtained by our general
model and compare them to those obtained by other models. We also apply our general
model for DoF scheduling in MIMO networks and demonstrate its efficacy. For ease of

reference, we define the following notations for the several models under comparison:

o Rank-aware shared DoF consumption model, denoted as w(R,S). This is our general
model, where DoF consumption for IC is shared between Tx node and Rx node. This

is the most efficient IC model under general channel rank conditions.

o Rank-aware non-shared DoF consumption model, denoted as w(R,$). Under this model,
the number of DoFs consumed for IC takes into consideration of channel rank, i.e., the
number of DoFs consumed for IC is no greater than the rank of interference channel.
IC is done by consuming DoFs unilaterally at either Tx node or Rx node, but not both,

as in existing models such as [15, 16, 17, 21, 22].

o Rank-blind non-shared DoF consumption model, denoted as w(R,$). Under this model,
channels are considered as full rank even though they are not. 1C is done by consuming

DoFs unilaterally at either Tx node or Rx node, but not both, as in [15, 16, 17, 21, 22].
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Figure 2.7: A study of DoF region for a three-link network. (a) Transmission and interference
topology, number of antennas at each node, and rank of each link. (b) DoF region obtained
under different models.

2.6.1 Comparison of DoF Regions

We now study and compare DoF regions for some cases. For the two-link example in Fig. 2.1,
we showed that the general DoF model can expand the feasible DoF region. We now consider

a few more cases.

Fig. 2.7(a) shows a three-link example, where links 1 and 2 are interfering with each
other (in dashed lines) and links 2 and 3 are also interfering with each other (in dash lines).
Suppose that the numbers of antennas at Tx nodes 1, 3 and 5 are 12, 10 and 10 while the
number of antennas at Rx nodes 2, 4 and 6 are 12, 10 and 10, respectively. Also, suppose

the rank of each channel is given as shown in Fig. 2.7(a).

By examining all possible solutions under our general DoF model, the DoF region ob-
tained by 7(R,S) is shown as the most outer polyhedron in Fig. 2.7(b). In the same figure,

we also show the DoF regions of w(R,$) and 7(R,$), both of which are polyhedrons that
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Figure 2.8: A study of DoF region for a four-link network.

are strictly contained inside the DoF region of 7(R,S). The DoF region by 7(R,S) is 51.2%

and 14.3% larger than those under (R, $) and 7(R,$), respectively.

Next, we study DoF region for a four-link case as shown in Fig. 2.8, where the dashed lines
represent interfering links. The number of antennas and rank of each channel are depicted
in Fig. 2.8. Since the solution of DoF region is four-dimensional, which cannot be drawn, we

use a table to present our results.

Table 2.2 lists all the boundary points of the DoF regions under models 7 (R, S), (R, $)
and 7(R,$). A boundary point is defined as a feasible point (2},, 254, 2%, 245) and there
exists no other feasible point (212, 234, 256, 278) # (219, 254, 206, 22g) such that z1o > 275, 234 >

* * *
Zag, 256 = Zig and z7g > 23g.

From the results in Table 2.2, we find that any boundary point achieved by 7(RR,$) is

inside the DoF region of 7(R,$). Further, m(R,S) achieves the largest DoF region. Any
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Table 2.2: Boundary points and hypervolumes of DoF regions for a four-link network

™R,S) | 7(R.¥) | 7(R.P)
(1,2,3,0) | (2,1,3,1) | (2,1,3,1)
(1,3,2,0) | (2,2,2,2) | (2,2,2,2)
(2,1,3,1) | (2,3,1,1) | (2,3,1,1)
(2,2,2,2) | (3,0,3,1) | (3,0,3,1)
(2,3,1,1) | (3,1,2,2) | (3,1,2,2)
(3,0,3,2) | (3,1,3,0) | (3,1,3,0)
(3,1,2,2) | (3,2,1,2) | (3,2,1,2)
(3,1,3,0) | (3,3,0,1) | (3,3,0,1)

Boundary (3,2,1,2) | (3,3,1,0) | (3,3,1,0)

Points (3,2,2,0) | (4,0,2,2) | (4,0,2,2)
(3,3,0,2) | (4,1,1,3) | (4,1,1,3)
(3,3,1,0) | (4,1,2,1) | (4,2,0,2)
(4,0,2,3) | (4,2,0,2) | (5,0,1,3)
(4,0,3,1) | (4,2,1,1) | (5,1,0,3)
(4,1,1,3) | (5,0,1,3)
(4,1,2,1) | (5,1,0,3)
(4,2,0,3) | (5,1,1,2)
(4,2,1,1)
(4,3,0,1)
(5,0,1,3)
(5,0,2,2)
(5,1,0,3)
(5,1,1,2)
(5,2,0,2)
Hypervolume 77.3 61.5 59.5

boundary point achieved by 7(R,$) is inside the DoF region obtained by m(R,S). Finally,
by using Matlab-based Multi-Parametric Toolbox 3 [47], we can calculate the hypervolumes
of these 4-dimensional regions, which we show in Table 2.2. The hypervolumes of the DoF

region by 7(R,S) is 29.8% and 25.8% larger than those by 7(RR, ) and 7(R, $), respectively.

In the last case study for DoF region, we consider a five-link network with random topol-
ogy as shown in Fig. 2.9. The transmission and interference links, number of antennas at
each node, and rank of each link are shown in the figure. Again, we find DoF regions under

7(R,S), 7(R, ) and w(R, B), respectively. Table 2.3 show the boundary points and hypervol-
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Figure 2.9: A study of DoF region for a five-link network with a random toplogy.

umes achieved under the three DoF IC models. We conclude that 7(R,S) offers the largest

feasible DoF region.

Table 2.3: Boundary points and hypervolumes of DoF regions for a five-link network with
random topology.

(R, S) (R, $) (R, $)
(0,3,3,1,2) | (1,3,3,3,1) | (1,2,4,1,1)
(0,3,4,1,1) | (2,0,3,3,3) | (1,3,3,3,1)
Boundary | (0,4,3,1,1) | (2,0,4,2,2) | (2,0,3,3,3)
Points | (0,4,4,0,1) | (2,1,2,4,3) | (2,0,4,2,2)
(1,1,4,2,3) | (2,1,3,2,3) | (2,1,2,4,3)
(1,2,3,3,2) | (2,1,3,3,2) | (2,1,3,2,3)

Continue on next page
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Table 2.3 (Continued)
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Table 2.3 (Continued)

Boundary

Points

(R, S) (R, %) (R, %)
4,0,3,4,2) | (5,3,0,3,0) 2,2,2,2)
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Hypervolume 664.8 541.1 511.3

2.6.2 DoF Scheduling for Multi-link Networks

To show how the new DoF model (7(R,S)) can be used in a multi-link network, we study a
throughput maximization problem using the DoF scheduling model developed in Section 2.5.

In this study, we choose the objective of maximizing the minimum throughput (¢,,;,) among
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a set of links £ in a multi-link MIMO network. This objective aims to achieve fairness among
the MIMO links while maximizing the number of SM data streams in the network. For ease
of exposition, we assume that one data stream corresponds to one unit data rate, and use
normalized unit for distance. The transmission and interference ranges are 180 and 360,

respectively. The problem formulation becomes a mixed integer linear program (MILP) as

follows:

maximize

s.t.

Figure 2.10: Topology of a 25-node network

Cmin
Node activity and SM constraints:(2.17) — (2.20);
IC constraints:(2.28), (2.34);

Node’s DoF constraints:(2.25), (2.26).
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Figure 2.11: Topology of a 50-node network

This MILP problem is NP-hard in general. We use an off-the-shelf solver CPLEX to solve
it. CPLEX applies branch-and-cut algorithm to find a solution [48]. In our experiment, it

usually takes less than 1 second to obtain an optimal solution.

For the above throughput maximization problem, we consider a 25-node network topology
(Fig. 2.10) and a 50-node network topology (Fig. 2.11), respectively. For the randomly
generated 25-node network, we assume each node is equipped with 16 antennas. At time ¢,
there are six links transmitting simultaneously. The rank of each transmitting or interfering
channel is indicated next to each channel in the figure. The optimal objective value found by
CPLEX is 8. The DoF allocation at each active node is given in Table 2.4(a). The number
of DoFs consumed for SM at each active node is 8, number of DoF consumed for IC varies,
but the total number of DoFs consumed for SM and IC is no more than 16. Table 2.4(b)

shows the details of DoF allocation for IC on each interference link. One can easily verify
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Table 2.4: DoF scheduling solution for the 25-node network

(a) DoF allocation at each active node (b) DoF scheduling results for IC
Active Node | Status | DoF Allocation Interference from rij | (df, di)
SM | IC | Total Tx node 7 to Rx node j
NO Txnode | 8 | 8 16 i=0,7=9 6 (2,4)
N3 Txnode | 8 | 8 16 1=0,7=11 6 (6,0)
N5 Txnode | 8 | 4 12 i=3,j=11 5 (4,1)
N9 Rxnode | 8 | 8 16 i1=3,j=13 4 (4,0)
N14 Txnode | 8 | 8 16 i=5,7=19 4 (4,0)
N11 Rxnode | 8 | 6 14 1=14,7=9 4 (2,2)
N13 Rxnode | 8 | 8 16 1=14,7=13 4 (2,2)
N16 Tx node | 8 | 8 16 1=14,7=19 6 (4,2)
N19 Rxnode | 8 | 8 16 1=16,7 =9 5 (3,2)
N21 Rxnode | 8 | 6 14 i=16,7 =11 4 (0,4)
N22 Txnode | 8 | 5 13 i=16,7 =21 6 (5,1)
N23 Rxnode | 8 | 4 12 1 =16,7 =23 4 (0,4)
1=22,5=11 4 (3,1)
1=22,7=13 6 (0,6)
1=22,7=19 6 (0,6)
1=22,7=21 5 (0,5)
1=22,5 =23 5 (5,0)

that Theorem 2.5 is satisfied for each interference link. In particular, on interference links
0—+93—11,14 —-9,14 — 13,14 — 19,16 — 9,16 — 21 and 22 — 11, DoF’s are consumed
both at Tx and Rx nodes for IC; on interference links 0 — 11,3 — 13,5 — 19 and 22 — 23,
DoFs are consumed only at Tx nodes while on interference links 16 — 11,16 — 23,22 —
13,22 — 19 and 22 — 21, DoFs are consumed only at Rx nodes. In contrast, the objective
values achieved by 7(RR, $) and 7(R,$) are 4 and 6, respectively. That is, ¢, under (R, S)

is 100% and 33.3% more than that under 7(R,$) and 7 (R, $), respectively.

For the randomly generated 50-node network (Fig. 2.11), we assume each node is equipped
with 12 antennas. There are 10 concurrently active transmitting links. For this network, we
find that the objective value achieved by our model (7(R,S)) is 7. The DoF allocation at

each active node is given in Table 2.5(a). Table 2.5(b) shows the details of DoF allocation



Table 2.5: DoF scheduling solution of a 50-node network

(a) DoF allocation at each active node

(b) DoF scheduling results for IC
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Active Node | Status | DoF Allocation Interference from rij | (d, di)
SM | IC | Total Tx node 7 to Rx node j

NO Txnode | 7 | 4 | 11 i=0,j=9 51 (4.1
N2 Txnode | 7 | 4 | 11 i=0,j =41 1] (0,4)
N4 Rxnode | 7 | 4 | 11 i=2,7=9 1 (1,3
N7 Txnode | 7 | 4 | 11 =2, =24 1] (0,4
N9 Rxnode | 7 | 4 | 11 i=2.j=235 1] (3.1
N12 Txnode | 7 | 4 11 i=7,7=14 4 (0,4)
N14 Rxnode | 7 | 4 | 11 i=7,j =35 6 | (4,2)
N19 Txnode | 7 | 4 | 11 i=12,j =23 1] (40
N20 Txnode | 7 | 4 | 11 i=19,j =4 1] (0,4)
N23 Rxnode | 7 | 4 | 11 i=19,j =35 51 (4,1)
N24 Rxnode | 7 | 5 | 12 i=20,j =24 1] (3.1
N30 Txnode | 7 | 4 11 i=20,7 =36 4 (1,3)
N35 Rxmnode | 7 | 2 9 i=237,j =41 4 (4,0)
N36 Rxnode | 7 | 4 | 11 i=38,j =36 51 (4.1)
N37 Txnode | 7 | 4 | 11 i=40,j =23 1| (0,4)
N33 Txnode | 7 | 4 | 11 i =40,7 = 41 5 | (5,0)
N39 Rxnode | 7 0 7

N40 Tx node | 7 5) 12

N41 Rx node | 7 4 11

N46 Rx node | 7 0 7
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for IC on each interference link. In contrast, the objective values achieved by 7(R,$) and
7(R,$) are 4 and 6, respectively. That is ¢, under (R, S) is 75% and 16.7% more than

those under 7(R,$) and 7(R, $), respectively.

We have also generated other random topologies and all results are consistent, i.e., ¢pin
under 7(R, S) is larger than that under (R, §) and 7(R, $). This affirms the significance of

using the new DoF model under general channel rank conditions.

2.7 Chapter Summary

Most existing DoF-based models assume channel matrix is of full-rank, which will not hold
when more and more antennas are employed at a node and the channel condition is not
ideal. This chapter addresses this fundamental limitation in existing DoF-based models by
considering general channel rank conditions. We developed a general theory on how DoFs
are consumed at Tx and Rx nodes for SM and IC in the presence of rank deficiency. In
contrast to common belief developed for full-rank channels, we showed that a shared DoF
consumption at both Tx and Rx nodes for IC is most efficient and can achieve a larger
feasible DoF' region than having only Tx or Rx node consume DoFs unilaterally for IC.
We also showed that DoF consumption under the existing full rank assumption is a special
case of our DoF model for general channel rank conditions. Based on this understanding,
we explored DoF scheduling in a general multi-link MIMO network by developing a set of
constraints to characterize a feasible DoF scheduling. Through extensive case studies on
DoF regions and DoF scheduling problems, we confirmed the efficacy of the new DoF model
for general channel rank conditions. Our findings in this chapter pave the way for further

research on MIMO-based wireless networks under general channel rank conditions.



Chapter 3

On DoF Conservation in MIMO
Interference Cancellation based on

Signal Strength in the Eigenspace

3.1 Introduction

Degree-of-Freedom (DoF') based models have become widely popular in the research com-
munity for modeling, analysis, and optimization of MIMO networks [14, 15, 16, 17, 18, 19,
20, 21, 22, 50, 51, 52]. Due to their simple abstraction of MIMO’s capabilities in spatial
multiplexing (SM) and interference cancellation (IC) [10, 11, 23, 60, 61], a DoF-based model
can be used for resource allocation for SM and IC with simple “+/-" arithmetic calcula-
tions. By avoiding complex matrix manipulation in resource allocation, DoF-based models

are powerful and tractable tools to analyze MIMO’s behavior in a network setting.

Under a DoF-based model, the total number of available DoFs at a node is the same as
its number of antennas, and a node can use its DoFs for either SM or IC [14, 15, 16, 17,
18, 19, 20, 21, 22, 50, 51, 52]. Existing DoF IC models require to consume DoFs to cancel
all interference in the channel, regardless of interference strength in different directions in

the eigenspace. However, interference strength varies greatly in different directions in the
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Figure 3.1: A portable 8-antenna wireless testbed.

eigenspace for the same link, as we shall see in the following experiment.

An Experiment We have conducted experiments to examine channel conditions in
an indoor environment. In this experiment, we build two nodes to form an 8 x 8 MIMO
channel. Each node is built with 8 USRP N210 devices [57], a OctoClock-G CDA-2990
device [58], a 10 GbE-switch, a desktop computer, and GNU radio software package [59].
The 8 USRP devices is connected to the 10 GbE-switch via CAT5E Ethernet cables and
synchronized using the OctoClock-G CDA-2990 device (providing external 1 PPS and 10
MHz reference clock), as shown in Fig. 3.1. We install GNU Radio (in Ubuntu) on the
desktop computer to control the USRP devices. Such a MIMO node can achieve 20 MHz of
instantaneous bandwidth for wireless signal transmission and reception. We perform a set
of experiments under LOS/NLOS and different antenna spacing settings (5 cm or 10 cm) in

an indoor environment to measure the MIMO channel matrices. Then we perform singular
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Figure 3.2: SVD of an 8 x 8 MIMO channel in our experiment. Carrier frequency is 5.8 GHz.
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value decomposition (SVD) of measured 8 x 8 MIMO channel matrices. Fig. 3.2 presents
the singular values in each direction under different settings. As shown in Fig. 3.2, strictly
deficient channel rank (lower than the number of Tx/Rx antennas) can be seen throughout
our experiments, i.e., zero or near-zero for the least singular value. More important, in many
cases, we observe that the remaining singular values vary greatly. This means signals in
some directions are much stronger than the others on the same link. This phenomenon is
mainly due to the lack of rich multipath propagation and spatial separations, leading to
correlations among the spatial channels within the MIMO link [62, 63]. As a result, the
transmit power from a node is generally not uniformly distributed in all directions of the

channel’s eigenspace. O

Based on our observation from the experiment, we ask the following question: Can we

exploit such disparity in singular values (interference signal strength) to conserve DoF in

IC?

To answer this question, we must first re-examine state-of-the-art IC strategies in existing
DoF models and understand their limitations. Under existing IC schemes, all interference
at an interference channel are cancelled at either Tx side or Rx side [14, 15, 16, 17, 18, 19,
20, 21, 22, 50, 51, 52]. The number of DoFs consumed in IC is solely based on the number
of interfering data streams, regardless of interference strength in different directions in the
eigenspace. That is, given the number of transmitting data streams, the number of DoFs
required by IC under a highly correlated interference channel would be exactly the same as
that under a channel with uniformly distributed singular values, without any discrimination
on channel conditions in different directions. The weakness of such an IC strategy is that
it turns a “blind eye” on interference signal strength and considers the impact of a weak
interference signal the same as a strong interference signal. As a result, the existing IC

models may not utilize DoF resources in the most efficient manner.
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In this chapter, we propose to make a major departure from the existing approach for
DoF IC. We propose to exploit the differences in interference signal strength among different
directions by examining singular values in the eigenspace and propose to expend DoFs only to
cancel strong interference. In other words, we want to conserve precious DoFs from cancelling
the weaker ones. Specifically, we introduce the concept called “effective rank threshold.”
If the singular value (i.e., the interference strength at the corresponding direction in the
eigenspace) is greater than the threshold, then such interference will be cancelled with DoFs.
But if the singular value is smaller than effective rank threshold, it will be treated as noise
before IC. Although there might be throughput loss due to un-cancelled weak interference,
precious DoFs can be saved to support more data streams which in return improves network

throughput. The main contributions of this chapter are summarized as the following:

o This is the first work on DoF IC models that exploits interference signal strengths in
the eigenspace. Existing DoF models cancel interference with precious DoFs on all
directions in the eigenspace. Instead, we propose to perform IC with DoFs only on

those directions with strong signals in the eigenspace.

o We introduced the concept of effective rank threshold to differentiate strong and weak
interference in different directions in the eigenspace on an interference link. Based
on this effective rank threshold, IC will only be performed for strong interference
corresponding to large singular values in the eigenspace, while weak interference will

be treated as noise in throughput calculation.

o Weinvestigate the fundamental trade-off between throughput and effective rank thresh-
old, using a general MU-MIMO network. Through simulation results, we show that
there exists an optimal trade-off between throughput and effective rank threshold. We

show that the network throughput under optimal effective rank threshold setting is
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considerably higher than that under existing DoF models.

o To ensure our new IC model is feasible at the PHY layer, we propose an algorithm to
determine weights for all Tx and Rx nodes that can offer our desired DoF allocation.
Through an iterative process, our algorithm can successfully find the beamforming
weights for all Tx and Rx nodes such that the strong interferences beyond the effective

rank threshold can be suppressed close to zero, thus ensuring the feasibility of our new

IC model.

The remainder of this chapter is organized as follows. In Section 3.2, we use a motivating
example to illustrate our new IC idea. Section 3.3 shows how to determine the effective
channel rank of a link. In Section 3.4, we present the DoF IC model based on effective
channel rank. Section 3.5 analyzes the trade-off among total network throughput, DoFs for
SM, and effective channel rank. In Section 3.6, we develop an algorithm that can find Tx
and Rx weights at each node to ensure feasibility at PHY layer. In Section 3.7, we review

related works on DoF IC models. Section 3.8 concludes this chapter.

3.2 A Motivating Example

In this section, we use a motivating example to illustrate our main idea. Considering a
simple two-cell MIMO network shown in Fig. 3.3. There are two APs (AP1 and AP2) and
two users (u; and ug). Suppose each node (AP or user) is equipped with 12 antennas. AP1
transmits z1; data streams to user u; (marked with solid arrow lines) which interfere with
user uy (marked with dashed arrow lines). Likewise, AP2 transmits concurrently zso data

streams to user us. For the time being, let’s neglect the interference from AP2 to user u;.!

1Such weak interference will be considered in throughput calculation (see Section 3.5).



63

() ()
A NT=12 A" N =12
AP1 AP2
N
211 S Hi %22
\\
“u
o o
U1 Uz
N} =12 N} =12

Figure 3.3: A motivating example with two APs and two users.

Consider the interference channel Hys in Fig. 3.3. We use the Kronecker channel model
to characterize the channel correlations [63]. We can write Hyy as Hyjy = Rtlm/szR}«g/cQ,
where H,, is an 12 x 12 random matrix with zero-mean i.i.d. complex Gaussian entries, Rif
(Rig/f) is the 12 x 12 square root matrix of the transmit (receiver) antenna correlation matrix.

li—J

and prg

li—J

The (7, j)-th element in the correlation matrix Ry, and R, is calculated as p;,

where p, € [0,1) and p,, € [0, 1) represent the level of correlation between any two adjacent

antennas (in a linear antenna array) at the respective Tx and Rx nodes [64, 65]).

For different values of p;, and p,,, we can simulate the expectations of singular values
o of H12H12, which we show in Fig. 3.4. It is easy to see that for any given value of p,
and p,., the expectations of singular values vary significantly, which is consistent with our
experimental result for the 8 x 8 MIMO channel case in Fig. 3.2. Here, a high singular
value indicates that a large portion of AP1’s power is projected into the direction of the
corresponding singular vector. Likewise, a close-to-zero singular value indicates a close-to-
zero portion of AP1’s power is projected into the direction of the corresponding singular
vector. When the values of py, and p,, increases (i.e., with increased channel correlation),

more and more expectations of singular values diminish toward zero.?

2 Apart from correlation, singular values can also be zero due to the presence of “key-hole” effect [30, 31].



64

0rF—mmm—m————————————— 60

Elo]

91993 74759 9798 99710711712 949293 74 %5 96 77 98 99 710711712
(a)prx=ptx=0'2 (b) prx='0tx=0'4
BO- 100
80
60 |
40 |
20 +
0
91 9% 74959 9798 99710711712 94 9293 %94 %5 96 97 98 99 710711712
(c) 'Orx='0tx=0'6 (d) prx=ptx=0.8

Figure 3.4: Simulation results of expectations of singular values E[o] under different levels
of correlation (py and p).
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Figure 3.4 suggests that the interference strength varies significantly in different directions
in its eigenspace. Under traditional IC scheme (see, e.g., [14, 15, 16, 17, 18, 19, 20, 21, 22, 50,
51, 52]), all interference from AP1 to us shall be cancelled by either AP1 (Tx side, using zo9
DoFs) or us (Rx side, using z1; DoFs). This approach does not differentiate strong and weak

interferences in different directions and thus blindly cancels them all with precious DoFs.

To explore this potential opportunity, we propose to exploit the difference of interference
power strength in each direction and only cancel the strong interference with DoFs whiling
treating the weak ones just as noise. In other words, by exploiting the disparity in interference
signal strengths in the eigenspace, we could conserve precious DoFs from cancelling the

weaker ones.

Specifically, as shown in Fig. 3.4 ((c) and (d) in particular), the vast majority interference
power only appears in the directions corresponding to the high singular values of H;5, which
can be properly cancelled by using a small number of DoFs. But the remaining weak (small)
interference power in these figures is better treated as noise, rather than to be cancelled
with precious DoFs. Although there may be some throughput loss due to un-cancelled
weak interference, the DoFs savings could be used to transport more data streams (SM). By
judiciously exploiting the threshold used to differentiate strong and weak interference, one
could achieve a better design objective (e.g., more data streams and/or higher throughput)
than blindly cancelling all interferences (weak or strong) with DoFs, as in existing approaches

[14, 15, 16, 17, 20, 21, 22, 50, 51, 52].

To show the potential benefits, suppose we set z;; = 12 in the example in Fig. 3.3.
Following traditional IC approach (i.e., no differentiation between strong and weak interfer-
ences), AP2 cannot send any data stream to user us as there is no DoF left at user uy to
cancel interference from AP1. On the other hand, if us treats the interference coming from

AP1 in the direction corresponding to the least singular value of Hys as weak interference
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and does not use a DoF' to cancel it, then it only needs to use 11 DoFs for IC from AP1 to
uo and use the remaining one to support one data stream transmission from AP2 to uy. Fol-
lowing the same token, as more interferences from AP1 (corresponding to the least singular
values) are treated as weak interferences and thus not to be cancelled with DoFs, more DoFs

could be saved and be used to support SM from AP2 to us.

As shown in Fig. 3.5(a), by increasing interference threshold 1 (more on this notation
in Section 3.3) to differentiate strong and weak interferences, more DoFs can be conserved
from cancelling a fewer number of weak interferences at uy and more data streams (SM) can
be sent from AP2 to uy. Fig. 3.5(b) shows the total network throughput (in bits/s/Hz) on
all data streams (from AP1 to u; and AP2 to uy) as a function of interference threshold
1. Clearly, there is a trade-off among total network throughput, DoFs for SM, and effective
channel rank. In particular, there is an optimal knee point that offers the best trade-off

between total throughput and effective channel rank (determined by interference threshold

n)-

3.3 Determine Effective Channel Rank of a Link

In this section, we present the system model and introduce the concept of “effective channel
rank.” Consider a general MU-MIMO network (see Fig. 3.6) with a set KT of Tx nodes and
a set ! of Rx nodes, respectively. Each Tx node i € K* and Rx node j € K} are equipped
with N.' and N ]-R antennas, respectively. Under MU-MIMO, a Tx node is able to transmit to
multiple Rx nodes concurrently while each Rx node can receive from at most one Tx node.
For a Tx node i € KT, denote K} as the set of its Rx nodes. For an Rx node j € K®, denote

s(j) as its source Tx node. Table 3.1 lists key notations in this chapter.

We assume all links in the network are controlled centrally and all channel state infor-
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Table 3.1: Notations in Chapter 3

Symbol Definition

df} Number of DoFs consumed by Rx node j to cancel
interference from AP ¢ to Rx node j

diTj Number of DoFs consumed by Tx node i to cancel
interference from Tx node ¢ to Rx node j

H;; Channel matrix from Tx node ¢ to Rx node j

Kt Set of Tx nodes

KR Set of Rx nodes

KR Set of Rx nodes for Tx node i

L;; Pathloss from Tx node i to Rx node j

N} Number of antennas at Rx node j

NT Number of antennas at Tx node i

P, Transmission power at Tx node %

Tij Effective rank of Hj;

s(J) Rx node j’s serving Tx node

U; Weight matrix at Tx node ¢

V; Weight matrix at Rx node j

Zix Total number of outgoing data streams at Tx node ¢

Zxj Total number of incoming data streams at Rx node j

Zij Number of data streams from Tx node 7 to Rx node j

i Normalized effective rank threshold

X[+/] The f-th column of matrix X
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Figure 3.6: A general MU-MIMO network with multiple Tx nodes and Rx nodes.

mation (CSI) is sent to a central controller. CSI can be obtained by either explicit channel
feedback and implicit channel feedback [2, 53, 54, 55, 56]. For explicit feedback, the CSI
is compressed at each Rx node and then the compressed CSI is sent back to the Tx node.
For implicit feedback, we can take advantage of channel reciprocity and use the backward
CSI as the forward CSI; channel sounding can be conducted for the backward channel and

a relative calibration is performed for each node to maintain channel reciprocity.

3.3.1 Effective Rank of A Single Interference Link

We first differentiate strong and weak interferences on a single interference link and use
this differentiation to determine its effective rank. For a single interference link k£ — j,
instead of dealing directly with the fast fading channel matrix Hy; € CNe NG , we take into
consideration of transmit power and path loss fading. Denote P, as the transmit power at
Tx node k and Ly; as the path loss from Tx node £ to Rx node j. Define Yy; as an NJR X NJR

symmetric matrix by:
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PyLy,
Yy =
7T N

H| H,;, (3.1)

where X is the conjugate transpose of X. In matrix Y;, each entry represents the received
interference power on the corresponding channel on interference link £ — 7. We will use Yy;

to determine the effective rank of interference link k& — 7.

To differentiate strong and weak interferences, we employ the so-called best rank-r ap-
prozimation of a matrix [66]. Under this approximation, Y, is decomposed through an SVD
process and we retain only the first r largest singular values and their corresponding singular

vectors and use them as an approximation.

Fact 1. For a matrix A € C™"(m > n), denote A as a rank-r matrix approximation of A

with r € {1,2,--- ,n}. The optimal solution to minimum approximation error
_min HA - AH ) s.t. rank(A) =r (3.2)
AecCmxn F

where || - || denotes Frobenius norm, is

r

A _§ i

A= o;u;v,;,
=1

where o;, u;, and v; are singular value, left and right singular vectors respectively from the

SVD of A, ie., A = Z?:l aiuivg and o7 > 09 > -++ > 0,. The minimum approximation

error (i.e., optimal objective value for (3.2)) is /> ., 7.

The SVD process in Fact 1 clearly shows the relative strength of interferences in different
directions. The larger the singular value is, the stronger the interference in that direction.
Based on the desired level of approximation error, we can approximate a rank-n matrix A

by a rank-r matrix A with the r-strongest singular values of A through (1).
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To apply best rank-r approximation on a single interference link Yy;, define 6 as a
threshold for singular values and denote 7, as the effective channel rank of Hy;. Then ry;

is given by
NR

Tkj = Z ]1 {Ul(ij) Z 8} s (33)

where 0;(Y};) is the [-th singular value based on SVD of Y, and 1{event} is an indicator

function, which is 1 if event is true and 0 otherwise.

3.3.2 Interference Threshold at an Rx Node

Note that in a network with a set T of Tx nodes and a set X! of Rx nodes, the interference
threshold 6 in (3.3) should be dependent upon the Rx node of this interference link. This
is because the received intended signal power (from its intended transmitter) differs at each
Rx node. As an example, consider Rx nodes j and [ in Fig. 3.6. Rx node j is closer to its
(intended) Tx node ¢ than Rx node [ to its (intended) Tx node k. For the same transmit
power at ¢ and k, Rx node j will receive a higher signal power (from its intended transmitter)
and could thus tolerate a stronger interference. Then, for the interference links at Rx node j
(k — j and m — j), the threshold used to differentiate strong and weak interference should
be larger than that used to differentiate stronger and weak interference on interference links
(¢ = land m — 1) for Rx node /. Based on the above discussion, for an Rx node j, denote 6,;

as the threshold for singular values on its interference link. Then we should have 6,; > 6.

In this chapter, instead of optimizing the settings of 0,; for each individual Rx node j
based on its (intended) received power level at Rx node j, we introduce a common scaling
factor n across all receive nodes to normalize its received power and only optimize the setting

of this scaling factor for the entire network. We define n as follows:
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Based on this definition of common scaling factor 7, the effective rank r; of Hy; can
be determined by the number of Yy;’s singular values that are greater than or equal to the

threshold nw. That is,
50)

N,
- Ps j Ls 1)J . .
T =Zl{al(ij) M%}, ke KT, jek®j¢ KR (3.4)
=1 5(5)
Note that any negligible interference for IC will be treated as noise in the throughput

calculation (see Section 3.5).

3.3.3 Effective Rank of An SM Link

For SM from node ¢ to node j (intended transmission), the effective channel rank of H;; can
be determined by

NR

Tij = Z 1 {Uz (HLHW> > GSM} . ieKtjeky,
=1

where fgy; is the rank threshold for singular values on SM link ¢+ — j. Note that the DoF
savings by exploiting strong and weak interference can be made available for SM (more
independent data streams) or diversity, both of which have the potential to increase the
throughput. To focus on using DoFs for IC at interference links, we do not explore SM-
diversity trade-off in this chapter. Therefore, we will try to transmit more data streams as
long as we have DoFs available for SM and assume fgy; is a given constant throughout the

chapter.
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3.4 1IC Based on Effective Channel Rank

In the last section, we showed how to differentiate strong and weak interference at an Rx
node by setting a threshold for singular value and use this threshold to determine effective
channel rank. In this section, we show how to perform IC (for strong interference only) in

an MU-MIMO network based on this effective channel rank.

Note that DoF allocation for IC cannot be done arbitrarily and must follow certain rules
to be feasible. By “feasible”, we mean that all the strong interference can be cancelled at the

PHY layer. Section 3.6 will present details on PHY layer feasibility for our DoF' allocation.

If DoF allocation for IC and SM is feasible at the PHY layer, then multiple data streams
can be transmitted concurrently while all strong interference under best rank-r channels
is cancelled. The remaining (un-cancelled) weak interference will be treated as noise and

included in the throughput calculation in Section 3.5.

We employ the DoF-based IC model in Chapter 2 to perform DoF allocation. In Chap-
ter 2, the rank of a channel is assumed to be given a priori. But in this chapter, the rank of

a channel is a function of effective rank threshold.

3.4.1 Modeling of DoF Constraints

DoF Constraints for SM  For an intended transmission from Tx node i to Rx node j,
denote the number of data streams on this link as z;;. Denote z;(t) as a binary variable to
indicate whether Tx node i is active or not at time ¢, i.e., x;(t) = 1 if Tx node 7 is transmitting
at time ¢ and 0 otherwise. Likewise, denote y;(t) as a binary variable to indicate whether
Rx node j is active or not at time ¢, i.e., y;(¢) = 1 if Rx node j is receiving at time ¢ and 0

otherwise.
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If Tx node 7 is transmitting, then the total number of data streams transmitted to
different receivers (under MU-MIMO) cannot exceed the total number of antennas at node

i (i.e., N'). We have

wi(t) < Y z(t) < Nfai(t), i€ K" (3.5)

jekKR

Similarly, if Rx node j is active at time ¢, then the total number of DoFs used for reception
(from only one transmitter under MU-MIMO) cannot exceed the number of antennas at node

j (ie., Nj'). We have

uy(1) < 25(t) < Ny(1). i € KT,j e KE. (3.6)

Taking into consideration of the effective rank of the SM link ¢ — 7, the number of
data streams that can be sent on this SM link cannot exceed the link’s effective rank (see

Section 3.3). We have
2i5(t) <rii(t), 1€ K', je ’C?- (3.7)

R

For Rx node [ that is not Tx node i’s intended receiver, i.e., [ € K;*, the transmission at

Tx node i is considered interference (instead of SM) and there is zero data streams over this
link. We have

() =0, keK' lek®igKkr (3.8)

DoF Constraints for IC  For interference from Tx node & to Rx node j, denote dj;(t) as
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the number of consumed DoFs at Tx node k£ and di‘j(t) as the number of consumed DoFs at
Rx node j that are needed to cancel this interference. Based on Chapter 2, a collaborative
DoF consumption at both interfering Tx node k and Rx node j is the most efficient approach
for IC when the rank of the interference channel is not full, as in our case. Denote 153- and
15]- as two binary variables to indicate whether Tx node i (or Rx node j) consumes any DoFs
for IC from k to j. That is, 1Ej = 1 if Tx node k consumes DoFs for I1C from k to j, 1%; =0

otherwise; 1}3]. = 1 if Rx node j consumes DokFs for IC from k to 7, 1}:} = 0 otherwise.

If z4(t) = 1 and y;(t) = 1, then

di; (015 (1) + dis (015 () =

1#] i#k (3.9a)
min § 1;,(t) Z zu(t) + 15(t) Z 2ij(t), i (t) 7,

lekk? iekT
(15(0), 15(1) #(0,0), ke K", j e K* (3.9b)

That is, the interference from k to j can be cancelled by consuming DoFs on Tx node &
only (when (1;(£), 1%(t)) = (1,0)), Rx node only (when (1;(t), 1%(t)) = (0,1)), or both
Tx and Rx nodes (when (1;;(¢),15(¢)) = (1,1)). Constraint (3.9) can be reformulated as

mixed integer linear (MIL) constraints, which is omitted here to conserve space.

DoF Constraints at A Node A node can use its DoFs for SM and/or IC, as long as
the total number of consumed DoFs does not exceed the total available DoFs at the node.
We consider DoF constraints at Tx and Rx nodes separately. If node 7 is an active Tx node,

we have

if 2;(t) = 1, then Y z;(t) + Y di(t)15(t) < NJ, ie K. (3.10)

jeKR leKR



76

If node j is an active Rx node, we have

if y;(t) = 1, then Z 2;(t Z . 153 ) < NP”7 j €Kk (3.11)
ekt keKT

For constraint (3.10), it can be reformulated by incorporating binary variable x;(t) into

the expression as follows:

Z 2 (t) + Z d 13; < NTxZ( )+ (1—2(t)B, i€ ICT, (3.12)

jeKR leKR

where B is a large constant, which can be set as B = 37, r N;' + 3. r NJ* to ensure that

JjeEK

B is an upper bound of Y, xr dj; (t).

Similarly, constraint (3.11) can be reformulated as follows:

Dzt + ) A1) < Niy(t) + (1—y;(t)B, je K™ (3.13)

iekT kek™T

Constraints (3.12) and (3.13) can be reformulated as mixed integer linear constraints, which

are omitted here to conserve space.

3.4.2 An Example

As an example to illustrate the relationship between total achievable data streams (SM) in
the network and 1 (the common scaling factor to differentiate strong and weak interference
and effective channel rank), consider the simple MU-MIMO network in Fig. 3.7. Suppose
our objective is to maximize the sum of log of all data streams (SM) in the network with

the consideration of fairness [68]. Then we have the following optimization problem:



7

max Z Z log(zi;)

iekT jeKR
s.t.  SM constraints: (3.5) — (3.8);

IC constraints: (3.9);

Node’s DoF constraints: (3.12), (3.13),

where z;;, d;fj, dl,:‘j, 1;£j and 11,;- are variables while all other symbols are constants.

As discussed earlier, the constraints in the above formulation can be reformulated into
mixed integer linear constraints. However, the objective function (sum of log) remains non-
linear. Fortunately, the sum of log objective can be reformulated (along with the MIL
constraints) as a second order conic program (SOCP) [69]. Off-the-shelf optimization tools,

such as Gurobi [70], can solve this SOCP (with integer variables) optimally.

Some numerical results follow. Suppose the six Tx nodes in Fig. 3.7 are uniformly gen-
erated in a 400m x 400m space, with a minimum of 90m distance between every two nodes.
For each Tx node, there are two Rx nodes uniformly generated with a radius of 70m of the
Tx node. Unless otherwise, all parameters are fixed as follows. Each Tx and Rx nodes are
equipped with 16 and 12 antennas, respectively. Assume a fixed (constant) transmit power
for each Tx node 4, with SNR. P;/n2 = 80 dB, where n? is the white noise power. Path loss is
modeled as L;; = Di;37 with D;; being the distance between Tx node 7 and Rx node j. Fast
fading is modeled by Kronecker channel model, i.e., H;; = R%ZHwR%EQ, where R’ is an
N JR x N jR matrix with each entry containing square root of the receive antenna correlation
while R%Q is an N;' x N matrix with each entry containing square root of the transmit

antenna correlation. H,, is an N x N ]R random matrix with its entries containing zero-mean

i.i.d. complex Gaussian random numbers. The (k,[)-th element of the correlation matrix
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Figure 3.7: An instance of MU-MIMO network topology.

R,, and R,, is taken here as p'k*” with p € {0.2,0.4,0.6}. The rank threshold for SM links

Os\ s set to be 1.

Fig. 3.8 shows the effective ranks on three representative links (e — n,e — k and e — g)
as a function of rank threshold scaling factor n (in log scale). We draw 7 in log scale since
singular value distribution is more like a log-shape other than a linear shape (see Fig. 3.4).
As expected, all effective channel ranks are decreasing steadily. For p = 0.2 shown in Fig.
3.8(a), note that 7, remains full rank until n becomes greater than 0.4 while r.; and r,
starts to decrease when 7 starts to increase from 0. This is because Rx node n is close
to the interfering Tx node e than k£ and ¢ and thus experience much stronger interference
from Tx node e than &£ and g. On the other hand, r., drops very fast because Rx node g
is further away from Tx node e than n and k. When 7 is greater than 0.3, r,, = 0 and

Rx node g is considered out of interference range of Tx node e. For p = 0.4 shown in Fig.



79

3.8(Db), effective ranks have a similar trend but drop faster than those when p = 0.2, since the
higher channel correlation causes interference strength more concentrated in few directions
(see Fig. 3.4). A similar conclusion can be found for p = 0.6, and we omit the figure to
conserve space. Clearly, the setting of rank threshold scaling factor n has different effect on

different interference links in terms of effective rank determination.

Fig. 3.9 shows the total number of data streams in the network from our optimal objective
(averaged over 10 random network instances similar to Fig. 3.7). As shown in this figure,
for a given p, the total number of data streams steadily increases from 24 to 96 and then
flattens out. This is because the higher the rank threshold scaling factor 7, the lower the
effective channel ranks on interference links in the network. As a result, fewer DoFs are
needed to cancel interferences and more DoFs can be allocated for SM. When 7 is greater
than 10, the number of data streams cannot be further increased, either there is no room to
further decrease of effective ranks on interference links (all effective ranks are 0), or further
decrease of effective ranks on interference links will not improve objective value, due to the
bounds on effective ranks on SM links. We also observe that for the same rank threshold 7,
a higher number of data streams can be achieved for higher channel correlation level, due to

lower effective ranks.

The above example demonstrates the impact of effective rank threshold setting on the
number of data streams that can be transported in the network. However, a larger number of
data streams in the network does not necessarily mean a higher throughput (in bits/s/Hz),
due to un-cancelled interference (considered as noise) and channel hardening effect [71]. In
the next section, we investigate the impact of effective rank threshold setting on achievable

throughput in the network.
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3.5 Throughput Calculation and Optimal Throughput-

n trade-off

In this section, we calculate the actual throughput for a given DoF allocation for SM and IC.
Then we explore the trade-off between throughput maximization and interference threshold

scaling factor 7.

3.5.1 Throughput Calculation

Assume a DoF allocation for SM and IC is feasible for an MU-MIMO network. Then the
network throughput is the sum of the throughput achieved on each data stream under SM.

So the key question is how to calculate throughput for each SM stream.
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For each data stream, we can calculate its throughput by finding its SINR and then
apply the Shannon capacity formula. The only subtlety here is that the SINR calculation
should include all interferences that this data stream is suffering from, which includes all
un-cancelled interference at PHY layer and white noise. To do this, we need to go to the
PHY layer and work with the transmit and receive vectors for each data stream. Denote
U; € CN' %%+ a5 the weight matrix at Tx node ¢ with z;, outgoing SM data streams and
\ZRS CNi*¥#i as the weight matrix at Rx node 7 with z,; incoming SM data streams. Assume
we have additive white Gaussian noise (AWGN) with zero mean and variance n2. To satisfy
the transmit power constraint at node ¢ and decoding power constraint at node j, the weight

matrices must satisfy
Tr(UU)) =1, Tr(V,VI) =1, (ieK" jek").

In Section 3.6, we will show one implementation on how to derive U; and V; based on a
DoF allocation while guaranteeing PHY layer feasibility. For now, let’s assume the U;’s and

V,’s are already found. Define the partition of matrix U; as [U,; U, ;, -+ U, |, where

J1,72, "+, ju are Tx node i’s M recipients, i.e., {j1, j2, - ,ju} = K&, then U, ;,, U; 4, -+, U

i 4, M

are sub-weights corresponding to Rx nodes ji, ja, ..., jar, with dimensions N;' x z;;,, N %

T M )
Zijor o NG X Zijy, (2w = D04 %4ij,.), respectively.

For any j € KR, the signal-to-interference-plus-noise ratio (SINR) of the f-th stream on

link ¢ — j is then given by
7
V[ff}’erV[%f] _ ,y,f'

J J 1Y

[ _
SINR{, = (3.14)



83

where (-)*/ is the f-th column of (-) and

o A U v
F)/ij = PZLUVJ HijUi,j Ui,j HUVJ- s
Q; =nily, + Y PuLiH[,UU[H;.

kekT

Finally, the network throughput in bits/sec/Hz is given by

le

c=3 33 log, (1 + SINRg.‘j) . (3.15)

ieKT jekR f=1
3.5.2 Optimal Throughput-n Trade-off

From the network throughput expression (3.15), it is evident that there exists a trade-off
between throughput and 1. When 7 increases, more DoFs will be made available to support
a larger number of SM data streams z;; (as shown in Section 3.4) and we have a larger
value of z; in (3.15) to increase throughput. On the other hand, higher 7 means more weak
interferences are not cancelled and left in the network. This will decrease the SINR term in
(3.15) and decrease throughput. Thus, we have a trade-off. Unfortunately, due to the non-
convex nature of (3.15), a closed-form expression to explore optimal throughput-n trade-off
remains unknown. In the rest of this section, we use simulation study to explore an optimal

throughput-n trade-off and gain insights.

We use the same MU-MIMO network setting in Section 3.4.2. We randomly generate
10 instances and evaluate the average performance among the 10 instances. Fig. 3.10 shows
network throughput vs. 7 under different channel correlation levels p. Note that n = 0
stands for traditional DoF IC which uses DoFs to cancel interference indiscriminately in all
directions in the eigenspace. For p = 0.2, we can see network throughput keep increasing

until threshold n = 0.3, as more data streams are supported (see Fig. 3.9) while weak (un-
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Figure 3.10: Performance of network throughput under increasing threshold 7. Kronecker
model for both intended and interference channels.

cancelled) interference has negligible impact (Section 3.6 will show the interference level
versus 7). However, as we further increase 7, throughput decreases due to un-cancelled
interference. Throughput under n = 0.6 can be as good as that with traditional IC (i.e.,
n = 0). By increasing 7 larger than 0.6, even though more DoFs can be made available for
SM, un-cancelled interference will play a dominant role and will result in worse performance
than traditional IC. For p = 0.4 and 0.6, we can see a similar trade-off. For this network
setting, the optimal effective rank threshold n should be set to n = 0.3,0.2 and 0.12 for
p = 0.2,0.4 and 0.6, respectively. The peak throughput (achieved at optimal n) is 22.3%,
16.25%, 12.71% more than that achieved at 7 = 0 for p = 0.2,0.4 and 0.6, respectively. We
also note that with a higher channel correlation level p, network throughput becomes lower.
This is because high channel correlation also hinders MIMO’s SM capability, which results

in a lower throughput performance.
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In the scenarios where intended links present low correlations while interference links
present high correlations (e.g., high correlation caused by poor scattering or “key-hole” effect
[30, 31]), our rank-based IC can be even more beneficial. To demonstrate this, we consider
two different scenarios. First, fast fading for intended links is modeled by Rayleigh channel
while fast fading for interference links is modeled by Kronecker model. Second, fast fading
for intended links is modeled by Rayleigh channel while fast fading for interference links is

modeled by reduced-rank model [28, 72, 73].

For Fig. 3.11(a), fast fading for intended links is modeled by Rayleigh channel, i.e.,
H,;, = H, (i € K',j € K}), while fast fading for interference links is modeled by H;; =
Rig{QHwR}«g/f (ie K" jeKRjgKR), with p € {0.4,0.6,0.8}. As shown in Fig. 3.11(a),
network throughput follows a similar trend as Fig. 3.10 as we increase effective rank threshold
1. However, we observe that for a higher channel correlation level p at interference links, we
obtain a much higher throughput gain by setting optimal effective rank threshold n. Specif-
ically, the peak throughput (achieved at optimal 1) is 15.82%, 24.44%, 50.48% more than
that achieved at n = 0 for p = 0.4,0.6 and 0.8, respectively. This is because well-conditioned
intended channels have the capability to achieve higher throughput when carrying more data
streams, thus can fully benefit from exploiting interference signal strength in the eigenspace

on correlated interference channels.

Different from Fig. 3.11(a), Fig. 3.11(b) shows the results that fast fading for intended
links is still modeled by Rayleigh channel while interference links are modeled by reduced-
rank channel model [72, 73]. Reduced-rank channel model generates channels by letting
H;; = AB, where A is an N;' x r full-rank matrix with its entries containing zero-mean
i.i.d. complex Gaussian random variables, and B is a r x NJR full-rank rectangular unitary
matrix, where r < min{N;", N}*}. This model can guarantee that the channel is of rank

r (with probability 1). In our simulation experiment, the rank of an interference channel
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87

r is randomly chosen from {4,5,--- 8} and {6,7,--- 10}, respectively. Fig. 3.11(b) also
presents the throughput-n trade-off. We observe that the highest network throughput is
obtained when effective rank threshold 7 is equal to 0.3 in both setting, which is 40.95%
and 31.00% more than that achieved at n = 0 for r € {4,5,--- ,8} and r € {6,7,---,10},
respectively. The trade-off in Fig. 3.10 and 3.11 reaffirms that blind IC in all its directions

is not efficient from a throughput perspective.

3.6 Physical Layer Feasibility

In Section 3.5 we assumed feasible weight matrices U; and V; at the PHY layer are given
a priori corresponding to a particular DoF allocation. In this section, we show how to find

such weight matrices at each node.

As expected, finding these feasible at the PHY layer for an MU-MIMO network is not
trivial. First and foremost, the Tx weights and Rx weights are interdependent on each
other. That is, the Tx weights for IC depend on the corresponding Rx weights, while the Rx
weights for IC also on the corresponding Tx weights. There is no established guideline in the
literature on how to find feasible weight matrices corresponding to a DoF allocation such that
interference can be cancelled completely. Second, since we are exploring effective channel
ranks in this chapter and some weak interferences are not cancelled by DoFs, one cannot
guarantee the existence of feasible U; and V; to achieve perfect (100%) interference-free

transmission. This makes finding feasible weight matrices even more challenging.

In the rest of this section, we propose an iterative algorithm that is able to implement the
DoF allocation (based on the DoF solution for a specific objective as shown in Section 3.4),
where the strong interferences in best rank-r channels are “almost” cancelled. By “almost”,

we mean the remaining signal strength in the directions of strong interferences is close to
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Zero.

3.6.1 Basic Idea

The main idea of our algorithm is as follows. For a given DoF allocation, we have the data
stream allocation (i.e. z;;) on each SM link in the network, which we can use to determine
the dimension for each U; and V;. Then, under the original channel matrix H;;, to cancel

all the inter-stream and inter-node interference, we must have

Ul [H,;,V;, H;, V- ]=A. i€ K" )1, ja.. € KR, (3.16)

UH,;V; =0, icK" jek® j¢KR, (3.17)

where A, is a 2, X z;, diagonal matrix with z;, non-zero diagonal elements.

Although (3.16) can always be satisfied for all SM links by standard ZF design, (3.17),
however, cannot be satisfied for all i € KT, j € K®,j ¢ KR if there are not enough remaining
DoFs to cancel those weak interference on some links. Recognizing that not all interference
can be perfectly cancelled, we focus our goal on cancelling all the strong interference, which
is based on the best rank—r approximate channel I:Iij = erzjl alulv; via SVD of H;;. That

is, we want to have

UH,;V,; =0, foriekT jekR j¢KEr (3.18)

The weak (un-cancelled) interference will reduce network throughput and will be taken into

account in throughput calculation (as we did in Section 3.5).

Equations (3.16) and (3.18) constitute a system of bilinear equations and a general so-

lution to bilinear equations remains unknown [74]. Instead of finding a feasible solution to
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(3.16) and (3.18), we propose to minimize the LHS of (3.18) for all i € KT, j € K}, j & K},
subject to (3.16). Denote Arp as the leakage interference in the network,® which is defined

as

JEKE

Au=Y > PlLy

iekT jekR

UH,V;, (3.19)

2
F

The problem to solve is to minimize Ay subject to (3.16).

To do this, we propose a simple yet effective approach to address the dependency between
Tx weight matrices U; and Rx weight matrices V; by updating each in an alternating fashion
(i.e., fixing U; and update V; and vice versa). Specifically, in each iteration, Tx weight
matrices U; are optimized first with given Rx weight matrices V; and channel information.
Then we optimize Rx weight matrices V; with given Tx weight matrices U; and channel
information. For each weight matrix (either at Tx or Rx node) optimization, the weight
matrix is updated by solving a minimization problem with the objective Ar; and the updated
set of constraints. The iteration terminates if we find no improvement after a number of

consecutive iterations.

3.6.2 Algorithm Details

Now we describe in detail on how to find weight matrices.

Step 1: Initialization. Initially all the Tx and Rx weight matrices can be set arbitrarily

but have to be full rank matrices with dimension NZ»T X Zix and N jR X Zyj, Tespectively.

Step 2: Optimizing Tx Weights. In this step, channel information I:Iij and Rx weight

matrices V; are given. We optimize Tx weight matrices U; so as to minimize leakage

3Incidentally, a similar definition of leakage interference involving only channel matrix H,; is given in
[75, 76].
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. iR ~ 2 )
interference. Denote A{;, = Z?iicﬁ P,L;; UjHijVj as the leakage interference at Tx
’ F
node 7, then
i Ay = i Al = in Af, 3.20
min L= min LLi = min Apy ;. (3.20)
U1, Uz, U e U1, Uz, U oot et U;

It follows that min Ar; can be solved separately by solving |KT| independent sub-problems
miny, Afy,, i.e., one sub-problem for each Tx node. (Note that Apy = Y7, r Af}; and
Afp,;’s are independent among each other). The constraints of sub-problem 4 are based on
Tx node i’s IC responsibilities (i.e., the number of DoFs needed to cancel interference from
i to j at Tx node i (dj;) per our discussion in Section 3.4). For Tx node ¢ (sub-problem i),

we have the following three cases to determine the sets of constraints to optimize Uj:

« dj; =0,j € K" In this case, Tx node i is not responsible for cancelling interference

from Tx node ¢ to Rx node j. Thus no constraint is needed in this case.

. d;l; = 2,; and d;g» < rij,j € KR In this case, Tx node 7 is responsible for cancelling
all the interference from Tx node i to Rx node j. Denote D as the set of Rx nodes
that Tx node 7 is responsible for cancelling all its interference, i.e., D} = {j : d; =
Zxiy diTj < rij € KR j & KR} Then the following set of constraints is needed for
optimizing Uj:

UH,;V,=0, jeDlick’

. diTj <z or diTj = r;j,j € K®. In this case, the number of DoFs consumed to cancel
interference from Tx node ¢ to Rx node j is shared between nodes ¢ and j. That is, Tx
node 7 uses d;g- DoFs to cancel interferences from diTj directions in the eigenspace, and
the remaining interferences (from df} =T — d;fj directions in the eigenspace) will be

cancelled by Rx node j (when optimizing Rx weights later in Step 3), which guarantees
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the interference channel (based on best rank-r approximation) is cleared for data trans-
mission. Note that in this case Rx weight matrix V; is not needed in the constraints
to update U;; only the channel matrix H; ;7 1s needed. Let H mn] _ =y al'u,l'ulT which
represents the channel information at directions corresponding to the m-th to the n-
th largest eigenvalues (recall that the SVD of H;; is H;; = ZINE O’l’u,l’UlT). Denote

P =40 <d <zjyord=ryj ekt ¢ K} as the set of Rx nodes that
Tx node ¢ is partially responsible for cancelling its interference. Then we have the

following set of constraints:

~ [1,dL.
AU =0, jeDliek™
In addition, as a necessary condition to distinguish different data streams, Tx weight

matrix U; must have linearly independent columns. We consider the following constraint to

guarantee the independency among the columns of Uj:
UlU, =1

Putting together the objective function and all the constraints above, for each Tx node

i € KT, we have the following optimization problem for Tx weight matrix U;:

€ R
OPT-Tx-i min  Afj, = ZPLU

NT
U,;eCi X Zix ]G’CR

]

st. UU, =1,

Tt _ ; T

ﬁ{l,d}}“

ij

U, =0, jeD.
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where DI = {j : d; = 2, df; < ry,j € K}, DI = {j: dj; < ziw or d; = 1,5 € K} and
H" = Y0, o).

The optimal solution to problem OPT-Tx-¢ is given by the following lemma.

Lemma 3.1. The optimal solution to problem OPT-Tx-i is

,

BAB
nullspace[l’zi*] , if 2 < NiT —c
C
U; = BAB .
nullspace ciglVi —pHLztePl(BAB) |
C
if zjy > NiT —c

where p = rank(BAB), ¢ = rank ([BAB]), A = Zjig BLijI:IijVjV}I:IZTj, B is a projection
matriz given by B =1, — CT(CC")~1C, and C is given by

RR: i
J17 i
v\l
J2 )2
: =z T
- Ji,d2 =D
C=| s with{ =
& R sz _ T
i o} =D}
I:I[llgdibﬁ
P

nullspacel**/(X) denotes z, orthonormal vectors in the nullspace of X, and eigl*?(X) is

the eigenvectors of X corresponding to the a-th smallest to the b-th smallest eigenvalues.

Further, the optimal objective value is given by

Zix +C_p

> \(BAB).

l=c—p+1
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where \(X) is the [-th smallest eigenvalue of matriz X.

Proof. The objective function of OPT-Tx-i can be rewritten as

JEKY

> PLy||UH,V; i
JEKR
JERT
=Tr | U | Y PL;H,;V,VIH] | U; (3.21)
JEKR
Zix JERT
=Y wl | Y PL;H;V,VIH] | w,
=1 jEKR

where w; is the [-th column of matrix U;. For ease of exposition, let matrix A be A =

stz’Cf‘ piLinijVjV;HT and matrix C be

jeEKR iy
vt ]
J1m i
vi HI.
J2” Tije
: 3 {31,32,"'}:,1);]1
- (14T 1 with o .
i {132, } =D
~ [1d% ]t
H‘A' 132

172

Then for each term in the summation of objective function (3.21) (i.e., w] Aw;), along with

the constraints of OPT-Tx-i, we have the following Lagrangian function
o(wi, N, B) = wf Aw, — \(wjw;, — 1) + 287 Cwy (3.22)

where )\, 3 are Lagrangian multipliers. To find the KKT points of (3.22), we differentiate

(3.22) with respect to w; and let % = 0. We have
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Aw, — \w; + C'3 = 0. (3.23)

By multiplying (CCT)~C on both sides of (3.23) and using the constraint of Cw; = 0,
we have

B =—(CCH'CAw,. (3.24)

By substituting (3.24) into (3.23), we obtain
BAw; = \w, (3.25)
where B = Iyr — CT(CC")~!C. Note that Bw; = <INZ_T — CT(CCT)AC) w; = w;. We have
BABw, = BAw;, = \w,.

This suggests that at the KKT points, \; is the eigenvalue of BAB and wj is the eigenvector

of BAB. Further, noting that Bw; = w;, we have

wlTA'wl = wlTBAB'wl = )\lw;'wl =\. (3.26)

Eq. (3.26) suggests that at the KKT points, the objective value is ) ;™ w] Aw, = AL
Zi

Therefore, to minimize ) ;™ wlTAwl, it is equivalent to find the eigenvectors of BAB cor-

responding to z;, smallest eigenvalues, while satisfying constraint CU; = 0.
Denote p = rank(BAB) and ¢ = rank ([BAB]) > p. We have the following two cases:

i) z;x < Nf —c. In this case, the dimension of the nullspace of BAB is Nt —p > N} —c¢ >
Zix. Thus, the z; smallest eigenvalues are zeros and the corresponding eigenvectors can be

found in the nullspace of BAB. That is, the optimal solution U; satisfies BABU,; = 0.
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In addition, we must satisfy constraint CU; = 0. Therefore, the optimal solution U; can
be given by the first z;. columns of nullspace of [BAB], and the optimal objective value of

OPT-Tx-i is 0.

ii) z;x > N — c. In this case, the first (N;' — ¢) columns of U; can be derived in the
nullspace of [BAB] (corresponding to zero eigenvalues). Then the remaining (z;. — N + ¢)
columns of U; are given by the eigenvectors of BAB corresponding to the (z;, — NI + ¢)
smallest positive eigenvalues. Note that the constraints CU; = 0 are already satisfied for
these eigenvectors correponding to positive eigenvalues (multiplying C; on both sides of

(3.25)). Further, without loss of generality, we let A\; < Ay < ---Ayr. Then the optimal

k3

. . . . NF—p—l—l—i—(zi*—N?—‘—C)—l zi*+c—p zi*+c—p
objective value is given by Zl:NT—p-{-l A\ = ZZ:NT—p—i—l D RAEPY
3 K3

In summary, the optimal solution to Problem OPT-Tx-i is given by

(

BAB
nullspace[l’zi*} , if 2z, < NP —¢
C
U; = BAB .
nullspace eiglVe —PlzteP(BAB) | |
C
if z;, > NF —¢
\
with the optimal objective value
Zixt+C—p
> M(BAB).
l=c—p+1

To ensure our algorithm to converge, we let U; be updated only when the current optimal
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objective value is smaller than that in the last iteration, i.e., A} ;(t) < Af} (t—1). Otherwise

U; remains unchanged as in the last iteration until updates in future iterations.

Step 3: Optimizing Rx Weights. Similar to optimizing Tx weight matrices, we have
|K®| independent sub-problems for |[KC®| Rx nodes, and each has three sets of constraints to
optimize Rx weight matrix V;. Deriving these constraints is similar to Step 2. Then the

optimization problem for Rx weight matrix V; is:

i#s(7) e 2
OPT-Rx-j min AEIJ- = Z FiLi; ||U;Hi; V||
NRXZ : ’ F
V;eC i T iekT

U/H,;V, =0, ieD},

~ [d}}-ﬁ-lﬂ‘ij}

H,; V;=0, ieD},

where DY = {i : d}} = 2, ds <ri,i € K',j & K} and 15?:{2':0<d% <z or diy =

Tt € KT j & Kt}

Solving problem OPT-Rx-j is similar to that for problem OPT-Tx-i and we omit the
details to conserve space. To guarantee convergence, V; is updated only when current
optimal objective value ARy ;(t) is smaller than A ;(t — 1) of last iteration. Otherwise V

remains the same until updates in future iterations.

Step 2 and Step 3 are iteratively performed until there is no improvement for W consec-
utive iterations, i.e., Ap(t —w —1) — Api(t —w) < e,w =0,1,..., W — 1 is met for a given

convergence threshold e.

Step 4: Cancelling Intra-node Interference.  Within an intended link, there may
exist multiple data streams and they would also interfere with each other. In this step, we

cancel such intra-node interference to decode the desired data streams. This can be done by
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performing a linear transformation of Tx weight U; by multiplying a matrix F;. Such a linear

transformation can decode different intra-node data streams while not affecting inter-node

IC.

To show how such a linear transformation works, let’s denote
I =[H;Vy, HipVy, o], ji,ja, . € KR i€ K.
Then we define F; as
F, = (UT)™", iek”

To perform a linear transformation on Tx weight matrix U;, we multiply it by matrix F;.
We have:
U, « UF!, iek". (3.27)

It is easy to verify that after such a transformation, we have UIT; = I, .

Step 5: Power Allocation. We apply equal power allocation for each data stream,

subject to the total power constraints Tr(U;UT) = 1, Tr(VjV;r-) = 1. We have

. 1 ubks!
UE d — _#7\7@ € /CT,f =1,2,..., 2,
V& || )
) (3.28)
[+ ] LV
Vil ———— Ve K% f=1,2,.., 2.

J 7

7]
w)

A pseudocode of our proposed algorithm to compute Tx and Rx weights is given in

Algorithm 3.1. A proof of the algorithm’s convergence is given as following.
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Proof. The objective function associated with Tx node ¢ at iteration ¢ in Step 2 is

2

T
ALI K

> im,v

ek

Thus the total leakage interference is given by the sum of Aai over all Tx nodes, i.e.,

jekh

ALI

Z ALIZ

j
iekT jeKR

Therefore, at iteration ¢, each Tx weight U; computed in Step 2 to minimize Af} ;(t —1) also
minimizes Apy(t — 1).
On the other hand, the objective function associated with Rx node 7 in Step 3 is
i#s(j

LIJ Z H

ekt

ij

Thus the total leakage interference can also be given by the sum of AEL ; over all Rx nodes,

ie.,

ALI Z Z ’ i Z ALI,j

jeEKR iekT jEKR

Therefore, at iteration ¢, each Rx weight V; computed in Step 3 to minimize AEI’j(t - 1)

also minimizes Ap;(t — 1).

Since Ay is lower bounded by 0 and Ay is monotonically non-increasing in each iteration,

Algorithm 3.1 must converge to some value no less than 0. O

Although Algorithm 3.1 minimizes leakage interference in each iteration and is proven to
converge, the objective value upon this convergence may only be sub-optimal. Nevertheless,

we find that this algorithm is computationally efficient. The performance of the algorithm



Algorithm 3.1: Computing Tx and Rx Weights

input : Hl‘j, Tijgs Zij, dij? ijo

output : U, V5
parameter: ¢, W

1 Initialize: Start with arbitrary weight matrices:

2 U;: Nb Xz, rank(U;) = 2,
3 V;: NjR X zj,rank(V;) = 2z,5;
4 NonImprovelter = 0 ;
5 while NonlImprovelter < W, do
6 foreach i € KT do
7 Solve optimization Problem OPT-Tx-i ;
8 if Al ;(t) < Afj;(t —1) then
9 ‘ U, < solution to Problem OPT-Tx-: ;
10 end
11 end
12 foreach j € K do
13 Solve optimization Problem OPT-Rx-j ;
14 if A ;(t) < Afy,(t —1) then
15 ‘ V; < solution to Problem OPT-Rx-j ;
16 end
17 end
18 if App(t—1) — Api(t) < € then
19 ‘ NonImprovelter <— NonImprovelter + 1 ;
20 else
21 ‘ NonImprovelter =0 ;
22 end
23 end
24 foreach j € K% i € KT do
25 U, < performing linear transformation by (3.27) ;
26 V;, U, < performing equal power allocation by (3.28) ;

27 end
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is presented in the following section.

3.6.3 Performance

In this section, we examine the effectiveness of Algorithm 3.1 in terms of cancelling the strong
interference. For evaluation, we first introduce the metric of normalized residual interference,
which is defined as the ratio of residual interference (i.e., the remaining portion of the strong
interference after applying the weights at the PHY layer for IC) to the interference power
before this IC.

Recall that I:Iij is the best rank-r approximate of channel H;; (defined in Section 3.6.1).
After applying the Tx and Rx weights found by Algorithm 3.1, the residual interference

2
power perceived at Rx node j is ZZ;SCT PiL;; i Vjl| , which we hope to be close to
F

0 (if our Algorithm 3.1 is effective). The interference power before IC can be expressed as

Z;?C(%) ]ST Li; HHUHQF Then the normalized residual interference at Rx node 7, denoted as
Sj, is

) Yo PLy | (U,

T LG Ly [HyL

Denote ... as the average normalized residual interference over all Rx nodes. Then 9, is

given by

ave = |ICR| Z 5

jEKR

We will use 0, as the primary performance metric to show the effectiveness of Algorithm 3.1.

We consider the same network setting as in Section 3.5. For the parameters of Algorithm
3.1, weset € =0.01 and W = 5. Fig. 3.12 shows that, by applying Algorithm 3.1, the average
normalized residual interference is close to zero (less than 0.025) under all different network

settings (p = 0.2,0.4 and 0.6) and different effective rank thresholds. This demonstrates
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Figure 3.12: The average normalized residual interference under different rank thresholds.

that the Tx and RX weights assigned by Algorithm 3.1 can successfully suppress the strong
interference close to zero in all cases. That is, for practical purpose, Algorithm 3.1 can
guarantee feasibility at the PHY layer for a given DoF allocation by the DoF IC model in

Section 3.4.

3.7 Related Work

DoF-based IC in MIMO networks has been widely studied in the literature. However, none
of the existing DoF models differentiate strong and weak interference in different directions

in the eigenspace per interference link, as we have done in this chapter.

In the Information Theory (IT) community, DoF characterizations are mainly based on
idealized channel models, i.e., either full rank (e.g. [12, 77]) or rank-deficient with zero

singular values (e.g. [25, 27, 34, 36]). Such idealized channel rank models do not exactly
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capture what happens in reality, where singular values for weak interference are not exactly

zero. As a result, they cannot closely represent channel behaviors in the real world.

In the networking community, most existing DoF-based models assume that channels
are of full rank [14, 15, 16, 17, 18, 19, 20, 21, 22, 50, 51, 52]. To measure the footprint of
interference (and its impact), the so-called protocol model (or disc model) has been widely
used [14, 15, 16, 17, 20, 21, 22, 50, 51, 52], where an Rx node within a predetermined
interference range is considered interfered and would require DoFs to cancel the interference,
while an Rx node outside that range is considered to experience negligible interference (i.e.,
no IC is needed). The main issue with this model is that, for the same Rx node (inside the
interference range), it does not differentiate interference strength in different directions in
the eigenspace and thus would require DoFs to cancel interference in all directions (for the
same Rx node) even though the signal strength in certain directions may be very weak. The
weakness of these models is further amplified when the number of antennas at Tx/Rx nodes
becomes large and channels exhibit high correlation. As a result, these models cannot exploit
the full potential of MIMO networks. In contrast, instead of using a disc (or interference
range), we differentiate interference strength by examining singular values in the eigenspace
regardless of the location of the Rx node. Strong interferences (corresponding to large
singular values) are cancelled by DoFs while weak interferences (corresponding to small
singular values) are treated as noise in throughput calculation. This approach provides

efficient DoF' utilization that can offer higher throughput.

3.8 Chapter Summary

In this chapter, we developed a novel DoF IC strategy that exploited interference signal

strengths among different directions in the eigenspace. By decomposing an interference
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channel in its eigenspace and introducing an effective rank threshold to differentiate strong
and weak interference, we showed that precious DoFs can be conserved if we only use DoFs
to cancel those strong interference signals in the eigenspace. We investigated the trade-off
between network throughput and effective rank threshold and showed that network through-
put under the optimal effective rank threshold is significantly higher than that under existing
DoF IC models. To ensure the new DoF IC model is feasible at the PHY layer, we proposed
an algorithm to find the Tx and Rx weights such that the strong interferences beyond the

effective rank threshold can be suppressed close to zero.



Chapter 4

A Novel Design and Implementation
to Achieve Ultra-Fast Hybrid

Beamforming

4.1 Introduction

Communication over mmWave frequencies is defining a new era of wireless communication,
including the most recent cellular systems such as 5G NR [78, 79]. At mmWave frequencies,
a base station (BS) typically needs to employ hundreds or more antennas to overcome the
large path-loss fading. However, it is difficult to apply a dedicated RF chain for each antenna
as traditional MIMO under 6 GHz, due to hardware complexity and energy consumption
issues [79, 80]. To address this problem, the so-called “hybrid architecture” was proposed.
As illustrated in Fig. 4.1, the hybrid architecture uses a much fewer number of shared RF
chains to support a large number of antennas. This innovative design has attracted a lot of
attention from both the academic communities and the industry sections [81, 82, 83, 84, 85,

86, 87, 88, 89, 90].

Although attractive, hybrid architecture faces a critical challenge. Specifically, it must be

able to offer a beamforming solution in real-time to be practical. By real-time, we mean that a

104
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Figure 4.1: An HB architecture (BS side).

beamforming solution must be found within half of the channel coherence time.! At mmWave
frequencies, this channel coherence time is extremely short, due to the severe Doppler effect.
In 5G NR, new frame structures with shorter TTIs (compared to 4G LTE) are designed
to support communications over short channel coherence time [91]. Specifically, under 5G
NR numerology 0, a TTTI is 1 ms, while the TTIs for numerologies 1, 2 and 3 are 500 us,
250 ps and 125 us, respectively. The shorter TTIs allow 5G to cope with extremely short
coherence time at high frequencies and to support ultra-low latency applications. Therefore,
for a hybrid architecture to work under 5G NR, an HB solution must be found within each
TTI (corresponding to the applied numerology) to be useful. Further, a beamforming design
must consider a large number of resource blocks (RBs), with each RB supporting multiple

active users (MU-MIMO).

Although there exist a number of research works in the literature on HB design, few can

meet the real-time requirement with high throughput performance. For instance, physical

'For efficiency, we break up the channel coherence time into two halves. Within each half, we transmit
data based on beamforming matrices that are computed in the previous half and compute the beamforming
matrices for the next half.
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(PHY) layer research in this area attempted to jointly optimize analog and digital beam-
forming [81, 82, 83, 84]. Unfortunately, the iterative nature of these algorithms makes them
difficult to be implemented in real-time. In addition, a joint design requires explicit antenna-
to-antenna channel estimation and feedback, which involves a prohibitively high complexity

and a large amount of CSI that is too difficult to obtain in practice [85].

To avoid the issues associated with a joint design, a new and practical direction for
HB is to follow a sequential design [86, 87, 88, 89, 90]. Here, an analog beamforming
is optimized first and then used as the input to optimize the digital beamforming. For
analog beamforming, there have been successful designs and system demonstrations in the
literature, which are based on beam sweeping/discovering techniques without explicit channel
CSI [88, 89, 90]. After analog beamforming is applied to both the BS and a user’s side,
the effective channels seen at the baseband can be obtained through conventional channel

estimation approaches.

However, how to properly design digital beamforming in a sequential design remains a
challenge. Most existing works simply applied traditional beamforming methods such as
ZF, MMSE and Block Diagonalization (BD) [23] as the digital beamformers [86, 87, 88, 89.
Although simple, ZF and MMSE typically experience inferior throughput performance for
MU-MIMO and mmWave systems, particularly under ill-conditioned channels [88, 92, 93].
Although BD beamforming and its variants are shown to improve ZF/MMSE with a much
better throughput performance [23, 94], it requires many high-dimensional matrix SVD

operations, which are of high complexity and require significant computation time.

As expected, finding a beamforming scheme that can meet both real-time requirement
and high throughput performance is not trivial. But recent advances in parallel architectures
(based on the many-core technology) have shed new light on this problem. In particular, the

general-purpose GPU-based platform (e.g., those from Nvidia) is particularly promising. Its
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dedicated single-instruction-multiple-data (SIMD) architecture can solve a massive number
of structurally-identical problems at an extremely fast speed. It also comes with highly pro-
grammable tools such as CUDA, making the real-time implementation feasible and flexible
to many developers. A GPU-based parallel computing platform now offers a new possibility

to tackle many hard problems whose real-time solutions are once considered elusive [96].

In this chapter, we present Turbo-HB,?> a GPU-based novel design and implementation
to achieve ultra-fast digital beamforming. The key ideas of Turbo-HB are twofold. First, we
identify the bottleneck of computation time for BD-type beamforming, which attributes to
high-dimensional SVD operations. Turbo-HB cuts down this computational complexity by
utilizing randomized SVD technique. Second, Turbo-HB accelerates the overall computation
time through large-scale parallel computation on a commercial off-the-shelf (COTS) GPU
platform. It incorporates a large number of matrix transformations in parallel and special
engineering efforts such as minimized memory access. The main contributions of this chapter

are summarized as follows:

o This chapter presents Turbo-HB, the first successful HB design that can meet the
sub-ms real-time requirement. This design considers a large number of RBs with MU-
MIMO capability, which can be applied to 5G cellular systems. Our design only relies

on a COTS GPU platform and does not require any customized hardware.

o Turbo-HB relieves the computational burden of SVD significantly by leveraging the
sparsity at mmWave channels. Specifically, Turbo-HB is able to identify a small num-
ber of the most significant directions on a mmWave channel by exploiting randomized
SVD technique. By limiting operations only to the key information of interests, high-

dimensional SVD operations are transformed into lightweight lower-rank matrix op-

2By “Turbo,” we mean fast and efficient.
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erations. By judiciously choosing a proper target rank for lower-rank approximation,

our design can reduce the computation time dramatically.

o Turbo-HB is capable of parallelizing the MU-MIMO beamforming for a large number
of RBs and users. First, the MU-MIMO beamforming is transformed into a set of par-
allel single-user MIMO (SU-MIMO) beamforming. Second, with customized nullspace
calculation based on Given’s rotation method, Turbo-HB accelerates computation and
fully utilizes GPU’s processing cores. Third, by employing batched matrix operation
with proper indexing method and utilizing shared memory, Turbo-HB achieves large-

scale parallel matrix operations.

o We implement Turbo-HB on Nvidia DGX Station using the CUDA programming plat-
form. Extensive experiments are performed to examine both the timing performance
and throughput performance. Experimental results show that Turbo-HB is able to
obtain the beamforming matrices far less than 1 ms for all tested cases. Specifically,
Turbo-HB can meet the 125us, 250 ps, and 500 us timing requirement for 100 RBs
with up to 4, 8, and 10 MU-MIMO users on each RB, respectively. Turbo-HB can also
offer higher throughput performance for most cases compared to the state-of-the-art

(non-real-time) algorithms.

4.2 System Model

We consider a cellular communication scenario where a BS serves a set I of users, as il-
lustrated in Fig. 4.2. The BS is equipped with Ags antennas and Mg RF chains. Under
HB architecture, Mg < Ags. Each user is equipped with Ay antennas and My RF chains,
and My < Ay. Since the mathematical structure for uplink (UL) and downlink (DL) is

symmetric, it is sufficient to study one of them. We focus on DL in this chapter.
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Table 4.1: Notations in Chapter 4

Symbol Definition

Agpg Number of antennas at BS
Ay Number of antennas at user
B A set of RBs to be allocated in a time slot

Fgp Baseband precoder at BS
Frr Analog precoder at BS

K A set of users

Kb A subset of users using RB b
Mpg Number of RF chains at BS

My Number of RF chains at user

N, Number of data streams on a link

Wger  Baseband combiner at user &
Wgrir  Analog combiner at user k

Considering a typical cellular system (e.g., 4G LTE and 5G NR), we study time-slotted
scheduling over a wide bandwidth. Within each time slot, there is a set B of RBs over the
DL bandwidth. For each RB b € B, a subset of users KX* C K is selected for MU-MIMO
transmission, based on some RB allocation strategy (see, e.g., [97, 98]). For the ease of

3 At the user side, since

notation, suppose the BS sends N, data streams to each user.
the number of received data streams cannot exceed the number of its RF chains, we have

N, < My. Likewise, at the BS we have |K°|N, < Mgs.

Under the HB architecture, beamforming is performed in both digital and analog do-
mains, as shown in Fig. 4.1. At the BS side, the transmitted signal is first processed in the
digital domain by an Mgg X ]ICb|N5 baseband precoder Fgg. Subsequently, an Agg X Mpg
analog precoder Frp (also known as RF precoder) based on analog circuitry (phase shifters)
is applied in the analog domain. Since complex matrix Fgr is implemented with analog
phase shifters, each element in the matrix has the same amplitude and differs in its phase,

ie, [(Frr)i | = ﬁ, where (-); ; denotes the (7, j)-th element of matrix (-). In addition, to

3With additional notation, our results can be extended to the case where the BS sends a different number
of data streams to different users.
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Figure 4.2: A cellular system consisting a large number of RBs (with MU-MIMO capability).

meet the total power constraint at the BS, Fgp and Frr must satisfy ||FrrFpg||% < Pr,

where Pr is the total power at the BS and || - || denotes the Frobenius norm.

For wireless channels, let H} € CAv*4ss denote the channel matrix for user k& € K on
RB b € B, and n} is the Ay x 1 vector of i.i.d CN(0,0?) additive complex Gaussian noise.
Let F4y and F%p denote the baseband precoder and analog precoder for RB b, respectively.

Then the received signal of user £ on RB b is given by
yh = HiFhFhps’ +nl, (ke K’ beB) (4.1)

where s° is the signal vector.

At the user side, a symmetric HB structure is employed except with a fewer number of
antennas Ay and a fewer number of RF chains My. The received signal is first processed
by an Ay x My analog combiner Wgpj (subject to |[(Wgr k)i j| = \/%) in analog domain.
Then an My x N, baseband combiner Wgg ;, is applied.

Denote ﬁz as the effective channel seen at the baseband, i.e., ﬁz = W%TFJCHZF%F.

Denote Fp , as a sub-matrix of Fiyp = [Fyp - Fip . - F?

BB, v()> Where Fb, , consists of
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N, columns and corresponds to the baseband signal s? for user k. Then at user k and on

RB b, we have the following signal:

itk
~ph bt Tybb b bt Tybb b
Yr = Wi H;Fpp psp + Z Wis  HiFppisi
i€kt
bt bt b b
+ Wgg . WRE 21 (ke K% beB)

where (-)T denotes the conjugate transpose of a matrix.

Therefore, the network throughput in b/s/Hz is

C= Z Z log (‘IN5+

bEB kekd (4.2)

by—1yxrbt  FYb b bt Fybivarb
(Qr) WBB,kaFBB,k: FBB,ka WBB,kD )

where (Q})~! is the covariance matrix of both interference and noise, which is given by

itk
by—1 _ bt Tybmb bt Tybtyxrb
(Qk) = Z WBB,kaFBB,iFBB,in WBB,k

ekt

2yx7bt bt b b
to WBB,kWRF,kWRF,kWBB,k'

Then the throughput optimization problem under the HB architecture can be stated as

following:

OPT-HB
max C (F%Fa F%Bv W%F,k: W%B,k)
s.t. Power constraint: ||[F%.Fag||% < Pr;

Constant modulus constraints:

(Fhy) !

ijl = Nz (Wi k)| =

VAG
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Index range: b € B, k € I,
(XS {1727 7ABS}7 .7 € {1727 7MBS}7

me{1,2,-, Ay}, n€{1,2,--+, My}

In problem OPT-HB, the variables are digital and analog beamformers Fypp, Fhp, Why .

and W%BJC, while Pr, Agg, Ay, Mgs, My are constants and B and K’ are given sets.

Ideally, a joint optimization of all digital and analog beamformers is required to find a
global optimal solution. However, several practical issues make such a joint design infeasible.
For example, the amount of CSI required is prohibitively large; it is unclear how to estimate
the antenna-to-antenna channel HY through the lens of the RF precoding and combining
[85]. A new and practical direction to address HB optimization is to follow a sequential
design. Under this approach, analog domain is optimized first and then used as input to
optimize the digital design [86, 87, 88, 89, 90]. It has been shown that such a sequential
approach can offer a competitive performance (compared to those heuristics attempting to

solve joint optimization [82, 84, 86, 100]).

Even with a sequential method, for MU-MIMO systems, it would still require enormous
computational efforts to find a local optimum [101], due to the high complexity of high-
dimensional matrix operations (in addition to non-convex programming). We discuss this

problem in detail in the following section.
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4.3 Real-Time Requirement

In 5G NR, the frame structure is designed to be scalable to accommodate diverse services
and channel conditions. Under 5G frame structures, a beamforming solution (for all users
on all RBs) must be obtained within 1 ms (numerology 0), 500 us (numerology 1), 250 us
(numerology 2), or 125 us (numerology 3). A shorter TTI can support applications with

shorter coherence time and more stringent latency requirement.

Note that under the HB architecture, analog beamforming is meant to overcome path-loss
fading by leveraging the large number of antennas [86, 90]. This part is done on a much larger
time scale. In contrast, digital beamforming can optimize capacity by managing interference
among data streams, which heavily depends on fast fading. This part has a much stringent
timing requirement. Therefore, under a sequential design, the stringent sub-ms real-time

requirement mainly comes from digital beamforming.

Technical Challenge Digital beamforming for MU-MIMO involves complex operations
of matrices with a large number of elements. Traditional techniques such as ZF and MMSE
typically experience inferior throughput performance for MU-MIMO and mmWave systems,
particularly under ill-conditioned channels [88, 92, 93]. On the other hand, BD-type beam-
forming is shown to achieve much better throughput performance compared to ZF/MMSE
[23]. But BD involves high-dimensional matrix SVD operations, whose computational com-

plexity makes BD unsuitable for practical use.

Objective The objective of this chapter is to determine digital beamformers (Fhp ; and
W%ka) in real-time. Specifically, we want to develop a design that can meet the stringent
sub-ms timing requirement while offering comparable (or better) throughput performance

than state-of-the-art approaches.
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4.4 A Novel Design for Real-time Beamforming

4.4.1 Main Ideas

Our main ideas consist of two parts.

Low-complexity SVD with high throughput First, we show the high computa-
tion time for BD-type beamforming is attributed to the high-dimensional SVD operations.
Then we propose to reduce this complexity by identifying only a small number for the
most significant dimensions, leveraging the sparsity of mmWave channels. Specifically, for
a (JK° — 1)My x Mpg matrix (for BD beamforming), a standard SVD algorithm takes
O <[(|1Cb| — 1)MU]2MBS> floating-point operations (flops) [108, 109]. Thus, applying BD
beamforming for |B| RBs and |K?| users at each RB yields at least O (|B| [CP|[(IKP] — 1) My] 2
MBS> flops. To reduce this high complexity, we propose to utilize randomized SVD [108] to
cut down the complexity to O (|B||K?| - r? - [(|K®| — 1)My 4+ Mgs]), where r is much smaller
than (JK°)—1)My. In essence, randomized SVD is a lower rank SVD approximation method.
The reason why it works extremely well here is because of the limited number of scatterers
at mmWave frequencies and thus highly correlated channels. In addition, by limiting the
operations to the key information of our interest and applying the parallelizable Given’s

rotation method, the lower rank SVD can be done extremely fast in our implementation.

Interestingly, although Turbo-HB employs a lower rank SVD approximation, it does not
mean the throughput performance needs to deteriorate. Rather, Turbo-HB appears to offer
higher throughput performance in most cases. The science behind this behavior is attributed
to the following. First, since mmWave channels exhibit a high correlation property, a small set
of singular vectors in the lower rank SVD approximation is sufficient to capture the directions

of the most significant signals or interferences. Second, an exact (|K°| — 1) My x Mpg matrix
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SVD (as in standard BD) aims to cancel all inter-user interference exactly (regardless of
how small it is). But canceling all inter-user interference requires to project users’ signals
onto mutually orthogonal subspaces. To achieve such orthogonality, the perceived strength
of desired signals at a user is reduced in the process. Since throughput is a function of SINR,
it does not help if the perceived strength of desired signals at a user is reduced (for perfect
orthogonality). On the other hand, a lower rank SVD approximation allows a certain level
of overlapping subspace of different users (as only a small number of major signals preserve
mutual orthogonality), which in return preserves greater desired signal strength. This offers
us an opportunity to explore the promising beamforming space that is missed by the BD

technique.

Fully functioning parallelism We argue that the asymptotic complexity analysis (i.e.,
those expressed in the big-O notation) does not directly translate into actual computation
time as measured by a wall clock for our problem. The latter heavily depends on the under-
lying problem structure, actual input size, convergence speed, memory access time, among
others. This motivates us to our second idea, which is to accelerate overall computing process
in real-time, rather than focusing on O(-) analysis. We propose to design a beamforming
algorithm with parallelizable implementation, incorporating special engineering efforts such

as minimizing memory access.

Specifically, the MU-MIMO beamforming is first transformed into a set of parallel SU-
MIMO beamforming. Then a large number of matrix operations are executed through batch
computing. To achieve batched matrix operations (for a large number of RBs and users),
Turbo-HB generates a large number of threads that fully occupy a GPU’s processing cores
and thus reaps the full benefits of GPU’s parallel processing capability. At each step through-
out our implementation, we meticulously minimize memory accesses to reduce time. For

example, batched matrix operations such as QR factorization and matrix multiplications are
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optimized with the use of fast on-chip shared memory. We carefully organize the storage of
a large number of matrices with proper indexing. By managing consecutive GPU threads to
read consecutive (and aligned) memory, multiple memory accesses can be combined into a
single transaction. Further, Turbo-HB limits operations to the key information of our inter-
ests (e.g., certain singular vectors) and thus eliminates unnecessary calculations, parameter

passing and memory access.

4.4.2 Design Details

The task of computing beamforming matrices can be split naturally into three computational
stages. The first is to transform the MU-MIMO channel into a set of parallel SU-MIMO
channels. The second is to apply randomized SVD with low computation complexity to
obtain certain singular vectors for beamforming. The third is to construct the final digital
beamforming matrices based on obtained singular vectors. Specifically, the objective of each

stage is described as follows.

« Stage A: Given the partial CSI V2 and X} (from ﬁz = UL VYY) that are computed
and fed back by each user, we construct matrices ﬁz and ﬁz such that ﬁz and i:I,l;
contain all the information that is needed to compute beamforming matrices Fip
corresponding to user k. After this stage, the MU-MIMO channel is transformed into
a set of parallel SU-MIMO channels.

« Stage B: Given matrix ﬁz, we apply randomized SVD technique for lower rank matrix
approximation (with lower computational complexity). Then we obtain \72(_) , which

contains the necessary singular vectors to cancel inter-user interference.

o Stage C: With matrices ﬁz and \72(_), we construct the final digital beamforming

- b
matrices Fpp ;.
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In the rest of this section, we offer details of each stage.

Stage A. Each user k estimates the effective channel PAIZ and computes its SVD as H, =
UZEZVZT. User k uses the first Ny columns of U} as its digital combiner, i.e., W%Rk is set
to the first Ny columns of U%. Then to help form digital precoder at BS side, only partial
CSI, i.e., V2 and 3, are required to feed back to the BS (note that X} is diagonal and V?

is unitary and thus can be efficiently compressed [2]). Let
T _ vy
H =V
Then for our beamforming purpose, ﬁz (an My x Mps matrix) captures sufficient information

of the intended channel from the BS to user k.

i . +5b . . . .
Denote H? as the concatenation of H,’s of all users in K? except intended user k, i.e., if

ch:{k}U{la 7k_17k+17"' 7|]Cb|}>then
w0t o w7 17
HZ = [Hl ~-Hy Hk+1"'H\le|

is a (|K*| — 1)My x Mpg matrix that captures information of interference channels corre-

sponding to user k.

As ﬁz and Iflz are sufficient to construct the beamforming matrices Fiyp , corresponding
to user k, the MU-MIMO channel is transformed into a set of |K?| parallel SU-MIMO channels
on each RB. Consequently, the remaining Stage B and Stage C can be processed in ), |K?|

parallel flows, each of which contributes to one beamforming matrix for one user per RB.

Stage B. To construct beamforming matrix F%B’  corresponding to user £’s signal, we

need to make sure that by applying F%B,k most (if not all) of the interference to user k can
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be canceled. This can be realized with the help of SVD of interference channel ﬁz Let

~b
o o 2y S b(—
H, = U} Vi v (4.3)

0 O

where {72(7) is the last (Mpgs — r) columns of the right singular matrix corresponding to
the smallest (Mpg — r) singular values of ICIZ, \N/Z(H is the remaining r columns of the right

singular matrix, and r is a constant.

Then, if the eigenvalues corresponding to {72(_) are close to zero, we have

H V) ~0, (beBkek?).
It follows that
xbrb(—)x70(+) .
HV,OV Y ~0, forj 4k,

for any VZH) (which is used to differentiate data streams within a user and will be determined

later). Therefore, by constructing F%B,k as
(=)o)

most of the inter-user interference can be suppressed.

Now we have a real-time challenge. Stage B is computation-intensive as a high-dimensional
SVD (i.e., Eq. (4.3)) is required. IZIZ is a (|Kb| — 1)My x Mpg matrix with standard SVD
complexity of O <|B||1Cb| - [(KY) - 1)]\/[U]2 MBS) for |B| RBs. Its computation time can take

more than 70% of the total time when not optimized (from our experiment).

In fact, the computation time of matrix SVD (power method) is tightly related to the
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decaying speed of singular values [110]. For instance, suppose we have a matrix with 4
decreasing singular values o1, 09,03 and o4. If 07 > 09 > 03 =~ 04 =~ 0, then it is computa-
tionally fast to obtain the first two singular values (and associated singular vectors), whereas
it would take much longer to obtain the last two singular values. This observation is espe-
cially important, since at mmWave frequencies, most signal strength will be concentrated at
a few directions due to the limited number of scatterers. As a consequence, it is likely that
we encounter several non-zero but close-to-zero singular values. Finding those small singular
values would take a long time and it does not help much in terms of throughput performance

(as we shall see in Section 4.4.3).

To verify the singular values of Itlz, we conduct the following experiment. We generate
100 instances of ﬁz based on mmWave channel model to have H?’s (using the widely adopted
mmWave channel model as described in [82]). For analog beamforming, we adopt the well-
known DFT-codebook based method [86, 111]. We set Agg = 128, Ay = 8, Mpgs = 20,
My = 4 and |K?| = 5, thus H? is a 16 x 20 matrix. We investigate two different scattering
scenarios: (a) The number of clusters L. and the number of rays within each cluster L.,y are
both set to 3; (b) Lg and Ly, are both 6 (as typical number of paths for practical mmWave
channels [80, 88, 90, 112]). Averaged by 100 instances, the singular values of i:IZIA:IZT are
plotted in Fig. 4.3. As we expected, the singular values are decaying fast in the beginning
but then flatten out. The decaying speed is faster when the number of paths is smaller.
More importantly, the last several singular values are pretty small but very close. This
means the corresponding directions in the eigenspace have very weak signals but consume

much computational effort to differentiate them, which is wasteful.

Following the above analysis, our next objective is to implement a lower rank SVD
approximation with lower computational complexity. To this end, we apply randomized

SVD technique [108]. The key idea of randomized SVD is that with the help of a random
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Figure 4.3: Singular values of ITIZ (averaged over 100 instances) under different number of
scatterers based on mmWave channel modelling.
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Algorithm 4.1: Raw Randomized SVD

Given an m X n matriz A, a target approximation rank r, and an exponent q (say
q=1 or q=2), this procedure computes an approzimate rank-r factorization
A~ UXVH:

Generate an n x r Gaussian matrix (2.

Form the m x 7 matrix Y = (AAT)7AQ by multiplying alternately with A and AT.

Construct an m x r matrix P whose columns form an orthonormal basis for the
range of Y.

4 Form the r x n matrix B = PTA.

5 Compute an SVD of the small matrix: B = UXVT.

6 Set U =PU.

W N =

Gaussian matrix € we form a rank-r basis P, with r < (|[K°| — 1) My < Mgs, that captures
the dominant directions with the largest SVD singular values. Then the original matrix
is projected onto a lower-dimensional subspace (based on basis P) to compute a standard
rank-r SVD. We summarize this procedure in Algorithm 4.1 and call it Raw Randomized
SVD. IfIZ will be used as input for Algorithm 4.1. As we see in Step 5 of Algorithm 4.1,
due to the lower rank r, only a small-scale SVD is required. The complexity of Step 5
is O (r? - [(IK*| — 1)My + Mgs]), which has been reduced from O ([(UC”] — 1)]\411}2 : MBS>.

How to choose a proper value of r will be discussed in the next section.

We now customize the Raw Randomized SVD to further expedite computation time.
Note that from Eq. (4.3) and Eq. (4.4) in Stage B, our interest is \72(7), the last (Mpg — r)
columns of the right singular matrix corresponding to the smallest (Mpg—1) singular values of
ﬁz, while the singular values and left singular matrix are not necessary for the beamforming
design. However, by examining Algorithm 4.1, a thorough lower rank SVD is performed,
including the calculation of unnecessary singular vectors and singular values (see Steps 3 to
6). Therefore, we can customize Steps 3 to 6 to reduce time. First, note that {/'Z(*) is also the
nullspace of YTA. The calculation of the orthogonalization and normalization of the range

of Y in Step 3 is not required in our case. Second, it is redundant to perform a complete
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SVD as in Step 5 to obtain the nullspace. Therefore, we apply the QR factorization based
on the Given’s rotation method [114] to directly obtain the nullspace of YTA. Moreover, we
implement Given'’s rotation based QR by exploiting parallelism. This is done by leveraging
the following two characteristics of Given’s rotation: i) at each iteration, all the rotated
elements (elements of two columns of Y') can be updated simultaneously; ii) at each iteration,
only two columns of Y are dependent. It is worth noting that the mathematical complexity
(in O(+)) for a complete SVD and Given’s rotation based QR may be the same, but in
practice the QR method can lead to dramatic acceleration for our problem in real-time.
This is because the QR method (with parallel implementation) can save a lot of redundant
calculations and memory write/read caused by operations such as column interchanges and
computing variables that are not of our interest. The revised algorithm is summarized in

Algorithm 4.2.

Algorithm 4.2 for Stage B significantly reduces the computation time of standard SVD
operations—the main bottleneck in BD beamforming. The only additional cost is a few
more matrix multiplications, which, fortunately, can be parallelized and computed efficiently
(more details in Section 4.5). Although randomized SVD is an approximation method, we
will not analyze its performance here, since it is only an intermediate step for beamforming.
Instead, we will discuss and show both the timing and throughput performance by applying

randomized SVD in Section 4.5.

Stage C. In this stage, we construct the digital beamforming matrices F%B’k. For given
matrices ﬁz and {fz(_), the product of ﬁz and {72(_) effectively forms user £’s channel with
no (or minor) inter-user interference (recall Eq. (4.4.2)). Therefore, the optimal beamforming

strategy regarding the effective My x (Mpg — r) channel EZVZH can be realized based on
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Algorithm 4.2: Lightweight Nullspace Computation

Given an ' m X n matriz A, a target approximation rank r, and an exponent q (say
q=1 or q=2), this procedure computes an approximate last n — r right singular
vectors of A, denoted as V:

Generate an n x r Gaussian matrix €2.

Form the m x r matrix Y = (AAT)?AQ by multiplying alternately with A and AT,

Form a r x n matrix B = YTA.

Compute QR decomposition of Bf based on Given’s rotation: Bf = QR.

Set V as the last n — r columns of Q.

QU W N =

its SVD, which is given by:

b~ ——b—b [— —p(=)1T
VO =z v Vi) (45)
where VZH) is the first Ny columns of right singular matrix and Vi(_) is the remaining

columns. Finally, the digital beamforming matrix F%B’ . 1s given by

b(=)x7(+)
F%B,k = Vk( )Vk: .

(4.6)

In Eq. (4.5), we encounter another SVD computation. Luckily, the dimension of this
to-be-factorized matrix is tied to the number of RF chains at one user, namely My, which
is typically small (e.g., 1 to 4). VZH) can be derived with the help of Hermitian symmetric

matrix ED and matrix multiplication, through the following steps:

Form an My x (Mgs — r) matrix A} = ﬁzvz(*);

Form an My x My matrix B? = AZAZT;

Compute ED of the Hermitian matrix: B? = UZAZUZT;

Set VZ(H to the first Ny columns of AZTUZ.
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Note that when My = 1 or 2, simple and exact closed-form solution for SVD exists [113]

and hence this stage can be completed very fast.

4.4.3 Approximation with Lower Rank

As we discussed in Section 4.4.2, Turbo-HB applies lower rank approximation to reduce
computational complexity. Interestingly, in most cases, our approximation does not sacrifice
throughput performance. In this section, we offer some intuition behind it. Then we address

the last problem, which is how to choose a proper value for r.

Let’s revisit the SVD of interference channel H? as in Eq. (4.3). In the Mps-dimensional

signal space [\72&) VZ(_)], {72(_) is an (Mpg — r)-dimensional subspace corresponding to
the (Mps — r) smallest interference strengths, while {/ZH) is a r-dimensional subspace corre-
sponding to the r largest interference strengths. When standard SVD is performed, we have
r = (JK?| — 1) My (as in conventional BD approach). Then \N/'Z(_) lies ezactly in the nullspace
of ICIZ, and therefore all inter-user interference will be cancelled when F%Rk is constructed
based on \72(_) (i.e., Eq. (4.6)). In addition to high complexity, there is another drawback
of such a “perfect” interference cancellation. That is, to achieve mutual orthogonality, one

has to project the desired signal onto a subspace with a small number of dimensions. As a

result, the perceived desired signal strength at a user is reduced.

In Fig. 4.4, we use a simple example to illustrate this point. In a 3-dimensional signal
space, we have a strong interference f; along the z axis and a weak interference f5 along
the y axis. Now we are going to project a desired signal s (originally in the xyz space) onto
some subspace to avoid interference (via beamforming). If perfect interference cancellation
is required, then s has to be projected along the x axis to achieve orthogonality to both f;

and f, leading to a smaller-strength signal s’, as shown in Fig. 4.4(a). However, if only
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(b) )

Figure 4.4: Signal is projected onto a lower dimensional subspace to avoid interference. (a)
Signal s is projected along the x axis, resulting in s’; (b) (a) Signal s is projected onto the
xOy plane, resulting in s”.

the strong interference f; is required to be cancelled, then one can project s into a larger
dimensional subspace, i.e., zOy plane, resulting in s” as shown in Fig. 4.4(b). Although s”
is interfered with by a weak interference fy, s” can preserve higher signal strength than s’

which will lead to a higher SINR (and throughput).

Turbo-HB is purposefully designed to explore such a design space by tolerating some level
of weak interference. When lower rank SVD approximation is performed, it is meant to only
identify 7 directions corresponding to r strongest interference. Without knowledge of how
remaining interference presents, the desired signal will be projected onto a larger dimensional
subspace only to avoid the identified interference, preserving greater desired signal strength.
This approach is especially effective for scenarios where there is high correlation among
the channels or SNR is low. Since in these scenarios, the last few singular values (i.e.,

corresponding weak interference strengths) are small compared to the power of white noise.
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Then the dominant term in the denominator of SINR becomes the power of noise, which
cannot be suppressed by interference cancellation. Thus, by tolerating weak interference,
desired signal strength is preserved to overcome a bigger issue (the noise), leading to a

higher SINR.

Now we address the question of how to choose a proper value for r. Since 0 < r <
rank(H?) = Mps — My and r is an integer, we have (Mgg — My) possible values for .
If we choose r to be too large (i.e., close to (Mgs — My)), then we will have to get into
high-dimensional SVD operations, which are what we try to avoid. On the other hand, if we
choose r to be too small, then we may experience serious sacrifice in throughput performance.
So the goal is to find an optimal r that offers the best trade-off. Unfortunately, finding the
optimal value of r (in terms of maximizing network throughput) is intractable, due to the

large search space and non-convex objective function.

To gain some insight into what value of r should be, we conduct the following experi-
ment. We randomly generate 1,000 channel instances under different settings following the
mmWave channel model. For each instance, we enumerate all possible r’s and calculate its
corresponding throughput C. For the time being, we focus only on the objective function
(throughput) and defer consideration of computation time till later. In the experiment, we
set Ny = 2 and use the same settings as those used in Section 4.4.2 except that we now vary
SNR values and the number of channel paths. Specifically, let’s consider a low SNR scenario
(5 dB) and a high SNR scenario (20 dB), each of which is in combination with a small number
of clusters and rays (L¢ = Lyay = 3) or a large number of clusters and rays (Lg = Lyay = 10).
Fig. 4.5 shows the achieved network throughput as a function of approximation rank r under
these four scenarios. Note that when r = 16, the achieved throughput value (the first blue
bar in each figure) is what is achieved by standard SVD (as in traditional BD method).

For the first three scenarios, where the channels are experiencing at least low SNR or high
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Figure 4.5: Achieved network throughput (averaged over 1,000 instances) as a function of
approximation rank r under different SNR and number of channel paths.
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correlations, we observe that the throughput goes up at first and then goes down as the value
of r decreases. Only when the channels maintain both high SNR and low correlations (as
in scenario (d)), the network throughput would strictly decline as the value of r decreases.
However, scenario (d) is relatively rare for mmWave systems. This experiment suggests that
the lower rank r indeed offers the opportunity for higher throughput, especially at low SNR
or high correlation scenarios. Under this scenarios (a), (b) and (c), setting r = B8 = 10

would offer better (or comparable) performance than that with » = 16 in most instances.

The results in Fig. 4.5 are averaged over 1,000 channel instances. However, our interest
is on a particular channel instance, and the optimal choice of r based on averaging over 1,000
channel instances may not perform well in this particular instance. Therefore, we propose
to employ multiple choices of promising r’s in parallel and derive multiple beamforming
candidates corresponding to these r’s. That is, we execute several different lower rank

approximations simultaneously, where the set of target rank is given by

R={r—6--,r—1,r, r+1,--- ,r+0}, (4.7)

Mgs

where r is around 5

(which may be adjusted according to empirical statistics), and ¢ is
a parameter to control the number of elements in R. As |R| different lower rank approxi-
mations are implemented, we will have |R| different solutions of Fjp , for each user on each
RB after Stage C. Among these |R| solutions, we evaluate their throughput performance
(i.e., C'in Eq. (4.2)) and choose the one that offers the largest objective value as the final

beamforming matrix.
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4.5 Implementation

In this section, we present the implementation of our design in Section 4.4. Our implemen-
tation is done on Nvidia DGX station—a COTS GPU platform. Our Nvidia DGX Station
consists of 4 V100 GPU cards but we use only two of them. Each V100 card includes 80
streaming multiprocessors (SMs), and each SM has 64 CUDA cores. The CPU of our DGX
station is Intel Xeon E5-2698 v4 2.2 GHz (20-core). The data communication between CPU
and GPU is based on a PCle V3.0 architecture [115]. CUDA programming tool (version

10.2) [117] is used to realize our algorithm and schedule the memory and processing cores.

For a successful implementation of Turbo-HB, we must have a thorough knowledge of
the capability and limitation of the GPU and find a way to fit our problem optimally into
the platform. In general, the more parallelism and less overhead in the implementation, the
better the performance we can achieve. As such, we focus on the following two objectives in

our implementation:

1. fully utilize GPU processing cores,

2. minimize memory access time.

In the rest of this section, we present the details of our implementation based on the

above two objectives.

4.5.1 Workflow on GPU

The key to fully utilize GPU processing cores is to have a sufficient large amount of parallel
workloads in flight to feed all the GPU cores. By our design in Section 4.4, the computations

for beamforming matrice are independent among different RBs, different users, and different
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Figure 4.6: Workflow of implementing Turbo-HB on GPUs.

target ranks. Thus, we can spread out the computation tasks over all available processing
cores. At each step in the implementation, the computation tasks are broken into a number
of parallel processing flows. Each flow is a group of parallel threads that executes certain
operations. All the flows shall be mutually data-independent and have the same computation
procedures to take advantage of GPU’s SIMD architecture. Based on the architecture of our
GPU V100, every consecutive 32 parallel threads are assembled into a group called a warp
for executing exactly the same instructions (while handling different data). Therefore, it is
preferable that a flow consists of an integral multiple of (or close to an integral multiple of)

32 threads. As V100 has 80 SMs, the number of flows should be at least 80 to avoid idle

SMs.
As illustrated in Fig. 4.6, our implementation includes the following key steps.

Step 0: Initialization.  The system first sets up global parameters, including the

number of RBs |B|, user sets K* on RB b, and the number of RF chains at BS Mpg and at
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users My, etc. Then we calculate and allocate the memory space needed on GPU for storing

the matrices and variables.

Step 1: Set up global parameters and transfer the compressed CSI from host
to GPU. At the beginning of each time slot, the host transfers >, . |K’| partial CSI
(i.e., Vb’s and Ez’s) from host memory to GPU global memory (also known as device global
memory). Since we use two V100 GPU cards, we divide the channel matrices into two halves.
The first half corresponds to the first |—l;‘ RBs and is transferred to the first GPU card. The

second half will be handled by the second GPU card.

Step 2: Execute Stage A. The objective of this step is to generate i—VIZ for every
k € K" and b € B on GPU. We generate a total number of >, |K°| parallel flows, where
each flow corresponds to the beamforming matrix of one user on an RB. We program one
thread to calculate one element of ﬁz, thus a total number of }°, |K®] - Nihread threads are
spawned in this step, where Nyyreaq = (|K°| — 1) My x Mgs is the total number of elements
in IZIZ

Step 3: Execute Stage B. As we discussed in Section 4.4.2, the main task of this stage
is to compute the approximate nullsapce of H2. We generate a total number of > ver IKUIR]
parallel flows, where each flow corresponds to the computation for one user on one RB with
one target rank. Each flow executes Algorithm 4.2 to derive matrix \Nfz(_). In particular,
for the QR decomposition in Step 4 of Algorithm 4.2, we use Given’s rotation method.
The computation requires multiple iterations and each iteration would overwrite the pro-
cessing matrix. To reduce the memory access time for repeated accesses, we first transfer
the input matrix from GPU’s global memory to the fast on-chip shared memory, then the
iterative computations are performed based on shared memory access. The output matrix

is transferred back to global memory after QR decomposition is completed. Step 3 is the

most computation intensive step in our implementation. It consumes around 130 us (for
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Mgs = 16, My = 2 and |K®| = 8) after our optimization.

Step 4: Execute Stage C. In this step, >, |K"||R| parallel flows are generated
to calculate F%Bk. This step includes a small dimensional SVD operation. Note that when

My =1 or 2, simple closed-form expressions can be directly applied for SVD computation.

Step 5: Choose the best solution. After Step 4, we obtain |R| beamforming candi-
dates for each user on each RB. In ), . |K"||R| parallel flows, we evaluate their throughput
performance as in Eq. (4.2) for every beamforming candidate. The best Fip , that provides
the highest objective value C' in Eq. (4.2) will be chosen as the final solution. To speed up

comparison, parallel reduction technique [116] is employed.

Step 6: Transfer beamforming solution from GPU to host.  Once Step 5 is
accomplished, the final beamforming solution (i.e., Fhg , for every k € K* and b € B) is

transferred from GPU memory to the host memory.

4.5.2 Speed-Up Techniques

Now we discuss two specific techniques that we have employed in Turbo-HB to enhance

parallelism and reduce memory access time.

Batching Batched matrix operations are critical to our problem, as we have to execute
a large number of independent matrix operations following the same procedure. As an
example, suppose we need to execute hundreds or even thousands of matrix multiplications
simultaneously. The programmer needs to generate a kernel with a sufficient number of
threads and divide these threads into a number of groups. Then each group computes one
or a few matrix multiplications, such that this kernel is able to perform batched matrix
multiplications. Similarly, other matrix operations (following the same procedure), such as

a large number of independent matrix ED operations, should be programmed in a batched
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Figure 4.7: Comparison of execution time of different schemes under different MU-MIMO

scenarios.
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manner to fully occupy the processing cores.

Minimizing global memory access Compared to other types of memory access, access-
ing global memory is much more time-consuming. We identify two techniques that can help

minimize global memory access in our problem.

First, the programmer should carefully coalesce memory access, i.e., consolidating mul-
tiple memory accesses into a single transaction. This is particularly important when we
handle a large number of matrix operations. The key to memory coalescing is to store the
matrices consecutively in the memory with proper indexing. Then the programmer can allow
consecutive threads to read consecutive (and aligned) memory and minimize the number of

transactions.

Second, instead of global memory accesses, which is more time-consuming, we can use
on-chip shared memory accesses, which is much faster (but with limited storage space).
Suppose we want to compute a matrix multiplication C,,x,, = A,,x;Bixn. A straightforward
approach for parallelism is to program each thread to take care of one element of C. Then
we need to read A n times from the global memory and B m times. In contrast, if matrix
multiplication is based on shared memory [117], we only need to read A for (n / block size)
times from the global memory and B for (m / block size) times. The remaining computations

are done by accessing the shared memory.

4.6 Experimental Validation

In this section, we present our experimental results, with a focus on timing and throughput
performance. We also compare with other state-of-art sequential HB schemes. For analog

beamforming part, we apply the widely adopted DFT-codebook based method [86, 111] for
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all schemes. For digital beamforming schemes, we choose HB-BD [86], HB-MMSE and HB-
ZF for comparison. We also include one joint analog and digital HB method (JHB) [83] to

show its timing performance.

Experiment Setup We consider a cellular communication scenario with one BS and a
number of users. The number of available RBs is up to 100. The BS is equipped with
128 antennas and each user is equipped with 16 antennas (a typical number for hybrid
architecture at mmWave frequencies [80, 82, 86]). The number of RF chains at the BS
varies from 8 to 20, while the number of RF chains at a user is 2. Each active link is
assumed to transmit N, = 2 data streams. The number of active users for MU-MIMO
transmission on each RB (i.e., |[K?|) varies in this study. For the wireless channels, we use
the widely considered cluster-based mmWave channel model [82]. The number of clusters
L, the number of propagation paths L.,, caused by each cluster and SNR (i.e., %) will be

given under different settings. The angle spread o,g is set to 5 degrees. We set parameter

J (as defined in Section 4.4.3) to 2.

Timing Performance We first verify that Turbo-HB can indeed offer the beamforming
solution in less than 1 ms for all settings in our experiments and even achieves as little as 125
us execution time in some settings. Note that the time consumed for data transfer between

CPU and GPU is included in Turbo-HB’s total execution time.

We first run the experiments for 100 consecutive TTIs under different settings as fol-
lowing: (a) Mps = 8, |K?| = 4, (b) Mg = 12, |K’| = 6, (c) Mps = 16, |K’| = 8 and (d)
Mgs = 20, |K?| = 10. For the sequential algorithms (Turbo-HB, HB-BD, HB-MMSE and
HB-ZF), we only count the computation time of digital beamforming part. But for the joint
algorithm (JHB), we have to count time consumed both for its digital beamforming and
analog beamforming since they are inseparable. Our GPU-based algorithm is run on CUDA

platform while others are run on Matlab platform. Fig. 4.7 shows the results of execution



136

500

450 ]

400 §

w
a1
o
T
I

W
o
o
T
vy}
n
|
DO
(am)
I

N
o
o
\

o

o

=
0
I

—_

[\
|

Execution Time (us
g
=
n
I
[u—
R

—
o
o
T
I

)]
o
T
I

0 1 1 1 1 1 1 1
20 30 40 50 60 70 80 90 100

IBI

Figure 4.8: Average execution time of Turbo-HB vs. the number of available RBs |B| under
different Mpg settings.

time by different schemes. JHB, HB-BD, HB-MMSE and HB-ZF require a computation time
on the order of 10* ms, 10? ms, 10' ms and 10! ms, respectively. Our experiments show
that Turbo-HB finds beamforming solution in 114 pus, 162 us, 250 us, and 335 us averaged
by 100 TTIs under settings (a), (b), (c) and (d), respectively. Based on the numerologies
defined in 5G NR, Turbo-HB can meet the timing requirement for numerology 3 (125 us
TTI), numerology 2 (250 ps TTI) and numerology 1 (500 us TTI) for 100 RBs with up to
4, 8, and 10 MU-MIMO users on each RB, respectively.

Next, we conduct experiments to examine Turbo-HB’s total execution time under differ-
ent numbers of available RBs | B|. We consider the following settings: (a) Mps = 12, |K?| = 6,
(b) Mpg = 16, |K’| = 8. and (c¢) Mps = 20, |K*| = 10. Fig. 4.8 shows Turbo-HB’s execution
time performance (with value for each point being average over 100 TTIs) for the three

settings. Note that the execution time increases slowly (and close to linear) as the number
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Figure 4.9: Average execution time of Turbo-HB vs. the number of RF chains Mpgg at the
BS under different settings of available RBs |B].

of RBs increases. This is because under Turbo-HB, computation among different RBs is
executed in parallel and is not very sensitive to the number of RBs. For a given Mgg, the
network operator can set the upper bound for the number of RBs to meet a certain 5G
numerology. For example, when Mpg = 16, if the number of RBs is no more than 95 (a large

number), we can meet 5G numerology 2 requirement (250 us).

In Fig. 4.9, we vary the number of RF chains at the BS (i.e., Mgs) to show its impact on
Turbo-HB’s execution time. For this study, we consider the settings of |B| € {60,80,100}
and |K?| = MTBSS, while Mpgg varies from 8 to 20. As expected, the results in Fig. 4.9 show
that Turbo-HB’s average execution time is increasing with Mpg. Compared with varying
|B|, Turbo-HB is more sensitive to the change of Mgs. This is because the larger the Mg,

the higher dimensional matrix operations will be required, which leads to more computation

time. However, Turbo-HB is able to complete the computation in real-time, thanks to its
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design based on randomized SVD.

Throughput Performance We first evaluate throughput performance achieved by dif-
ferent schemes under varying SNR value. We consider two different settings: (a) Mps = 10,
K| = 4, and (b) Mps = 20, |K’| = 8. We set Ny = N,y = 3 and SNR varies from —5 dB
to 25 dB in both cases. Fig. 4.10 shows that in both cases, throughput under conventional
HB-MMSE and HB-ZF methods are below the others, as MMSE and ZF are not designed
for mmWave systems and the poorly conditioned channel greatly degrades MMSE /ZF’s per-
formance [88, 92, 93]. In Fig. 4.10, Turbo-HB is able to achieve similar performance as the

classical HB-BD and is better than the others.

Next, we vary the channel correlation condition (by varying the number of propagation
clusters Lq) and study its impact on throughput performance. We fix SNR = 20 dB,
Mgs = 20, |K?| = 8, and N,y = 3. We vary L from 1 to 7. Fig. 4.11 shows the throughput
achieved by different schemes as a function of N,. The results show that the performance by
HB-MMSE and HB-ZF is significantly lower than the others, especially when the number of
clusters is small (and thus the channels are highly correlated). On the other hand, Turbo-HB
is able to achieve similar performance as HB-BD and offers high throughput than HB-MMSE
and HB-ZF. This is because both Turbo-HB and HB-BD are SVD-based and are capable of
identifying the best signal directions for beamforming. When the number of channel paths is
small, Turbo-HB is able to obtain even better performance than HB-BD. The reason behind

this was given in our discussions in Section 4.4.3.
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Finally, we present throughput performance under different numbers of RF chains Mpg
at the BS. We consider the setting of SNR = 20 dB and Ny = Ny = 3. Mpg is chosen from
{8,10,12, 14,16, 18,20}, and |K®| is chosen from {2,3,4,5,6,7,8} accordingly. In Fig. 4.12,
the results show that the network throughput is increasing with Mpgg for all schemes as
more users can be supported. The performance gap between Turbo-HB/HB-BD and HB-
MMSE/HB-ZF is also increasing with Mgg as the SVD-based approaches can better reap the
benefits provided by additional RF chains. Again, we find that Turbo-HB can offer similar

performance as HB-BD and outperforms other schemes.

Summary of Results The experimental results show that Turbo-HB can meet the 1-
ms real-time requirement under all tested settings and can meet the 5G requirement with
appropriate numerology. On the other hand, all other schemes incur a computation time
that is of orders of magnitude higher than Turbo-HB and none of them can meet the 5G
timing requirement. Further, Turbo-HB is able to offer a throughput performance that is

better or comparable to the state-of-the-art algorithms.

4.7 Related Work

Hybrid beamforming design is an active research area and has attracted lots of research
efforts. However, most existing research has been largely limited to asymptotic complexity
analysis (i.e., in O(-)). Although such complexity analysis is of interest from theoretical
perspective, it does not give any indication on how much actual time (“real-time”) is needed
when it is implemented on a given hardware platform. On the other hand, for a real-world
5G system, the ultimate benchmark is real-time performance, as there is a stringent timing

requirement under its numerology.

In the literature, all kinds of HB designs involve some level of heuristics. One line of
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research is to jointly optimize analog and digital beamforming to offer a near-optimal solution
(see, e.g., [81, 82, 83, 84]). A common feature of these designs is that their algorithms must
run iteratively to update digital beamformers and analog beamformers. Due to a large
number of iterations that are needed in these designs, none of them can offer real-time

solutions under 5G requirement (sub-ms).

On the other hand, sequential designs are proposed to reduce the complexity by decou-
pling the analog domain and digital domain (see, e.g., [86, 87, 88, 89, 90]). However, the
mainstream of existing research works heavily relies on reducing the asymptotic complexity
(in O(+)) in their algorithms. Since asymptotic complexity analysis of an algorithm is only
concerned with when the input size n is sufficiently large (approaches to infinity), it does not
reflect how much actual time it will need when input data is finite, as in 5G. As a result, these
sequential algorithms do not meet the sub-ms timing requirement when they are tested by a
real timer. In addition, algorithms designed with extremely simple digital beamforming such

as ZF /MMSE may also suffer from considerable throughput loss at mmWave frequencies.

Recently, there has been a number of successful research works applying parallel tech-
niques to wireless networking and signal processing problems. Some representative works
include [95, 118, 119, 120, 121, 122]. Specifically, the authors in [95, 118, 119] implemented
real-time designs to address scheduling problems in 4G/5G networks. In [120], the authors
proposed MIMO detection algorithms that utilize parallelism to achieve high-performance
detection. The study in [121, 122] applied parallel processing to accelerate LDPC decod-
ing. These approaches were demonstrated on a GPU or FPGA platform. Among them, the
designs based on general-purpose GPU platform (e.g., those from [95, 118, 121]) provided
high level of parallelism and flexibility, thanks to GPU’s large-scale SIMD architecture and
highly programmable tools such as CUDA. However, these algorithms are designed to ad-

dress scheduling or decoding problems, and their approaches cannot be applied in solving a
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complex beamforming problem under hybrid architecture, which is the focus of this chapter.

4.8 Chapter Summary

This chapter presents Turbo-HB, the first design and implementation that addresses the
real-time challenge for beamforming under HB architecture. To reduce computation time,
Turbo-HB exploits randomized SVD technique by leveraging channel sparsity at mmWave
frequencies. Further, Turbo-HB exploits large-scale parallel processing, with optimized ma-
trix operations and minimized memory accesses. We implemented Turbo-HB on COTS
Nvidia DGX Station with CUDA programming platform. Through extensive experimental
studies, we found that Turbo-HB is able to find beamforming matrices successfully under
1 ms for all tested cases. Specifically, Turbo-HB can meet the 125us (numerology 3), 250
ps (numerology 2) and 500 us (numerology 1) timing requirements for 100 RBs with up to
4, 8, and 10 MU-MIMO users on each RB, respectively. In the meanwhile, Turbo-HB offers

competitive throughput performance compared to the state-of-the-art algorithms.



Chapter 5

A Sub-millisecond Scheduler for 5G
MU-MIMO Systems

5.1 Introduction

In 5G NR, MU-MIMO is one of the most powerful technologies to increase network through-
put [123, 124, 125, 126, 127]. Under MU-MIMO, a base station (BS) is able to transmit
signals to multiple users simultaneously on the same frequency band. Compared to tra-
ditional cellular networks such as 4G LTE, where BSs are typically equipped with a few
number of antennas (e.g., < 8), BSs for 5G NR are likely to have a larger number of anten-
nas (e.g., 12 antennas). Therefore, 5G NR can accommodate much more MU-MIMO users
by exploiting the spatial diversity offered by many antennas. Per 5G specification[128], up
to 12 data streams can be co-scheduled on the same RB. That is 12 MU-MIMO users when
each user has one data stream. For a particular user, it may have up to 8 streams concur-
rently. In contrast, it is typical that only a small number of users and streams (e.g, 2-stream

SU-MIMO or 2-user MU-MIMO) is considered under 4G LTE [129, 130].

However, a number of technical challenges in the design of a 5G scheduler need to be
addressed before we can fully reap the fruit of MU-MIMO. Specifically, for a downlink

scheduling problem at a 5G BS (see Fig. 5.1), we have the following challenges.

144
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Figure 5.1: System model. (a) A 5G MU-MIMO BS serving a number of users. (b) Within
each time slot, the BS determines RB allocation, number of data streams, and MCS assign-
ment for each user.

o First, the scheduler should allocate a number of RBs to cell users for data transmission.
Under MU-MIMO, one RB can be allocated to multiple users. These users can decode
their desired signals by applying beamforming techniques. Note that a user’s achieved
SINR (and data rate) depends on the set of users that are co-scheduled with this user

on the same RB.

e Second, the scheduler needs to determine the number of data streams transmitted
from the BS to each user, exploiting the best tradeoff between diversity and spatial
multiplexing offered by MIMO channels. One practical constraint in 5G NR is that
the number of data streams used for a user must be identical across all RBs allocated

to this user [128].

o Third, the scheduler needs to choose the modulation and coding scheme (MCS) for
each user. Similar to the number of data streams, if a user is scheduled to receive data

on multiple RBs, then the user must use the same MCS across all RBs scheduled to
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her [4].!

Therefore, the scheduling problem tightly couples together RB allocation, stream number
determination, and MCS selection. This makes the MU-MIMO scheduling problem NP-hard

[131, 132, 133], with an extremely large solution space.

Further, we face a stringent real-time requirement for the 5G MU-MIMO scheduler. That
is, the scheduler must be able to offer the scheduling solution within each TTI to be useful.
In 5G NR, the frame structure is scalable to support a variety of 5G applications. Under 5G
numerology 0, 1 TTI is 1 ms. To support the applications with higher latency requirement,
the numerology 1 with 500 pus TTT may be considered. In this paper, we aim at offering the
scheduling solution (including RB allocation, data stream number determination and MCS

assignment) in ~500 us to meet the timing requirement of 5G numerology 1.

Designing a scheduler for cellular systems has been explored in the literature. However,
none of the existing research can offer an MU-MIMO scheduler that meets the 5G real-time
requirement. Some representative works include [95, 131, 132, 133, 134, 135, 136, 137, 138,
139]. The designs in [131, 132, 133, 134, 135, 136, 137, 138, 139] have one common feature—
their algorithms must run a large number of iterations. Due to this iterative nature, none of
these designs can offer a scheduling solution in real-time (~500 us). Further, there is hardly
any research that can jointly optimize the scheduling of RBs and MCS for MU-MIMO users.
For instance, the authors in [95] implemented a real-time 5G scheduler, but their design
only considered single-antenna deployment. Likewise, the designs in [133, 134, 136, 137]
are also only applicable to non-MIMO settings. The works in [131, 132, 135, 138, 139]
considered MIMO deployment to design schedulers. However, either MU-MIMO scheduling

or MCS assignment is missing in their models. It is also fair to presume that extending these

'We consider a typical configuration of applying one transport block at each user. When a user is
configured with two transport blocks, the data belonging to two different transport blocks may have two
different MCSs.
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algorithms to support the joint scheduling of RBs, MCS for MU-MIMO users would result

in even longer computation time.

In this paper, we present a novel design and implementation for 5G MU-MIMO systems
that can achieve ~500 us scheduling. We call our design “mCore-+", which is our acronym for
sub-millisecond scheduler with GPU cores, and the "4” denotes an improved version of our
original design (mCore) in [119]. The success of mCore+ is built upon recent advances based
on the general-purpose GPU-based platform (see, e.g., [95, 96, 120, 145, 146, 147]). Thanks to
the massive computing cores offered by a GPU with the dedicated single-instruction-multiple-
data (SIMD) architecture, GPU is capable of solving a large number of structurally-identical
sub-problems at an extremely fast speed. A GPU-based platform offers a new possibility to
solve complex optimization problems with stringent real-time requirements. In our design
mCore+, we exploit GPU’s parallel computing capability through a multi-phase optimiza-
tion. At each phase, mCore+ either decomposes each problem into a large number of inde-
pendent sub-problems to utilize large-scale parallelism, or selects the most promising search
space leveraging channel conditions and user correlations, or performs both. mCore+ is im-
plemented on a commercial off-the-shelf (COTS) GPU platform. Special engineering efforts
are made to fit our problem into two GPU cards, such as minimizing the data transfer and
synchronizations between GPU cards. The main contributions of mCore+ are summarized

as follows:

« This paper presents the first design and implementation of a 5G MU-MIMO scheduler
that can offer a scheduling solution, as well as corresponding beamforming matrices,
in ~500 ps. This design supports MU-MIMO transmission, allowing multiple users
to share the same time-frequency resources, and each user may have multiple data

streams concurrently. mCore+ can be applied to 5G NR numerology 0 and 1.
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o Our design exploits large-scale parallelism through a dedicated multi-phase optimiza-
tion design. Specifically, at each phase, mCore+ either decomposes the optimization
problem into a number of independent sub-problems along with one type of variable,
or restrict the search space for that type of variable into a smaller but most promising
subspace, or both. mCore+ takes advantage of channel conditions and user correla-
tions among MU-MIMO users to reduce the search space. In addition to the problem
decomposition/reduction, the exploration of parallel computing is carried out through-
out our design of mCore+, such as the user correlations and beamforming matrices are

calculated in parallel among RBs.

o mCore+ is implemented on a COTS GPU platform NVIDIA DGX Station. We used
two V100 GPU cards with the programming tool CUDA to perform our design. Special
engineering efforts are performed to fit our problem into the GPU, which includes min-
imizing the data transfer and synchronization between GPU cards, exploiting stream-
ing multi-processor’s compute capability, practicing a proper indexing method, using
shared memory wisely, etc. By taking advantage of GPU’s massive-core architecture,

mCore+ is able to accelerate the computation significantly.

o We validated mCore+’s performance through extensive experiments. The results show
that mCore+ can offer a scheduling solution in ~500 us for a cellular system with
up to 100 RBs, 100 users and 4 x 12 MIMO, which can meet the timing requirement
for 5G numerology 1. Further, mCore+ can achieve better or comparable throughput

performance compared with the state-of-the-art algorithms.

The rest of the paper is organized as follows. In Section 5.2, we review related work
on cellular scheduler designs and GPU-based designs. In Section 5.3, we formulate the

scheduling problem and state our objective. Section 5.4 presents our design of mCore+.
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In Section 5.5, we offer the detailed implementation of mCore+ NVIDIA DGX Station.
In Section 5.6, we show our experimental results to validate the performance of mCore+.

Section 5.7 concludes this paper.

5.2 Related Work

We review the related work along the following two research lines.

Schedulers for Cellular Systems In the literature, there have been a number of research
works that studied the design of cellular schedulers, including schedulers for single-antenna

deployment and for MIMO systems.

In [95], the authors proposed GPF, which is a proportional fair (PF) scheduler design
that allocates RBs and assigns MCS for users in a macro cell. This design can offer a
scheduling solution in ~100 ps for a user population size of up to 100 in a cell. Their
experimental results show that GPF can achieve near-optimal performance per PF criterion.
In [95, 133, 134, 136, 137], the authors proposed different heuristic schemes to allocate
RB resources and determine MCS levels for each user. Unfortunately, all the designs in
(95, 133, 134, 136, 137] do not consider multiple antennas at the BS or users. Thus, neither
scheduling multiple users on an RB nor assigning multiple data streams for a user can be

supported by these designs.

The designs in [131, 132, 135, 138, 139, 140, 141] designed schedulers for MIMO systems,
which exploit the channel diversity and spatial multiplexing offered by MIMO channels.
However, in [132, 135, 138], MU-MIMO transmission is not supported in their models. In
[131, 139], their designs considered MU-MIMO transmission by allowing an RB to be shared

by multiple users. But MCS assignment is not developed by their designs. In [140, 141],
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the MU-MIMO scheduling problem is simplified as the problem is independent among RBs,
because the authors do not apply the constraint of using the same MCS and the number
of data streams across all RBs for a given user. In addition to the system models, all the
proposed schemes in [131, 132, 135, 138, 139, 140, 141] require a large number of iterations
to determine a solution. Due to the iterative nature of their algorithms, these designs cannot

meet the sub-millisecond real-time requirement for 5G NR.

GPU-based Designs Recent advances in applying GPU to solve complex optimization
problems have offered promising approaches to tackle the stringent real-time challenges.
Different from most existing research that are largely limited to asymptotic complexity
analysis (as in O(+)), GPU-based designs are usually examined by actual “wall-clock” time,

which is the ultimate benchmark in practice.

In the wireless communication community, GPU is employed in various areas of both PHY
layer and MAC layer. In PHY layer, the authors in [120, 142] designed MIMO detectors
that utilize GPU’s parallel computing capability. In [146], the authors proposed parallel
algorithms on GPU to accelerate LDPC decoding. The work [145] presented a GPU-based
real-time solution to find digital beamforming weights for MU-MIMO users under hybrid

architecture.

In MAC layer, the authors in [95] proposed a PF scheduler for 5G networks that can offer
a near-optimal solution in ~100 us by leveraging GPU’s massive parallel cores. In [143], the
authors applied GPU to solve an age-of-information (Aol) minimization problem. The design
in [144] solved a spectrum sharing problem based on chance-constrained programming, which

employed GPU platform to meet 5G’s timing requirement.

Unfortunately, all these GPU-based works are fundamentally different from the MU-

MIMO scheduling problem we are studying in this paper. Their proposed approaches cannot
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be applied to address our problem.

5.3 System Model

We consider a downlink (DL) scheduling problem for a 5G NR cellular system. As shown in
Fig. 5.1, a BS serves a set IC of users. The BS is equipped with Nt antennas and each user
is equipped with Nr antennas (Nt > Ng). Table 5.1 gives the key notations that we use in

this paper.

We consider time-slotted scheduling over a wide bandwidth. Within each time slot, there
is a set B of RBs over the DL bandwidth. On each RB b € B, a subset of users K C K is
selected for MU-MIMO transmission?. Denote 2% (¢) € {0,1} as a binary variable indicating

whether or not RB b € B is scheduled by the BS for user &k € ICin TTI ¢, i.e.,

1, if RB b is used for user k in TTI ¢,

0, otherwise.

For xt(t), we have the following constraint.
Constraint 1. The maximum number of users scheduled in an RB cannot exceed the

number of antennas at the BS, i.e.,

> ah(t) < Nr. (b e B) (5.1)

ke

Further, each user k£ € I may have multiple data streams (also known as “layers” in

specifications [128]) simultaneously. However, to reduce the feedforward control signaling

2The smallest scheduling resolution in 5G can be a number of consecutive RBs, known as Resource Block
Group (RBG). Our design can be easily extended to RBG-based scheduling.
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Table 5.1: Notations in Chapter 5

Symbol  Definition

B The set of RBs to be allocated in a time slot

Fo(t) The precoding matrix for user £ used on RB b in
TTI ¢

Hz The channel matrix for user £k on RB b

K The set of users

Kb A subset of users using RB b

M The set of MCSs

Ngr Number of antennas at each user

N Number of antennas at BS

rZ’f ™(t) The instantaneous achievable data rate of user k’s

f-th data stream on RB b with MCS m in TTI ¢
Ry(t) The aggregate data rate of user k in TTI ¢

Ry(t) The exponentially smoothed average data rate of
user k up to TTI ¢

2} (t) A binary variable indicating whether or not RB b
is scheduled for user k£ in TTI ¢

yr (1) Number of data streams for user k£ in TTI ¢

2 (t) A binary variable indicating whether or not MCS
m is used for user k in TTI ¢

overhead and signal processing complexity, 5G NR imposes the following constraint.
Constraint 2. If a user is scheduled to receive signals on multiple RBs, then the user

must have the same number of data streams across all RBs that are allocated to her [128].

Denote yx(t) (a non-negative integer) as the number of data streams for user k in TTI ¢
(which is the same across all allocated RBs). As yi(t) cannot be greater than the number

of receive antennas, we have

yr(t) < Ng. (kek)

Also, the total number of data streams on each RB for MU-MIMO transmission cannot
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exceed the number of antennas at the BS. We have

> w(Dye(t) < N (b € B) (5.2)
kel

In each TTI ¢, a set M of MCS is available for users for data transmission. We have the

following constraint for MCS selection.

Constraint 3. If a user is scheduled to receive data streams on multiple RBs, then the

user must use the same MCS across all data streams on all scheduled RBs [4].

Denote z*(t) € {0,1} as a binary variable indicating whether or not MCS m € M is
used by the BS for user £ € K in TTI ¢, i.e.,

1, if MCS m is used for user k in TTI ¢,

0, otherwise.

To guarantee only one MCS is used across all scheduled RBs for user k, we have

=1 (ke K) (5.3)

meM

The BS applies precoders to support MU-MIMO and multiple data streams. Let F&(¢)
be an Ny x 28 (t)y.(t) precoding matrix for user k used by the BS scheduler on RB b. To
meet the power constraint at the BS, we have >, . [|F4(¢)||3 < Pr, where Pr is the total
power for RB b at the BS and || - || denotes the Frobenius norm. Then the received signal
of user £ on RB b is given by

i#k

ch =H}F}s} + H. > Fisl+n}, (keK’beB)
1ERL
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where H? € CVM*Nt i the channel matrix for user k € K on RB b € B, n? is the Ng x 1
vector of i.i.d CN'(0,n3) additive complex Gaussian noise, s is the signal vector, and we

omit the notation (¢) for matrices for brevity.

Each user k computes the SVD of H? = U zVZT, where (-)7 denotes the conjugate
transpose of a matrix. The % and V? are further compressed, quantized and fed back to the
BS (to assist precoding), and the leftmost y; columns of UY, denoted as Uz(y’“), is used as

the combiner at user k. After this combiner, we have the following signal:

itk
& =U"e = ['Fisp + {1 Fis) + UIng,
ekt
where & = [o2(1)vb(1),- -+, 02 (yr)vb(yx)] is an Nt x y;, matrix, ob(i) is the i-th eigenvalue

of b and vl(i) is the i-th column of V2. Thus, ! is the effective channel after applying
combiners at the users. Different precoding schemes can be used based on ?. In this paper,

we apply ZF precoding scheme with equal power allocation for each data stream.?

For k € I, the signal-to-interference-plus-noise ratio (SINR) of the f-th stream on RB b
is then given by

b7f

SINRYS = — Tb (5.4)
kT ybf b,f’ ’

e Tk

where
b,f _ b ftgpb fyb fT bf
= ¢ FF

Vk
bf _ 2 b, f bbbt b, f
k —”0+§ v FUE
ek

and ()% is the f-th column of (-)2.

The instantaneous achievable data rate depends on the SINR of each stream and the

selected MCS level. Specifically, for each user k € K, a higher MCS level m corresponds to a

3Other linear precoding schemes (e.g., MMSE) can also be applied.
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higher data rate r™ in transmission. However, a certain level of SINR at each stream of user
k is required in order to successfully decode the data. Denote ™ as the SINR threshold for
each data stream to successfully decode the data with MCS m. Then we have the following

constraint.

Constraint 4. If the SINR of user k’s f-th data stream on RB b is greater than or
equal to ™, then the instantaneous achievable data rate of that stream is r™; otherwise the

achievable data rate drops to zero.

Denote r,l;’f "™(t) as the instantaneous achievable data rate of user k’s f-th data stream

on RB b with MCS m in TTI ¢t. Then

rm.if SINRDY > 67,
() =
0, otherwise. (5.5)

(f=1,,u(t), ke K,be B,meM)

The aggregate achievable data rate of user k in TTI ¢ can be given by

yi(t)
Ri(t) = _ab(®) > Y 2™ (1),

beB f=1 meM

where we define Z?’;(i)() =0 if yx(¢) = 0.

Objective Function. To optimize the throughput performance with fairness considera-
tion, we apply the widely used PF data rate as our performance objective. Denote Ry, as the

long-term average data rate of user k. The PF objective function is then given by

> logRy. (5.6)

kek
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Our real-time scheduler aims to maximize (5.6) by making scheduling decisions in each
TTI t. A common approach is to maximize the sum of each user’s instantaneous rate
normalized by its exponentially smoothed average data rate over the past T, TTIs [148, 149],

ie.,

Ry(t)
2 -1 7

where

N T, —
Ry(t—1) =

1= 1
Ri(t —2) + ka(t —1).

It has been shown that maximizing (5.7) in each TTI is asymptotically approaching PF

objective (5.6) when T, — oo.

Problem Statement. Our objective is to allocate RBs, MCSs, assign the number of
data streams, as well as compute precoding matrices for all users in each TTI, such that the
PF objective function (5.7) is maximized. This 5G MU-MIMO scheduling problem can be

written as follows.

OoPT

fm

mzzzz L)1)

beB kek meM f=1

s.t. RB allocation constraint: (5.1);
Data stream allocation constraints: (5.2);
MCS assignemnt constraint: (5.3);
SINR and instantaneous data rate: (5.4), (5.5);
2h(t) € {0,1}, (beB,kek)
ye(t) €{0,1,---  Nr}, (ke€K)

zi'(t) € {0,1}. (ke K,meM)
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In problem OPT, 2 (), yi () and 2} (t) are decision variables, F(t), 72"™(t) and Ry, (t—1)
are intermediate variables, and the others are given constants.

Real-Time Challenge Problem OPT is NP-hard [131, 132], and the solution space is

extremely large. The number of possible MCS assignments is |[M|*. Under the MU-

(Yo ()

Also, the number of possible data stream allocations is N}Zq. These give us a total number

MIMO setting, the number of possible RB allocations is |B]

K| Kl K T . :

of (|M|Ng)™|B| +e possibilities in the solution space. In a typical
1 Nrp

5G cellular system, this number can be as large as ~10'% (when |[M| = 29, |K| = 100, |B| =

100, Ny = 8 and Ny = 2).

On the other hand, we have a stringent timing requirement. A scheduler needs to find
its scheduling solution within each TTIL. In 5G NR, the longest time interval for a TTTI is
1 ms (numerology 0) [91]. To support ultra-low latency applications, the numerology 1 with

500-ps T'TT may be applied. In this paper, we set the real-time requirement to
Treq = 500 ps (5.8)

for a 5G scheduler. With the high-complexity problem and stringent timing requirement,

none of the existing works can provide a solution to meet our goal.
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5.4 mCore+: A Novel Design of Real-Time MU-MIMO

Scheduler

5.4.1 Main Ideas and Road Map

The main ideas are twofold. First, mCore+ decomposes OPT into a large number of in-
dependent sub-problems. The goal is to leverage parallel computing resources to solve the
sub-problems concurrently. Second, mCore+ judiciously reduces the large search space into
a smaller but most promising search subspace, leveraging insights from channel conditions

and correlations.

As expected, decomposing OPT or narrowing the search space is not trivial, as we have
multiple sets of decision variables (i.e., 28 (¢)’s, yr(t)’s and 2"(t)’s) and they are tightly cou-
pled with each other. The combinations make the solution space extremely large. Therefore,
a simple parallel algorithm that exhaustively checks all possibilities is not possible. To ad-
dress this problem, mCore+ judiciously solves OPT through a multi-phase optimization. At
each phase, mCore+ focuses on one type of variable (i.e., 28(t)’s, yx(t)’s or 21*(t)’s). That
is, each phase will either decompose the optimization problem into a number of independent
sub-problems along with that type of variable, or restrict the search space for that type of

variable into a smaller but most promising subspace, or both.

The multi-phase optimization is illustrated in Fig. 5.2. At Phase 1, problem OPT is
decomposed along z}"*(t) variables, which corresponds to an MCS selection problem. From
| M|™ possible MCS assignments, mCore+ selects Np; promising candidates, based on chan-
nel conditions. Thus problem OPT is split into Np; independent sub-problems, named

OPT-P1.

At Phase 2, we focus on reducing the search space along 2% (t) variables, which implies a
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Figure 5.2: mCore+ solves OPT through a multi-phase process, leveraging parallel compu-
tation in each phase.
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user selection problem for MU-MIMO transmission. Phase 2 is composed of two steps. Step
A evaluates the channel qualities ¢? normalized by long-term average Rj(t — 1). Then the
allocation of RB b is restricted to a subset of users K C K. In Step B of Phase 2, mCore+
measures the channel orthogonality among users Eb, then the RB allocation is further limited
to a smaller user set K? ¢ Kb (|K?| < Np) that offers good orthogonality among the users

within the set. After Phase 2, we still have Np; independent sub-problems, named OPT-P2B,
K K
while the number of RB allocation possibilities is reduced from |B| <| |> +- 4 <| |>]
1 N
K K|
ot .
1 L4

At Phase 3, we focus on determining the number of data streams for each user, which is to

to |B|

decide yy(t) variables. We also determine z%(¢) variables in the meanwhile. Phase 3 has two

steps. In Step A, we relax yy(t) to a set of y2(¢)’s by allowing the number of data streams to be
different on different RBs. This effectively decouples problems OPT-P2B among different
RBs. Thus problems OPT-P2B are decomposed into Np;|B| independent sub-problems,
denoted as OPT-P3A. Each OPT-P3A is now a small problem that can be solved easily by
checking all promising solutions, leveraging massive parallel computing resources. In Step B,
we address the feasibility to the original problem OPT (i.e., those infeasible solutions due
to relaxation of yx(t)’s in Phase 3 Step A). This is done by another Np;|K| independent
sub-problems (denoted as OPT-P3B). After Phase 3, we have Np; sets of promising and

feasible solutions as scheduling candidates.

Finally in Phase 4, among the Np; intermediate best solutions, the best solution is chosen

as the final scheduling solution to problem OPT.
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5.4.2 Design Details
We have two main principles that will be carried out throughout the design of mCore+:

o Exploring parallelism: the decomposition should be able to generate a large number
of independent sub-problems that can be fit into a given GPU platform. Also, each
sub-problem should have an identical structure such that we can take advantage of

GPU’s single-instruction-multiple-data (SIMD) architecture for high efficiency.

« Finding the most promising search space: the search space is reduced into a smaller but

most promising area, leveraging the insights from channel conditions and correlations.

In the rest of this section, we present the design details of mCore+ based on the above

two principles.

Phase 1: MCS Selection.  We first decompose problem OPT along z}(t) variables,
which corresponds to fixing MCS in each sub-problem. If we enumerate all possibilities of
2™ (t)’s, this will give us |M|*l sub-problems in total, which is too large to be handled in

real-time. We now show how mCore+ chooses a promising subset of sub-problems.

First, we identify the largest possible MCS that can be used by a user. On RB b, the
largest possible SINR of user k happens when RB b is scheduled exclusively for user k (i.e.,
no co-scheduled MU-MIMO users) and only one data stream is transmitted to user k. In this

case, user k gets all transmit power Pr exclusively and no inter-stream interference exists.

2
By (5.4), the best possible SINR of user k& on RB b is M. Denote the largest eigenvalue

2
o

of user k’s channels over all RBs as o7, i.e., of = max{0?(1)|b € B}. Then we must have the

*2
PTU2k

best possible SINR of user k’s streams across all RBs is , i.e.,

o

P *2
SINRY/ < f;’f . (beB, fef{l,-- Ng}) (5.9)

0
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Thus, the highest MCS that user £ may use, denoted as My, can be determined by the
user k’s best possible SINR. That is

On one hand, simply applying m; to user £ may not be the best choice, as a user may
use a lower MCS to support more RBs and streams at the same time. On the other hand,
choosing an MCS much lower than 7y, is not helpful. The intuition is that applying an MCS
much worse than channel quality is unlikely to improve the PF objective. Therefore, we
consider user k’s MCS to be chosen from the set My, of top 10 highest MCS that can be

applied to user k, where M, is given by

M ={m e M|0 <my, —m < 10} C M.

Let M be the Cartesian product of sets My, My --- My, ie.,
.//\\/l/:./\/ll X Mgy X --- X./\/l“q CM"C‘.

Accordingly, the MCS selection for all users will be one of the elements in M. Now the
important step is that, instead of picking one element from M at a time, we propose to
randomly select a number of elements from M at once, as MCS candidates, to solve the
problem. There are different approaches to have the random selection. One approach is
based on the PDF extracted from previous experience and statistics. As the MCS sets M,’s
for each user are already promising candidates, we apply a simple uniform selection in this

paper, and show it will offer an adequate solution.

Suppose the number of elements we choose from M is Npy, which will be determined
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based on GPU capability and PF performance in experiments. We then have Np; indepen-
dent sub-problems, each of which corresponds to a given MCS assignment. Denote the i-th
random selection as m; (a length |K| vector). Then in the i-th sub-problem, z}"(t) is given
by

G (t) = b, (5.10)

0, otherwise,

where m;(k) is the k’s element of m;.

Denote 87 as MCS solution for the i-th sub-problem. Note that for each S7 we still
have >\, 21 (t) = 1. Denote mj; as the (one and only one) MCS that satisfies z;n’“ (t) = 1.
Then the problems we are going to solve after Phase 1 are Np; independent sub-problems

as follows.

OPT-P1 (xNpy)

Yr(t) bfm,C )

max ZZZRkt—l (1)

beB kek f=1

s.t. Constraints (5.1), (5.2), (5.4), (5.5).

Phase 1 is designed to be performed in parallel, as illustrated in Fig. 5.3. mCore+ first
generates |B||K| parallel threads, each of which holds one value of ¢?(1). Then by leveraging
parallel reduction technique [116], we find the largest eigenvalue o} over all RBs for each
user k. Next, through |K| independent threads, mCore+ calculates the best possible SINR
Pro}?

—*— and also determines the highest possible MCS my, for each user. Now we have M
0

based on 7m;’s. mCore+ then spawns Np;|K| threads to randomly select MCS candidates.
Specifically, every |K| threads are used to pick one my; for |K| users in sub-problem 4. All

the Npi|KC| MCS candidates (for all Np;| sub-problems) are selected in parallel.



User1 User2 User3 User4

RB 1 [01(1)[oz(1)[o3(1) |01 (1)

RB2 |07 (1)|03(1) |05 (
rB3 |07 (1)|o5(1)|o5(1)[o3(1)

Parallel reduction % &2 2& ﬁz

User1 User2 User3 User4
. I *k *k *k *k
Largest eigenvalue o Oq 0-3 0y

over RBs ﬁ ﬁz ﬁ 2&

User 1 User2 User3 User4
MCS candidates M| Mo | M3 | My

M
Draw Np1|K| _ - ~<_
random samples _-" \‘ T~< -
First sub-problem OPT-P1 ... Npj-th sub-problem OPT-P1
User1 User2 User3 User4 User1 User2 User3 User4
MCS 18| MCS 20| MCS 17| MCS 9 tee MCS 10| MCS 25| MCS 10| MCS 13

Figure 5.3: The illustration of the parallel design of Phase 1.
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Phase 2: User Selection. In Phase 2, we focus on finding promising x?(t)’s for problem
OPT-P1. This means to select a group of users on each RB to form MU-MIMO transmission.

For each b € B, at most Nt of 2 (#)’s can be non-zero (i.e., at most Nt users can be grouped
K

_|_
N

Generally speaking, scheduling too many users on the same RB is not helpful in terms

K
for MU-MIMO on each RB). This gives us a total number of |B| [(' |> +
1

possibilities to assign x8(t)’s.

of improving data rate. This is because: 1) scheduling more users would cause higher
correlations among the users, which will deteriorate SINR due to interference; 2) transmit
power Pr will be split among the users, thus more users do not necessarily mean a higher
sum rate. mCore+ identifies promising MU-MIMO users with the following two steps. In
Phase 2-A, we pinpoint a subset of users K* C K on each RB with better channel qualities
at current TTI ¢t that are likely to lead to a high data rate. In Phase 2-B, a smaller subset
of users Kb C K is chosen as the candidates for MU-MIMO transmission, which is based

on channel correlations. The number of possibilities to assign z%(¢)’s is then reduced to

K| e
|B| +- 4 after Phase 2.
1 sd

o Phase 2-A.

A subset of users Kb C K on each RB is selected based on channel qualities normalized
by long-term average Ry (t —1). Similar to Phase 1, the achievable data rate is directly tied
to the channels’ eigenvalues. We consider the largest eigenvalue o%(1) of each user’s channel
on each RB. Then we determine K? based on the following metric:

2
log (PTO,Z;Q(D )

b 0

Suppose we are going to select Kpoa users on each RB, i.e., |l€b| = Kpoa (< |K]). We
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sort q,’;’s on each RB and K’ is determined by choosing Kpop users with the Kpos highest
¢%’s. That is, let 7° be the descending ordering of {¢t, - - - ,qlb,q}, and 72 is the order of ¢?,
then

= {k € K|t < Kpapa}. (b€ B)

The intuition behind this selection is that, once the user is experiencing a better channel
quality compared with its long-term average, it will have a higher chance to be scheduled.

This behavior will maximize PF objective.

After this step, the search space regarding users on each RB is limited to Kb c IC, and

the optimization problem can be written as:

OPT-P2A (X Npl)

yi(t) bf,mk( )

max ZZZ

beB ety f=1

s.t. Constraints (5.1), (5.2), (5.4), (5.5).

o Phase 2-B.

This step determines a smaller user set K C Kb for possible MU-MIMO transmission
on each RB. In Phase 2-A, we select users with plausible channel qualities. Another key
impact on SINR performance is channel correlations among co-scheduled users, as multiple
users co-scheduled in the same RB are mutually dependent. Generally speaking, the more
orthogonality the scheduled users have, the higher SINR (and thus higher data rate) can be
achieved after applying precoding schemes. This is because projecting co-scheduled signals
onto mutually orthogonal subspaces (via precoding) to avoid interference would sacrifice

more desire signal strength when the channels are less orthogonal.

In this step, we aim at identifying users with low channel correlations. To do this, we
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first calculate channel correlations between every two users in Kb. mCore+ uses the metric
chordal distance to measure the channel correlations. The chordal distance represents the

angle between two subspaces A and B, which is given by [150]
L lA.AT - BB (5.12)
\/5 o o ?

where A, and B, are orthonormal bases for subspaces A and B. One of the characteristics
of chordal distance is that it can quantify the distance between multi-dimensional subspaces.
Thus it is useful to measure the orthogonality between users when both the BS and users
are with multiple antennas. Consequently, the chordal distance between two users can be
given by

Bllnk) = —IIVE VI = VE VI (5.13)

mCore+ calculates dz(k’l,k’g) for every two users ki, ko € KC® on each RB b € B. Then
mCore+ selects Nggp users (i.e., K?) from K on each RB as the candidates for MU-MIMO

transmission.

K" is determined by the following rules. First, on each RB b, mCore+ adds the first user
(from K?) to K? that has the highest ¢¥ (from Phase 2-A). Next, mCore+ adds users to K
one by one by picking the largest average chordal distance to existing users in K?, until we
have Kpop users in K. The process is computationally easy and can be simply expressed by

the following:

While |,Cb| < KPQB:
k= argmax, g, o wexe Aok, K');
Kb KPUR, Kb« KV/R.

Now the candidate users for MU-MIMO on RB b are restricted to X°. Note that for
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k' & K we have 2%, = 0. The final scheduled users on RB b will be determined in the next

phase. After Phase 2-B, the remaining problem is given by

OPT-P2B (prl)

yi(t bfmk )
b

max ZZZRkt—l (1)

beB kekb f=1

s.t. Constraints (5.1), (5.2), (5.4), (5.5).

The number of problem OPT-P2B we are going to solve is the same as that of OPT-

P1, i.e., Np;. After Phase 2, the number of RB allocation possibilities is reduced from

() o () o () e ()

Fig. 5.4 illustrates how we can execute Phase 2 in parallel. As the values of ¢¥’s are

independent among RBs and users, mCore+ can generate |B||KC| parallel threads to calcu-
late them simultaneously. Next, every || threads are grouped as a block for cooperative
operation (allowing certain information exchange within a block), and in total we have |B]
independent blocks. Within b-th block, a sorting algorithm is performed on ¢¢’s for RB b.
The sorting results will determine /Eb, which completes Phase 2-A. In Phase 2-B, the chordal
distances are independent among RBs, and each distance only involves two users. There-
fore, by using |B| - %\I@’P parallel flows, all d5(k, ks)’s can be obtained at once. Finally,
mCore+ applies |B||K?| threads to find MU-MIMO candidates K on each RB. Similar to
Phase 2-A; every |Eb] threads are grouped in a block, and the b-th block is to find the best

|KC?| orthogonal users for RB b.

Phase 3: Determining Stream Number. In this phase, we focus on determining
yr(t) variables, and also decide % (t) variables in the meanwhile. As a user k can transmit

from 0 data streams to Ny data streams (across all scheduled RBs), the total number of
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Phase 2-A

User1 User2 User3 User4  __ ___ __ ________
T Sort | 0

1
RB1| @3 q% q% 44 =* RB 1| User 1 | User 3 | User 4 ;User2

2 2 2 2 .
RB2| q1 | 92 [ q3 | 44 ==+ RB 2| User4 | User3 | User 1 |, User 4
31 .3 | 3| 3 ! .
RB 3| {71 q- ds qq ~~+ RB 3| User2|User4|User1|User3

= Kb
Phase 2-B
RB 1 RB 2 RB 3
_ A
~—
Chordal distance
S4 User 1 User 3 User 4
S3
User 1 0 0.6 0.9
User 3 0.6 0 0.4
H, o S1 User 4 0.9 0.4 0
ICl ICQ ]C3
S~ -
—
OPT-P2B

Figure 5.4: The illustration of the key steps of Phase 2, which is designed to be performed
in parallel.
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possibilities is (Ng 4+ 1)®l. This can be a huge number as |K| can be ~100. We apply the

following approach to reduce complexity.

We relax y(t) by allowing user k to have a different number of data streams on different
RBs. Denoted y2(t) as the number of user k’s data streams on RB b, where 3°(t) can
be different from y? (t) for b # V. Then one problem OPT-P2B can be divided into |B]
independent sub-problems. We first leverage parallel computing techniques to solve each
sub-problem in Phase 3-A, then in Phase 3-B, we address the feasibility to the original

problem OPT (i.e., to guarantee y?(t) = y? (t) for all b # ' if 2% (t) = 2% (t) = 1).
e Phase 3-A.

After the relaxation on yi(t)’s, we have the following sub-problem for each b € B,

OPT-P3A (XNP1|B|)

s.t. Constraints (5.1), (5.4), (5.5),
yll;<t> S NR7

sz(t)yll;(t) < Nr.

kek
In problem OPT-P3A, we have a total number of (Ng + 1)/’ possibilities for y?(t)’s. In
practice, Ny typically ranges from 2 to 4. mCore+ will limit y?(¢) to satisfy 0 < y2(¢) < 2, as
transmitting too many data streams on one user is not likely to improve sum rate [129, 130]
(the constraint for total number of data streams on one RB remains the same as (5.2)).
Then the total number possibilities for y(¢)’s is 3* = 81 when |K*| = 4. mCore+ conducts
an exhaustive search in parallel to evaluate the objective values of problem OPT-P3A. Note

that the assignment of 2% (¢) is implied by y?(#). That is, when y?(¢) is assigned to be 0, then
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22(t) = 0 (i.e., user k is not scheduled on RB b); when y2(t) is assigned to be 1 or 2, then
28 (t) =1 (i.e., user k is scheduled on RB b). We denote the optimal solutions for 3?(¢) and

22 (t) as yP*(t) and 22*(t), respectively.
e Phase 3-B.

Now we resolve the conflict of y2*(t) # 3 *(t) for b # b if 22*(t) = 2V*(t) = 1 (i.e., to
determine the final 2% (¢)’s and yx(t)’s). We apply the following heuristic to determine final
2%(t)’s and y,(¢)’s. The final scheduling solution will be determined independently among
the users. When we determine a scheduling solution regarding user k, we fix all other users’
solution by letting %, (t) = 2% (t) and yp (t) = y2*(t) for all K’ € K, k' # k,b € B. Then we
choose the solution of x%(¢) and y(t) from those satisfying feasibility constraints in OPT
(with MCS mj, from Phase 1). Denote v (%, yi, {2} /2%, {yki}/yl*) as the PF objective
value achieved by 2% (t), yi.(t), and 28, (t) = 2% (1), yr (t) = y2*(¢) for all k' € K, k' # k, which

can be given by

v(xk,yk,{m T {un u ):

Kbk vk (1) bfmk KAk Y (1) o (1) (5.14)
S e S S
beB f=1 beB k'ekb f=1 k’ -

Note that the second term is a constant as all variables are being fixed. The only variables
are x%(t) and y(t) in the first term. To guarantee the feasibility constraints related to x(t)
and y,(t) in the original problem (i.e., constraints (5.1) and (5.2)), we impose x4 (¢) < 22*(¢)
and 28 ()y(t) < 28 (t)y2*(t) for all b € B. As 22" and yb*(¢) are solutions to problem OPT-
P3A, they must satisfy feasibility constraints (5.1) and (5.2) on any particular RB b. It is
easy to verify such % (t) and yy(t) will satisfy (5.1) and (5.2) with these imposed constraints.

Formally, for each k € K, we have the following optimization problem to determine x%(t)
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and yy(t).

OPT-P3B (prl\/C])

Kbk yi(t bfmk(t>

max ZZRkt—l (1)

beB f=1

s.t. Constraints (5.4), (5.5),
zh(t) < 2% (t), for all b € B;

b (O)y(t) < 28 (H)yb*(t), for all b € B.

In Phase 1, we have Np; different assignments for MCS. As problem OPT-P3B is designed
to be independent for each user, we have |K| x Np; independent problems of OPT-P3B. Each
problem is fairly simple, as y;(t) has only three possibilities and 2% (¢) is restricted within
a small set. Among the |[KC|Np; problems, there are |K| problems that corresponds to one
MCS assignment S7 (from Phase 1). Denote the |K| solutions of z%(t)’s and y(t)’s (for |K]|
users), corresponding to the i'th MCS assignment as S¥ and SY, respectively. Then S and
SY, along with corresponding MCS assignment SZ, constitute a complete solution set. We

denote the complete solution set as S; = (S¥,SY,87). After solving OPT-P3B, mCore+

obtains Np; sets of feasible solutions Sy, Ss, -+, Snp, to OPT.

Phase 3 is designed with the exploration to enable parallel implementation, as shown in
Fig. 5.5. In Phase 3-A, thanks to the design of relaxed problem OPT-P3A, the calculations
of SINR and objective values become independent among RBs. mCore+ uses Np;|B| parallel
flows to solve Np1|B| problems of OPT-P3A independently (where each flow includes many
threads to solve one problem). In Phase 3-B, the problems of OPT-P3B are constructed to
be mutually independent among users. Such design allows us to use Np;|K| independent

(but structurally identical) flows to solve each OPT-P3B.
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Figure 5.5: The illustration of the parallel design of Phase 3. It is designed to take advantage
of parallel computation.

Phase 4: Comparison and Finding Best Solution. In this phase, we find the
best MCSs 22"(t)’s, as well as corresponding 2% (t)’s and y(t)’s, that provide the best ob-
jective values. The approach is straightforward. Among all the promising solution sets
851,82, -+, SNy, the one that can offer the highest PF objective value will be chosen as the

final scheduling solution.

Note that all the objective values are already calculated in Phase 3. Here we just need to

apply parallel techniques, such as parallel reduction, to compare and find the best solution.

5.5 Implementation

In this section, we present our implementation of mCore+. mCore+ is implemented on

a COTS GPU platform—NVIDIA DGX Station. NVIDIA DGX Station includes 4 V100
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GPU cards, and we only use two of them. Each V100 GPU card consists of an array of
80 streaming multiprocessors (SMs) with 5120 CUDA cores (64 cores per SM). Each SM
includes 48 KB shared memory. The CPU of the DGX Station is Intel Xeon E5-2698 v4 2.2
GHz (20-core). The data communication between CPU and GPU is based on a PCle V3.0
architecture, and data communication between different GPU cards is based on NVIDIA

NVLink architecture [151]. Our programming platform is CUDA v10.2 [117].

5.5.1 Fitting mCore+ into the GPU

In addition to the design of a parallelizable algorithm, it is important for a designer to have
full knowledge of the employed GPU and know how to fit the problems into the GPU to
achieve high performance. Generally speaking, it is desired that all the GPU cores can
keep busy calculating (to increase the so-called “achieved occupancy” [152]) with minimized
memory access time. Following this principle, mCore+ is implemented with the following

key considerations.

o FExecute all computation on the GPUs, with nearly zero support from CPU. Our
DGX Station is equipped with PCle V3.0 and NVLink architecture—a relatively high-
speed CPU-to-GPU, GPU-to-CPU, and GPU-to-GPU data transfer architecture. As
mCore+ has decomposed problem OPT to a level that is suitable for massive parallel
computation, we conclude that it is much faster to solely use GPUs for all computa-
tions. CPU will only be responsible for scheduling the kernels, controlling the data
transfer, and synchronizing different flows as needed, while no actual computation for

the problem is performed on CPU.

o Minimize the data transfer between GPU cards.  Although high-speed data trans-

fer between GPUs can be realized, the cost of corresponding synchronization can be
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expensive. That is, the computation on both GPU cards may be suspended for send-
ing/receiving data. Also, the extra scheduling overhead for synchronization may cause
additional delay. To reduce such consumption, the best practice is to exploit inde-
pendency between GPU cards and minimize the need for data transfer. For mCore+,
most operations are independent among RBs. Therefore, the computation tasks are
distributed between GPUs based on RBs. Only a small amount of data transfer be-
tween GPU cards is needed, such as sharing the MCS candidates with all RBs, and

comparing the objective values on different RBs.

Exploit SM’s compute capability. A V100 GPU card consists of 80 SMs, each of which
includes a set of computing resources: CUDA cores, registers, and shared memory, etc.
SMs are responsible for creating, scheduling, and executing the parallel threads. Im-
portantly, these threads are executed in groups, where a group is 32 consecutive threads
known as a warp. Threads within a warp will execute exactly the same instructions
simultaneously (while carrying different data). To fully utilize SM’s compute capa-
bility, we need to achieve two goals here. First, generate a sufficiently large number
of threads. Having a large number of threads in flight can keep all the GPU cores
on each SM busy with calculations and therefore complete the mission in time. This
number should be at least 80 x 32 = 2560, but can be much larger if the SM usage
is not limited by factors such as the usage of registers and shared memory. Second,
minimize the use of conditional branches (such as if-then-else statement) for threads
within a warp. When conditional branches are used in a warp, only the threads in
one of the branches can be executed in parallel, while threads in any other branches
have to be suspended, due to the warp architecture. Therefore, it is essential to have
every consecutive 32 threads (i.e., threads within a warp) follow the same instructions

to achieve high efficiency.
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Figure 5.6: Implementation of mCore+ on two V100 GPU cards.

o Use shared memory intelligently. The on-chip shared memory is much faster than the
global memory, but with limited storage space. In our problem, many operations that
repeatedly acquire a small size of data can benefit from shared memory. For example,
the parallel reduction technique with shared memory can be used to find the largest

number in a group, and matrix inversion is also performed on shared memory.

5.5.2 Key Steps

mCore+ is implemented with the considerations in Section 5.5.1 throughout programming.

As illustrated in Fig. 5.6, mCore+’s key steps in each TTI ¢ is as follows.

e Step (i): Transfer data from host device to GPU device. To reduce the
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time consumption for transferring the channel information to GPU, mCore+ exploits the
parallelism between data transfer and GPU computation. Specifically, in TTI ¢, partial
CSI % and V! for all users on all RBs that will be used in TTI ¢ + 1 are transferred from
host device to GPU memory. The computation in current TTI ¢ is based on the latest
channel information that was transferred in TTI ¢ — 1. Therefore, the data transfer and
GPU computation can be executed concurrently. To guarantee the channel information is
still valid when we use it, the channel coherence time should be at least 3 TTIs (1 TTI for
data transfer, 1 TTI for GPU computation, and 1 TTI for actual transmission), which can
be satisfied for most communication scenarios under numerology 1. Further, since we use
two GPU cards, we divide the channel matrices into two halves. As most operations are
dependent among RBs by the design of mCore+, this division is based on RBs. That is, the
®’s and V?’s corresponding to the first @ are transferred to the first GPU card. The second

half is transferred to the second GPU card.

e Step (ii): Execute Phase 1. On each GPU card, mCore+ generates @]/C\ threads
to obtain the largest eigenvalue of user k’s channel over the first or second half of RBs.
Then, the second GPU card sends the results to the first GPU card, so that the first GPU
can obtain the largest eigenvalue o} over all RBs. Based on the o}’s, mCore+ generates
|C| threads to calculate 7y (i.e., the highest MCS that user k can use) only using the first
GPU card. The cuRAND library [153] is applied to draw Np; random selections of m;’s
from M by Npi|K| threads. Subsequently, the first GPU card sends a copy of the MCS
selection results m;’s to the second GPU card, which will be needed for future calculation
on the second GPU. The value of Np; can be determined empirically to strike an appropriate
trade-off between computation time and PF performance. That is, we choose Np; to be large
enough (but not overly large) to obtain a satisfactory PF performance before consuming too

much computation time. After this step, we have Np; problems of OPT-P1.
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e Step (iii): Execute Phase 2. The execution is independent between two GPU
cards throughout Phase 2. In Phase 2-A, we generate a kernel with ‘QQ|IC| threads to calculate
¢%’s on each GPU card in parallel. This kernel also finds the Ngoa highest ¢b’s in each block
(for each RB), thus determines K. In Phase 2-B, to compute the chordal distances between
every two users, a kernel with @ . |l€b| - N2 first calculates VZVZT for each user. Then another
kernel with gﬁl . %|I€b|2 - N2 threads is created to calculate each element inside the Frobenius
norm (5.13). Subsequently, within this kernel, the parallel reduction technique [116] is used
to get the chordal distances d’(ki, ky) for every two users in Kb,b € B. Finally, another
kernel with a size of @ x |KCt| (block by thread) on each GPU card is applied to find the

best |K?| orthogonal users on each RB.

e Step (iv): Execute Phase 3. To solve OPT-P3A, mCore+ first spawns |2£|(2 +
1)"@' N - 2|I€b\ threads on each GPU card to calculate each element of precoding matrices
(with the dimension up to Np x 2|K?|) for all (2 + 1)"€b| possibilities on each RB. Then
|—§‘ 21K - (2 4 1)"@' threads compute the SINRYY for up to |B] - 2|K?| data streams for all
(2 + 1)“@| possibilities. After that, a kernel with Npl‘%| blocks and (2 + 1)"61)| threads per
block solves OPT-P3A, where one block finds the optimal solution to one OPT-P3A problem.
To solve problem OPT-P3B, the data communication between GPU cards is needed. First,
a kernel with Npy|K| blocks and @ threads per block is applied on each GPU card, where
one block finds the best solution to one OPT-P3B problem w.r.t. the first or second half
of RBs. Then the first GPU card calculates the optimal solution to OPT-P3B by accessing
the second GPU’s global memory. The first GPU card sends a copy of results to the second

GPU card for further operations. As described in Section 5.4.2, we now have Np; sets of

feasible solutions S1, 83, -+, Snp, -

e Step (v): Execute Phase 4. First, cach GPU card launches a kernel with Npl‘%'

to obtain the sum of PF values over the first or second half of RBs. After the results are
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collected to the first GPU card, a kernel with Np; threads is launched only on the first GPU
card to find the best solution §* that offers the highest PF objective value, among the Np,

candidates of S;’s. Parallel reduction technique is used to accelerate the comparison process.

e Step (vi): Transfer data from GPU to host device. Once the final solution
is determined, we transfer the scheduling solution §* and corresponding precoding matrices
from GPU devices to host device. The data transfer time will be counted toward mCore+’s

total execution time.

5.6 Experimental Results

In this section, we validate the performance of mCore+ based on our implementation in

Section 5.5.

5.6.1 Settings

We consider a DL scheduling problem in a 5G NR cellular environment, where one BS is
serving a number of users. The number of users |K| is chosen from {50,100}, the number
of RBs is |B] is 100, and we have 29 different MCS levels in M. The BS is equipped with
up to 12 antennas, and each user has up to 4 antennas. For the wireless channel HS (), it
is composed by large scale fading Ly and small scale fading HY(¢), i.e., Hi(¢t) = L, "HL(2).
Large scale fading Ly, is uniformly chosen from [0dB 6dB] to reflect different user locations,
which does not vary in frequencies and TTIs. The small scale fading H:(¢) is modeled
through Rayleigh fading [9], which differs among every user, RB and time slot. The SNR
(i.e., Pr/n3) is set to 10 dB. For the parameters of our algorithm, the number of possible MCS

assignments Np; (see Phase 1 in Section 5.4.2) is set to 256, the numbers of promising users
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on each RB, |K?| and |K?| (see Phase 2 in Section 5.4.2), are set to 10 and 4, respectively.

We compare our design with the following state-of-the-art PF schedulers: 1) SU-PF
(SU-MIMO PF scheduler from [135]), 2) MU-PF (MU-MIMO PF scheduler from [131]), and
3) Unified-PF from [132]. None of the existing works developed their system models as
comprehensive as ours. To compare with those algorithms, we made necessary extensions
based on the nature of those algorithms. Specifically, we extended SU-PF and MU-PF to
support MCS scheduling following their idea of choosing 1 or 2 data streams (diversity mode
or multiplexing mode) for each user. We extended Unified-PF by allowing 2-user MU-MIMO

based on how they iteratively select MCS and RBs.

All the algorithms are running on the same machine as we described in Section 5.5.
mCore+ is run by CUDA platform while other algorithms are implemented on MATLAB.
For any of the algorithms used for comparison, we terminate the algorithm once the execution
time exceeds 5 hours. Therefore, for any partial curves, the last points of the curves represent

the cutoff of 5-hour running time.

5.6.2 Case Studies

In this section, we use two network settings as case studies to validate mCore+’s timing

performance and throughput performance. We consider the following two typical settings:

(a) |B| = 100, |K| = 50, Ny = 8, Ny = 2; (b) |B| = 100, |K| = 100, N = 12, Ny = 4.

Results for network setting (a) We first examine the performance of mCore+ under
the setting (a) |B| = 100, || = 50, Ny = 8, Ng = 2. In Fig. 5.7, we compare the execution
time of mCore+ and the other three schedulers for 200 consecutive TTIs. The results show
that mCore+ can offer the scheduling solution within 500 us across all TTIs. The average

running time is 411 ps. This demonstrates that mCore+ can meet the timing requirement of
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Figure 5.7: Timing performance comparison under different algorithms for setting (a) |B| =
100, |K| = 50, Ny = 8, Ng = 2.

5G numerology 1 under the setting (a). On the other hand, the average computation time
of SU-PF, MU-PF, and Unified-PF is 2.5 ms, ~ 6 x 103 ms, and ~ 2 x 10 ms, respectively,

which are far beyond 5G’s sub-ms real-time requirement.

In Figs. 5.8 and 5.9, we evaluate mCore—+’s throughput performance. We consider two im-
portant performance metrics for PF schedulers, including the PF objective 3", _x logy (R (1)),
and the network throughput  , . }N%k(t) Figs. 5.8 and 5.9 show the achieved PF objec-
tive value and network throughput under different algorithms for 200 consecutive TTIs,
respectively. The results suggest that mCore+ can obtain better or comparable PF values
compared to other state-of-the-art algorithms. As expected, the algorithms that support
MU-MIMO transmission (mCore+, MU-PF and Unified-PF) achieve better throughput per-

formance than the algorithm SU-PF that only supports SU-MIMO scheduling.

Results for network setting (b) Now we evaluate mCore+’s performance under the
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Figure 5.10: Timing performance comparison under different algorithms setting setting (b)
|B| = 100, || = 100, Ny = 12, Ng = 4.

setting (b) |B| = 100, || = 100, Ny = 12, Ng = 4. Fig. 5.10 shows the timing performance
under different algorithms for 200 consecutive TTIs. As shown in Fig. 5.10, the execution
time of mCore+ is ~500 us. In contrast, the average computation time of SU-PF and MU-
PF is ~4 ms and ~ 3 x 10* ms, respectively. Unified-PF requires > 10° ms to find a solution

under this setting. Its computation time is too large to fit in the scale of the figure.

In Figs. 5.11 and 5.12, we show the achieved PF objective value and network throughput
under different algorithms. As shown in Figs. 5.11 and 5.12, mCore+ can achieve the highest
PF values and highest network throughput compared to other algorithms. Compared with
the setting (a) (where the number of users and antennas are smaller), the performance gap
between mCore+ and other algorithms becomes larger. This is because their algorithms can
only schedule up to 2 streams per RB, while mCore+ can better take advantage of the spatial

diversity brought by many antennas, thanks to the large-scale parallel design to support up
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Figure 5.11: Achieved PF objective value under different algorithms for setting (b) |B| =
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to 4-user MU-MIMO transmission. SU-PF achieves the least PF values as the algorithm

only supports SU-MIMO scheduling.

5.6.3 Varying Network Parameters

In this section, we evaluate the behavior of mCore+ by varying different network parameters

such as the number of RBs, users, and antennas.

In Fig. 5.13, we vary the number of RBs |B| to study its impact on mCore+’s execution
time. We vary |B| from 20 to 100. The number of users is || = 100. Fig. 5.13(a) shows
mCore+’s execution time (mean, max and min values over 200 consecutive TTIs) as a
function of RB numbers when Nt = 8 Ng = 2. The results demonstrate that mCore+’s
execution time is well below 500 ps under all cases. The mean values are 277 us, 333 us,
393 us, 411 ps, and 461 us when |B| is 20, 40, 60, 80, and 100, respectively. In Fig. 5.13(b),
we show mCore+’s execution time when Np = 12, Ng = 4. Fig. 5.13(b) shows the mean
values are 305 s, 365 us, 422 us, 459 us, and 509 us when |B| is 20, 40, 60, 80, and 100,
respectively. The execution time is slightly higher than the case when Nt = 8, Ny = 2,
as the matrix operations become more intensive when the numbers of antennas are larger.
Across 200 consecutive TTIs, the execution time is well below 500 us for up to 80 RBs, and

it is around 500 us when |B| = 100.

Next, we study the timing performance as a function of the number of users |KC|. We vary
|| from 20 to 100. The number of RBs |B| is 100. Fig. 5.14(a) shows mCore+’s average
execution time with the maximum and minimum values over 200 consecutive TTIs when
Nt = 8, Ng = 2. The results show that mCore+ is able to find the solution within 500 us
under all cases. We note that although the execution time increases with the number of

users, the rate of increase is fairly slow as the number of users increases. This is because
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TTIs) as a function of the number of RBs. (a) Ny =8, Ng =2, (b) Ny =12, Ny = 4.
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that mCore+ can identify a small but most promising subset of users to form MU-MIMO
transmission, and therefore the time-consuming operations (such as calculating beamforming
matrices and SINR) only need to be performed for a small set of users. When Nt = 12, Ng =
4, Fig. 5.14(b) indicates that mCore+’s execution time is lower than 500 us for up to 60

users, and it is around 500 us for up to 100 users.

In Fig. 5.15, we present the network throughput performance ), Ry (t) as a function
of the number of antennas Nt at the BS under different algorithms. Nt is varying from
6 to 12, and we consider two different settings: (a) (a) Ng = 2,|K| = 50, |B| = 100, (b)
Nr =4, |K| = 100, |B| = 100. We didn’t include the performance of Unified-PF in the figure,
as it is not able to converge to its long-term average throughput after 5 hours of running the
algorithms. The results in in Fig. 5.15 show that under both settings (a) and (b), the network
throughput just slightly increases with Nt under MU-PF and SU-PF. However, mCore+ can
better take advantage of additional antennas to achieve much higher throughput. This is
because mCore+ utilizes the knowledge of channel correlations among users and supports up
to 4-user MU-MIMO transmission, and therefore it can better exploit the spatial diversity

offered by many antennas compared with other algorithms.

In summary, the experimental results show that mCore+ is the only algorithm that can
find the scheduling solution in ~500 us under all tested cases (for up to 100 RBs, 100 users,
4 MIMO, and 4 users per RB). Further, the throughput performance achieved by mCore+

is better or comparable to other algorithms.

5.7 Chapter Summary

This paper presents the design and implementation of mCore+. mCore+ is the first MU-
MIMO scheduler for 5G NR that achieves ~500-us real-time scheduling. By the design of
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Figure 5.15: Comparison of throughput achieved by different algorithms as a function of the
number of antennas at the BS. (a) Ng = 2, |K| = 50, (b) Ng = 4,|K]| = 100.
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mCore+, RB allocation, number of data stream determination and MCS assignment are
jointly optimized. In particular, multiple users may share the same RB resources by our
design. To address the real-time challenge, mCore+ employs a multi-phase optimization,
with each phase exploiting large-scale parallelism. The search space is reduced through
the knowledge of channel conditions and user correlations. We implemented mCore+ on a
COTS GPU platform to examine its performance. Through extensive experiments, we show
that mCore+ can obtain a scheduling solution with ~500 us for up to 100 RBs, 100 users,
4 x 12 MIMO systems. Moreover, mCore+ is able to offer a better or comparable throughput

performance compared with other state-of-the-art algorithms.



Chapter 6

A Sub-millisecond Scheduler for
Multi-Cell MIMO Networks under
C-R AN Architecture

6.1 Introduction

To increase spectrum efficiency and reduce the operation cost for the next-generation cellular
systems, the so-called “C-RAN architecture” has been explored [154, 155, 156, 157, 158]. As
shown in Fig. 6.1, C-RAN is based on a centralized architecture—a baseband unit (BBU)
pool located at a centralized site serving several remote radio heads (RRHs). The BBU pool
is responsible for the data processing at upper PHY layer (i.e., baseband signal processing),
MAC layer and network layer for all RRHs under its coverage. Each RRH is equipped
with multiple antennas—they are responsible for lower PHY layer signal processing, i.e.,
performing the radio frequency functions and emitting the signals.! Connection between the
BBU pool and the remote RRHs is through high-capacity, low-latency optical fronthauls.
Per 5G specifications, the maximum allowed end-to-end one-way latency of functional spilt

between upper PHY and lower PHY is 250 us [160], which is sufficiently small compared

IThe point of separation between BBU pool and RRHs in functionalities may vary and depends on
different options in 5G [159].

191
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Figure 6.1: Under C-RAN architecture, a centralized BBU pool is scheduling resources for
users covered by a set of RRHs. A user can receive its data from one or multiple RRHs at
the same time.

with the channel coherence time for most communication scenarios. Therefore, the real-time

scheduling can be performed at the center BBU pool.

A goal of C-RAN is to support joint transmission—a coordinated beamforming scheme
that can significantly improve spectrum efficiency [154, 155, 156, 160, 161]. By “joint trans-
mission”, we mean a user can receive its data from multiple RRHs simultaneously (see user
A in Fig. 6.1). As future networks become smaller and denser, there is opportunity from
joint transmission. Likewise, effective management of inter-cell interference becomes even
more important. Thanks to centralized architecture in C-RAN, the virtual BS (i.e., BBU

pool) can ease the sharing of signaling, traffic data and channel state information (CSI) that
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are needed for joint transmission from different cells.

However, significant challenges remain in the design of a C-RAN scheduler for joint
transmission. To concretize our discussion, let’s consider a downlink scheduling problem in

C-RAN. We face the following critical challenges.

o First, the centralized scheduler must allocate a number of RBs and decide the beam-
forming matrices at each RRH. Under joint transmission, the same RBs but from
neighboring RRHs may be transmitted to the same user. As such, in each TTI, solu-
tions to RB allocation and beamforming matrices must be done jointly across different

cells at the virtual BS.

e Second, the scheduler must assign MCS and number of data streams for each user.
Under 5G NR [4], a user’s receiver must have the same MCS level and number of data

streams across all RBs that are allocated to her (even they come from different RRHs).

o Third, to achieve high throughput, MU-MIMO transmission should be used under

C-RAN. Thus, an RB may be allocated to multiple users.

o In addition to the above challenges on the scheduler side, we also have a stringent
timing requirement—the scheduler must find its scheduling solution within one TTI.
Under 5G numerology 0, one TTI is 1 ms. Then the C-RAN scheduling solution must
be found within 1 ms to be useful. To support ultra-low latency applications, an even

shorter TTT may be needed (e.g., 500 ps under numerology 1).

To date, there has been a number of studies on scheduling or beamforming problems under
C-RAN (see, e.g., [162, 163, 164, 165, 166, 167, 168, 169]). However, none of these studies
considered real-time requirement for their proposed solutions. For example, the authors in

[162, 163, 164, 165, 166] designed coordinated beamforming schemes for C-RAN, but these
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designs are based on iterative optimization, which requires excessive amount of computation
time. Further, none of these existing works jointly optimizes RB allocation, MCS assignment
and beamforming matrices for a multi-cell system. For the studies in [162, 163, 164, 165,
166, 167, 168, 169], although coordinated beamforming is considered, either RB allocation
or MCS assignment is missing. For example, the design in [163] is a representative research
work that considers coordinated beamforming without the consideration of RB and MCS
allocation. We made an experiment to run the algorithm in [163] (for a single RB without
MCS selection) on Matlab platform. The execution time is ~70 seconds per TTI on average.

Such designs relying on iterative optimization cannot be used in real-time.

In this chapter, we present the design and implementation of M3—the first sub-Millisecond
scheduler for Multi-cell MIMO networks under 5G C-RAN architecture. M? is capable of
finding a solution to RB allocation, MCS selection, data stream assignment, as well as the
precoding matrices, in real-time for each TTI (at most 1 ms). We tackle the crucial tim-
ing problem through a novel parallel design on a commercial off-the-shelf (COTS) GPU

platform. Our main contributions can be summarized as follows:

o M3 is the first C-RAN scheduler that can meet the 1 ms real-time requirement. The
success of M2 is built upon a judicious parallel design and validated on a COTS GPU.
The design of M3 is developed in accordance with the time-frequency resource structure

defined by 5G NR, and it is applicable to centralized multi-cell systems.

o M3 exploits independency and parallelism through a multi-pipeline design. Specifi-
cally, M3 first divides all users into two groups: non-edge users and cell-edge users
by leveraging their channel properties. Then M? performs two independent parallel
pipelines, with one pipeline focusing on a sequence of operations for cell-edge users

(to explore joint transmission) and the other pipeline for non-edge users (to explore
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MU-MIMO transmission). After both pipelines complete their operations in parallel,

M? determines the final solutions for all users.

o M achieves large-scale parallelism in addition to the multi-pipeline structure. Through-
out our design of M3, the exploration of parallel computing is carried out by leveraging
GPU’s capability. For instance, within each pipeline, most operations are purposefully
designed to be independent among RRHs and RBs. By taking advantage of mas-
sive parallel computation all the way, our design can reduce the computation time

dramatically.

o M?3 is implemented on a COTS GPU platform—Nvidia DGX Station. We conduct
extensive experiments to verify M?®’s timing performance as well as its throughput
performance. Our experimental results show that M? is able to offer the scheduling
solution within 500 us for a C-RAN system with 7 RRHs, 100 users, 100 RBs, and
2 x 8 MIMO. For a 2 x 12 MIMO system, M? can also meet the 1 ms requirement
under all tested cases. In the mean time, M? achieves ~40% throughput gain under

joint transmission.

6.2 System Model

We consider a downlink (DL) scheduling problem under C-RAN architecture. As shown
in Fig. 6.1, a centralized BBU pool is connected to a set £ of RRHs, which serve a set I
of users. Each RRH is equipped with Nt antennas while each user is equipped with Ng

antennas and Nt > Ngr. Table 6.1 gives the key notations that we use in this chapter.

Fig. 6.2 illustrates our scheduling problem, which we elaborate mathematically in the

rest of this section.
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Table 6.1: Notations in Chapter 6

Symbol  Definition

B A set of RBs to be allocated in a time slot
F? (t)  Precoding matrix for user k used by RRH [
on RBbin TTI ¢

H?k Channel matrix from RRH [ to user £ on RB b
K The set of users from all RRHs

KE The subset of non-edge users in IC

K The subset of cell-edge users in

L A set of RRHs

M A set of MCSs

Nr Number of antennas at each user

Nt Number of antennas at an RRH

rZ’f "(t) The instantaneous achievable data rate of user k’s
f-th data stream on RB b with MCS m in TTI ¢

Ry(t) The aggregate data rate of user k in TTI ¢

Ry (t) The exponentially smoothed average data rate of
user k up to TTI ¢

a:? k(1) A binary variable indicating whether or not RRH [
is transmitting data to user K on RB b in TTT ¢

(1) A binary number indicating whether or not user k is
receiving data from at least one RRH on RB b in
TTT ¢

yi (1) Number of data streams for user &k in TTI ¢

21 (t) A binary variable indicating whether or not MCS
m is used for user k£ in TTI ¢
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User Association and RB Allocation Consider a frequency reuse system, where a wide
frequency band is reused at every RRH. Per 3GPP, the frequency band is divided into a set
B of RBs. In each TTI, B is available at each RRH for DL transmission. Under C-RAN
architecture, a user can receive its signals from one or multiple RRHs on an RB. Under joint
transmission [156, 161], when user k is receiving its signals on RB b from multiple RRHs,
the user data s? is identical from these RRHs. Denote xf’k(t) € {0,1} as a binary variable

indicating whether or not RRH [ is transmitting data to user £ on RB b in TTI ¢, i.e.,

(

1, if RRH [ is transmitting data

JJ?k(t) = to user kK on RB b in TTI ¢,

0, otherwise.
\

Denote £8(t) as the set of RRHs that are transmitting data to user k on RB b in TTI
t,ie, Ly(t) = {l € L]z}, (t) = 1}. Denote z}(t) € {0,1} as a binary number indicating

whether or not user k is receiving data from at least one RRH on RB b in TTI ¢, i.e.,

1, if |£h(t)] >0,

0, otherwise.

Also note that under MU-MIMO, an RRH can transmit to multiple users on the same
RB. As the maximum number of users scheduled on an RB cannot exceed the number of

antennas at the RRH, we have the following MU-MIMO constraint for 27, (t):

> a2l (t) < Nr. (beB,leL) (6.2)
ke

Number of Data Streams A user may have multiple data streams on each RB that
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Figure 6.2: Within each time slot, the virtual BS jointly determines RB allocation, number
of data streams, and MCS assignment for all users under all RRHs.
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is allocated to her. But when a user receives its data streams on multiple RBs, then the

number of data streams must be identical across all these RBs [128].

Denote yi(t) as the number of data streams for user k in TTI ¢ (which is the same across

all allocated RBs). As y,(t) cannot be greater than the number of receive antennas, we have
yr(t) < Ng. (ke K) (6.3)

Also, at each RRH, the total number of data streams on each RB for MU-MIMO transmission

cannot exceed the number of its antennas. We have

;Izk(t)yk(t) < Np. (beB,leL) (6.4)

Achieved SINR at Users FEach RRH applies precoders to support joint transmis-
sion and/or MU-MIMO transmission. Let F},(t) be an Nt x a7, (t)yx(t) precoding ma-
trix for user £ used by RRH [ on RB b. Under the power constraint at an RRH, we have
> kexc IFL ()| < Pr for all [ € £, where Py is the total power (per RB) at the RRH and

|| - ||F denotes the Frobenius norm. Then the received signal of user k£ on RB b is given by

itk

b b b b b b b b

c, = E H,F/,s;+ E E :Hl,kFl,isi + ny,
lect leL iek

where H}, € CN®*NT js the channel matrix from RRH [ to user k on RB b, m}, is the Ng x 1
vector of i.i.d CN'(0,n3) additive complex Gaussian noise, s is the signal vector, and we

omit the time-dependent notation (¢) for matrices for brevity.

Then each user applies an Ny x yx(t) combiner W for the received signals. After this
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combiner, we have the following signal for user £ on RB b:

~b __ bt b
¢, =W, c;

i2k
_ biyph b b bteyh b b bt, b 6.5
=Y WIH},Fpsh+> > WIHLF)sh+W)ink, (6.5)
lech leL iek
intcrgglrcncc

~
desired signal

where ()T denotes the conjugate transpose of a matrix. Different beamforming schemes can
be applied based on H?k In this chapter, we apply MMSE precoding scheme at the RRH
side (based on H} ) with equal power allocation for each data stream and MMSE combiner

at the user side (based on H}, F},).

For each k € IC, the signal-to-interference-plus-noise ratio (SINR) of the f-th stream on
RB b is then given by
b,f
L
QU W

SINRY = (6.6)

where

bf _ AV.VASYAR & [ nLY
By = E, k Hz,sz,k
lect

yi(t)

Q=22

iek f'=1

2
b7 b b: ! b:

Z Wk: fTHl,kFl,if o Ek f7

leL

and (-)%' is the f-th column of (-)2.

MCS Assignment In each TTI ¢, a set M of MCSs is available for data transmission for
each user k € K. However, if a user is scheduled to receive data streams on multiple RBs,
3GPP requires that the user employs the same MCS across all data streams on all scheduled

RBs [4]. Denote 2;*(t) € {0,1} as a binary variable indicating whether or not MCS m € M
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is used by the virtual BS for user £ € K in TTI ¢, i.e.,

1, if MCS m is used for user k in TTT ¢,
2 (t) = (6.7)

0, otherwise.

To guarantee only one MCS is used across all scheduled RBs for user k, we have

d =1 (ke k) (6.8)
mem
Instantaneous Data Rate The instantaneous achievable data rate depends on the SINR
of each stream and the selected MCS level. Specifically, with a higher MCS level m, the user
data is encoded with a higher data rate . However, to successfully decode the user data at
a higher MCS level m, a higher level of SINR is required, or the data cannot be successfully
decoded (i.e., a data rate of zero). Denote 0™ as the SINR threshold for successfully decoding

the data with MCS m, and rZ’f "(t) as the instantaneous achievable data rate of user k’s

f-th data stream on RB b with MCS m in TTI ¢. Then we have

rm.if SINRDY > 07,
0, otherwise. (6.9)

(f=1,--- Juy(t), ke K, b€ B,m e M)

where SINR?/ is defined in Eq. (6.6).
The aggregate achievable data rate of user k£ in TTI ¢ can be given by
i (1)

Ri(t) =) @) ) > ') (), (6.10)

beB f=1 meMm



202

where 78 (¢) is defined in Eq. (6.1), and we define ‘;{’;(?() =0 if yx(t) = 0.

Proportional Fair Metric Users that are far away from their RRH(s) may experience
low SINR for a long period. Therefore, the consideration of fairness is essential for a C-RAN
scheduler. A common scheduling objective is to maximize the PF metric. Specifically, a
PF-oriented scheduler aims at maximizing the utility function ), log Ry, where Ry, is the

long-term average data rate of user k.

For a time-slotted system, a widely used approach is to maximize the sum of normalized

data rates in each time slot [95, 148, 169],

Ry(t)
;C—Rk(t = (6.11)

where the long-term average data rates Ry, (t—1) are updated using an exponentially weighted
filter:

~ T.—1
Ri(t—1) =

Ri(t—2) + TiRk(t —1).

c c

Problem Statement Our objectives are 1) to determine the users’ RRH association and
allocate RBs (x7(t)’s), assign the number of data streams (yx(t)’s) and MCSs (2;'(t)’s), as
well as compute precoding matrices (F},(¢)’s) for all users, such that the PF metric (6.11)
is maximized; and 2) to ensure the scheduling solution can be found within each TTI (i.e.,
at most 1 ms) to meet 5G’s timing requirement. This C-RAN scheduling problem can be

written as follows.
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OPT

yr(t bfm

max ZZ Z Z Tk Ab (t)z(t),

beB keK meM f=1

s.t. User association and RB allocation constraint: (6.2);
Data stream allocation constraints: (6.4);
MCS assignemnt constraint: (6.8);

SINR and instantaneous data rate: (6.6), (6.9);

x?,k;(ﬂ € {Oa 1}’yk(t) € {07 L 7NR}>ZITcn(t) S {07 1}‘

In problem OPT, z7,(t), yk(t) and 2}'(t) are decision variables, F7,(t), W(t), 2}(t),
5™ () and Ry, (t — 1) are intermediate variables which can be determined with given ) (1),

yr(t) and 2;*(t). The others are given constants.

Problem OPT is a nonlinear integer problem. The decision variables are tightly coupled
together with extremely large search space. Further, the stringent timing requirement adds

another level of challenge to design a solution for OPT.

6.3 M?: Key Ideas and Road Map

Before we present the design blueprint of M3, let’s first offer some insights on the C-RAN
scheduling problem. Different from traditional single-cell resource scheduling, C-RAN ar-
chitecture has the potential to further improve PF objective through cooperative scheduling
among neighboring cells. For cooperative scheduling, we first need to address the critical

question of how to allocate RBs at each RRH for potential joint transmission. We have the
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Figure 6.3: A flow chart for M3,
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following two options:

e (i) Multiple RRHs use this RB to form joint transmission to a user;

o (ii) Each RRH uses this RB separately for different users.

There is a trade-off betwen the above two options. On the one hand, if an RB is used
for joint transmission at multiple RRHs, potential interfering signals are effectively trans-
formed into desired signals, which can significantly improve a receiver’s data rate. On the
other hand, joint transmission consumes more RB resources—a user that is supported by
joint transmission requires all cooperative RRHs to use this RB for her. Without joint
transmission, these RRHs may use this RB separately (and independently) to support more

users.

M3 tackles the RB allocation problem with the following ideas. First, it is clear that
not every user can benefit from joint transmission. Under a virtual BS, we have multiple
adjacent RRHs, forming multiple adjacent cells in the system. Then only cell-edge users may
benefit from receiving signals from multiple RRHs, while other (non-edge) users are better
served solely by their own RRHs. Therefore, M3 reduces the search space by dividing all
users into two groups: cell-edge users K® and non-edge users K¥. Only users in K have the
opportunity for joint transmission. This division should be based on large-scale path loss

and can be determined based on long term measurements.

Second, based on above user division, M? exploits parallelism to determine RB allocation,
along with MCS and number of data streams, to problem OPT. Specifically, M? employs
two independent parallel pipelines, where one pipeline is a sequence of operations focusing
on cell-edge users (to explore joint transmission) and the other pipeline is for non-edge users
(to explore MU-MIMO transmission). To determine whether an RB b is better used for

KE or K¥ in terms maximizing the PF metric, M?® will check both cases in parallel by
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using those two pipelines. That is, M? allows both pipelines to use each RB, determines
the scheduling solutions by each pipeline (for K® or KF), and then obtains the PF values
achieved on each RB in both cases by these pipelines. Then, by comparing the PF values
obtained by each pipeline, M makes the final decision on how each RB is allocated, as well
as corresponding assignment of MCS and number of data streams. Note that in addition
to the multi-pipeline structure, parallelism is carried out throughout the design within each
pipeline. For example, many operations are purposely designed to be independent among

RRHs and RBs, and therefore they can be implemented in parallel.

Fig. 6.3 shows a flow chart of M?, which consists of the following key steps.

« Stage I: User classification. M? divides all users into two groups: cell-edge users ICF
and non-edge users KF, based on large-scale path loss. For each user k, M? identifies

its potential serving set L.

« Stage II: Find promising solutions of RB allocation, as well as MCS assignment and
number of data streams, for both cell-edge and non-edge users, by performing two

independent parallel pipelines:

— P1: Cell-Edge Pipeline. P1 finds promising solutions for k& € K¥, assuming each

RB is used for cell-edge users.

— P2: Non-Edge Pipeline. P2 finds promising solutions for & € K¥, assuming each

RB is used for non-edge users.

« Stage III: Compare the PF metrics provided by each pipeline and determine the final

solution.
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6.4 M?°: Design Details

In this section, we described the operations of M? in detail at each stage.

6.4.1 Stage I: User classification

In this stage, we divide all users into two groups: cell-edge users K* and non-edge users
KCE. For non-edge users, they are likely to experience much better channel qualities from
their closest RRH than other RRHs. Therefore, users identified in K¥ will only be served
by their closest RRH. Also, an RRH may perform MU-MIMO transmission to multiple non-
edge users under this RRH to achieve higher throughput. On the other hand, for cell-edge
users, they are likely to experience similar signal strength from at least two RRHs. To
reinforce the desired signal strength, users identified in KF will be served by multiple RRHs
simultaneously. M3 only applies SU-MIMO transmission for cell-edge users, as MU-MIMO
transmission is not beneficial for improving each individual user’s SINR, which is what a

cell-edge user needs.

M? determines whether a user is a non-edge user or a cell-edge user, as well as its RRH(s),
based on the relative large-scale path loss from different RRHs to this user. Fast fading and
beamforming gain are not considered in this stage. Let g;; be the path loss from the RRH

[ to user k. Then the set of user £’s RRH(s) is given by

ck—{ZEE‘Lg(S}, (k € K)

minneﬁ In.k

where § (6 > 1) is a pre-defined threshold to determine the subset of RRHs.

Next, if £ for user k£ has more than one RRH, then user k is classified as a cell-edge user.

Denote KF as the set of all cell-edge users. Then K® = {k||L;| > 1,k € K}. Otherwise,
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if £y for user k£ has only one RRH, then user £ is classified as a non-edge user. Denote
KP as the set of all non-edge users. Then K¥ = {k||L;] = 1,k € K}. Further, denote
ICZE as the subset of non-edge users in K¥ that are receiving service from RRH [. Then

KF = {kIC, = {1}, k € K}

Since the decision of user-RRH association largely depends on the user’s location, £y can
be updated based on long-term measurement. Therefore, Stage I will not be counted toward

M?’s total execution time.

Upon the completion of Stage I, the search space for x%’k(t) variables will be narrowed
down. That is, we have :vlbk(t) = 0if | € L;. Stage I lays the foundation for employing

independent parallel pipelines, which we will describe in Stage II.

6.4.2 Stage II: Find promising solutions for cell-edge and non-edge

users

Stage II consists of two independent pipelines that can be implemented in parallel. Each
pipeline is a sequence of operations to find promising solutions for users in K® and KCE,
respectively. Within each pipeline, we have three key steps. Each step focuses on one type
of variable (i.e., 7 (t)’s, yr(t)’s or z*(t)’s) for K or K®. That is, in each step, M? will
restrict the search space for that type of variable into a small but promising subspace. As
RB allocation is the key problem for joint transmission under C-RAN, we start with x7 ,(f)

variables first under both pipelines. Then it is followed by steps for yx(t) and z}*(t) variables.
Pipeline 1: Edge-Users It consists of the following two steps.

Step 1-A: Determine RB Allocation for Cell-Edge Users. In this step, we focus on the

a7, (t) variable for cell-edge users. That is, M? identifies a subset By of promising RBs from
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B for each user k € KE. Note that all RRHs for user k (i.e., all [ € £;) must use the same

RBs to perform joint transmission to user k.

To maximize the PF objective function (6.11), it is equivalent to maximize each user’s

Ry (t)

: m) For a cell-edge

instantaneous data rate normalized by its long-term data rate (i.e.
user under joint transmission, the instantaneous data rate is tightly related to the aggregated
channel quality (3., VPr| ’H?szF)Q Intuitively, when user k is experiencing high channel
qualities from all its RRHs on an RB b, scheduling this RB jointly by L is likely to achieve
a high data rate for this user. The achievable data rate can be approximated based on
the channel capacity formula, i.e., log, (1 + (Zleﬁk \/P_THszkHF)2 %) Further, the data

rate should be normalized by the user’s long-term average data rate }?k(t — 1) in order to

maximize the PF objective. Therefore, we consider the following metric to determine Bf:

2
L 108 (1 + (XCier, VPrIH L F) r%g)

G = Ri(t—1) ’

where [[H},||F is the Frobenius norm of H?E :

Fig. 6.4 illustrates how M?3 finds BE. First, M3 creates |B||KF| independent parallel
flows, each of which calculates one qZ’E for a user k and RB b. Second, M? generates |B|
independent flows, where each flow sorts {qlf’E,qg’E, e ,qf@'} in descending order. The
sorting result indicates each user’s priority to use an RB b. Third, with |B| independent
flows, M3 allocates each RB based on the priority list and resolves the potential conflicts
among RRHs. We describe the conflict resolution process through a simple example (see
the bottom half in Fig. 6.4). For RB 4 in Fig. 6.4, RRHs 1 and 3 allocates RB 4 to user
3 because user 3 has the highest priority on this RB. Subsequently, user 1 cannot have RB
4, as RRH 1—one of its RRHs, has reserved this RB for user 3. But user 2 can have RB 4

because none of its RRHs have allocated RB 4 to a user with a priority higher than user 2.
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Now we have the RB allocation results Bf for each cell-edge user, which restricts the
decision of x},(t) variables. That is, if k& € K" and b ¢ By, then we have z,(t) = 0
for all I € L;. For k € KF and b € BF, a potential (promising) solution could be to let
7, (t) = 1. But the final decision will be made later (after we compare the solution from

non-edge pipeline).

Step 1-B: Determine Number of Data Streams for Cell-Edge Users.  In this step, we
focus on the y(t) variables for cell-edge users. There exists a trade-off between the achievable
data rate and number of data streams for a user. On one hand, more data streams have the
potential to increase a user’s total data rate, leveraging the spatial multiplexing for MIMO
channels. On the other hand, transmitting too many data streams may cause performance

loss, due to power splitting and interference among the streams.

To gain some insights on how we should decide the value of yx(t), let’s first consider
a single-link MIMO channel H. Consider the eigenmode beamforming and equal power
allocation. The achievable data rate can be given as a function of the number of data

streams [9], i.e.,

r(y) = Zlog (1 + @) , (6.12)

n

where y is the number of data streams on channel H (y < rank(H)) and o (i) is the i-th
largest eigenvalue of H. Eq. (6.12) shows the fundamental relationship between achievable
data rate and the number of streams on a single-link MIMO channel, which is tightly related

to per-stream SNR (y%) and singular values o (7).
0

Inspired by Eq. (6.12), we propose the following approach to determine the value of
yr(t) in the context of joint transmission. First, recall that a user must use the same MCS
across all streams. This suggests that we should consider the lowest SINR among user £’s all

streams. If user k is receiving f streams, then we evaluate an estimated SINR of the stream
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with the f-th largest eigenvalue, which is defined as

v (f) = (B @gEb[aﬁk(m) .

In the above expression, of,(f) is the f-th largest eigenvalue of H}, and Ey[o](f)] is the
average eigenvalue over all b € Bf. Obviously, we have 77 (1) > 77(2) > -+ > v7(NR) for

any user k.

Next, let mE(f) be the largest MCS level in M that can be used to satisfy user k’s

estimated SINR ~vF(f), i.e.,

mp(f) =max m

meM

st.oyp(f) > 0™

We must have mp(1) > mp(2) > --- > mp(Ng) for any user k& € KF. As the data rate
corresponding to m(f) is 7™ (1) the sum rate of f streams can be given by f - rme (D) f all

streams are successfully received.

Finally, we determine the number of data streams y(t) for a user k € K¥ by choosing
an f that maximizes f - ™), ie.,

B
yr(t) arg max f-r

Note that determination of y.(¢) is independent among the cell-edge users and therefore can

be implemented in parallel.

Step 1-C: Determine Candidate MCS for Cell-Edge Users. In this step, we focus on 2} (t)
variables. In Step 1-B, we identified the largest MCS level my(yx(t)) based on the estimated

SINR ~§(f). However, simply applying MCS my(yx(t)) to user k can be overly optimistic
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for a number of reasons. First, v (f) is approximated based on channels’ eigenvalues, while
non-SVD based beamforming techniques, such as MMSE and ZF, cannot process signals in
the eigenspace and will result in an inferior performance. Second, & (f) does not consider
inter-cell interference from RRHs | € L. Third, ¢ (f) is based on averaged eigenvalues
over all b € BY. Applying a lower MCS for user k has the potential to facilitate successful

transmissions on more RBs and thus achieve a higher sum rate.

Therefore, instead of simply applying MCS m¥(y.(t)) to user k, we propose to picking
up multiple MCS candidates that are lower than mF (yx(¢)) simultaneously. Then M? can
process multiple MCS choices for a user in parallel. How to determine its final MCS jointly
with all other users will be discussed in Stage III. Now let’s focus on determining the MCS

candidates for a particular cell-edge user k.

Note that any MCS that is much less than mE (yx(t)) is not a promising candidate, as it
can only support a low data rate. Therefore, M? only chooses a candidate MCS that is lower
than mE (yx(t)) but the difference between m (yx(t)) and this MCS is within a pre-defined
value Mx. Formally, M? determines the candidate MCS set for user k through the following
expression:

Mg = {m € M|0 < mp (yp(t)) — m < Ma}.

After this step, we have z"(t) = 0 if k € KF and m ¢ MF. As described in problem
OPT, the choice of a user’s MCS is coupled with other (both cell-edge and non-edg) users.
How to finalize MCS selection in MY for all users will be discussed in Stage III (after we

discuss MCS selection for non-edge users).

Pipeline 2: Non-Edge Users This pipeline is designed for non-edge users K¥, assuming
that each RB is available only for non-edge users. Note that for a user k € K, it receives

much higher signal strength from its own RRH than that from any other RRHs. Thus,
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when finding promising scheduling solutions at an RRH [, we can reply solely on the channel
information within RRH [, while treating the inter-cell interference as noise. This allows
M?’s decision for non-edge users to be independent among different RRHs and therefore

achieves a higher level of parallelism. Pipeline 2 consists of the following three steps.

Step 2-A: Select Promising MU-MIMO Users on Fach RB under Fach RRH. In this
step, we deal with x?k(t) variables for non-edge users IClE. Compared to cell-edge users,
non-edge users experience better SINR on average. To exploit this property for a higher
throughput, we employ MU-MIMO transmission for non-edge users, which is not used for

cell-edge user. Under MU-MIMO transmission, more than one user will be selected on each

RB under each RRH.

M selects users on each RB for MU-MIMO transmission through two operations. First,
M2 finds a subset IE;’E of promising users from ICZE based on channel quality. Second, M?3
further selects a subset IC?’E of promising users from IE?E based on the channel correlation

among users to form MU-MIMO transmission. We now describe each operation in detail.

First, M? intensifies promising MU-MIMO users on each RB based on channel quality.
Similar to Pipeline 1, we introduce a metric qka to approximate user k’s data rate normalized
by its long-term data rate, except that we now consider only one RRH for each non-edge user.

Specifically, M? creates Y, | B] |ICIE| independent parallel flows, each of which calculates one

qlb,? forle L ke /ClE and b € B and qlb,;E is given by:

log, (1-+ ZH|[H7, 3
Tk = Ret—1)

Then, M3 generates |£||B] independent parallel flows, each of which sorts {q?’fS , qleE R q;”lim|}
LS

in descending order for a RRH ! € £ and a RB b € B. Let Wﬁk be the order of q?’f in
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{ql | ,ql2 E l|lcE\} Suppose M? selects Kq (< |ICE|) candidate users based on channel

qualities, then the subset ICZ of promising users is determined by

K¥ = (ke Kl|n!, <Ko}  (beB,lel)

Second, we identify promising users from szE on each RB to form MU-MIMO transmis-
sion based on channel correlations. That is, among the users in IE;’E for each b € B,l € L,
M3 selects a subset K?’E (C IE?E) of users, such that the users in IC?’E have low channel
correlations among themselves. The rationale behind this operation is that, in general, the
lower correlations among the co-scheduled users, the higher sum of data rate can be achieved.
This is because mutually orthogonal channels can better preserve the desired signal strength

after applying beamforming matrices [23, 51].

We evaluate channel correlations based on chordal distance [150], which measures the
angle between two multi-dimensional subspace. A larger value of chordal distance means
more orthogonality between these two subspaces. Let H?k be the orthonormal base of H? ke

Then the chordal distance between H}, and H},, is given by:

b b
dj (k1 ks) = !Hszle ey HszQHz ko | -

1
\/—I
M? computes df(ky, ko) for all k; € ICZE,/{Q € ICIE, ki # ko, which can be executed in
parallel on each RB b € B and [ € L. Suppose we are going to select Kyy (< |IC?£|)
users for MU-MIMO transmission. Then the subset le’E of candidate users is determined
by the following. M? adds the first user to leE that has the highest qlb,f , l.e. ICb’E =
{arg max, excP ql . } Subsequently, we add users one at a time to K’ oF , by picking the user

with the largest average chordal distance to existing users in K, 7E, until we have Ky users
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in IC?’E.

After Step 2-A, M? restricts the users that can be scheduled on RB b under RRH [. That
is, for any k € ng’jﬂ and k ¢ IC;”E, we have xf’k(t) = 0. On the other word, under each RRH
and each RB, the total number of possibilities to allocate RBs is reduced to 2Mv, as a7, ()
can be either 1 or 0 and \ICE”E | = Kyu. The final decision will be made in Stage III (after

we have MCS solutions and evaluate the corresponding objective values).

Step 2-B: Determine Number of Data Streams for Non-edge Users. In this step, we
work on yy(t) variables for non-edge users. Similar to cell-edge users, we consider a metric
of estimated SINR as a function of the number of streams. But for a non-edge user, we only
need to consider its own RRH. That is, if RRH [’s non-edge user k is receiving f streams,

the estimated SINR per stream is given by

TE O.b 2
%{Ek(f) _ Pr b[07(f)] ’

fooong

where Ey[07,.(f)] is the average eigenvalue over all b € BE, and Bl}’?k is the set of candidate

RBs for non-edge user k under RRH [, i.e., BZEJC ={be Blk e IC?’E}.

Next, following the same rationale as cell-edge users, let m%( f) be the largest MCS that
satisfies vfk > ™t(f). Then the number of data streams yr(t) for a non-edge user k is
determined by choosing the f that maximizes f - R ) ie.,

yr(t) = argmax f- k)
f<Nr .
Step 2-C: Determine Candidate MCS for Non-edge Users. The MCS m%(yk(t)) found

in Step 2-B for a non-edge user is also an optimistic choice, because the transmit power Pr

shall be shared with other non-edge users due to the MU-MIMO transmission. Similar to the
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approach for cell-edge users, M? only chooses a candidate MCS that is lower than m%(yk(t))
and the difference between m%(yk(t)) and this MCS is within a pre-defined value Ma. That

is, the candidate MCS set for non-edge user k is given by

ME = {m e M|0 < mP(y(t)) — m < Ma}.

After this step, we have z*(t) =0 if m ¢ ./\/lg for a non-edge user k.

6.4.3 Stage III: Determine final solution

In this stage, we show how M? performs comparison among different candidate solutions
and selects the final solution to problem OPT. The key steps of Stage III are illustrated in
Fig. 6.5.

M? will enumerate all possible x7 . (£) and y(t) assignments from each pipeline in Stage IL.
However, for z]*(t) variables, the search space is too large for enumeration. Fortunately, the
MCS candidates ME and M% for cell-edge and non-edge users (identified by Stage II) are
already promising MCS solutions. Therefore, M? can further identify a smaller subset of
MCS solution space based on MF’s and M%’s. Specifically, let M be the MCS solution
space, i.e.,

M:M¥X"'XM5CE|XM?X"'XM‘%CEIQM“C‘,

where x denotes the Cartesian product. Then each element from M (a 1 x |K| vector)
is a feasible MCS solution for all users. Supposing we are going to try Mg different MCS
solutions in parallel, M? will randomly select Mg elements from M in parallel. As each M,
is a set of promising MCS candidates for user k, we can apply a simple yet effective approach

to determine MCS solutions—by randomly (uniform) picking Mg elements from M.
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Figure 6.5: Stage III determines the final scheduling solutions for all users under all RRHs.
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After this step, we have Mg candidate MCS solutions (i.e., Mg sets of feasible z}*(t)’s),
denoted by Z1, 2, -+, Zpy, respectively. Now we can enumerate z;*(t) variables, calculate

PF metrics, and perform comparisons.

After obtaining Z;’s, M? calculates SINR of each data stream and PF metrics under a
given z;"(t). Specifically, M? enumerates all possible x7,(t) and y(t) assignments for cell-
edge and non-edge users from Stage II. With the given x?}k(t)’s and yg(t)’s, we derive the
corresponding beamforming matrices (based on MMSE beamforming) at each RRH and each
user under a given scheduling solution, and then calculate SINR for every stream. When
calculating user k’s SINR, we exploit independency and reduce the computational burden by
only considering the beamforming gain from user £’s RRHs L. That is, for interference from
RRHs other than L, we only consider their transmit power Pr and pathloss attenuation,
without using their beamforming matrices to obtain the inter-cell interference.? Although

such a simplification has little impact on SINR accuracy, it can decouple SINR calculations

among the RRHs and make it possible for parallel implementation.

b, f,m
Next, with given SINRs and z}]*(t)’s, we can obtain PF metric Ziﬁ":(? B (t—(B for each
user on each RB. We conduct two-level comparisons to determine the final decision. At the
first level, we focus on a given Z; and determine whether an RB b should be allocated to a

cell-edge user or a non-edge user (and all RBs are evaluated in parallel). If RB b is used for

a cell-edge user k, then the PF value can be computed by

yr(t) 7nb,f,mz (t)

yhE=NT e (6.13)
g ;Rk(t—l)

where mj is user k’s MCS level under the given Z;. On the other hand, if this RB is used

2All beamforming matrices will be considered for throughput evaluation in Sec. 6.6.
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for non-edge users separately by user k’s RRHs Ly, then the PF value can be computed by

y/ bfm
X T

Zmax Z Z ;Zl r—1) (1), (6.14)

leﬁk lk k/eK:bE f 1

where VLI’I;E is maximized over 25MU cases (for MU-MIMO user selection) under each RRH

(see Step 2-A).

In Mg|KP||B| parallel flows, M® compares V,>" with Vﬁbl’cE (under a given Z;). If V2P >
Vck , then we allocate RB b to cell-edge user k at RRHs Ly, ie., 2},(t) = 1 for all | € Ly,
and x7,,(t) = 0 for all [ € Ly, k' € ICZE. Otherwise, we allocate RB b to non-edge users
at each RRH in L, corresponding to the MU-MIMO user selection that maximizes V[I:’I’CE
Note that if an RRH is not associated with any cell-edge users by Stage I, then x?k(t) can
be directly determined based on MU-MIMO user selection, without any comparison with
cell-edge users. After the first level of comparison, we complete the :cf’k(t) assignment, along
with corresponding vy, (t)’s, under a given Z;. Thus the objective value under each Z; is

obtained.

At the second level of comparison, among Mg intermediate best solutions under each
Z;, we choose the Z; that offers the highest objective value to problem OPT, along with

corresponding ] (t)’s and y;,(t)’s. This gives the final solution to problem OPT.

In this section, we described in detail the three stages of M3. Throughout our design, the
exploration of independent operations is carried out, which makes it possible for a parallel
implementation. In the following section, we move forward to implement M? on an actual

hardware for our ultimate goal—offering a solution to problem OPT in real-time.
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6.5 A Real-Time GPU-based Implementation

In this section, we present our implementation of M. We choose a COTS GPU platform as
our hardware for implementation. For optimal implementation, one must have a thorough
knowledge of a given GPU’s capability as well as its limitations. In the rest of this section,

we document our implementation efforts.

Platform We implement M3 on a NVIDIA DGX station, which comes with 4 COTS V100
GPU cards. We will only use two of them. Each V100 card has 5120 CUDA cores. Data
communication between CPU and GPU is based on a PCle V3.0 architecture, and the GPU-
to-GPU data communication is based on NVIDIA NVLink architecture [151]. The CPU of
the DGX Station is Intel Xeon E5-2698 v4 2.2 GHz (20-core). The programming platform
is CUDA v10.2 [117].

Independent Pipelines Traditional parallel designs have only one pipeline, within which
all parallel threads have the same computation procedures (see e.g., [95, 119, 120]). In con-
trast, Our M? has two independent pipelines, as described in Sec. 6.4. The computation
procedures for different threads are identical within the same pipeline while they are differ-
ent from those in the other pipeline. This is possible on GPU by employing a programming
method called streams that is offered by CUDA. A stream can execute a sequence of oper-
ations (e.g., Pipeline 1) successively on a GPU, while the operations executed by another
stream (e.g., Pipeline 2) may run concurrently. By employing the streams, GPU cores can
be utilized more efficiently. That is, whenever the computing operations in one pipeline do
not fully occupy all the GPU cores, the GPU’s streaming multiprocessor (SM) can schedule

the remaining cores for the other pipeline.

Using Multiple GPU Cards As most of M?®’s operations on RBs are designed to be

independent, we can distribute computation tasks to multiple GPU cards based on RBs.
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Figure 6.6: An illustration of parallel operations of pipelines and data transfer.

Specifically, with two GPU cards, the first card can handle operations for the first |B|/2 RBs
for both pipelines, and the second card will handle the remaining RBs. A small amount of
operations requires the information on all RBs, such as computing the candidate MCS set

M,.. These operations will be performed on only one GPU card after a data transfer from

the other GPU card.

Data Exchange between Pipelines / GPU Cards Although different pipelines may
run concurrently, their completion time is unpredictable. M? requires data exchange between
pipelines occasionally, e.g., when we perform PF metric comparisons. Thus, it is important
to do a synchronization before data exchange. Likewise, the computation progress in one
GPU card may differ from the other. When data exchange between GPU cards is required, a
device-level synchronization is needed. As a synchronization will pause part of the program

and also introduce CPU’s scheduling overhead, we must keep such an operation to a minimum

and only use it when it is absolutely necessary.

Large-Scale Parallelism In addition to multi-pipeline and multi-GPU, parallelism is
carried out throughout our implementation. For example, the operations for different RRHs
under non-edge users’ pipeline are independent and implemented in parallel. The operations

of matrix inversions for computing the beamforming matrices are implemented in parallel

and the fast on-chip shared memory is employed to reduce the memory access time.

Data Transfer between Host and GPU Data transfer time between host memory and
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GPU memory also needs to be considered. Fortunately, data transfer and GPU computing
can be done in parallel if the computation does not rely on the data that is being transferred.
To take advantage of this property, we propose the following structure for data transfer (see
Fig. 6.6). In TTI ¢, GPU computes the solution to problem OPT based on the channel
information transferred in the previous TTI (i.e., TTI ¢ — 1), and the computation in TTI
t+1 will be based on information transferred in T'TT ¢, and so forth. This method is valid as
long as channel coherence time is at least 3 TTIs (which is the case for most communication
scenarios [170]) and can effectively mask out the transfer time of channel information from

host to GPU.

6.6 Experimental Evaluation

6.6.1 Settings

We consider a C-RAN architecture, where a centralized BBU pool is serving multiple small
cells. We randomly generate |£| = 7 RRHs in a circle within a radius of 700 m. The
minimum distance between every two RRHs is 350 m. |K| users are randomly deployed in
the circle, and || = 100 unless stated otherwise. Fig. 6.7 shows an instance of the network
topology and the results of user classification done by Stage I. In Fig. 6.7, the red circles are
the cell-edge users and the blue circles are non-edge users. Fig. 6.7 shows that we have 17

cell-edge users (out of 100 users) in this case (§ = 3 dB).

The number of antennas at each RRH is chosen from {8, 12} and the number of antennas
at each user is 2. The number of MU-MIMO users in a cell Kyy is chosen from {2,4}.
The number of RBs |B] is 100 unless indicated otherwise. For the wireless channels, H} ,(t)

includes both large-scale fading g, and small-scale fading HY ,(¢), i.e., H} . (t) = g,/ H} . (t).
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Figure 6.7: An instance of network topology with 7 RRHs and 100 users. Classification of
cell-edge and non-edge users is done by Stage I with § = 3 dB.

Large-scale fading g, is given by 140.7 4 36.71og,,(d; ) (in dB), where d; . is the distance
between RRH [ and user & (in km). The small-scale fading H}, () is modeled by Rayleigh
channel model. We set transmit power Pr to be 36 dBm. The background noise power is
set to -169 dBm/Hz and the channel bandwidth is 20 MHz. For parameters §, Kq, Ma, and
Mg in our algorithm (see Sec. 6.4), we set 0 = 3 dB, Kq = 10, Ma = 6, Mg = 300.

6.6.2 Timing Performance

We first verify that M? can meet the 1 ms real-time requirement, which is a major criterion
for it to be useful for 5G C-RAN. We conduct experiments for 300 consecutive TTIs under
two different settings: (a) |K| = 50, Nt € {8,12}, and (b) |[K| = 100, Ny € {8,12}.

The experimental results are shown in Fig. 6.8. We find that that M? is able to offer a
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Figure 6.8: M%s execution time. (a) |[K| = 50, Ny € {8,12}, and (b) |K| = 100, Ny €
{8,12}.
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scheduling solution within 1 ms under all cases and TTIs in our experiments. Specifically,
when Np = 12, M®’s average execution time is 626 us and 712 s for |K| = 50 and |K| = 100,
respectively, which can meet the timing requirement for 5G NR numerology 0 (1 ms). When
Nt = 8, the average execution time is 351 us and 435 us for |[K| = 50 and || = 100,

respectively, which can meet 5G NR numerology 1 (500 us).

Next, we vary the number of users |K| from 50 to 150 to show its impact on M?’s execution
time. We consider the following settings: (a) Nt = 8, Kyju = 2, and (b) Nt = 12, Ky = 4.
|B] is 100. Fig. 6.9 shows M?®’s average execution time with the maximum and minimum
values over 100 consecutive TTIs. The results indicate that M? finds the solution within
500 ps and 800 us for up to 150 users under settings (a) and (b), respectively. Although the
execution time increases with the number of users, Fig. 6.9 suggests that M? can still meet
5G NR timing requirement (1 ms). Further, the rate of increase is much slower than that of
the number of users. This is because that by the design of Step 1-A and Step 2-A in Stage II,
M? identifies a subset of the most promising users based on channel quality. Thus, only for
a fixed and small number of users we need to perform those time-consuming calculations,

such as beamforming matrices and SINR.

Now we study the timing performance as a function of the number of available RBs |B].
We vary |B| from 20 to 100. The number of users is || = 100. The results in Fig. 6.10(a)
demonstrate that when Nt = 8, the total execution time is well below 500 s under different
numbers of RBs. The increase of computation time is much slower than that of the number
of RBs, because GPU has sufficient computing resources to accommodate parallel operations
among different RBs. When Np = 12, Fig. 6.10(b) shows that the execution time is within
800 ws for all cases, and it is lower than 500 wus for up to ~60 RBs. The increase in
computation time w.r.t. the number of RBs is slightly faster than the case for Ny = 8. This

is because matrix operations are much more intensive on each RB when Np = 12, leading
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Figure 6.9: M?’s execution time (mean, max and min values over 100 consecutive TTIs) vs.
the number users. (a) Np =8, Ky = 2, and (b) Ny = 12, Ky = 4.
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Figure 6.10: M?*’s execution time (mean, max and min values over 100 consecutive TTIs)
vs. the number of available RBs. (a) Nt =8, Kyu = 2, and (b) Np = 12, Ky = 4.
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Table 6.2: Comparison of user throughput at different percentiles when Nt = 8, Ky = 2.

Percentile Without JT With JT Gain
(Mbps)  (Mbps)

5th 0.52 0.64 23%
10th 0.56 0.72  28%
15th 0.72 0.97  34%
20th 0.98 2.57 161%
25th 1.37 3.05 122%
30th 2.42 3.71  53%
35th 2.74 3.82  40%
40th 3.09 3.95  28%
45th 3.18 4.03  27%
50th 3.54 430  22%

to more computation time. However, M? is able to complete the computation in real-time

(within 1 ms) for all cases by taking advantage of the large-scale parallelism.

6.6.3 Throughput Performance

We now evaluate M?’s throughput performance. Under the topology in Fig. 6.7, we compare
the throughput performance achieved under joint transmission (with 6 = 3 dB) with the case
when joint transmission is not used (i.e., = 0 dB). We consider two different settings: (a)

NT = 8, KMU = 2, and (b) NT = 12, KMU =4.

Fig. 6.11 shows the cumulative distribution functions (CDF) of users’ long-term average
throughput. For example, in Fig. 6.11(a), the point (3.09 Mbps, 0.4) on the blue curve
indicates that the 40th lowest user throughput (among 100 users) is 3.09 Mbps. The results in
Fig. 6.11 suggest that the design of M3 is able to offer a better throughput performance when
joint transmission (JT') is employed. To have a clear picture of the performance improvement

over non-joint transmission, we use Tables 6.2, 6.3 and 6.4 to offer more details.

Table 6.2 shows the comparison of user throughput at different percentiles (ranging from
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Figure 6.11: Comparison of CDFs of users’ long-term average throughput.



231

Table 6.3: Comparison of each cell-edge users’ throughput when Nt = 8, Ky = 2.

Cell-edge user Without JT With JT Gain
(Mbps)  (Mbps)

1 2.90 4.07 40%
2 4.50 4.37 -3%
3 1.26 4.61 266%
4 2.15 3.78 76%
5 3.11 3.97 28%
6 0.38 4.31 1030%
7 0.41 4.76  1054%
8 3.88 3.57 -8%
9 0.97 6.11 530%
10 1.42 4.50 216%
11 0.97 6.07 525%
12 3.07 3.97 29%
13 1.30 4.57  250%
14 3.12 8.95 18™%
15 2.25 3.92 74%
16 2.77 3.69 33%
17 2.52 3.85 53%
Average 2.18 4.65 113%

5th to 50th percentile) with and without joint transmission for the setting (a) Nt = 8, Ky =
2. The results suggest that the user throughput can be significantly improved by employing
joint transmission. Specifically, the user throughput is increased by at least 20% at all
examined percentiles and can be up to 160% for some cases. We have also examined the

performance for the setting (b) Ny = 12, Kjy = 4 and have a similar observation.

In Table 6.3, we study the throughput performance for each cell-edge user in K under
setting (a) Nt = 8, Kyju = 2. Among the 17 cell-edge users, 15 users achieved a much
higher throughput after joint transmission is employed, while only two users experienced a
marginal decrease. By examining those two users in detail, we find that they can already
achieve high throughput without joint transmission. Therefore, they would be better off not

being classified as cell-edge users in Stage I. Even under such a “mis-classification”, M? is
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Table 6.4: Comparison of average user throughput under different settings.

Setting Without JT With JT  Gain
(Mbps)  (Mbps)

(a) Np =38 3.25 4.58  40.5%

(b) Np =12 5.33 6.45 20.9%

able to offer comparable high throughput for these users. The most significant throughput
improvement (~ 10x) is observed at user 7. This is because user 7 is closely located to
both of its RRHs, and the distances between user 7 and each RRH are almost identical
(see, Fig. 6.7). Therefore, user 7 receives strong and similar signal strength from its RRHs
and can benefit much from joint transmission. On average, the throughput performance for

cell-edge users KF is increase by 113% in our case study.

In Table 6.4, we show the average throughput of all 100 users. Table 6.4 shows that the
average user throughput is improved by 40.5% and 20.9% through joint transmission under
the two settings. The detailed experimental results in Tables 6.2, 6.3 and 6.4 demonstrate

that M2 can deliver the desired throughput improvement under C-RAN.

6.7 Related Work

C-RAN Schedulers C-RAN’s ability to better manage inter-cell interference has attracted
much attention in the research community. For example, the designs in [162, 163, 164, 165,
166, 167, 168, 169] developed coordinated scheduling/beamforming schemes for multi-cell
systems. But none of them has considered actual running time of their algorithm (in “wall-
clock” time), which is the ultimate benchmark in practice. In particular, many algorithms
in the literature (see, e.g., [162, 163, 164, 165]) are based on an iterative optimization (each

iteration includes an optimization problem to solve). These designs cannot be applied to



233

practical cellular systems due to their poor real-time performance. In addition, prior works
did not jointly optimize the RB allocation, MCS assignment and beamforming matrices for
a multi-cell system as we did in this chapter. For instance, the designs in [162, 163, 164,
165, 166] developed cooperative scheduling or beamforming schemes for multi-cells without
the consideration of RB allocation or MCS assignment. In [167], RB allocation was not

considered in their models, and MCS selection was not considered in [168, 169].

Single-cell Schedulers In the literature, there have been active research works on the
design of 5G schedulers for a single cell [95, 119, 131, 138]. These designs can offer (real-time
or non-real-time) scheduling solutions at a traditional BS (serving a single cell). However,
none of them can take advantage of the potential cooperation in C-RAN, such as joint

transmission by multiple cells.

GPU-based Real-time Designs Applying GPU to solve complex optimization problems
is not new. Indeed, recent years have witnessed a number of successful research works that
leveraged GPU’s large-scale parallel computation capability (see, e.g., [95, 119, 120, 146]).
For example, the authors in [95, 119] designed real-time schedulers for a single cell based on
GPU platform. In [146], the authors employ GPU to accelerate LDPC decoding. The work
in [120] studied a MIMO detection problem based on a parallel design. Our GPU-based
design and implementation are inspired by these prior arts. However, the problem that we

studied in this chapter is new and has never been studied in these previous efforts.

6.8 Chapter Summary

This chapter presents M3—the first real-time scheduler for a multi-cell MIMO system under
C-RAN architecture. M? jointly optimizes RB allocation, MCS assignment, and beamform-

ing matrices for all users under all RRHs and is able to offer a solution within 1 ms. To
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address the stringent real-time requirement, we developed a novel multi-pipeline design that
exploits large-scale parallelism. For validation, we implemented M? on a COTS Nvidia
DGX Station. Through extensive experiments, we showed that M? can find a scheduling
solution within 1 ms for all tested cases, while it can significantly increase user throughput

by leveraging joint transmission among neighboring cells.



Chapter 7

Summary and Future Work

7.1 Summary

In this dissertation, we studied many-antenna MIMO techniques from a networking per-
spective. As new knowledge and understanding of many-antenna MIMO at the PHY layer
begin to emerge, there is a critical need to explore many fundamental problems in terms
of throughput, latency, reliability, among others. The objective of this dissertation is to
address the many-antenna MIMO networking research in two critical areas: (i) DoF-based

modeling and (ii) real-time optimization.

This dissertation consists of two parts. In the first part (Chapters 2 and 3), we studied
DoF-based modeling for MIMO networks and developed a new general model for DoF-based
interference cancellation under general channel rank conditions. Based on our new DoF
model, we explored how to efficiently allocate DoFs to improve network throughput. We

summarize the main contributions and findings of this part as follows.

o In Chapter 2, we developed novel DoF models and theories under general channel rank
conditions, with the rank of a MIMO channel given a priori. We showed that the
existing works claiming unilateral DoF consumption is optimal no longer hold when
channel rank is deficient (not full). We found that for IC, shared DoF consumption

at both Tx and Rx nodes is the most efficient for DoF allocation. Further, we showed
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that DoF consumption under the existing full-rank assumption is a special case of
our generalized DoF model. Based on this theory, we explored DoF allocation in a
general multi-link MIMO network by formulating a set of constraints to characterize a
feasible DoF scheduling. Through extensive case studies, we showed that the general
IC model can achieve larger feasible DoF regions or improved objective values than

existing unilateral IC models.

In Chapter 3, we studied how to set channel ranks and exploited efficient DoF uti-
lization. We observed that, in addition to the fact that channel is not full-rank, the
strength of signals on different directions in the eigenspace is extremely uneven. This
offers a much more general approach to define rank-deficiency, comparing to deficiency
being defined in a strictly zero-signal sense. We introduced a novel concept called “ef-
fective rank threshold.” Based on this threshold, we proposed efficient DoF utilization
on an interference link. Specifically, DoFs are consumed only to cancel strong inter-
ferences in the eigenspace while weak interferences are treated as noise in throughput
calculation. To better understand the benefits of this approach, we studied the funda-
mental trade-off between network throughput and the effective rank threshold for an
MU-MIMO network. Our simulation results showed that network throughput under
the optimal rank threshold is significantly higher than that under existing DoF IC

models.

In the second part (Chapters 4, 5 and 6), we offered real-time designs and implemen-

tations to solve many-antenna MIMO problems for 5G cellular systems. We studied three

critical MIMO problems for 5G—hybrid beamforming, MU-MIMO scheduling, and joint

transmission under C-RAN architecture. All our solutions offered in this part were validated

on COTS GPU and examined by wall-clock time. A brief summary of these three chapters

is given below:
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o In Chapter 4, we studied the beamforming problem under the HB architecture. The
objective was to offer a beamforming solution in real-time (sub-ms) with desired
throughput performance. To address this problem, we presented Turbo-HB, an ultra-
fast beamforming design under HB architecture. To reduce the computation time,
we developed low-complexity SVD by exploiting the randomized SVD technique and
leveraging channel sparsity at mmWave frequencies. Further, we developed fully func-
tioning parallelism for Turbo-HB, with optimized matrix operations and minimized
memory accesses. We validated Turbo-HB by implementing it on a COTS Nvidia
GPU. Extensive experiments were performed to examine both the timing performance
and throughput performance. Our experimental results showed that Turbo-HB is able
to find beamforming matrices successfully in ~500 ps. Turbo-HB also offers competi-

tive or higher throughput performance compared with state-of-the-art algorithms.

o In Chapter 5, we investigated a scheduling problem in 5G MU-MIMO system. The
scheduler needs to determine RB allocation, number of data streams and MCS assign-
ment for each user in each TTI. The real-time requirement for determining a scheduling
solution is at most 1 ms. To address this challenge, we presented mCore+—the first
5G MU-MIMO scheduler that achieves 500-us scheduling. To accelerate computation,
mCore+ consists of a multi-phase optimization, leveraging large-scale parallel compu-
tation. In each phase, mCore+ either decomposes the optimization problem into a
number of independent sub-problems, or reduces the search space into a smaller but
most promising subspace, or both. We implemented mCore+ on a COTS GPU plat-
form. Experimental results showed that mCore+ can obtain a scheduling solution in
~500 ps. At the same time, mCore+ is able to offer a better or comparable throughput

performance compared with other state-of-the-art algorithms.

o In Chapter 6, we studied the scheduling problem for a multi-cell MIMO system un-
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der C-RAN architecture. Our objective was to jointly optimize RB allocation, MCS
assignment, and beamforming matrices for all users under all RRHs so that the PF
objective is maximized. In addition, we aimed to find a scheduling solution within
each TTI (i.e., at most 1 ms) to conform to the frame structure defined by 5G NR.
We proposed M3—a novel multi-pipeline design that exploits large-scale parallelism.
Under M3, one pipeline performs a sequence of operations for cell-edge users to explore
joint transmission, and in parallel, the other pipeline is for cell-center users to explore
MU-MIMO transmission. We implemented M3 on a COTS GPU. Experimental results
showed that M?3 is capable of offering a scheduling solution within 1 ms for a C-RAN
system. Meanwhile, M? offers ~40% throughput gain on average by employing joint

transmission among multiple cells.

7.2 Future Work

MIMO technology remains to be the core of modern wireless communications and continues

to evolve at a fast pace. Our work in this dissertation advances many-antenna MIMO

techniques for networking research. Research in this area is still limited and there are

many open problems that need to be explored. We outline some open problems from this

dissertation as follows.

« Open problems from Chapter 3 (efficient DoF utilization). In Chapter 3,

we introduced the concept of “effective rank threshold”. Based on this concept, we
proposed efficient DoF' utilization on an interference link, aiming at conserving DoF
and maximizing throughput. One limitation of the proposed approach in Chapter 3
is that we only focused on using conserved DoFs for SM (i.e., supporting more data

streams), but did not consider to DoFs for diversity. That is, we did not explore the
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SM-diversity trade-off in this chapter. We expect there exists an optimal trade-off on
SM-diversity beyond IC based on effective channel rank. Given that DoFs can also be
used for diversity (instead of SM) to increase throughput, a future research direction is
how to allocate DoFs for diversity, in addition to SM and IC. The intricate dependency
of these variables (effective rank setting, DoF allocation for diversity, SM, and IC) and
their unique impacts on throughput make the overall problem both challenging and

intriguing.

Open problems from Chapter 4 (ultra-fast hybrid beamforming). Our work
in Chapter 4 is the first effort that achieves real-time beamforming with high through-
put performance under the hybrid architecture. Some open problems are listed as fol-
lows. First, our study focused on digital beamforming with given analog beamforming.
But in some applications, such as tracing fast-moving mobile devices, analog beam-
forming also has a very stringent timing requirement. Therefore, a real-time solution
of analog beamforming (or joint analog and digital beamforming) for these applica-
tions deserves future research. Second, designing a beamforming scheme with limited
feedback/CSI is an important issue. Due to a large number of antennas for mmWave
systems, the estimation and feedback of the full channel require a prohibitively large
amount of CSI that is difficult to obtain in practice. The consideration of limited CSI
can help with a more accurate modeling and a more robust solution. As expected, it
will also add more complexity to the beamforming design. How to design a real-time

beamforming solution with limited CSI remains an open problem.

Open problems from Chapters 5 and 6 (real-time 5G schedulers). The
results in Chapters 5 and 6 offered real-time schedulers for 5G systems, with a focus
on scheduling RB resources, MCS, and MIMO users. Although beamforming matrices

are calculated and applied at BSs and users, we employed simple linear beamforming
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techniques, such as ZF and MMSE. There are opportunities to improve the throughput
performance by employing a more advanced beamforming technique. For example,
the weighted minimum mean square error (WMMSE) algorithm [101, 162] can offer
near-optimal beamforming solutions to a weighted sum-rate maximization problem.
However, WMMSE algorithm is a non-linear beamforming scheme based on iterative
optimization, which is very challenging to be implemented in real-time. How to offer a
near-optimal beamforming solution (in terms of maximizing throughput) and address

its real-time challenge remains an open problem.
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