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On Programmable Control and Optimization for Multi-Hop Wireless Networks
Brian A. Jalaian

(ABSTRACT)

Traditionally, achieving good performance for a multi-hop wireless network is known to be
difficult. The main approach to control the operation of such a network relies on a distributed
paradigm, assuming that a centralized approach is not feasible. Relying on a distributed paradigm
could be justified at the time when the basic technical building blocks (e.g., node computational
power, communication technology, positioning technology) were the bottlenecks. Recent advances
and breakthroughs in these technical areas along with the emergence of programmable networks
with softwarized control plane intelligence allow us to consider employing a centralized opti-
mization paradigm to control and manage the operation of a multi-hop wireless network. The
programmable control provides a platform on which the centralized global network optimization
paradigm can be supported. The benefits of a centralized network optimization lie specially in
that a network may be configured in such a way that offers optimal performance, which is hardly

possible for a network relying on distributed operation.

The objectives of this dissertation are to fully understand the potential benefits of a central-
ized control plane for a multi-hop wireless network, to identify any new challenges under this new
paradigm, and to devise innovative solutions for optimal performance via a centralized control
plane. Given that the performance of a wireless network heavily depends on its physical layer
capabilities, we will consider a number of advanced wireless technologies, including MIMO, full
duplex, and interference cancellation at the physical layer. The focus is on building tractable com-
putational models for these wireless technologies that can be used for modeling, analysis and op-
timization in the centralized control plane. Problem formulation and efficient solution procedures
are developed for various centralized optimization problems across multiple layers. End-to-end
throughput maximization is a key objective among these optimization problems on the centralized
control plane and is used to demonstrate the superior advantage of this paradigm. We study several

problems:



¢ Integration of SIC and MIMO DoF IC. We propose to integrate MIMO Degree-of-
Freedom (DoF) interface cancellation (IC) and Successive Interference Cancellation (SIC) in
MIMO multi-hop network under DoF protocol model. We show that DoF-based IC and SIC
can be jointly integrated to combat the interference more effectively and improve the end-to-
end throughput significantly. We develop the necessary mathematical models to realize the

idea in a multi-hop wireless network.

e Full-Duplex MIMO Wireless Networks Throughput. We investigate the performance
of MIMO full-duplex (FD) in a multi-hop network. We show that if IC is exploited, MIMO
FD can achieve significant throughput gain over MIMO HD in a multi-hop network, which
is contrary to the recent literature suggesting an unexpected marginal gain. Our proposed
model handles the additional network interference by joint efficient link scheduling and in-

terference cancellation.

e PCP in Tactical Wireless Networking. We propose the idea of the Programmable Control
Plane (PCP) for the tactical wireless network under the protocol model. PCP decouples the
control and data plane and allows the network control layer functionalities to be dynamically
configured to adapt to specific wireless channel conditions, customized applications and/or
certain tactical situations. The proposed PCP functionalities are cast into a centralized opti-
mization problem, which can be updated as needed and provide a centralized intelligence to

manage the operation of a wireless MIMO multi-hop network under the protocol model.

e UPCP in Heterogeneous Wireless Networks. We propose the idea of the Unified Pro-
grammable Control Plane (UPCP) for tactical heterogeneous wireless networks with inter-
ference management capabilities under the SINR model. The UPCP abstracts the complexity
of the underlying network comprised of heterogeneous wireless technologies and provides
a centralized intelligence over the network resources. We develop necessary mathematical

model to realize the UPCP.
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(GENERAL AUDIENCE ABSTRACT)

In the past decades, wireless ad hoc communication networks have found a number of ap-
plications in both civilian and military environments. Such networks are comprised of a set of
smart nodes, which are able to organize themselves into a multi-hop network (able to communi-
cate from the source nodes to the destination nodes across multiple intermediary relay nodes) to
provide various services such as unattended and real-time surveillance. Their capabilities of self-
form and self-heal make them attractable for network deployment and maintenance, especially in
the scenarios where infrastructure is hard to establish. Because of their ease of deployment and
independence of infrastructure, wireless ad hoc network have motivated more and more research
efforts to sustain their continued growth and well-being. Nevertheless, with rapidly increasing de-
mand for data rate from various applications, we find ourselves still very much in the infancy of
the development of such networks, which have the potential to offer orders-of-magnitude higher

network-level throughput.

Traditionally, the main approach to control the operation of wireless ad hoc network relies
on a distributed paradigm, assuming that a centralized approach is not feasible. Relying on a
distributed paradigm could be justified at the time when were the bottlenecks. Recent advances
and breakthroughs in basic technical areas the basic technical building blocks (e.g., node com-
putational power, communication technology, positioning technology) along with the emergence
of programmable networks with softwarized control plane intelligence allow us to consider em-
ploying a centralized optimization paradigm to control and manage the operation of a multi-hop
wireless network. The objectives of this dissertation are to fully understand the potential benefits of
a centralized optimization paradigm in multi-hop wireless network, to identify any new challenges

under this new paradigm, and to devise innovative solutions for optimal performance.
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Chapter 1

Introduction

1.1 Background and Motivation

Since its inception, the designs for a multi-hop wireless network adopted a fully distributed ap-
proach at all layers, similar to the Internet in its early days. On the control plane, each node was
assumed to maintain only local and neighboring node information without having a global view
of the network. Communication and networking relied on best-effort and hop-by-hop knowledge.
Under such a distributed approach, connectivity was unreliable and throughput was low. Over the
years, the poor performance under such a distributed design has become the most notable bottle-

neck for the success of multi-hop wireless networks.

Recent significant advances in computational, radio, localization, and networking technolo-
gies have motivated us to consider a centralized/distributed programmable control plane to handle
globally-optimized management for multi-hop wireless networks. On the computation side, pow-
erful computing resource is becoming readily available in the cloud and complex control and opti-
mization problems may now be solved efficiently in real-time. On the radio side, we have seen the
emergence of programmable or software-defined radio that allows waveforms and scheduling algo-

rithms to be reconfigured on the fly (on a per-packet basis). Such radio is also becoming increasing
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Figure 1.1: An illustration of a centralized control plane for the control and operation of a multi-

hop wireless network.

intelligent (or cognitive) and can learn from its environment and adapt its operation behavior. On
the localization side, the wide availability of GPS and other powerful positioning algorithms allow
precise location information to be readily available in a very cost effective manner. This allows
a network operator to obtain a precise topology map that directly matches the physical environ-
ment on the network (rather than merely a logical connectivity map). On the networking side, the
decoupling of data and control planes is becoming widely accepted in the Internet community, as

evident in the recent progress in SDN.

Capitalizing on these advances in high-performance computing, programmable radio and hard-
ware, precision localization and positioning, and decoupling of data/control plane, we advocate a
centralized control paradigm for multi-hop wireless networks (see Fig. 1.1). We believe this new
paradigm will revolutionize the operational behavior and performance capabilities of multi-hop
wireless networks. It will unleash the full potential of a multi-hop wireless network from bottom

up. For the first time, the network operator can have a complete view of physical layer configu-



ration and capability of each node; the operator will be able to optimally configure (program) the
physical layer (radio) on the fly, which is not typically possible without a programmable control
plane. By performing global optimization via high-performance computing in the cloud, the multi-
hop network can be configured to achieve a new performance envelope far beyond what was once

achieved under the traditional distributed paradigm.

1.2 Dissertation Outline and Contributions

The objectives of this dissertation are to fully understand the potential benefits of a centralized
control plane for a multi-hop wireless network, to identify any new challenges under this new
paradigm, and to devise innovative solutions for optimal performance via a centralized control
plane. Given that the performance of a wireless network heavily depends on its physical layer
capabilities, we will consider a number of advanced wireless technologies, including MIMO, full
duplex, interference cancellation and others at the physical layer. The focus will be on building
tractable computational models for these wireless technologies that can be used for modeling, anal-
ysis and optimization in the centralized control plane. Problem formulation and efficient solution
procedures will be developed for various centralized optimization problems across multiple layers.
End-to-end throughput maximization will be a key objective among these optimization problems
on the centralized control plane and will be used to demonstrate the superior advantage of this

paradigm.

We summarize the main contributions of this research report as follows:

e In Chapter 2, we propose a union between MIMO DoF interface cancellation (IC) and
successive interference cancellation (SIC) in MIMO multi-hop network under degree-of-
freedom (DoF) protocol model. We show that DoF-based IC and SIC can help each other as
follows: (i) SIC is exploited to decode multiple received signals to conserve DoF resources
in IC, and (ii) DoF IC resolves the potential SINR barrier that SIC may encounter. We de-

velop the necessary mathematical models to realize the two ideas in a multi-hop wireless



network. Together with scheduling and routing constraints, we develop a cross-layer opti-
mization framework with joint DoF IC and SIC. By applying the framework on a throughput
maximization problem, we find that SIC and DoF IC can indeed offer significant perfor-

mance improvement by addressing each other’s limitation.

In Chapter 3, we study the performance of full duplex (FD) technology in MIMO multi-
hop network under SINR model. The recent literature suggests that the network throughput
gain of MIMO FD radios over MIMO half duplex (HD) is unexpectedly marginal due to
the additional network interference, when both ends of the FD links are transmitting. In
this Chapter, we show that if interference cancellation (IC) is employed, MIMO FD can
achieve significant throughput gain over MIMO HD. By understanding the state-of-the-art
MIMO full duplex transceiver architecture, we proposed a model for MIMO full duplex
in a multi-hop network, where nodes can be scheduled to operate in HD or FD mode and
perform MIMO spatial multiplexing or zero-forcing interference cancellation. We develop
the necessary mathematical models to realize such a MIMO full duplex model. Together
with scheduling and routing constraints, we develop a cross-layer optimization framework.
By applying the framework on a throughput maximization problem, we study the throughput
gain of MIMO FD over MIMO HD in a multi-hop wireless network. Our results suggest
that MIMO FD can have a significant gain over MIMO HD given proper IC technique is

employed in the network.

In Chapter 4, we propose the idea of the programmable control plane for the tactical wireless
network under protocol model. In the conventional wireless network, the control and data
planes are coupled. This tight coupling limits the flexibility of the control plane. The pro-
grammable control plane decouples the control and data plane. Realizing a separated control
plane for a wireless network requires a clear theoretical understanding for modeling the var-
ious functionalities of such control plane, which remains limited in the current literature.
In our proposed programmable control plane, the network control layer functionalities can

be dynamically configured to adapt to specific physical conditions, customized applications



and/or certain tactical situations. The proposed programmable control plane functionalities
can be cast into a centralized optimization problem, which can be updated as needed. Specif-
ically, we develop a cross-layer optimization framework, which characterizes the interaction
between the physical, link, and network layers. By applying the framework to a throughput
maximization problem, we show how the envisioned control plane programming framework

can solve complex problems in tactical networks.

In Chapter 5, we propose the idea of the unified programmable control plane for tactical
heterogeneous wireless networks with interference management capabilities under SINR
model. Tactical networks are wireless in nature to support mobility and rapid deployment
in contested environments. These networks also consist of various heterogeneous network-
ing technologies. Since the tactical networks are specialized purpose built networks and
their main motivation is to solve special purpose functions, the interoperability between dif-
ferent technologies was not initially viewed as essential. As the deployment of wireless
networks become ubiquitous both in private and government sectors, the lack of interop-
erability has become a disadvantage in creating a unified control plane. A unified control
plane can abstract the complexity of heterogeneous wireless networks and can provide a
centralized control over the network resources. In this Chapter, we develop the necessary
mathematical model to realize the unified programmable control plane for heterogeneous
wireless networks. We develop a cross-layer optimization framework, which characterizes
the interaction between physical, link, and network layer for the unified programmable con-
trol plane in a heterogeneous wireless network. By applying the framework on a throughput
maximization problem, we will show an application of the model to solve practical issues in
a tactical network and gain some theoretical insight on the optimal behavior of the unified

programmable control plane for a heterogeneous wireless network.



Chapter 2

Joint SIC and MIMO DoF for Interference

Cancellation in Wireless Networks

2.1 Introduction

MIMO has been widely adopted by the communications industry and the research community
due to its capabilities of spatial multiplexing (SM) gain, interference cancellation (IC), and diver-
sity gain. Until recently, research on MIMO has been limited at the physical (PHY) layer or for
single-hop communications due to the lack of tractable MIMO models. Recent advances in MIMO
degree-of-freedom (DoF) models removed this stagnation and allowed MIMO research to pene-
trate the networking community [9, 12, 36, 40, 62, 71]. The concept of DoF was originally defined
to represent the multiplexing gain of a MIMO channel in the information theory (IT) commu-
nity. This DoF concept was then extended by the networking community to characterize a node’s
spatial freedom provided by its multiple antennas. Under a DoF model, only simple numerical
computation is needed to account for a node’s resource allocation for SM and IC. The basic idea
of DoF-based MIMO models is as follows [71]: (i) The number of available DoFs at a node is
equal to the number of its antennas. A node may use its DoFs for either SM or IC. (ii) For SM,

both transmit and receive nodes need to consume DoFs. For each data stream, both the transmit
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and receive nodes need to consume one DoF. (iii) For IC, either the transmit node or the receive
node may consume DoFs. Clearly, under a DoF model, the number of available DoFs at a node
is considered a precious recourse and must be utilized efficiently. In particular, when a node uses
its DoFs for IC, its remaining DoFs for SM will be reduced. Therefore, there is a critical need to

conserve DoFs for IC if one wishes to maximize the number of DoFs for SM.

Independent from MIMO, successive interference cancellation (SIC) is a powerful physical
layer technique used in multi-user detection [40, 81]. It allows a receiver to take multiple inter-
fering signals from different transmitters and decode each signal iteratively. In its simplest form,
a receiver may decode the strongest signal from the aggregate received signals and considers all
the other interfering signals as noise. If the strongest signal meets a SINR threshold, then it can be
decoded successfully. Then the receiver subtracts it from the aggregate signals and repeats the pro-
cess for the second strongest signal and so forth, until the desired signal is decoded successfully.
Current research on exploiting SIC for single-antenna nodes in a wireless network can be found in
[11, 29, 33, 35, 41, 52, 53, 54, 55, 56, 83, 91]. SIC has also been exploited in MIMO for point-to-
point and multi-user communications (see related work in Section 2.6). Although attractive, SIC
does have its limitations. Most notably, if the SINR threshold cannot be satisfied at any stage, the

process cannot continue and the desired signal cannot be decoded.

Recognizing the strengths and weaknesses of MIMO DoF IC and SIC, we propose to have DoF
IC and SIC help each other based on the following two ideas: (i) Since MIMO DoFs represent
precious resources at the node, we shall exploit SIC for IC to conserve DoF resources; (ii) Since at
a particular stage, SIC may fail to meet SINR threshold to successfully decode the signal, we may
exploit MIMO DoF IC capability to selectively cancel a subset of interfering signals so that SIC
can be successful at a receiver. In other words, we want to exploit SIC to conserve DoF resources
while at the same time have DoF IC resolve the potential SINR barrier problem that SIC may
encounter. The goal of this paper is to develop the mathematical models to realize these two ideas

in a multi-hop wireless network.

The main contributions of this paper are as follows:



e This is the first paper that incorporates SIC under the MIMO DoF model with the goals of
exploiting SIC for DoF resource conservation and employing DoF IC to selectively cancel
a subset of interfering signals so that SIC can be successful to decode the desired signal.
Note that our use of SIC in MIMO differs from SIC in multi-user MIMO communication
(see Section 2.6) where there is no concern of exploiting MIMO’s IC capability to remove

the SINR threshold barrier that SIC may encounter.

e This is also the first paper that studies SIC under the MIMO DoF model for a multi-hop
wireless network. In a multi-hop MIMO network, one needs to address the scheduling and
flow routing problem. Coupling of both routing and scheduling with DoF allocation and SIC
is clearly a nontrivial problem. Note that this problem differs from SIC in multi-user MIMO

communication (see Section 2.6) where there is no concern of scheduling and routing.

e We propose a MIMO DoF IC scheme that incorporates SIC. Based on this scheme, we
develop a model for DoF allocation at a transmitter and a receiver that incorporates SIC.
We also develop a sequential SIC model when DoF IC is employed to cancel a subset of
interfering signals that may hinder SIC from meeting its SINR decoding threshold. Both
of these two models are developed for a multi-hop wireless network. Together with other
scheduling and routing constraints, we develop an optimization framework for joint DoF IC

and SIC in a multi-hop MIMO network.

e Through an application of the framework on a throughput maximization problem, we find
that SIC and MIMO DoF IC can indeed work in harmony and help each other as we intended.
When compared to a MIMO network where SIC is not used, there is a significant increase in

throughput.

The remainder of this chapter is organized as follows. In Section 2.2, we review a MIMO DoF
model that we shall employ in this study. We also review the basic concept of SIC for the single-
antenna case. Subsequently, we describe the motivation and basic idea of this chapter, as well as

the technical challenges that we will encounter. In Section 2.3, we extend the single-antenna SIC



model to MIMO with multiple data streams from each user. In Section 2.4, we propose our MIMO
SIC scheme and develop SIC in the MIMO DoF model for a multi-hop network, which is the core
of this paper. In Section 2.5, we present a case study for a throughput maximization problem along
with a performance comparison to the same problem when SIC is not used. Section 2.6 reviews

related work. Section 2.7 concludes this chapter.

2.2 SIC in MIMO: Background and Motivation

In this section, we first review a MIMO IC model that we will use in this study. Then we review
the basic concept of SIC for single-antenna case. Based on this background, we motivate our idea

of how SIC may be exploited to conserve DoF resources for MIMO IC.

2.2.1 MIMO DoF Model

In this section, we first review the MIMO IC model that we will employ in this study. Then we
review the basic concept of SIC for a single-antenna case. Based on this background, we motivate

our idea of how SIC may be exploited to conserve DoF resources for MIMO IC.

2.2.2 MIMO DoF Model

For notation, we denote vectors and matrices in bold-face lower and upper case letters, respectively.
For matrix G, GT and G denote transpose and Hermitian operations, respectively. ||g| denotes
the norm of vector g. g? denotes the g-th column of matrix G. A diagonal matrix is denoted as

diag{. .. }. Table 2.1 shows the notation used in this paper.

Consider a multi-hop MIMO network consisting of a set of nodes A/ which has N elements.
Each node is assumed to have M antennas. Suppose that there are L possible links in the network.

Denote Tx(!) and Rx({) as the transmit and receive nodes of link /, 1 <[ < L. We consider a time-



Table 2.1: Notation.

Symbol | Definition

M Number of antennas at node each node

Hy; Channel fading matrix between transmitter k and receiver ¢

Ly; Path-loss between node k and receiver node %

Dj Transmit power of data streams from node j

Ug Precoding vector at transmitter node k

Xf Symbol vector at node k

Ay Diagonal transmit amplitude matrix at transmit node &

n Gaussian noise vector with power Ng

Ny Noise power

Vi Receive matrix to decode signal from node j at node ¢

Yii Received signal vector at node ¢ from node j

Z; Set of nodes within node 4’s interference range

L Total number of links in the network

Ié] SIC SINR threshold

Ei“ Set of incoming links at node 7

E?‘“ Set of outgoing links at node ¢

N Number of nodes in the network

N Set of nodes in the network

Rx(1) Receiver of link [

Tx(1) Transmitter of link [

r(f) Rate of session f

ri(f) Rate for session f on link [

w(f) Weight of session f

z;[t] Indicator variable to show if node % is a transmitter in time slot ¢
yilt] Indicator variable to show if node % is a receiver in time slot ¢
z1(t) Number of data streams on link { in time slot ¢

;i [t] Node 4’s position in a node level ordering 7 [t]

05 t] A binary variable to indicate whether node 1 is placed after node j in 7 [t]
M43 [t] A binary variable to indicate interference from node j is canceled at 7 by SIC in time slot ¢
vji[t] A binary variable to indicate interference from node j is canceled at ¢ by MIMO-IC in time slot ¢

A binary variable to indicate intended transmit node j at least transmits one data stream to receive node ¢ in time slot ¢

10
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slotted scheduling, where a time frame consists of 7" time slots. Depending on link scheduling, a

subset of links will be active in time slot ¢, 1 < ¢ < 7T.

The basic idea of DoF-based MIMO models is as follows [71]: (i) The number of available
DoFs at a node is equal to the number of its antennas. (ii) For SM, both transmit and receive nodes
need to consume DoFs. For each data stream, both the transmit and receive nodes need to consume
one DoF. (iii) For IC, either the transmit node or the receive node may consume DoFs. If a transmit
node A is to cancel its interference to a receive node B, then it needs to consume 2 DoFs, where
x is the number of DoFs that is being sent to node B (via SM) from B’s intended transmitter.
Likewise, if a receive node B is to cancel the interference from a transmit node A, then it needs to
consume y DoFs, where y is the number of DoFs that is being sent by transmit node A (via SM)
to A’s intended receiver. (iv) A node can use some or all of its DoFs for SM and IC, as long as the

total number of DoFs consumed for SM and IC does not exceed its available DoFs.

Half-Duplex Constraint. Although there has been significant advance on full duplex for single
antenna node, there remain significant challenges to have a practical design for full duplex on a
MIMO node. Therefore, we assume half duplex on a MIMO node in this paper. Denote z;[t] as
a binary variable to indicate whether node ¢ € N is transmitting in time slot ¢, i.e., z;[t] = 1 if
node 7 is a transmitter in time slot ¢ and 0 otherwise. Similarly, denote y;[¢] as a binary variable to
indicate whether node i € N is receiving in time slot ¢, i.e., y;[t] = 1 if node i is a receiver in time

slot t and 0 otherwise. For half-duplex, we have the following constraint:

it Fyilt] <1, 1<i<N,1<t<T). (2:2.1)

Node’s SM Constraints.  Denote £1" and £ as the set of potential incoming and outgoing
links at node i, respectively. Denote z[t] as the number of data streams over link /. If node ¢
is not a transmitter, then we have ) ,_ cout 2(1) [t] = 0. Otherwise, the total number of outgoing
streams should be positive and lesser than the number of antennas, ie., 1 < >, Lot () [t] < M.
These two cases can be expressed in a compact form as follows:

wlt] < > 2] < Maft], (1<i<N1<t<T). (2.2.2)

lecont
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Similarly, depending on whether node  is an active receiver, we have the following constraint:

vl < Y zplt] < Myift], (1<i<N,1<t<T). (2.2.3)
lEﬁi-n
Ordering Constraint. In a multi-hop MIMO network, to avoid duplication in IC while ensuring

feasibility of DoF allocation, Shi et al. [71] introduced a novel IC scheme among the nodes based
on a node ordering concept. Under this scheme, all nodes in the network are put into a logical
list with the position of the node in the list representing its order. Specifically, denote 7[t] as an
ordered list of nodes in the network in time slot ¢ and denote 7;[t] as the position of node i € N in

7[t]. Then we have:

1<m[t] <N, (1<i<N1<t<T). (2.2.4)

To model the relative ordering between any two nodes ¢ and j in 7[t], we define an indicator

variable 6;;[t] as follows:

1 if node j is before node i in 7[t],
0;ilt] = ,
0 otherwise.
Denote Z; as the set of nodes that are located within the interference range of transmitter . Then the

ordering relationship between any two nodes in the network can be represented by the following

mathematical programming constraints [71]. For (1 <i < N,j € Z;,1 <t <T),

Based on 7[t], each node in this list has the following responsibility in IC:

e Transmit node. 1f this node is a transmit node, then it only needs to cancel its interference to
those receive nodes that are before itself in the ordered node list. It does not need to consume
DoFs to cancel its interference to those receive nodes that are after itself in the ordered node
list. Interference from this transmit node to receive nodes after itself will be canceled by
those receive nodes later. The number of DoFs consumed at this transmit node for IC is

equal to the total number of desired data streams received by those receive nodes.
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e Receive node. 1If this node is a receive node, then it only needs to cancel interference
from those transmit nodes that are before itself in the ordered node list. It does not need to
cancel interference from those transmit nodes that are after itself in the ordered node list.
Interference from transmit nodes after this node will be canceled by those transmit nodes
later. The number of DoFs consumed at this receive node for IC is equal to the total number

of data streams transmitted by those transmit nodes.

The above IC rules can also be cast into mathematical programming constraints. Then the DoF
constraint at a transmit node and a receive node for (1 < i < N,1 <t < T') can be written as

follows [71]:

Tx(k)#i
Szl + > 06t D wwlt] < Maft] + (1 — ait]) B, (2.2.6)
leLout JEL; keLin
Rx(l)#i
Dzl + D0l D zwl] < M-wyilt] + (1= wilt]) B, (22.7)
keLin JEL; leLs
) ) Tx(k)#i Rx(l)#i
where B; is alarge constantand isnosmall than } 5. .7 0:[t]  >°  z[tland 3 ;o7 05ift] >°  2)[t].
kel leLst

For example, we can set B; = M - |Z;|.

2.2.3 SIC under Single-antenna Node

SIC allows a receiver to take multiple interfering signals from different transmitters (see Fig. 2.1)
and decode each one of them iteratively [81]. As shown in Fig. 2.2, for the composite received
signal, the receiver attempts to decode the strongest signal and considers all other signals as inter-
ference. If the strongest signal is decoded successfully (upon meeting a certain SINR threshold),
the receiver subtracts it from the original composite signal and then starts to decode the second
strongest signal and so forth. The process continues until all signals are successfully decoded, or

the SINR threshold cannot be satisfied at certain stage.

Without loss of generality, suppose that the power levels of the signals from the K transmitters



Figure 2.1: A receiver with K concurrent transmitters.

Decode the 1st

K Composite
Received
Signal

Strongest Signal

>

Decoded
Data Streams

of the First

Reconstruct the 1st
Strongest Signal

Strongest
Signal

Decode the 2nd
Strongest Signal

Decoded
Data Streams

of the Second
Strongest

Signal

-+
|
_>
¢+
- Reconstruct the 2nd
Strongest Signal
[ ]
®
®

Figure 2.2: A schematic of SIC.
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received at node ¢ are in nondecreasing order as P; < Pp; < ... < Pg;. Receiving node ¢ tries to
decode signal from node 7 in the order of K, K — 1,...n. Then, the signal with received power

P,; can be decoded successfully if and only if

Py
Step 1 K—l—K > 67
Z Py + 02
=1
Pl -1y
Step 2 7 E— o > B,
> Pri+o?
=1
Pm
Step(K —n+1) ———— 2> 0. (2.2.8)
E Pki+g2
=1

2.2.4 Motivation and Basic Idea

The above background on MIMO IC model and SIC model motivates us to propose the following

ideas.

e DoF IC to Remove Barrier Signal in SIC. For SIC, at any stage when the SINR threshold
is no longer satisfied at a receiver, SIC will fail to continue. This is the limitation of SIC.
But with MIMO IC capability, we could use a MIMO DoF (either at this receiver or the
transmitter of this signal) to cancel this particular interference without decoding it. After
this impeding interfering signal is removed, SIC can resume its decoding of the remaining
signals from other transmitters. As an example, in (2.2.8), suppose in Step 1, the SINR
threshold (3 for Py; is not satisfied. With DoF IC, either the transmitter & or receiver i can
use 1 DoF to cancel this interfering signal, thereby allowing SIC to continue to work on the
remaining signals. At any step when the SINR threshold 3 is no longer satisfied for some
transmitter, we can apply the same DoF IC technique and remove this barrier signal, until

the desired signal n is decoded successfully.



16

e
~ Ve
~N Ve
~ e
~ Ve

e

~

- ~
7 ~
- ~
%

: ~ N /( ‘
Ny e
@ / \ *
e
e
Figure 2.3: A simple example illustrating how SIC can help conserve DoFs for IC.

e SIC to Conserve DoFs in IC. Likewise, before we expend precious DoFs for IC at a
receive node, we could exploit SIC to its fullest extent at this receive node (to decode as
many concurrent signals as possible). This exploitation of SIC capability will help conserve
precious DoFs at the node. As an example, consider Fig. 2.3, where (71, R;) and (73, R»)
are two pairs of transmitting and receiving nodes in the network. Assume that all nodes
share the same channel and are equipped with 4 antennas (with DoFs being 4 at each node).
Suppose that both 7} and 75 wish to transmit 2 data streams to 7 and R,, respectively. For
an ordered node list, say m = (T3, Ry, Tz, R), we need to expend 2, 2, 4, and 4 DoFs on 77,
Ry, T5, Ro, respectively. Now, suppose that we employ SIC decoder at both receivers R; and
R,. Then it may be possible that the interference from 75 be handled by SIC at R;, allowing
T, to save 2 DoFs for canceling its interference to R;. Likewise, it may be possible that the
interference from 7} be handled by SIC at R, allowing R, to save 2 DoFs for canceling the
interference from 77. That is, when SIC is successful at R, and R», we only need to expend

2 DoFs on 1Y, Ry, T5, Ry, respectively.
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The above two ideas and examples illustrate the benefits of using DoF IC and SIC jointly for
interference management. The goal of this paper is to establish its theoretical foundation. To do

so, it is important to understand the underlying technical challenges.

2.2.5 Technical Challenges

Although there has been active research on the MIMO DoF model (e.g. [9, 12, 36, 62, 71, 74, 94])
and SIC in wireless networks (e.g. [11, 35,41, 52, 55, 81, 83]), they are mostly done independently,
without exploiting the potential mutual benefits when used jointly to overcome each other’s limita-
tions. Although MIMO and SIC have been studied in the context of MIMO-MMSE-SIC in both the
information theory (IT) and communications (COMM) communities (see, e.g., [10, 24, 25, 76]),
SIC is not explicitly considered as a technique to conserve DoFs in IC; likewise, neither are DoFs
explicitly used to remove large interference signal to meet SINR threshold. As a result, there
is hardly any result in the literature addressing the ideas that we are proposing in this paper —

bundling MIMO DoF and SIC to overcome each other’s limitation in IC.

The main technical challenges that we need to address are as follows:

e The calculation of SINR at each stage of SIC requires received power from both intended and
unintended transmitters. Such information is given explicitly in a single antenna SIC model.
However, MIMO DoF model, which is a protocol model by nature, does not explicitly offer
such receive power information. As a result, it is necessary to dig into the MIMO matrix
model (inherently a physical model) and extract relevant parameters for power calculation.

Such an intertwined approach in studying joint SIC and MIMO DoF models is not trivial.

e Once we know how to calculate SINR for SIC with MIMO, the next challenge is how to
model SIC capability into MIMQO’s DoF constraints (at both transmitter and receiver). Cou-
pling SIC with MIMO IC in mathematical programming is intrinsically complex and would
call for effective reformulation techniques to ensure the tractability of the final formulation.

Again, this is a challenging problem.
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e Finally, instead of limiting ourselves to point-to-point or single-hop communications, we are
interested in studying joint SIC and MIMO IC in the general context of a multi-hop wireless
network. In a multi-hop environment, a MIMO-SIC scheme is also coupled with the upper
layer scheduling and routing algorithms. These upper layer algorithms determine, in each
time slot, the set of transmitters, the set of receivers, the set of links, and the number of
data streams. The joint DoF-SIC scheme shall again be jointly designed with these upper
layer scheduling and routing algorithms. As expected, such a mathematical formulation is

intrinsically complex and usually results in a challenging problem.

2.3 SICin MIMO

In Sections 2.3 and 2.4, we address the above problems. In this section, we extend SIC model
in (2.2.8) for single-antenna system to MIMO. In the next section, we present a mathematical

modeling of employing SIC in the MIMO DoF model.

2.3.1 Calculating SINR in MIMO

Consider the multiuser MIMO model in Fig. 2.4, where there are multiple transmit nodes and one
receive node. We assume that nodes are symbol synchronous and each node j € Z; may transmit
up to M data streams. For a given symbol time, the data streams from transmit node j are denoted

M]T

by a vector of symbols x; = [:)sjl, x?, ..., x; 7. We assume if transmit node j has fewer data

streams than M/, then the remaining elements of x; are filled with zeros.

The complex MIMO signal from transmitter j received at node ¢ (after passing through a linear

receiver) can be written as:

i = LiVIHLU A x;+ Y Ly VIH UAix + Vin (2.3.1)
kET; k#j

where H;; € CM*M g the channel matrix between transmit node k and receive node 7 and is
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Figure 2.4: System configuration of a multiuser MIMO system

normalized to mean power 1, L;; is the path-loss factor between j and i, U, € CM*M s the

unitary transmit precoding matrix at transmit node &,

A; € RMM A = diag{./pj, /P;, - --,+/P;} is the real-valued diagonal transmit amplitude

CMXM

matrix. Vj; € is the unitary receive matrix at node ¢ for decoding data streams from node

j,and n; € CM*! is the white Gaussian noise vector with variance N, per element.

Depending on the transmit precoder and receiver matrices, SINR can be calculated [77, 86].
Assuming data streams are uncorrelated, SINR for the g-th element in y; is:

L3 |lvi; Hul|”

2. pkL HV‘”HT U2+ Nol V511>

k€Z; k#j

SINRY, =

Since V; is a unitary matrix, we have ||V?iH2 = 1. Therefore,

y L3 ||v3 a2
SINRY, = — . (23.2)
Z Liillvii Hi Ukl + No

kGL‘Jf?fJ
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2.3.2 Sequential Constraints for MIMO-SIC

In (2.2.8), we showed a mathematical model for SIC in a single-antenna system. For MIMO,
there are usually multiple data streams from a transmit node. Performing SIC at data stream
level across different transmit nodes is not compatible to the MIMO DoF model, as the latter is
intrinsically a node-based model. Instead, we choose to decode aggregate data streams on a per
transmit node level in this paper. That is, we use the minimum SINR among all data streams from
the same transmitter as the worst-case aggregate SINR for this transmit node. Note that there is no
interference among data streams from node j to node ¢ due to SM. Thus, if the worst-case (with
the smallest SINR) data stream from node j is decodable, all other data streams from node j must
also be decodable. Therefore, all data streams from transmit node j are decodable at receive node
1 if

p; - L% - min, ||v¥; TH; ud|?

> pkL,ﬂ maxq||v“H U2+ Ny
keZ; k#j

>p. (2.3.3)

Denote Cj; = ming [|v]; THL u!||> and Djj,; = maxg ||v; "H!. U, |2 To have SIC operate on
the node level with aggregate data streams, without loss of generality, suppose that the minimum
received power levels of the data streams from each of the A transmit nodes at node ¢ are listed
in non-decreasing order as p; - L%, - C; < ... < p,- L2, < ... < px - L%, - Cky, where
Pn- L2, corresponds to the minimum received power from intended transmit node n while the others
correspond to minimum received power of unintended transmit nodes. Based on SIC, receiver ¢

will decode the signals in the order of K, K — 1,...n (i.e., the strongest signal first, until the

intended transmit node n, inclusive). That is, the set of data streams from intended transmitter
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node n is decodable if

L2 Cri
Step 1 K_lpK i K > 0,
> peLi - Diwi + No
k=1
- L? - Clge—1yi
Step 2 D(k-1) * Lg—1); - C(K-1) N

K—2 =
> peli; - Di—1yei + No
k=1

Step (K —n+1) >0, (2.3.4)

n—1

k=1
where for intended transmit node n, C),; = 1 due to SM requirements.

Note that although (2.3.4) shows the iterative SIC process, it is not written in a mathemati-
cal program. To address this issue, we adopt a similar approach as in [41] by defining the so-
called residual SINR (or r-SINR). r-SINR is a compact expression to calculate SINR value for the
transmit-receive pair under consideration after all the transmit nodes with stronger received signals
have been successfully decoded. Specifically, for the aggregate data streams from transmit node j

to receive node ¢ in time slot ¢, we define r-SINR;;[t] as follows:

_ pi - Lji - Cii
r-SINR;[t] = oL Oy 12,0 ; (2.3.5)
> pr-Li; - Djri + No
kET; k]

where the summation in the denominator includes all transmit nodes & with weaker received signals

than 7.

2.4 SIC in MIMO DOF Model

A receive node may receive signals from multiple transmit nodes, including both signals from
the intended transmit node and interference from any unintended transmit node. In the proposed

scheme, receive node ¢ divides the signals from these transmit nodes into five sets:
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Set 1 Signals from unintended transmit nodes that are canceled by DoFs at the transmit nodes;
Set 2 Signals from unintended transmit nodes that are canceled by DoFs at receive node i;

Set 3 Signals from unintended transmit nodes that are decoded and subtracted from the composite
received signals by SIC at receive node ¢ before the intended transmit node (i.e., the received
powers from these transmit nodes are greater than the powers from the intended transmit

node n);
Set 4 Signals from intended transmit node n;

Set 5 Signals from unintended transmit nodes that are treated as noise during SIC at receive node
1 (i.e., the received powers from these transmit nodes are less than the powers from the

intended transmit node n).

For the signals from an unintended transmitter to receive node ¢, the question of which sets (1, 2,
3, or 5) the signals belong to will be solved by an optimization problem. The goal of this section is
to define and formulate the decision variables into the necessary constraints for DoF IC and SIC.
Figure 2.5 shows how the signals from the intended transmitter (Set 4) are successfully decoded at
receive node . First, set 1 signals are canceled at the transmitter side. The remaining composite
signals from sets 2, 3, 4 and 5 are received at Rx node 7. As shown in the figure, Rx node has
one reconfigurable receive matrix, which is updated iteratively during SIC. In each SIC iteration
(except the last iteration), Rx node performs DoF IC and SIC as follows. In the first iteration, Rx
node configures its receive matrix to perform DoF IC for signals in set 2. Then it decodes the
strongest received signal (minimum received power among the data streams from a transmit node)
in the union of sets 3, 4 and 5 by SM while treating the remaining signals in sets 3, 4 and 5 as
noise. The decoded signals are reconstructed and subtracted from the composite signal before the
next iteration. The process goes on from iteration to iteration. In the last iteration, the Rx node will
decode the signals from the intended transmitter (set 4) while treating the signals in set 5 as noise.

The output from the last iteration are the signals from the intended transmitter. In the rest of this
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section, we show mathematically how the DoF IC model and SIC model can be coupled together.

First, we need to introduce some notations.

Indicator Variables for DoF IC and SIC.

For the 5 sets of signals, we define three binary

indicator variables ~y;;[t] (for sets 1 and 2), n;;[t| (for sets 3 and 5) and \j;[t] (for set 4) as follows:

e 7;;[t]: a binary variable. ~v;;[t] = 1 if the interference from unintended transmit node j

to receive node ¢ is canceled by DoF (either at transmit node j or receive node 7), and 0

otherwise. Note that when v;;[t] = 1, it does not tell which node does the IC with DoF

(transmit node j or receive node 7). For that, we need the value of 6;;[t]. Also note that, if

7v;i[t] = 1, then we have z,[t] = 1 and y;[t] = 1. This sufficient condition can be modeled

by the following constraints:

(2.4.1)
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yilt] > ylt], 1 <i<N,jeZ,1<t<T). (2.4.2)

e 7;;[t]: a binary variable. 7;;[t] = 1 if the interference from unintended transmit node j to
receive node ¢ is canceled by SIC (or being treated as noise), and 0 otherwise. Also note that,
if ;:[t] = 1, then we have z;[t| = 1 and y;[t] = 1. This sufficient condition can be modeled

by the following constraints:
it > nplt], 1 <i<N,jeL,1 <t <T), (2.4.3)

viltl > mft], 1<i<N,jeZ,1<t<T). (2.4.4)

Also note that, if x;[t] = y;[t| = 1, then we have 7;;[t] + 7;:[t] = 1. This sufficient condition

can be modeled by the following constraints:

zilt] +yilt] = 1 < mpltl + vt <1, (1<i<N,jeZ,1<t<T). (24.5)

e \;;[t]: a binary variable. \;;[t] = 1 if intended transmit node j transmits at least one data

stream successfully to receive node 7 via SM, and 0 otherwise. For SM, we have:

Coupling SIC with MIMO DoF Model. With the above definitions for v;;[t], n;;[t] and A;;[t],
the DoF consumption constraints in (2.2.6) and (2.2.7) for a transmit node and a receive node can
be extended by taking into account SIC as follows. When node 7 is a transmit node, then the DoF

consumption at this node must satisfy for (1 <i: < N, 1 <t <T):

Tx(k)#1
Z 2[t] + Zeﬂ[tm Zz | <Mag[t] + (1 — z;[t])B; - (2.4.7)
leﬁg’“‘ J€ETL; keﬁ‘“

Note that in the above expression, the use of ;;[t| limits the accounting of DoFs (used in IC) only
to those interfering data streams that are canceled by transmit node 7. Similarly, when node ¢ is a

receive node, then the DoF consumption at this node must satisfy for (1 <i < N, 1 <t <T):

D 2wt + > Oulthlt] Zz | <My;lt] + (1 — yi[t]) B . (2.4.8)

keLin JET; lecout
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Sequential SIC Model with DoF IC. In Section 2.3, we developed MIMO SIC constraint (2.3.5)
without DoF IC consideration. With DoF IC, the potential barrier signals that do not meet threshold
£ can now be removed and SIC can continue to decode. We incorporate DoF IC into the r-SINR
definition in (2.3.5) through the 7;;[t| and \;;[t] variables, which allows us to account for only those
interfering signals that are to be handled by SIC (i.e., not canceled by DoF IC). So r-SINR ;[t] can

be re-defined as follows:

2
B pj - Lji - Cii
r—SINR],[t] = pkLii-CkiSijii-Cji (249)
> Dr Lii *Djri + N
k€L; k#jmi[t]=10T Ay [t]=1
When j is the intended transmit node, i.e., j = n, C,,; = 1 due to SM, r-SINR,,;[t] is:
n ° LZ'

r-SINR,,;[t] = P ” Zni (2.4.10)

el -Cri<pnL?,

> D in “ Dy + No
k€L k#n,m(t]=1

Note that if \,;[t] = 1 (i.e., we have at least one data stream from intended transmit node 7 to

receive node ¢), then we must have:

e (i) The r-SINR;’s of all stronger received signals from other transmit nodes j with 7;;[t] = 1

are no less than the SINR threshold /3; and

e (ii) The r-SINR,,;[¢] of the intended signals from node n to node 7 is no less than the SINR
threshold S3.

That is, if \,,;[t] = 1, we have
r-SINR[t] > 3, (1 <i < N,jeLnult] =1,pL5,Ci > pali;, 1 <t <T),  (24.11)

r-SINR,;[t] > 8, (1<i<Nnel,1<t<T). (2.4.12)

Note that r-SINR;; [¢] and r-SINR,,;[t] in above constraints refers to definitions (2.4.9) and (2.4.10),

respectively.
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2.5 Case Study: A Throughput Maximization Problem

In Sections 2.2 to 2.4, we established key models for MIMO-SIC. In this section, we show how
these models can be used to study networking problems. Let’s consider a typical throughput
maximization problem in a multi-hop MIMO network. Suppose there is a set of active ses-
sions F. Denote r(f) as the rate of session f € F and 7, as the minimum session rate, i.e.,
Tmin = Min,.-7(f). Our objective is to maximize the minimum session rate 7,,;, among all ses-

sions F.

To formulate this problem, we need to have flow routing constraints and link capacity con-

straints, in addition to those constraints in Sections 2.2 to 2.4.

Flow Routing Constraints. Denote 7;(f) as the amount of data rate on link [ that is attributed
to session f € F. Denote s(f) and d(f) as the source and destination nodes of session f € F,
respectively. Then at source node, s(f), f € F, we have the following flow balance:
don(f)=r(f). (i=s(f),feF). 2.5.1)
leLsms
At any intermediate relay node, we have
Sonlf) =Y ). A <i<Nji#s(f)i#df),f€F). (25.2)
leﬁ;ll le[:?ut
At a destination node, we have
donlf)=r(f), (i=d(f),feF). (25.3)
leLin
It can be easily verified that if (2.5.1) and (2.5.2) are satisfied, then (2.5.3) is also satisfied. There-
fore, it is sufficient to have (2.5.1) and (2.5.2).

Link Capacity Constraints. For simplicity, we assume the granularity of the data rate is DoF

per time slot. Since the aggregate data rate on link [ cannot exceed the link’s average rate, we have

Sonlh) < 5> wwll, (<1< (2.5.4)

fer t=1
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where the right-hand-side represents the average throughput on link / over a frame (7' time slots).

Putting all the constraints together, we have the following formulation for the throughput max-

imization problem:

TMP max 7Tmin

s.t. rmim < 7(f) (f € F),
Half duplex constraint: (2.2.1);
Node’s SM constraints: (2.2.2), (2.2.3);
Node ordering constraints: (2.2.4), (2.2.5);
DoF consumption with SIC:
(2.4.1)~(2.4.5),(2.4.7)—-(2.4.8);
Sequential SIC with IC: (2.4.6),(2.4.11), (2.4.12) ;
Flow balance constraints: (2.5.1), (2.5.2);

Link capacity constraints: (2.5.4).

In the formulation, M, N, T, B, p;, L%, 3, No, Cj; and Dj,; are constants' and x;[t], y;[t],
2 [t], milt], 05t], mjilt], viiltl, Azalt], i(f), v(f) are variables. Through reformulation on (2.4.7),
(2.4.8), (2.4.11) and (2.4.12) (see appendix), TMP can be reformulated into a mixed integer linear
program (MILP). Although the theoretical worst-case complexity to a general MILP problem is
exponential [28, 68], there exist highly efficient heuristics (e.g., sequential fixing algorithm [38,
Chapter 10]) to solve it. Another approach is to apply an off-the-shelf solver (CPLEX [98]), which
we find can handle up to a moderate-sized network successfully. Since the main goal of this paper
is to explore DoF IC and SIC jointly, it is sufficient to demonstrate our results with moderate-sized

networks. Therefore, we will use CPLEX to solve MILP.

'For the purpose of this paper, we set Cj; to its average value over a large number of realizations and D y; to its

worst case bound.
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2.5.1 Reformulation

Reformulation of (2.4.7) and (2.4.8).  First, we introduce binary variables «;;[t] and j;;[t] to
replace Hﬂ[t] * Yij [t] and Gﬂ[t] . ’}/ﬂ[t] That iS, Iiji[t] = Gﬂ[t] * Yij [t] and ﬁﬂ[t] = Hﬂ[t] . ’yﬂ[t] This

change of variables will introduce the following new constraints for «;[t] and 3;;[t]:

Kjilt] > Olt] + it =1, (1 <i < N,j€;,1 <t <T), (2.5.5)
05t > kult], 1 <i<N,jeZ;,1 <t <T), (2.5.6)
Yiilt] > Kjlt], 1 <i < N,j eI, 1<t <T), (2.5.7)
Biilt] = 05ilt] +v;lt) —1,(1<i<N,jeZ,1 <t <T), (2.5.8)
0,i[t] > Bilt], 1 <i < N,j €L, 1 <t <T), (2.5.9)
Vilt] = Bilt], 1 <i < N,jeZ;,1 <t <T). (2.5.10)

Now we can rewrite constraints (2.4.7) and (2.4.8) for (1 <i < N,1 <t <T)as

Tx(k)#i
STl + > kalt] Y zwlt) < M -aift) + (1 — xilt) B (2.5.11)
leﬁ;’“t J GI keﬁln
Rx(l)#i
Y 2wl + D Blt) Dzl < M-yl + (1 —yl)B: (2.5.12)
kecin JE€L; leLgut
Note that we still have nonlinear terms in (2.5.11) and (2.5.12), i.e., k;[t] Eg(ﬁszél 2([t] and

Bjilt] ZRX(I 72 @ [t]. To reformulate these nonlinear terms, we again introduce new variables and

lecont
Tx(k)#i

adding new constraints. Specifically, we define new integer variable ¢;[t] = r;[t]- >, - o AW [t].

Then (2.5.11) can be rewritten as
Szt + D ]l < M-mift]+ (1—xi[th)B; 1<i<N1<t<T), (2513)
ieLout JETL;

along with new constraints for ¢;;[t] for (1 <i < N,j € Z;,1 <t <T).

Tx(k)#i
Yaltl < Y 2wl (2.5.14)

kel
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Viilt] < M - kyilt] (2.5.15)
Tx(k)#i

Yl > M- wplt] + > 2l — M. (2.5.16)
keﬁy’

Similarly, for (2.5.12), we define new variable €;;[t] = [3[t] f:z(?f z)[t]. Then (2.5.12) can
J

be rewritten as:

Szl + ) el < M-yt + (1—ylth)B 1<i<N,1<t<T), (2.5.17)

icLn J€Li

along with new constraints for €;;[t] for (1 <i < N,j €Z;,1 <t <T),

Rx(l)#i
el < Y 2l (2.5.18)
leﬁg‘“
Rx(1)#4
el > M- Bilt] + D zplt] — M . (2.5.20)
lecg

Reformulation of (2.4.11) and (2.4.12). The two sets of constraints in (2.4.11) and (2.4.12) are
stated in the form of sufficient conditions rather than mathematical programming. To reformulate
both, we first move 7;;[t| = 1 out of the range in (2.4.11) by treating it as part of the sufficient
condition. That is, if (1;;[t] = 1 and \,;[t] = 1) then r-SINR;[t] > S for (1 < i < N,j €
Zi,p;L3; - Cji > pnL,

2i»1 <t <T). To combine n;;[t] = 1 and \,;[t] = 1 into one condition,
we introduce a binary variable d(;;) (ns)[t], Where d¢iy.mi)[t] = 1 if and only if (n;;[t] = 1 and
Anilt] = 1) for (1 <@ < N, (n,j) € Ti,p; L5 - Cji > pu L}

ni’

1 <t < T). This logical condition

can be expressed in mathematical form as following:

jilt] = 6¢ia),mi 1] 5 (2.5.22)

)\m-[t] > 5(3'2-)7(”@-) [t] . (2.5.23)
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Now, we can re-write MIMO SIC sequential SINR constraints derived in (2.4.11) and (2.4.12)
based on the above newly defined variables and substituting r-SINR definitions for intended and
unintended transmissions in (2.4.10) and (2.4.9), respectively. For (1 < < N, (n,j) € Z;, ij2

Cji>an 1<t<T)

ni’

.l 2
Ckz<pj I/ C]z

if 6(ji),(m’) [t] = 1 then
ZkEI JKF£G ki [t]=1 or A[t]=1 Dk - Liz ’ Djki + NO

> B, (2.5.24)

andfor (1 <i< NneZ,1<t<T),
an?’Li

kLkl Ckiganii 2
>rer tnmaet Pk Lg; - Dnki + No

if \n[t] = 1 then > 4. (2.5.25)

The logical constraints (2.5.24) and (2.5.25) can now be reformulated into mathematical form. For

ni’

Oy mi) [t] - 25 - Ly - Cii 4+ (1 = g0y, [t]) - G

>0, (2.5.26)
L2,-Cri<ps L2,Cys
Eikezkzkyé]; " P L2 iilt] - Djgi + Mnilt] - oo - L2, - Djni + No
andfor (1 <i< NneZ,1<t<T),
Anilt] - pj - L3+ (1 = Ai[t]) - G
p,@Lz..cEinnpi ( F) > 5. (2.5.27)
ZkGIIZIZf;én - " Pk L 77/%[ ] . anz + NO

where G is an upper bound of 3- (ZZ’;LI’“,;?‘%L e ki [t]- P Lig Djki+ Anilt] D Lig- DinitNo)

to ensure that the constraint holds whenever ;i) (ni)[t] = 0. Define G’ = 8- (3,7, js; P - Li; -
pkLkZ Cri< p]L CJZ

Djki+ No). Then G > 3+ (3 _yc7, kA T mlt] ok L2, Dok + Milt] - po - L2, Dijni + No).

Similarly, G is an upper bound of /3 - (ZZZ?%ZZSP”L% nkilt] - P - L3, - Dyki + No) to ensure that

the constraint holds whenever \,,;[t] = 0. Define G = - (3 4cz, jzn Pk * Ly - Duki + No). Then
L2"C LS "LLng'

G=>p- (szelﬁk;ﬁkn P alt] - pe - Ly - Do + No).

In summary we replace (2.4.7), (2.4.8), (2.4.11), and (2.4.12) with (2.5.5)-(2.5.10), (2.5.13)-
(2.5.16), (2.5.17)—(2.5.20), (2.5.26), and (2.5.27) in the original formulation TMP. The resulting

optimization problem which we denote R-TMP, can be written as
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R-TMP max 7y,
s.t. rmim < 7(f) (f € F),
Half duplex constraint: (2.2.1);
Node activity constraints: (2.2.2), (2.2.3);
Node ordering constraints: (2.2.4), (2.2.5);
DoF consumption with SIC: (2.4.1)-(2.4.5), (2.5.5)-(2.5.10), (2.5.13)-(2.5.20);
Sequential SIC with IC: (2.4.6), (2.5.21)-(2.5.23), (2.5.26),(2.5.27);
Flow balance constraints: (2.5.1), (2.5.2);
Link capacity constraints: (2.5.4);
Variables: a{t], ylt], 2 [t], mle]. 03[t my]. 75l Al
Wjilt], mjlt], €5alt], Biltl, Oiiy,mn [t i (f), 7 (F)s
Constants: M, N, T, B, p;, L3;, B, No, G, G', Cji, Dji.

R-TMP is a mixed-integer linear problem (MILP). Therefore, we can apply a solver such as

CPLEX [98] to obtain a solution efficiently.

2.5.2 A 25-node Example

The goal of this effort is twofold. First, we want to show how a solution to the TMP formulation
looks like for an example network. By examine the details of our solution for an example network,
one could gain some quantitative understanding of the interaction between DoF IC and SIC. Sec-
ond, we want to perform a comparison study between our joint DoF IC and SIC framework and

that without SIC.

We consider a randomly generated multi-hop wireless network with 25 nodes that are dis-
tributed in a 100 x 100 area. For generality, we normalize all units for distance, data rate, band-
width, and power with appropriate dimensions. At the network layer, minimum-hop routing is
employed. There are 4 active sessions in the network with each session’s source node and destina-

tion node given in Table 2.2. Each node is equipped with M = 4 antennas. The transmit power for
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Table 2.2: Source node and destination node in the 25-node network.

Session | Source Node | Dest. Node
f s(f) d(f)
1 0 20
2 9 17
3 21 2
4 15 14

each data stream at a node is set to 1. The path-loss factor L?Z- between nodes ¢ and j is L?i = d;",
where d;; is the distance between the two nodes and o = 3 is the path-loss index. The power of
ambient noise is Ny = 107°. The average value of C}; is 0.3460. The worst case upper bound value
for Dy, is 7.3753. For the 25-node network, we apply CPLEX solver for the TMP formulation.
In [83], it was recommended that SIC be used with direct sequence spread spectrum (DSSS). We
follow this approach and assume DSSS’s spreading gain is 3. We assume § = 1.2 and T" = 2

time-slots.

Figure 2.6 shows the set of active links and the number of data streams per link in each time
slot in the solution. Table 2.3 shows the details of SIC and DoF IC in each time slot. The first
column identifies the time slot (1 or 2). The second column shows the active receivers in each
time slot. The third column shows the transmitters (both desired and interfering) with respect to
the receiver. The fourth column shows the number of DoFs for SM on the intended link (with 0
indicating interference). The fifth column shows whether the interference from the transmitter is
handled by SIC (through SINR calculation). The last column shows whether the interference is

canceled by DoF IC on the transmitter side or receiver side.

To show the benefits of the joint DoF IC and SIC scheme, we compare our solution to that
without SIC. The achievable objective value is 1 under the proposed joint DoF IC and SIC scheme

and it is 0.5 when SIC is not used. The increase in throughput is therefore 100%.



Table 2.3: Details of SIC and DoF IC on each link in each time slot.

Time Slot 1 Time Slot 2
Rx | Tx | SM | SIC IC Rx | Tx | SM | SIC IC
No | 2 0 Ns | O v 0
Ny | O v 0 Ng | O v 0
N5 NQ
Ng| 0 | vV 0 Nul| 0 |V 0
Ny | O v 0 Nig | 2 0
Ny | O v 0 N; | 2 0
N6 N10 2 0 N6 0 2 at Rx
N22 0 2 at Rx N4 Ng 0 2 at Tx
N() 0 v 0 N11 0 2 at Tx
N4 0 2 at Rx ng 0 v 0
N10 0 2 at Tx N6 0 v 0
Nll
Ny | 2 0 Ny | Niu| O v 0
N21 0 2 at Tx N15 2 0
N22 0 2 at Tx N5 0 v 0
Ny | O v 0 Ng | 2 0
N16
N14 N10 0 v 1 N11 0 2 at Tx
Ny | 2 0 Nig| O v 0
NO 0 v 0 N6 0 2 at Tx
Ny | O 2 at Tx Ng | O v 0
N18
N16 0 2 at Rx N17 NH 2 0
Nop | 2 0 Ni5 | O v 0
N() 0 v 0 ng 0 2 at Rx
Ny | 2 0 Ns | O 2 at Tx
Nag
Ni | O v 0 Ng | 2 0
N22
Ny | O 2 at Tx Ny 0 2 at Rx
Nip| O v 0
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(c) Combined results

Figure 2.6: a) and (b) show scheduled links, DoFs allocation on each link, and interference pattern
in time slots 1 and 2, respectively. A solid arrow line represents a directed transmission link (with
the number of data streams on the link shown in a box) and a dashed arrow line represents an
interference. (c) shows the combined results for both time slots (with the number of data streams

for each time slot on the link shown in a box).
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2.5.3 Complete Results

The previous section gives results for a 25-node example network. In this section, we provide
three additional sets of results. First, we perform the same study for 25-node network, but for
50 randomly generated network instances, with each session’s source and destination nodes being
randomly selected among the nodes. Table 2.4 shows the results for both the proposed joint scheme

and DoF IC only scheme. We find that the average percentage increase over the 50 instances is

87.75%.

Next, we perform the study on 50-node network randomly deployed in 150 x 150 area. There
are 4 sessions in each network instance, with each session’s source and destination nodes being
randomly selected among the nodes. Table 2.5 and 2.6 lists the objective values under the two
schemes when the number of time slots is 2 and 4, respectively. In the case when there are only
2 time slots, the average percentage increase in objective value under the joint scheme is 86.66%,
while the average percentage increase is 65% when there are 4 time slots. This decrease is intuitive
as more time slots will offer more room for scheduling, thus alleviating the DoF resource shortage

issue in DoF IC only scheme.

2.6 Related Work

Related work on single-antenna SIC and MIMO DoF IC has been described in Section 2.1. In this

section, we focus our review on related work that employs SIC in MIMO.

For point-to-point MIMO communication, there has been extensive research on SIC based
receivers to decode received data streams. The first MIMO SIC for point-to-point MIMO com-
munication was D-BLAST by Foschini [24]. The use of SIC helps boost the performance of a
MIMO receiver by decoding and subtracting each data stream successively. The boost in power
gain comes from increased SINR at each stage. It was shown in [24] that a receiver based on

minimum mean-square-error (MMSE) outperforms zero forcing in terms of mitigating both in-
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Table 2.4: Objective values under joint scheme and DoF IC only scheme for 25-node network over

50 instances.

DoF IC | DoF IC | Incr DoF IC | DoF IC | Incr
IDX IDX

and SIC | only % and SIC | only %
1 1 0.5 100 || 26 1 0.5 100
2 1 0.5 100 || 27 1 0.5 100
3 1 0.5 100 || 28 2 1 100
4 1 0.5 100 || 29 1 0.5 100
5 1 0.5 100 || 30 1 0.5 100
6 1 0.5 100 || 31 1 0.5 100
7 1 0.5 100 || 32 1 0.5 100
8 1 0.5 100 | 33 1 0.5 100
9 1 0.5 100 || 34 1 0.5 100
10 1 0.5 100 | 35 1 0.5 100
11 0.5 0.5 0 36 1 0.5 100
12 0.5 0.5 0 37 1 0.5 100
13 0.5 0.5 0 38 1 0.5 100
14 1 0.5 100 || 39 1 0.5 100
15 2 1 100 || 40 1 0.5 100
16 1 0.5 100 || 41 2 1 100
17 0.5 0.5 0 42 1 0.5 100
18 0.5 0.5 0 43 1 0.5 100
19 2 0.5 300 | 44 1 0.5 100
20 1 0.5 100 || 45 1 0.5 100
21 1 0.5 100 || 46 1 0.5 100
22 1 0.5 100 || 47 0.5 0.5 0
23 1 0.5 100 || 48 0.5 0.5 0
24 1 0.5 100 || 49 0.5 0.5 0
25 1 0.5 100 || 50 1 0.5 100
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Table 2.5: Objective values under joint scheme and DoF IC only scheme for 50-node network over

50 instances. Number of time slot is 2.

DoF IC | DoF IC | Incr DoF IC | DoF IC | Incr
IDX IDX

and SIC | only % and SIC | only %
1 1 0.5 100 || 26 1 0.5 100
2 1 0.5 100 || 27 2 1.5 33.00
3 1 0.5 100 || 28 1 0.5 100
4 1 0.5 100 || 29 2 1 100
5 1 0.5 100 || 30 4 2 100
6 0.5 0.5 0 31 2 1 100
7 1 0.5 100 || 32 1 0.5 100
8 1 0.5 100 | 33 1 0.5 100
9 1 0.5 100 | 34 1 0.5 100
10 1 0.5 100 | 35 1 1 0
11 1 0.5 100 || 36 4 2 100
12 1 0.5 100 || 37 4 2 100
13 1 0.5 100 || 38 1 0.5 100
14 1 0.5 100 || 39 1 0.5 100
15 0.5 0.5 0 40 0.5 0.5 0
16 0.5 0.5 0 41 0.5 0.5 0
17 1 0.5 100 || 42 1 0.5 100
18 1 0.5 100 | 43 1 0.5 100
19 1 0.5 100 || 44 1 0.5 100
20 1 0.5 100 || 45 1 0.5 100
21 2 1 100 || 46 1 0.5 100
22 1 0.5 100 || 47 2 1 100
23 1 0.5 100 || 48 1 0.5 100
24 2 1 100 || 49 1 0.5 100
25 1 0.5 100 || 50 1 0.5 100
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Table 2.6: Objective values under joint scheme and DoF IC only scheme for 50-node network over

50 instances. Number of time slot is 4.

DoF IC | DoF IC | Incr DoF IC | DoF IC | Incr
IDX IDX

and SIC | only % and SIC | only %
1 0.75 0.5 50 26 0.75 0.5 50
2 0.5 0.25 100 27 0.75 0.5 50
3 1 0.75 | 3333 | 28 0.5 0.25 100
4 0.75 0.5 50 29 0.75 0.5 50
5 1 0.5 100 30 0.75 0.5 50
6 0.5 0.25 100 31 0.5 0.25 100
7 0.5 0.25 100 32 1 0.5 100
8 0.5 0.25 100 33 0.5 0.25 100
9 0.5 0.25 100 34 1 0.5 100
10 0.5 0.25 100 35 1 1 0
11 0.75 0.5 50 36 0.75 0.5 50
12 1 0.5 100 37 0.5 0.5 0
13 1 0.75 | 3333 | 38 0.75 0.5 50
14 0.75 0.5 50 39 1 0.75 | 33.33
15 0.5 0.25 100 40 1 0.5 100
16 0.25 0.25 0 41 1 0.5 100
17 1 0.5 100 42 0.75 0.5 50
18 0.75 0.5 50 43 0.75 0.5 50
19 0.5 0.25 100 44 1 0.75 | 33.33
20 1 0.5 100 45 0.75 0.75 0
21 1 0.75 | 3333 | 46 1 0.5 100
22 0.75 0.5 50 47 0.75 0.5 50
23 1 0.5 100 48 0.75 0.5 50
24 0.75 0.5 50 49 1 0.75 |33.33
25 0.5 0.5 0 50 0.5 0.25 100
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terference and noise. The optimality of MMSE in conjunction with SIC was shown in [79] by
Varanasi et al. A simplified version of D-BLAST, called V-BLAST, was proposed by Wolnian-
sky et al. in [85]. A number of performance studies of V-BLAST and MIMO-MMSE SIC in the

context of point-to-point MIMO communication can be found in [16, 50, 60, 92, 97].

In multi-user MIMO with SIC, although the incoming data streams may come from different
MIMO transmitters, the receiver design is still similar to that for the point-to-point MIMO SIC
receiver. That is, V-BLAST architecture remains prevalent in the design of multi-user MIMO-SIC
receiver (e.g., [69]). Although the MMSE based receiver is prevalent in single-user and multi-user
MIMO SIC, it is not tractable when we study MIMO SIC in a multi-hop network environment.
This is because when scheduling algorithm is unknown (part of the optimization problem), the
number of variables and constraints become prohibitively large when MMSE is employed in a
multi-hop network with MIMO SIC. Due to this reason, we do not employ MMSE in our MIMO
SIC receiver and instead employ the simple DoF model, which is based on zeroforcing. In this
sense, DoF based MIMO SIC design may only achieve sub-optimal. But it offers an excellent

starting point to understand the potential of SIC in a multi-hop MIMO network.

In [29], Gelal et al. studied how to maximally exploit SIC in multi-user MIMO networks
through selection of a subset of links that can be concurrently active in each receiver’s neigh-
borhood. The proposed algorithms attempt to divide the network into a minimum number of
sub-topologies where the set of links in each sub-topology can be active simultaneously. In [29],
MIMO?’s capability is limited to selection diversity on the receiver side, while SM and IC capabil-
ities are not considered. Further, it is not clear how the proposed the algorithm can be extended to

address end-to-end data flow routing via multiple hops in the network.

2.7 Conclusions

DoF is an important concept to characterize a node’s resource for SM and IC in a MIMO network.

SIC is a powerful technique for IC and has the potential to conserve DoF resources once employed
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in a MIMO network. However, SIC’s effectiveness is limited by its stringent SINR threshold cri-
teria. This paper investigated how to conserve DoF resources and meeting SIC’s SINR threshold
criteria by jointly exploiting the strengths of each technique. We developed the necessary mathe-
matical models to characterize (i) how precious DoF resources can be conserved through the use of
SIC and (ii) how the stringent SINR threshold criteria can be met through the use of DoF-based IC.
Our modeling work was done in a general multi-hop MIMO network, which by default included
scheduling and routing for user traffic sessions. Based on our cross-layer mathematical models,
we studied a throughput maximization problem and confirmed that SIC and DoF IC can indeed

achieved the two benefits that proposed in this paper.



Chapter 3

Throughput of Full-Duplex
MIMO-Empowered Multi-hop Wireless

Networks

3.1 Introduction

Half duplex has been the fundamental limitation in a transceiver design since the beginning of
wireless communications. Due to half duplex, a transceiver can only perform one task at a time:
transmit or receive. Conceptually, half duplex cuts down the potential throughput by half at a node.
Recent breakthrough in full duplex transceiver design opens up new possibility in wireless com-
munications. In [15], Choi et al. proposed the first practical design of SISO full-duplex system by
using a combination of antenna cancellation, RF interference cancellation and digital interference
cancellation with two transmit antennas and one receive antenna. This design can achieve 60dB
self interference cancellation and is suitable for low-power narrow-band 802.15.4 systems. In [39],
Jain et al. proposed a new design of full duplex by employing the Balun transformer with two an-

tennas. This design can achieve 85dB self interference cancellation and can be used for low power,

41
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narrow-band protocols such as Zigbee. In [3], Aryafar et al. proposed an approach to achieve full
duplex by using two transmit antennas and two receive antennas to cancel interference in the spa-
tial domain. This design can achieve 75dB self-interference cancellation. The current state-of-the
art SISO full duplex design is the one in [7] by Bharadia et al. This design only requires a single
antenna and is closest to what one would wish from a full duplex node. It can achieve 110dB of
self-interference cancellation and thus meets the requirements of 802.11 standards, which are most
widely deployed in commercial wireless devices. The state of the art MIMO full duplex design is
recently proposed by Bhardia et. al. in [8]. In this fully working MIMO full-duplex, all antennas
within a node can transmit and receive simultaneously. The self interference and the cross talk

between antennas are properly canceled to the noise floor in [8].

On the other hand, MIMO has been widely adopted by the communications industry and the
research community due to its capabilities of spatial multiplexing (SM) gain, interference cancel-
lation (IC), and diversity gain. Until recently, research on MIMO has been limited at the physical
(PHY) layer or for single-hop communications due to the lack of tractable MIMO models. Recent
advances in MIMO degree-of-freedom (DoF) models removed this stagnation and allowed MIMO
research to penetrate the networking community [9, 12, 36, 62, 49]. The concept of DoF was orig-
inally defined to represent the multiplexing gain of a MIMO channel in the information theory (IT)
community. This DoF concept was then extended by the networking community to characterize a
node’s spatial freedom provided by its multiple antennas. Under a DoF model, only simple numer-
ical computation is needed to account for a node’s resource allocation for SM and IC. The basic
idea of DoF-based MIMO models is as follows [49]: (i) The number of available DoFs at a node
is equal to the number of its antennas. A node may use its DoFs for either SM or IC. (ii) For SM,
both transmit and receive nodes need to consume DoFs. For each data stream, both the transmit
and receive nodes need to consume one DoF. (iii) For IC, either the transmit node or the receive
node may consume DoFs. Clearly, under a DoF model, the number of available DoFs at a node
is considered a precious recourse and must be utilized efficiently. In particular, when a node uses
its DoFs for IC, its remaining DoFs for SM will be reduced. Therefore, there is a critical need to

conserve DoFs for IC if one wishes to maximize the number of DoFs for SM. It should be noted
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the granularity of the data rate in MIMO DoF model is DoF per time slot for simplicity. However,

it is not clear how to compute actual links data rates based on received SINR of each data stream.

In [59], Nguyen et al. shows that the network throughput gain of FD radios over HD onces
in unexpectedly marginal. This is mainly due to additional network interference introduced in
the network when both ends of the FD links are transmitting. In this paper, we claim that the
true potential gain of MIMO FD in multi-hop network can only be unleashed when it is jointly
integrated with IC to combat additional interference introduced by FD links. By understanding the
state-of-the-art MIMO full duplex transceiver architecture, we proposed a model for MIMO full
duplex in multi-hop network, where nodes can operate in FD mode and its spatial DoF resources
can be used for SM and IC. We develop the necessary mathematical models to realize such a

MIMO full duplex model. The main contributions of this paper are summarized as follows.

e We will show MIMO FD in wireless multi-hop networks when integrated with IC can

achieve a significant gain over MIMO HD.

e We develop a simple receiver side IC model for a multi-hop full duplex MIMO network
to ensure that all the strong interference in the network can be canceled using MIMOs IC

capabilities.

e Based on the proposed model, we develop a cross-layer optimization problem with the objec-
tive to maximize the minimum session throughput. Due to its inherent property, the formu-
lated optimization problem inevitably involves nonlinear constraints, making it notoriously
difficult to solve. To make the problem more tractable, we linearize the nonlinear constraints
by two steps: formulation and near optimal approximation. We show that our reformula-
tion does not loss the optimality of the original problem and our approximation can achieve
near optimality to the original problem. In particular, our approximation approach requires
a minimum number of new linear constraint and, more notably, does not introduce any new

variables.

The remainder of this chapter is organized as follows. In Section 3.2, we will develop our



Table 3.1: Notation

Symbol

Definition

Lin
Lo
Af[t]
Rx(l)
Tx()
r(f)
ri(f)
g [t]
i [t]
2[t]
m;t]

Number of nodes in the network

Set of nodes in the network (one TX and one RX chain per each node in the network)
Set of nodes within node ¢’s strong interference range

Number of antennas at node each node

path loss from the transmit node % to the receive node j

Total transmit power of an active transmitter

Total number of transmit power levels

Transmit power for the kth data stream at the transmit node of link [ in time slot ¢
rate of gth data stream of link [ in time slot ¢

aggregate data rate at link [ over all data streams in time slot ¢

bandwidth of the channel

Noise power

Total number of links in the network

Set of potential link in the network

Set of incoming links at node ¢

Set of outgoing links at node ¢

power scaling coefficient of the interference and the noise for the kth data stream of link [
self-interference cancellation coefficient

Receiver of link [

Transmitter of link [

Rate of session f

Rate for session f on link [

Indicator variable to show if node ¢ is a transmitter in time slot ¢

Indicator variable to show if node i is a receiver in time slot ¢

Number of data streams on link [ in time slot ¢

Indicator variable to show whether node ¢ is operating in FD mode in time slot ¢
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cross-layer MIMO full duplex model. In Section 3.3, we first present a problem formulation for

a throughput maximization problem based on the mathematical models developed in the previous

sections. Next, we present the reformulation and a near optimal approximation necessary for solv-

ing the original problem. The near-optimality proof for the proposed near optimal approximation

is also presented in Section 3.3. In Section 3.4, we explore the throughput performance of full

duplex in a multi-hop wireless network through numerical results. Related work in full duplex

communication is reviewed in Section 3.5. Section 3.6 concludes this chapter.
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3.2 MIMO Full Duplex Cross-Layer Model

In this section, we will extend the DoF IC model in [49] into MIMO full duplex. Table 3.1 shows

the notation used in this paper.

Consider a multi-hop MIMO network consisting of a set of nodes A/ which has N elements.
Each node is assumed to have M antennas. Suppose that there are L possible links in the network.
Denote Tx(!) and Rx({) as the transmit and receive nodes of link /, 1 <[ < L. We consider a time-
slotted scheduling, where a time frame consists of 7" time slots. Depending on link scheduling, a

subset of links will be active in time slot ¢, 1 < ¢ <T.

SM Constraints. Denote x;[t] as a binary variable to indicate whether node i € N is transmitting
in time slot ¢, i.e., x;[t] = 1 if node i is a transmitter in time slot ¢ and 0 otherwise. Similarly,
denote y;[t] as a binary variable to indicate whether node i € N is receiving in time slot ¢, i.e.,
y;[t] = 1 if node 7 is a receiver in time slot ¢ and 0 otherwise. Denote z;[t| as the number of data
streams over link [. If node i is not a transmitter, then we have ), Lout 2L [t] = 0. Otherwise, the
total number of outgoing streams should be positive and lesser than the number of antennas, i.e.,
1<y . Lout 21 [t] < M. These two cases can be expressed in a compact form as follows:

wlt] < Y al] < Mazft, (1<i<N1<t<T). (3.2.1)

leLyms

Similarly, depending on whether node 7 is an active receiver, we have the following constraint:

viltl <> Al < Myift, (1<i<N1<t<T). (3.2.2)
lecin

IC Constraints.  We first introduce a concept of “strong” interference range D. For a receive
node j, it may be interfered by all the unintended transmit nodes in the network. We distinguish an
interference as either a “strong” interference or a “weak” interference through strong interference
range D. Specifically, if the distance from a transmit node to its unintended receive node is less
than or equal to D, we consider this interference as strong interference; otherwise, we consider it

as week interference. In our model, only strong interference will be considered for IC, while weak
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interference will not be considered for IC. Instead, weak interference will be treated as noise at the
receive node when calculating its achievable data rate. We assume Z; is the set of node strongly
interfered by node :. Denote Z; as the set of nodes that are located within the strong interference

range of transmitter ¢.

The current state-of-the art MIMO full duplex radio design is the one in [8] by Bharadia et
al. This design achieves MIMO full duplex with a cancellation design solely based on digital
estimation and cancellation algorithms that eliminate almost all interference. The proposed design
in [8] does not consume DoF for self-interference cancellation. Both self talk and cross talks
between antennas of the MIMO node are canceled merely by underlying digital and analogue
circuits and all DoF resources are available for exploitation in MIMO techniques. The proposed
MIMO full duplex system proposed in [8] employs two separate RF chains for RX/TX. Therefore,
itis possible to design independent precoding/receive matrices operating simultaneously to support

SM/IC in each chain independently.

In this work, we will adapt a very simple IC strategy. Strong intereference is canceled by
zero-forcing and consuming DoF at the receiver side. Denote £ and £ as the set of potential
incoming and outgoing links at node 4, respectively. Denote z;[t] as the number of data streams
over link /. The above IC constraints can be written in mathematical form as following:

Rx(l)#i
Saltl+> ) > all < M-ylt)+ Q- wylth)Bi, (1 <i<N,jeL,1<t<T), (3.23)

k‘E,C;“ ]GI leﬁo‘“
where B; is a large constant and is no smaller than ) Zz c cout Zz [t]. For example, we can set

JETL;

Operation Mode Constraints Denote m;[t] as a binary variable to indicate whether node i € N’
is operating in FD mode in time slot ¢, i.e., m;[t] = 1 if node ¢ is simultaneously transmitting and

receiving in time slot ¢ and 0 otherwise. The logical relationship between z;[t], y;[t], and m;[t] can
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be expressed by the following constraints:

mill] > @l +ull] -1, (I<i<NI1<<T), (3.2.4)
ml[t] < l'z[t]a (1 <i<N,1<t< T) (3.2.5)
ml[t] < yz[t] (1 <i<N,1<t< T) (3.2.6)

Data Stream Based Power Allocation Constraints. For power control, we assume that the
transmission power allocated to ¢gth outgoing data stream at transmit node of link / can be tuned to
a finite number of levels between 0 and P, . We further assume that the total transmit power of
anode is Ps. To model this discrete data stream power control, we introduce an integer parameter
() that represents the total number of power levels to which a transmitter can be adjusted, i.e.,
transmission power can be 0, Pmax, meax, .o vy Ppax. Denote p? € {0,1,...,Q} the integer
levels for transmission power allocated to gth outgoing data stream at transmit node of link /. If
node i is an active transmitter (i.e., x;(t) = 1), then its total transmit power over all data streams is

Ppax. Otherwise (i.e., z;(t) = 0), it transmit power for each data stream is zero. Then we have

zZl [t

oS p=Q i, (1<i<N1<t<T). (3.2.7)

leLovnt g=1

Data Stream Capacity Constraints. Denote ¢/[t] as the achievable rate of gth data stream of
link [ in time slot ¢. Denote ~/'[t] as the effective SINR at the receive node of link [ for receiving

the kth data streams of link /.

Alt] =W -logy(1+9][t]), 1 <I<L1<q< zlt],1<t<T). (3.2.8)
where W is the system bandwidth.

We know calculate the effective SINR +/[¢]. The DoF IC cancels the strong interfering signals
and weak interference signals is treated as noise. Therefore, the effective SINR at the receive node
of link [ for receiving the gth data streams of link { for (1 <[ < L, 1 < ¢ < zt],1 <t <T)can

be written as
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q
py[t]
GTx(l)Rx(l) L Pmax

il = ] < , (3.2.9)
A;] [t] [ Z GiR,x(l)Pmaxxi [t] + aPmamex(l) [t] + Pn:|
i€EM\Zrx ()

where G; is the path loss from the transmit node ¢ to the receive node j; P, is the noise power
at the receiver; A7[t] is a power scaling coefficient of the interference and the noise for the gth
data stream of link /, which is determined by the channel matrices. The value of « characterizes
the performance of self-interference cancellation, which is consist of the residue of self-talk and

cross-talk — the smaller the value of «, the cleaner the cancellation of self interference.

Denote ¢;[t] as the aggregate data rate at link [ over its z;[t] data streams in time slot . Then we

have

2[t]
alt] =Y, (1<I<L1<t<T). (3.2.10)

q=1

Link Capacity Constraints. Denote 7;( f) as the amount of data rate on link [ that is attributed
to session f € F. Since the aggregate data rate on link / cannot exceed the link’s average rate, we

have

Zrl(f)g%ch[t], (1<i<1L), (3.2.11)

fer t=1

where the right-hand-side represents the average throughput on link / over a frame (7" time slots).

Flow Routing Constraints. Suppose there is a set of active sessions F. Denote r( f) as the rate
of session f € F and 7y, as the minimum session rate, i.e., i, = min,.-r(f). Denote s(f)
and d( f) as the source and destination nodes of session f € F, respectively. Then at source node,

s(f), [ € F, we have the following flow balance:

Son(f)y=rlf), (i=s(f),feF). (3.2.12)

t
lecon
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At any intermediate relay node, we have
Sonlf)= Y nlf). A <i<Nji#s(f),i#d(f),feF). (3.2.13)
lecin leLgut
At a destination node, we have
donlf)=r(f), (=d(f),feF). (3.2.14)
leLin
It can be easily verified that if (3.2.12) and (3.2.13) are satisfied, then (3.2.14) is also satisfied.
Therefore, it is sufficient to have (3.2.12) and (3.2.13).

3.3 Problem Formulation and Solution

3.3.1 Problem Formulation

In Sections 3.2, we established key models to extend DoF IC to MIMO full duplex and convert DoF
to bit rate. In this section, we show how these models can be used to study networking problems.

Let’s consider a typical throughput maximization problem in a multi-hop MIMO network.

Putting all the constraints together, we have the following formulation for the throughput max-

imization problem:

BR — TMP; max 7un
St Tomin < 7(f) (feF)
SM Constraints: (3.2.1),(3.2.2);
IC Constraints: (3.2.3);
Operation mode constraints: (3.2.4)—(3.2.6);
Data Stream Power Allocation Constraints: (3.2.7);
Data Stream Capacity Constraints: (3.2.8)—(3.2.10);
Link Capacity Constraints: (3.2.11);
Flow balance constraints: (3.2.12), (3.2.13).
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In BR — TMP,, constraints (3.2.7)—(3.2.10) are non-linear. Therefore, BR — TMP; is a
mixed-integer nonlinear program (MINLP), which in general is NP-hard [28]. MINLP problems
are known to be difficult due to the combinatorial nature of mixed-integer programs and the dif-
ficulty in solving nonlinear programs. Note that there exist some techniques to address general
MINLP problems (e.g., outer-approximation methods [23], branch-and-bound [34], extended cut-
ting plane methods [84], and generalized Benders’ decomposition [30]). However, these tech-
niques do not exploit our problem-specific structures and properties, and hence can only handle

small-sized problems.

In the remaining of this section, we will show through reformulation on (3.2.7)—(3.2.10) as well
as linearization of the logarithmic function in (3.2.8), TMP; can be reformulated into a mixed in-
teger linear program (MILP). Although the theoretical worst-case complexity to a general MILP
problem is exponential [28, 68], there exist highly efficient heuristics (e.g., sequential fixing algo-
rithm [38, Chapter 10]) to solve it. Another approach is to apply an off-the-shelf solver (CPLEX
[98]), which we find can handle up to a moderate-sized network successfully. Since the main goal
of this paper is to explore DoF IC and FD jointly, it is sufficient to demonstrate our results with
moderate-sized networks. Therefore, we will use CPLEX to solve MILP. The solution to this opti-
mization problem gives us the optimal decision on when and how to perform scheduling, SM, IC,

and/or operate in HD/FD in different time-slots.

3.3.2 Problem Reformulation

In BR — TMP,, the nonlinear constraints are (3.2.7)—(3.2.10). We first reformulate (3.2.7)—
(3.2.10) using Reformulation Linearization Technique (RLT) [70] and then linearize the logarith-
mic function in (3.2.8) via near optimal approximation. We will show that the resulting optimiza-

tion problem does not involve any nonlinear constraints and provides a near optimal solution to the

original problem (i.e., BR — TMP,).

Reformulation of (3.2.7) and (3.2.10). (3.2.7) and (3.2.10) are non-linear constraints since
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z[t] is not a constant rather an optimization variable. In order to linearize these two constraints,
we introduce M — z[t] dummy outgoing data streams for node Tx({) (transmitter of link ) and
add constraints to force the data rate of the dummy data streams to zero. Denote \/[¢] as a binary
variable to indicate whether or not outgoing data stream ¢ from the transmitter of link [ (node
Tx(1)) is dummy at time slot ¢. Specifically, A\/[t] = 0 if data stream k is dummy and 1 if not.

Therefore, we have

M
SN =xlt), 1<I<SLI<t<T). (3.3.1)

q=1

Consider the outgoing data streams at Tx(/) (transmitter of link /). For data stream ¢, If it
is dummy (i.e., )\? [t] = 0), then the transmit power allocated for this data stream should be 0.
Otherwise (i.e., )\? [t] = 1), the transmit power allocated for this data stream is limited by the total

transmit power Fp,,.. Therefore, we have
0< P <Q N, A<I<L1<q<M1<t<T). (33.2)
Similarly, we use the following constraints to force the achievable data rate of a dummy data
stream to zero.
0< ] <A-N[t], A<I<L1<q<MI1<t<T). (3.3.3)

where A is a large enough constant.

The new constraints (3.3.1)—(3.3.3) ensure that a dummy data stream has zero transmit power

and zero data rate. Therefore, it is equivalent to reformulate (3.2.7) to

M
SN ni =@ it 1<i<N,1<t<T). (3.3.4)

leLon g=1

and reformulate (3.2.10) to

alt) =>4, (1<I<L1<t<T). (33.5)
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Reformulation of (3.2.9). Based on the new constraints (3.3.1)—(3.3.3), we can rewrite constraint

B29for(1<I<L1<qg<M1<t<T)as

i#Tx(l) , . q GTx(l)Rx(l) p? [t]
Z Gin(l)Pmaxaji [t]/yl [t] + OmeameX(l) [t]ryl [t] + PnrYl [t] - T[t] Q Pmax .
4 l
iEN\Trx(1)

This constraint is nonlinear due to nonlinear terms z;[t]/[t] and mgxq) [t]7; [t]. We can use re-
formulation linearizion technique (RLT [70]) to linearize x;[t]y; [t] and mgx()[t]7/[t]. Note since
these terms are the product of a integer and continuous variable, the linearizion guarantees opti-
mality. We define new variables w},[t] = x;[t]y/[t], and 1] [t] = mgxq)[t]7][t]. Then this constraint

can be written for (1 <1< L, 1<¢< M, 1<t<T)as

i£Tx(1) . . q G ryrxy p;} [t]
Z Ginny PraxWh[t] + aPmaxV[t] + Pl [t] = A0 Prax - (3.3.6)
1EN\ZR l
x(1)

To ensure that wj[t] = x;[t]7/[t] always holds, we add the following two linear constraints in

the formulation for (1 <1 < L,i € N\ Zpy), 1 < ¢ < M, 1<t <T)

G P,
< q < Tx(1)Rx(1)+ max ) . 7

GTx(l)Rx(l)Pmax GTx(l)Rx(l)PmaX
Px(DRx(1) 7 max — ) PR Wi < A . 3.3.8
AP, ATp, =il =ail (3:38)

To ensure that ] [t] = mgx()[t]y/[t] always holds, we add the following two linear constraints in

zilt] + 011 —

the formulation for (1 <! <L, 1 <q¢< M, 1<t<T)

G X X P X
0 < I/lq [t] < Tx(1)Rx(1)+ ma:

< = T ATP Mps [t] 5 (3.3.9)

GTx(l)Rx(l)PmaX
AP,

GTx(l)Rx(L)Pmax

AYP, < v[t] <[t - (3.3.10)

M [t] + 7/ [t] =

Reformulation of (3.2.8). Based on (3.3.1)—-(3.3.10), we know that the dummy data stream has
zero transmit power, zero SINR, and zero data rate. Therefore, it is equivalent to translate (3.2.8)

to the following constraint

At =W -logy(1+77[t]), 1 <SI<L1<q< M, 1<t<T). (3.3.11)
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In summary, we replace (3.2.7), and (3.2.8)—(3.2.10) with (3.3.1)—(3.3.11). The resulting opti-

mization problem which we denote BR — TMP5, can be written as

BR - TMP, max 7yin
st T < 7(f) (f € F),

SM Constraints: (3.2.1),(3.2.2);

IC Constraints: (3.2.3);

Operation mode constraints: (3.2.4)—(3.2.6);

Dummy Data Stream Constraints: (3.3.1)—(3.3.3);

Data Stream Power Allocation Constraints: (3.3.4);

Data Stream Capacity Constraints: (3.3.5)—(3.3.11);

Link Capacity Constraints: (3.2.11);

Flow balance constraints: (3.2.12), (3.2.13);

Variables: a;[t], yi[t], zi[t], m[t], malt], pi[t], 7[],  [t], N[t

wy [t], v [t], ai[t], r(f), r ().
where x;[t], y;[t], m;[t], m;[t], and A][t] are binary variables; z[t] and pj[t] are integer variables;
Yt f[t], wiit], vi[t], alt], ri(f), and 7(f) are continuous variables, and all the other parameters
are constant. Denote 7, (BR — TMP,) as the optimal objective value of BR — TMP; and
ri. (BR — TMP,) as the optimal objective value of BR — TMP,. Then we have the following

min

lemma:

Lemma 1. BR — TMP, and BR — TMP; have the same objective value,i.e.,

rr. (BR—TMP,) =r!. (BR - TMP,).

The proof is straightforward and we omit its discussion.

3.3.3 Near Optimal Approximation

In this paper, we exploit the unique mathematical structure of our MINLP problem and develop

a novel near-optimal solution procedure, with a performance guarantee. Note that in Problem
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BR — TMP,, the only nonlinear constraints are the link capacity constraints (3.3.11), which
involve the log function. To address this problem, we adopt a piece-wise linear approximation
technique proposed by Jiang et al. [42] to transform the nonlinear constraints to linear constraints.
The main idea is as follows. We first use a set of linear segments to approximate the log term in
(3.3.11) while ensuring that the linear approximation error does not exceed a specific threshold e.
Subsequently, the nonlinear constraints in BR — TMP, are replaced by a set of linear constraints.
Denote the linearized optimization problem as BR — TMPj3, which is a mixed-integer linear
problem (MILP). Since MILP problems are relatively easier to solve than MINLP problems, we

can efficiently apply a solver such as CPLEX [98] to obtain a solution efficiently.

We will show that solving BR — TMP3 gives us a near-optimal solution to the original prob-
lem BR — TMP,. Denote v as the desired performance gap for the near-optimal solution, i.e.,
the difference in the objective values between the optimal solution and the near-optimal solution
to OPT. We analyze the relationship between the performance gap v and the linear approximation
error €. Specifically, for a desired performance gap 1), we compute the maximum allowed linear
approximation error ¢, and accordingly, we derive the linear approximation constraints and con-
struct BR — TMP3. The solution to BR — TIMPj3 then provides a near-optimal solution with
the performance guarantee v. We summarize the above steps in Fig. 3.1, and We provide details

for the steps in the remainder of this section.

Piece-wise Linear Approximation. We will employ the scheme proposed in [42] by Jiang et al.

AP, as the maximum effective

for piece-wise linear approximation. Denote ~{[t]™* =
SINR for the data stream q of link [ in time slot ¢. This scheme introduces a set of consecutive
linear segments to approximate In(1 + ~/[t]) for 7/ [t] € [0, ~/[t]"*|(see Fig. 3.2). We can rewrite
the nonlinear constraints in (3.3.11) as follows:

w
) = 15 M+, 1 <I<LI<g<M1<t<T). (3.3.12)

The nonlinear term in (3.3.12) is In(1 + ~/[t]). The range of 7/[t] is [0, ~{[t]™*]. Denote € as
the maximum allowed error for this linear approximation and let K'[t] be the number of linear

segments needed to meet this error requirement. Denote 1%, k=0,1,... K [[t] as the ~/'[t]-
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Given a desired performance
gap 7/ between the near optimal
solution and the optimal solution
N to TMP1 Y

N

piecewise linear approximation

Calculate maximum allowed
error €

constraints and construct TMP3

\ J

Computer linear approximation

~

Solve TMP3 via CPLEX

A\ b

Figure 3.1: A flow chart for obtaining a near optimal solution to TMP1.

axis values of the endpoints for these K'[t] segments, with ~/[¢] © =0 and Y [t] (K = V[E.

Denote a] 1] as the slope of the k-th linear segments, i.c.,

qmw>_hﬂl+7ﬂﬂm)—hﬁl+vﬂﬂw*5 (33.13)
Gl = 4T _ 1) ' >
Y =AM

Denote g/ [t] (%) (7 [t]) as the k-th linear approximation segment (see Fig. 3.3), which can be repre-
k)

9

sented as follows. For 7[t]* ™" < 44[t] < +4[]"

gt (71D = af 1™ - (1 = A+ (LA ). (3.3.14)

The values of ~/[¢] © et (K1) can by computed sequentially (for a give €) using the algo-
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IV A2 @ A1® AP

Figure 3.2: An illustration of piece-wise linear approximation with four line segments.

rithm proposed by Jiang et al. in [42]. The algorithm iteratively computes a] [t](k) that satisfies
—In(a?[]™) + aZ[]P (1 + A7) — 1 — In(1 + 7% ) = € and with af[t]*, computes
o [t](k) that satisfies (3.3.13). The proposed algorithm in [42] further guarantees that the maxi-

mum approximation error of each linear segment is at most € and minimizes the number of linear
segments to approximate In(1+~/[t]), for a given approximation error bound ¢ for each linear seg-

ment. After piece-wise linear approximation of In(1 + ~/[t]), Constraint (3.3.11) can be replaced

by the following set of constraints:

w

flt) < 5ol G, (k= 0,1, K1 SIS L1 q< M1 E<T),
n

where g7[t]*)(77[t]) is given by (3.3.14). Substituting (3.3.14) into the above equation, for (k =

JKP,1 <1< L,1<qg<M,1<t<T)wehave

q Wy
ct] < m[az [t]

0,1,...
a7, ] (3.3.15)

® 1) =A%) + In(1 +
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/ Tangential point

\J

10 ™

Figure 3.3: An illustration of maximum approximation error for the k-th linear segment.

By replacing the nonlinear constraints in (3.3.11) with the set of linear constraints in (3.3.15), we

obtain the following revised formulation for BR — TIMP,, which we denote as BR — TMP;
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BR — TMP; max 7y

st T < 7(f) (f € F),
SM Constraints: (3.2.1),(3.2.2);
IC Constraints: (3.2.3);
Operation mode constraints: (3.2.4)—(3.2.6);
Dummy Data Stream Constraints: (3.3.1)—(3.3.3);
Data Stream Power Allocation Constraints: (3.3.4);
Link Capacity Constraints: (3.3.5)—(3.3.10),(3.3.15);
Link Rate Constraints: (3.2.11);
Flow balance constraints: (3.2.12), (3.2.13);
Variables: x;[t], y;[t], zi[t], mi[t], mui[t], pi[t], v [t], ] t], Af[t],
wyt], v [t], alt], (), r (f)-

Theorem 1. The gap between the optimal objective values of BR — TMP3 and BR — TMP,

W-M-L-e

is no more than
In2

The proof for the thorem is provided in appendix 3.3.4.

Based on Theorem 1, the following algorithm prescribes a near-optimal solution to BR — TMP,

with a performance guarantee.

Algorithm 3.3.1 An algorithm for obtaining near optimal solution.
Input: Given a desired performance gap psi for the solution to BR — TMP;.

1. Compute epsilon based on
 W-M-L-e

3.3.16
In2 ( )

(8
2. Compute af[t] *) and o [t](k) by the proposed Algorithm in [42].
3. Construct BR. — TMP; based on a![t]* and ~/[t]™.

4. Solve BR — TMPj; optimally using an MILP package (e.g.,CPLEX).
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Upon the completion of algorithm 3.3.1, we have a near-optimal solution to BR — TMP,

with a guaranteed performance bound (no more than v from the optimal objective value).

3.3.4 Near-Optimality Proof

In this section, we present the proof to Theorem 1. In BR — TMPj3, we linearize constraint
(3.2.8) in BR — TMP, by a piece-wise linear approximation scheme proposed in [42]. In this
proof, we provide a bound for the gap between the optimal objective values of BR — TIMP; and
BR — TMP;.

To better illustrate the idea, we first introduce the following notations. In BR — TMP, we as-
sume that there exists a scheduling and power assignment solution ¢ = (x[t], y[t], m[t], z[t], p[t])
that satisfies constraints (3.2.1)-(3.2.7), where =[t], x[t], y[t], m[t] and z[t] represent the vectors
w1 [t], walt], -y e [t]), [yalt], w2lt], - yw [, [maft], mo[t], ..., my[t], and [z1[t], 2o[t], ..., 2 [t]];
p|t] represents matrix [p][t]]rxo. Then we define ¢ = (¢, 7(f),7(f)) as a feasible solution
to BR — TMP,, where (7,(f),7(f)) is the optimal solution to the following linear program
BR — TMP,(¢).

BR — TMP,(¢) max 7y

s.t. Tmin < 7(f) (ferF)
A=) G=s(h)fe )
Zm(f)l:;ﬁ(f) (1<i<N,i#s(f),i#d(f), f € F)
lecin econt
Y. n(f)<a (1<1<1)
fer

Twin, "1I(f), 7(f) >0 (leL,feF)

T
where ¢ = 7 >~ ¢[t]. Note that once we fix the scheduling and power variables in BR — TMP,

to values in ¢, we can get the value of ¢; by constraints (3.2.8)—(3.2.10). Therefore, given ¢,

BR — TMP,(¢) is an LP.
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Based on the feasible solution ¢ = (@, 7(f),7(f)) to BR — TMP;, we define a feasi-
ble solution ¢ = (¢, #(f),7(f)) to BR — TMP;, where (7,(f),7(f)) is the optimal solution
to BR — TMP3; when the scheduling and power variables are fixed to values in ¢. That is,
(71(f),7(f)) is the optimal solution to the following LP.

BR — TMP3(¢) max rpip

s.t. rmim < 7(f) (feF)
Tonn=rl) =) eF)
Zm(f)l:;ﬁ(f) (1<i<N,i#s(f),i#d(f), f € F)
lecin eLout
> ni(f) <a (1<i<L)
fer

Twin, 1(f), 7(f) >0 (L€ L, feF)

T M

¢[t]. According to constraint (3.3.5), we know that ¢;[t] = > ¢/[t], where &} [t]
t=1 q=1
is the linear approximation of link /’s achievable rate of gth data stream in time slot . Recall

that in BR — TMP3, we use constraint (3.3.15) to replace constraint (3.2.8) in BR — TMP;.

1

where ¢; = 7

When scheduling variables (x[t], m[¢]) and link I’s power assignment p;[t] are fixed at the values
given in ¢, we can obtain the value of +/[¢] by constraint (3.2.9). Therefore, we can determine
which line segment is used in the linear approximation of In(1 + ~/[t]). Suppose that the k-th
segment is used, then ¢f[¢] can be obtained as &/ [t] = 1= - g/[¢] (k) (7{[t]). As aresult, with given ¢,

BR — TMP;3(p) is an LP.

Now, we quantify the gap between the optimal solutions to BR — TMP; and BR — TMP3
by the following two steps. First, we show that for any feasible scheduling and power assign-
ment solution ¢, the gap between the feasible objective values corresponding to ¢ and &) is
WlL é” €. Then, we show that the gap between the optimal objective values of BR — TMP; and
BR — TMP; is also bounded by Y=L L M <. This gap is characterized in the dual domain of problem
BR — TMP,(¢) and BR — TMPg(go) as follows.

Step 1: For a given ¢, we denote 7 as the feasible objective value corresponding to solu-
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tion ¢ to BR — TMP,, and + as the feasible objective value corresponding to solution é’) to

BR — TMP;. In this step, we will show that 7 — 7 < %

Denote the dual problem of BR — TMP;(¢) and BR — TMP;3(¢p) as D;(¢) and D3(¢p),
respectively. Since the only difference between the formulation of BR — TMP; (¢) and
BR — TMP;3(¢p) is the constant term ¢; and ¢, it is easy to see that D;(¢) and D3(¢) have the

same constraints, but different objective functions.

Denote the dual variables corresponding to the first set of constraints in BR — TMP; (¢)
and BR — TMP;(¢p) as w(f), f € F. Denote the dual variables corresponding to the second
set of constraints in BR — TMP;(¢) and BR — TMP;3(¢) as v(f), f € F. Denote the dual
variables corresponding to the third set of constraints in BR — TMP;(¢) and BR — TMPj3(yp)
as y;(f), f € F,i € N,i # s(f),d(f). Denote the dual variables corresponding to the fourth
set of constraints in BR — TMP; () and BR — TMP3(¢) as hy,l € L. Then D;(¢p) can be

written as follows:

Di(p) min > . ah

st w(f)>1 (feF)
—w(f)—v(f) >0  (feF)
v(f) +y(f)+ =0 (feF,l=(s(f).j) €L,j#df))
yi(f) =yl f) +hi =0
(feFl=(ij) € Liss(f),i#d(f),j#s(f)#df))
—yi(f) + =0 (f e F.l=(i,d(f)) € L,i # s(f))
v(f)+h >0 (f e Fil=(s(f),d(f)) € £)
w(f),hy >0, v(f)and y;(f) unrestricted (f € F,i € N,i # s(f),d(f),l € L)

The dual problem D3(¢) can be written as follows:

Ds(@) min 3., Gl

s.t. Same constraints as in D4 (¢)
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Since D4 () and D3(¢p) share the same constraints, they have the same feasible region. If
h; is (part of) an optimal solution to D3(¢), then since 7 and 7 is the optimal objective value of

BR — TMP,(¢) and BR — TMPj3(¢) respectively, we have
F—P< > ahi =Y ah; =Y (@ —a)h;
leL leL leL

Now we quantify the gap between ¢; and ¢;. Since the maximum error of our linear approximation

is €, we know that

Therefore,
W - M
F—7r< € E hi . (3.3.17)

According to the definition of marginal rate of change of dual variables in [6], /] is upper
bounded by the largest possible change of the optimal objective value 7 of BR — TMP3(¢p) with
respect to the right-hand side ¢;. Since the objective function is the achievable session rate, and a
small marginal AA-change (say, increase) in the capacity of a link can at most increase /\ units of
session rate, we have

hy <1 (lel). (3.3.18)
Combining (3.3.17) and (3.3.18), we have

W-M-L-e€

F—F <
= In2

This completes Step 1 of the proof.

Step 2: Denote ¢ and 77 as the optimal solution and its corresponding optimal objective
value of BR — TMP;. Denote ¢; and r} as the optimal solution and its corresponding optimal

objective value of BR — TMP3. In this step, we show that ] — r3j < W'KQ'L <.
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Since the optimal solution ¢} to BR — TMP; is a particular case of feasible solution ¢, we
know that there exists a corresponding feasible solution to BR — TMP3, denoted as (}53, with a
corresponding objective value 3. From Step 1, we know that

W.-M-L-¢
In2

*

r —Tr3>

Since 73 is the optimal objective value of BR — TMP3, we know that r; > 75. Therefore,

W-M-L-¢

TS In2

This completes the proof. U

3.4 Numerical Results

In this section, we present some numerical results to study the performance of proposed multi-
hop MIMO FD described in Section 3.2-3.3. The goal of this effort is twofold. First, we want
to show how a solution to the BR — TMP; formulation looks like for an example network. By
studying the details of our solution for an example network, we will develop some quantitative
understanding on how the joint integration of FD and MIMO DoF IC can significantly improve
the network throughput. Second, we want to perform a comparison study between MIMO FD,
MIMO HD, MIMO FD without IC, and MIMO HD without IC. Our numerical result will show
that MIMO FD does not flourish its full potential without IC due to increase of interference power

by enabling FD links.

3.4.1 Simulation Settings

We consider a randomly generated multi-hop wireless network with 30 nodes that are distributed
in a 100 x 100 area. For generality, we normalize all units for distance, data rate, bandwidth, and
power with appropriate dimensions. At the network layer, minimum-hop routing is employed. The

topology of the network is shown in Fig. 3.4. There are 2 active sessions in the network with each
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Figure 3.4: A 30-node network in a 100 x 100 area.

Table 3.2: Source node and destination node in the 30-node network.

Session | Source Node | Dest. Node
f s(f) d(f)
1 7 22
2 11 2
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session’s source node and destination node given in Table 3.2. Each node is equipped with M = 4
antennas. We assume the bandwidth W = 1. The transmit power for each node is set to 100.
The path loss parameter Gy (r)rx(x) = [2010go(d) + 38.25] (in dB) [101], where d is the distance
between Tx(k) and Rx(k). We assume the self-interference parameter « = 110dB [7] and ambient
noise power P, = —90dBm. The number of time slots in a frame is 7" = 4. The worst case upper
bound value for Af[t] is 7.3753. We set the maximum acceptable performance gap between the
optimal objective values of BR — TMP; and the linear approximation BR — TMP3 as ¢ =
0.01, and apply piece wise linear approximation algorithm proposed in [42]. Based on (3.3.16),

we compute € = g2t = 3.4657 x 1074,

3.4.2 A Case Study

We will present the detail solution to throughput maximization problem for this network instance
depicted in Fig. 3.4 for 4 different models: i) MIMO FD, i1))MIMO HD, iii)MIMO FD without IC,
and iv)MIMO HD without IC.

MIMO FD. Fig 3.5 shows the set of active links and the number of data streams per link in each
time slot in the solution. As shown in Fig. 3.5¢, No; in operating in FD mode in time slot 3 and the
rest of the nodes in all other time slots are operating in half duplex. Fig 3.6 shows the combined
results for all time slots. Table 3.4 shows the details of DoF allocation for SM, aggregated capacity
over data streams, and session’s rate (i.e., aggregate capacity averaged over a 4-time-slot frame)
for all time slots for MIMO full duplex. As shown in Table 3.4, the objective value 7,;;, (minimum
session rate) for this network scenario is 2.99428 under MIMO FD. Table 3.3 shows the details of
IC for time slot 7" = 3. Receivers are responsible to perform IC for strong interferring signals. The

number of DoFs used for IC is shown in the last column of Table 3.3.

MIMO HD. To show the benefits of the full duplex MIMO communication in multi-hop network,
we compare our solution to half duplex case. Figure 3.7 shows the set of active links and the

number of data streams per link in each time slot in the solution. Figure 3.8 shows the combined
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Figure 3.5: Full Duplex: Scheduled links, DoFs allocation on each link, and interference pattern

in time slots 1 to 4, respectively.
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Figure 3.6: Full Duplex: Shows the combined results for all time slots (with the number of data

streams for each time slot on the link shown in a box).

Table 3.3: Full Duplex: DoF allocation for SM/IC for time slot 7" = 3.

Node ¢ | DoF for SM | DoF for IC

Ny 3 0
3 at Rx
1 at Tx

Ny 1 3
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Table 3.4: Full Duplex: DOF allocation for SM, aggregated capacity over data streams, and ses-

sion’s rate for all time slots.

Session Link Time Slot | DoF for SM | Capacity | Session’s Rate

1 2 18.8148
2 0 0

N7 — N13
3 0 0
4 0 0

1 2.99428

1 0 0
2 0 0

Nizg — Nag
3 0 0
4 4 18.5456
1 1 0.3924
2 2 17.7789

Ni1 — Ny
3 0 0
4 0 0
1 0 0
2 0 0

2 N24 — N21 2.99428

3 3 12.1916
4 0 0
1 0 0
2 2 0.9680

N21 — N2
3 1 11.009
4 0 0
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Figure 3.7: Half Duplex: Scheduled links, DoFs allocation on each link, and interference pattern

in time slots 1 to 4, respectively.
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Figure 3.8: Half Duplex: Shows the combined results for all time slots (with the number of data

streams for each time slot on the link shown in a box).

Table 3.5: Half Duplex: DoF allocation for SM/IC for time slot 7" = 2.

Node ¢ | DoF for SM | DoF for IC
Ny 1 0
Nay 1 3
Noy 3 0
Ny 3 0

results for all time slots. Table 3.6 shows the details of DoF allocation for SM, aggregated capacity
over data streams, and session’s rate for all time slots for MIMO half duplex. Table 3.5 shows the
details of IC for time slot 7" = 2. Receivers are responsible to perform IC for strong interfering
signals. The number of DoFs used for IC is shown in the last column of Table 3.5. As shown in
Table 3.6, the objective value 7.,;;, (minimum session rate) for this network scenario is 0.441784.

Therefore, the ratio of the objective value of MIMO FD to MIMO HD is 6.78 (which is significantly
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Table 3.6: Half Duplex: DOF allocation for SM, aggregated capacity over data streams, and ses-

sion’s rate for all time slots.

Session Link Time Slot | DoF for SM | Capacity | Session’s Rate

Ju—
[\

11.1496

0

0

0

0

0
1.52501
1.30248

0.419009

10.6223

0

0

0

0

0
1.76713

0

0.963369

1.32827

0

N7 — N13

L= BRSNS I I\

0.441784

Niz — Nay

L= ERVSIE I\
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larger than 2.X expected benefit from FD). The joint modeling of full duplex, time slot scheduling,
and IC unlock the potential of FD in MIMO multi-hop network as it opens the mathematical space

for the optimization.
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Figure 3.9: Full Duplex w/o DoF IC: Scheduled links, DoFs allocation on each link, and interfer-

ence pattern in time slots 1 to 4, respectively.

MIMO FD without IC.

The superior performance of MIMO FD compare to MIMO HD is

mainly due to joint optimization of IC and FD, i.e., MIMO full duplex without IC does not have

such a gain over MIMO half duplex. To show the above fact, we studied the performance of a
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Figure 3.10: Full Duplex w/o DoF IC: Shows the combined results for all time slots (with the

number of data streams for each time slot on the link shown in a box).

MIMO full duplex and MIMO half duplex without DoF IC under the same simulation settings.
Figure 3.9 shows the set of active links and the number of data streams per link in each time slot
in the solution. As shown in Fig. 3.9a and Fig. 3.9d, N4 in time slot 1 and N3 in time slot 4
are operating in full duplex mode and the rest of the nodes in all other time slots are operating in
half duplex. Figure 3.10 shows the combined results for all time slots. Table 3.7 shows the details
of DoF allocation for SM, aggregated capacity over data streams, and session’s rate for all time
slots for MIMO full duplex without IC. As shown in Table 3.7, the objective value 7y,;, (minimum

session rate) for this network scenario is 0.471389.

MIMO HD without IC. Figure 3.11 shows the set of active links and the number of data streams
per link in each time slot in the solution. Figure 3.12 shows the combined results for all time slots.
Table 3.8 shows the details of DoF allocation for SM, aggregated capacity over data streams, and

session’s rate (i.e., aggregate capacity averaged over a 4-time-slot frame) for all time slots for
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Table 3.7: Full Duplex w/o IC: DOF allocation for SM, capacity, and session’s rate for all time

slots
Session Link Time Slot | DoF for SM | Capacity | Session’s Rate

1 0 0
2 0 0

N7 — N13
3 0 0
4 4 8.49779

1 0.471389

1 0 0
2 0 0

Ni3 — Nay
3 4 1.30248
4 4 0.583078
1 4 6.09706
2 0 0

Ni1 — Ny
3 0 0
4 0 0
1 4 1.03962
2 0 0

2 Noy — Ny 0.471389

3 4 1.75246
4 0 0
1 0 0
2 4 11.0336

N21 — N2
3 0 0
4 0 0
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Figure 3.11: Half Duplex w/o DoF IC: Scheduled links, DoFs allocation on each link, and inter-

ference pattern in time slots 1 to 4, respectively.
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Figure 3.12: Half Duplex w/o DoF IC: Shows the combined results for all time slots (with the

number of data streams for each time slot on the link shown in a box).

MIMO half duplex without IC. As shown in Table 3.8, the objective value 7.,;, (minimum session
rate) for this network scenario is 0.378504. Therefore, the ratio of the objective value of MIMO
FD to MIMO HD is 1.2454. We can see that the benefits of FD without IC is marginal.

Case Study Summary. Although FD opens the scheduling space, it does not flourish the full po-
tential of full duplex technology without integrating with IC to combat the additional interference
introduced due to activation of full duplex links. Table 3.9 summarizes the findings of this case
study. We can see there is a marginal increase in objective value of MIMO FD compare to MIMO
HD when there is no IC. Moreover, the performance of MIMO HD with IC and MIMO FD w/o IC
is similar. The true potential gain of FD is unleashed only when it is jointly integrated with IC in
MIMO ED. For this case study, MIMO FD can performs more than 6 times better than MIMO HD.
This increase is due to opening the mathematical space due to joint optimization of scheduling, IC,

and FD.
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Table 3.8: Half Duplex w/o IC: DOF allocation for SM, capacity, and session’s rate for all time

slots.

Session Link Time Slot | DoF for SM | Capacity | Session’s Rate

0

0

0
11.1578
1.24433

0
1.44765

0

0
10.6469

0

0
1.76713

0

0

0

0

0
1.51401

0
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Table 3.9: Objective Values of MIMO FD, MIMO HD, MIMO FD w/o IC, and MIMO HD w/o
IC.

MIMO FD | MIMO HD | MIMO FD w/o IC | MIMO HD w/o IC
2.99428 0.441784 0.471389 0.378504

3.4.3 Complete Results

The previous section presents our results for a 30-node example network. In this section, we
provide an additional set of results. We perform the same study for 30-node network, but for 50
randomly generated network instances, with each session’s source and destination nodes being
randomly selected among the nodes. Table 3.10 shows the results for both MIMO full duplex
and half duplex. We find that the average ratio over the 50 instances is 2.2232. Fig 3.13 shows

Empirical CDF
1 ‘ ‘
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0 2 4 6 8 10 12

Network throughput

Figure 3.13: Cumulative distribution function of network throughput for Full Duplex, Half Duplex,
Full Duplex without IC, and Half Duplex without IC
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Table 3.10: Objective values under MIMO FD and MIMO HD for 30-node network over 50 in-

stances.

IDX | HD FD | Ratio | IDX | HD FD | Ratio
1 10490 | 1.757 | 3.587 || 26 | 5.057 | 6.749 | 1.335
2 | 5148 | 7.273 | 1.413 | 27 | 0.322 | 0.452 | 1.403
3 19.703 19.891 | 1.019 | 28 | 6.558 | 6.558 | 1.000
4 103932559 6510 29 | 5.739 | 6.827 | 1.190
5 1034710409 | 1.179 | 30 | 0.319 | 2.410 | 7.567
6 [0.599|0.716 | 1.196 | 31 | 0.361 | 0.661 | 1.832
7 0235|0409 | 1.741 | 32 | 5.071 | 5.140 | 1.014
8 | 4921 | 4921 | 1.000 | 33 | 8.539 | 8.539 | 1.000
9 |8.683|8.683|1.000 (| 34 | 0292 | 0.638 | 2.182
10 | 0.52510.895| 1.705 | 35 | 0.416 | 0.539 | 1.296
11 | 4.799 | 4799 | 1.000 | 36 | 0.260 | 0.395 | 1.517
12 | 7.224 1 7.224 | 1.000 | 37 | 0.305 | 0.452 | 1.481
13 1044212994 | 6.778 || 38 | 0.280 | 2.721 | 9.723
14 |1 0.484 | 2528 | 5227 || 39 | 0.387 | 0.721 | 1.865
15 | 4.480 | 4.480 | 1.000 || 40 | 5.579 | 5.579 | 1.000
16 | 0.253 | 0.530 | 2.093 | 41 | 0.563 | 2.833 | 5.030
17 |10.286 | 0.334 | 1.166 | 42 | 0.613 | 1.668 | 2.721
18 |5.220 | 5.220 | 1.000 || 43 | 0.363 | 0.984 | 2.710
19 15.260 | 5.260 | 1.000 || 44 | 4.302 | 4.302 | 1.000
20 [ 9.246 | 9.246 | 1.000 | 45 | 0.709 | 0.922 | 1.300
21 [0.272 | 0336 | 1.234 || 46 | 0.664 | 2.703 | 4.073
22 10413 | 0.854 | 2.069 || 47 | 0.398 | 1.812 | 4.557
23 [ 0.467 | 2.540 | 5.442 || 48 | 4.519 | 4.519 | 1.000
24 | 4.846 | 4.846 | 1.000 | 49 | 10.329 | 10.329 | 1.000
25 | 5518 | 5,518 | 1.000 || 50 | 0.364 | 0.433 | 1.189
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the empirical cumulative distribution function of network throughput for MIMO FD, MIMO HD,
MIMO FD w/o IC, and MIMO HD w/o IC. The CDF for MIMO FD w/o and HD w/o IC are very
similar. By introducing IC, CDF for MIMO HD dramatically shifts down and to the right, which
shows IC significantly improve the network performance. Finally, it can be seen that MIMO FD
with DoF IC drags down the left portion of CDF even further (corresponding to low probability of
observation of low network throughput). The latter shows the MIMO FD outperform all the other

cases and significantly improve the network throughput. Fig. 3.14 shows the CDF for the ratio

Empirical CDF
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Figure 3.14: Cumulative distribution function for the ratio of FD/HD and FDwoIC/HDwolIC

of MIMO FD over MIMO HD and MIMO FD w/o IC over MIMO HD w/o IC. We can observe
that the limit for the ratio of MIMO FD w/o IC over MIMO HD w/o IC is 2, however, there is a
significant amount of network instances with ratios higher than 2 when we consider MIMO FD
over MIMO HD (with IC). These results verify our claim in the previous case study; the true
potential of FD is unleashed only when it is jointly optimized with IC to combat the additional

interference caused by activating full duplex links.
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3.5 Related Work

There are several proposed transceiver designs to implement a SISO full duplex in the literature.
The simultaneous transmission and reception necessitates having both TX and RX radio frequency
(RF) chains. There are two ways to separate these two RF chains [48]. One approach is to phys-
ically separate the transmit and receive antenna from one another in a separate-antenna system
[15, 17, 66]. Alternatively, a circulator can be used in a shared-antenna system [37]. However,
the above schemes are not capable to provide enough isolation to decode the signal of interest in
the presence of the self interference caused by the signal leaking from its transmit RF chain to
its receive RF chain. Therefore, the main challenge in implementing a full duplex system is how
to cancel the self interference. Most of the self-interference cancellation schemes proposed for
implementing full duplex systems usually consists of a combination of passive and active cancel-
lation schemes. Passive schemes aim to suppress the self-interference before it enters the receive
RF chain circuit by using various antenna techniques [3, 15, 17, 20, 21, 37, 44]. In active schemes
the transmit signals is subtracted from the received signal, and can be classified into analog cancel-
lation and digital cancellation. Analog cancellation aims to subtract the estimated self-interference
signal in the analog receive circuit before the ADC [7, 8, 18, 17, 19, 39, 63]. Digital cancellation
aims to subtract the estimate self-interference signal after ADC in the digital domain [1, 19, 45, 65].
The current state-of-art full duplex SISO transceiver design is proposed by Bharadia et al. in [7].
This design only requires a single antenna. It can achieve 110dB of self-interference cancellation

(cancel the self interference to the noise level) and thus meets the requirements of 802.11 standards.

The benefit of SISO full duplex has been exploited in link layer by proposing various MAC
protocols for both infrastructure networks and ad hoc networks. Several centralized MAC proto-
cols are proposed for the infrastructure networks that manages the inter-user interference caused
by simultaneous transmission and reception of AP and alleviate the hidden terminal problem
[27, 39, 46, 66]. As for ad hoc networks, several distributed MAC protocols are proposed which
support bi-directional links and two-hop relay transmissions [14, 32, 47, 88] as wells as multi-hop

communications [75, 95].
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Related work on cross-layer optimization for full duplex multi-hop networks includes [5, 22,
57, 64, 87]. In [5], Baranwal et al. studies the optimal number of multi-hop full duplex relay nodes
which minimizes the outage probability. In [22], Fang et al. proposed distributed algorithms to
solve user profit maximization problem and network power consumption minimization problem
for multi-path routing in a multi-hop full duplex wireless network. Furthermore, the proofs of con-
vergence and optimality gap for the proposed distributed algorithms are given. In [57], Mahboobi
et al. investigated a joint power allocation and routing problem for a single source destination pair
in a multihop full duplex relay network. Under optimal routing, the weighted sum of power in relay
nodes is minimized while the end-to-end link outage probability is kept below a threshold. In [64],
Ramirez et al. studied a joint routing and power allocation problem for a single source destination
pair in a wireless full duplex network with imperfect self-interference cancellation. Xie et al. first
showed that under protocol model, full-duplex cannot double network capacity (per-flow capacity)
when the number of nodes goes to oo (asymptotic result) in [87]. Furthermore, the authors showed
that the MAC-layer capacity (aggregated capacity of all links) gain of full duplex over half duplex

is below 2 for a finite-sized network consists of single-hop bi-directional links.

3.6 Conclusions

The network throughput gain of FD radios over HD is unexpectedly marginal due to additional
network interference introduced into the network, when both ends of the FD links are transmitting.
In this paper, we exploit MIMO IC to combat the interference and unlock the true potential of FD
in wireless MIMO multi-hop networks. By understanding the state-of-the-art MIMO transceiver
architecture, we proposed a multi-hop MIMO FD model, where nodes can operate in FD mode and
its spatial DoF resources can be used for SM and IC. We develop the necessary mathematical mod-
els to realize the proposed MIMO FD model. Together with scheduling and routing constraints,
we develop a cross-layer optimization framework for a MIMO FD network. Our results show that
MIMO FD with IC can have significant gain over MIMO HD in multi-hop network. However,
MIMO FD w/o IC gain over MIMO HD w/o IC is limited by 2.



Chapter 4

Programmable Control Plane in Tactical

Wireless Networking

4.1 Introduction

The control and data planes are two essential elements of any network that moves traffic reliably
between source and destination. The control plane contains the signaling and the control rules for
the network whereas the the actual data are carried through the data plane. In a classical network,
the control and the data plane are coupled tightly. Moreover, these elements are embedded in
the hardware of the network devices. Such a classical network removes the network flexibility
to adapt to the end-user demands, wireless channel characteristics, and interference amongst the
users , i.e., it is not possible to easily manipulate the control rules within the control plane within
such a classical network. Fig. 4.1 illustrates the differences in the control plane for the classic vs

the SDN networks.

On the other hand, the recent advances in the development of software defined networking
(SDN) make a programmable control plane in wired network a reality by separation of the control

and data plane [61, 99, 100, 58]. In SDN architecture, the control plane is completely removed

83
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Figure 4.1: Difference in control plane implementation in classical and programmable networks.

from the hardware and externally centralized on a server called controller. The SDN control plane

is completely free of proprietary code and will operate vendor independently.

Software defined wireless network (SDWN) recently has been proposed as a natural extension
of SDN from wired to wireless network [99, 96, 13]. SDWN could potentially results in wireless
networks with more flexible resource management, adaptable wireless network configuration base
on the user demands/applications, and vendor-independence wireless network hardwares. SDWN
will be different for wireless network from SDN for Internet. In addition to packet forwarding
problem, SDWN has to also focus on wireless access and interference management with respect to
physical layer design in complex radio environment[13]. The current research on SDWN is mostly

limited to suitable network architectures [96, 13, 73].

Realizing a separated control plane for wireless network requires a clear theoretical under-

standing for modeling the various functionalities of such a control plane, which remains limited in
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Figure 4.2: Wireless programmable control plane building blocks.

the current literature. In this paper, we will propose the novel idea of the programmable control
plane for the tactical wireless network. The programmable control plane comprises of multiple
virtual blocks which is in charge various functionalities as shown in Fig. 4.2. In our proposed pro-
grammable control plane, the network control layer functionalities can be dynamically configured
to adapt to specific physical conditions, customized applications and/or certain tactical situations.
Fig. 4.2 shows various building blocks for an envisioned separated programmable control plane
in a wireless network. The flow routing block ensures the flow balance constraints hold in every
node between source and destination for each session. This block is further responsible to find
the optimal routing path for each active session. The link capacity management block manages
the amount of flow on each wireless link and ensures it does not exceed the capacity of the link.
The wireless technology block manages the signal processing, modulation and coding associated
with different wireless technology. The interference management block handles the interference
amongst the wireless node in the network. The control plane is programmable as the control layer
functionalities in each virtual blocks can be modified or new virtual blocks can be introduced to

the layer.
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The proposed programmable control plane functionalities can be cast into a centralized opti-
mization problem, which can be updated as needed. Such a programmable control plane decides
the optimal value of the each network parameter across various building blocks to achieve the op-
timal performance for the network. In this work, we develop necessary mathematical model to
realize a programmable control plane for wireless networks. We develop a cross-layer optimiza-
tion framework, which characterizes the interaction between physical, link, and network layer. By
applying the framework on a throughput maximization problem, we will show how an envisioned
control plane programming can solve complex problems in a tactical networks. Fig. 4.3 shows
one possible centralized architecture for implementation of a programmable control plane. The
centralized programmable network controller forms the decision making problem with respect to
the network objectives and rules in every building block and determines the value of every network

variables.



Table 4.1: Notation

Definition

Lin
cout
Allt]
Rx(1)
Tx(1)
T(f)
mi(f)
;[t]
yilt]
2[t]

Number of nodes in the network

Set of nodes in the network

Set of nodes within node ¢’s strong interference range

Number of antennas at node each node

path loss from the transmit node 7 to the receive node j

Total transmit power of an active transmitter

Total number of transmit power levels

Transmit power for the gth data stream at the transmit node of link [ in time slot ¢
rate of gth data stream of link [ in time slot ¢

aggregate data rate at link [ over all data streams in time slot ¢
bandwidth of the channel

Noise power

Total number of links in the network

Set of potential link in the network

Set of incoming links at node ¢

Set of outgoing links at node ¢

power scaling coefficient of the interference and the noise for the gth data stream of link {
Receiver of link [

Transmitter of link [

Rate of session f

Rate for session f on link {

Indicator variable to show if node ¢ is a transmitter in time slot ¢
Indicator variable to show if node % is a receiver in time slot ¢

Number of data streams on link [ in time slot ¢

87

The remainder of this chapter is organized as following. In Section 4.2, we will propose our

general cross-layered model, which captures the most essential rules of the programmable control

plane for wireless networks. In Section 4.4, we will provide our numerical results. Section 4.5

concludes this chapter.

4.2 Cross-layered Programmable Control Plane Model

Consider a multi-hop MIMO network consisting of a set of nodes N which has N elements.

Each node is assumed to have M antennas. Suppose that there are L possible links in the network.
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Denote Tx(!) and Rx({) as the transmit and receive nodes of link /, 1 <[ < L. We consider a time-
slotted scheduling, where a time frame consists of 7" time slots. Depending on link scheduling, a
subset of links will be active in time slot ¢, 1 < ¢ < T'. We assume that there is a set F of active
communication sessions in the network. Each session involves a single-source single-destination
unicast flow. Let r(f) be the data rate of session f. Table 4.1 shows the notation used in this

section.

Strong Interference vs Weak Interference. ~ We first introduce a concept of “strong” interfer-
ence range D). For a receive node j, it may be interfered by all the unintended transmit nodes in the
network. We distinguish an interference as either a “strong” interference or a “weak’ interference
through strong interference range D. Specifically, if the distance from a transmit node to its unin-
tended receive node is less than or equal to DD, we consider this interference as strong interference;
otherwise, we consider it as week interference. In our model, we only avoid strong interference,
while weak interference are not avoided. Instead, weak interference will be treated as noise at the
receive node when calculating its achievable data rate. We assume Z; is the set of node strongly
interfered by node ¢. Denote Z; as the set of nodes that are located within the strong interference

range of transmitter ¢.

Node’s SM Constraints. Denote z;[t] as a binary variable to indicate whether node i € N is
transmitting in time slot ¢, i.e., z;[t] = 1 if node i is a transmitter in time slot ¢ and 0 otherwise.
Similarly, denote y;[t] as a binary variable to indicate whether node i € A is receiving in time slot
t, i.e., y;[t] = 1if node 7 is a receiver in time slot ¢ and 0 otherwise. Denote £I* and L™ as the
set of potential incoming and outgoing links at node i, respectively. Denote z(;[t] as the number of
data streams over link /. If node i is not a transmitter, then we have ), Lout 21 [t] = 0. Otherwise,
the total number of outgoing streams should be positive and lesser than the number of antennas,

e, 1< Zle cout 21[t] < M. These two cases can be expressed in a compact form as follows:

wlt] < Y al] < Mt (1<i<N1<t<T). (4.2.1)

lecont
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Similarly, depending on whether node  is an active receiver, we have the following constraint:

viltl <> alt] < Myft], 1 <i<N,1<t<T). (4.2.2)
lecin

Half Duplex Constraints.  Although there has been significant advance on full duplex, it has
not yet become part of any wireless standards. Therefore, we assume half duplex on a node in this

paper. For half-duplex within the same band, we have the following constraint:

it Fyilt] <1, 1<i<N,1<t<T). (4.2.3)

Protocol Model Constraints. Denote \,[t] as a binary variable to indicate whether link [ is active
in time slot ¢, i.e., \;[t] = 1 if link [ is active in time slot ¢ and 0 otherwise. In a protocol model,
the transmitter of link & is not supposed to transmit in the interference range of the receiver of link

[. The above constraint can be expressed in mathematical form as following.
Mt < aft] < MA[, (1 <1< L1<t<T), (4.2.4)
N4+ Meft] <1,(1 <1k < L Tx(k) € Iney, Tx(k) # Tx(1),1 <t <T) . (4.2.5)

Data Stream Based Power Allocation Constraints. For power control, we assume that the
transmission power allocated to gth outgoing data stream at transmit node of link / can be tuned to
a finite number of levels between 0 and P,,,, . We further assume that the total transmit power of
a node is P,. To model this discrete data stream power control, we introduce an integer parameter
() that represents the total number of power levels to which a transmitter can be adjusted, i.e.,
axs %Pmax, ...y Pnax. Denote pf € {0,1,...,Q} the integer
levels for transmission power allocated to qth outgoing data stream at transmit node of link /. If

transmission power can be 0, %Pm

node i is an active transmitter (i.e., z;(t) = 1), then its total transmit power over all data streams is

Phax. Otherwise (i.e., x;(t) = 0), it transmit power for each data stream is zero. Then we have

z[t]

>N P =Q ], 1<i<N,1<t<T). (4.2.6)

leLynt g=1
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Data Stream Capacity Constraints. Denote ¢;[t] as the achievable rate of gth data stream of
link [ in time slot ¢. Denote ~/[t] as the effective SINR at the receive node of link [ for receiving

the kth data streams of link [. For (1 <1< L, 1<q¢<z[t],1 <t<T),
1) = W - logy(1+~711) “27)

where IV is the system bandwidth.

We know calculate the effective SINR ~/[t]. The DoF IC cancels the strong interfering signals
and weak interference signals is treated as noise. Therefore, the effective SINR at the receive node
of link [ for receiving the gth data streams of link / for (1 <[ < L, 1 <¢q < zt],1 <t <T)can

be written as

GTX(Z)RX(Z) ﬁpmax
Vi) = o , (4.2.8)
A;l [t] [ Z Gin(l)Pmaxxi [t] + Pn]
iEN\IRX(l)

where G; is the path loss from the transmit node 7 to the receive node j; P, is the noise power
at the receiver; AJ[t] is a power scaling coefficient of the interference and the noise for the gth
data stream of link /, which is determined by the channel matrices. The value of « characterizes
the performance of self-interference cancellation, which is consist of the residue of self-talk and

cross-talk — the smaller the value of «, the cleaner the cancellation of self interference.

Denote ¢;[t] as the aggregate data rate at link [ over its z;[t] data streams in time slot . Then we

have
z[t]

al] =Y . (1<I<L1<t<T). (4.2.9)
q=1

Link Capacity Constraints. Denote 7;( f) as the amount of data rate on link [ that is attributed
to session f € F. Since the aggregate data rate on link / cannot exceed the link’s average rate, we

have

Sonlf) <5 Yall a<i<i), (4.2.10)
feF t=1

where the right-hand-side represents the average throughput on link / over a frame (7" time slots).
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Flow Routing Constraints. Suppose there is a set of active sessions F. Denote r( f) as the rate
of session f € F and 7y, as the minimum session rate, i.e., i, = min,.-r(f). Denote s(f)
and d( f) as the source and destination nodes of session f € F, respectively. Then at source node,
s(f), [ € F, we have the following flow balance:
dSoonlf)=r(f), (=s(f).feF). (4.2.11)
leLgns

At any intermediate relay node, we have

Sonlf)= Y nlf). A <i<Nji#s(f),i#d(f).feF). (4.2.12)

lecin leLgut

At a destination node, we have

Son(f) =r(f), (i=d(f).feF). 4.2.13)

4.2.1 Problem Formulation

Denote 7, as the minimum session rate, i.e., Ty, = min,.-r(f). Putting all the constraints

together, we have the following formulation for the throughput maximization problem:

TMP; max 7rpn
St Tmin < 7(f) (feF)
SM Constraints: (4.2.1),(4.2.2);
Half Duplex Constraint: (4.2.3);
Protocol Model Constraints: (4.2.4),(4.2.5);
Data Stream Power Allocation Constraints: (4.2.6);
Data Stream Capacity Constraints: (4.2.7)—(4.2.9);
Link Capacity Constraints: (4.2.10);
Flow balance constraints: (4.2.11),(4.2.12).

In TMP,, constraints (4.2.6)—(4.2.9) are non-linear. Therefore, TMP, is a mixed-integer non-
linear program (MINLP), which in general is NP-hard [28]. MINLP problems are known to be
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difficult due to the combinatorial nature of mixed-integer programs and the difficulty in solving
nonlinear programs. Note that there exist some techniques to address general MINLP problems
(e.g., outer-approximation methods [23], branch-and-bound [34], extended cutting plane methods
[84], and generalized Benders’ decomposition [30]). However, these techniques do not exploit
our problem-specific structures and properties, and hence can only handle small-sized problems.
In this paper, we exploit the unique mathematical structure of our MINLP problem and develop
a novel near-optimal solution procedure, with a performance guarantee. We first reformulate the
ranges for constraints (4.2.6)—(4.2.9) to only include the constants appear in the range. Next we
use reformulation linearizion technique (RLT [70]) to linearize constraint (4.2.8). Similar to the
approach proposed by Jiang et al. [42], we adopt a piece-wise linear approximation technique
proposed by Jiang et al. [42] to transform the nonlinear constraint (4.2.7) to a set of linear con-
straints. The main idea of the piece-wise linear approximation is to use a set of linear segments
to approximate the log term in (4.2.7) while ensuring that the linear approximation error does not
exceed a specific threshold. Since MILP problems are relatively easier to solve than MINLP prob-
lems, we can efficiently apply a solver such as CPLEX [98] to obtain a solution efficiently. The
solution to this optimization problem gives us the optimal decision on when and how to perform
link scheduling for interference management, SM, routing, etc. to ensure the optimal performance

for the wireless network.

4.3 Reformulation and Linearization

In TMP, the nonlinear constraints are (4.2.6)—(4.2.9). We first reformulate (4.2.6)—(4.2.9) using
Reformulation Linearization Technique (RLT) [70] and then linearize the logarithmic function in
(4.2.7) via near optimal approximation. We will show that the resulting optimization problem does

not involve any nonlinear constraints and provides a near optimal solution to the original problem

(i.e., TMP,).

Reformulation of (4.2.6) and (4.2.9). (4.2.6) and (4.2.9) are non-linear constraints since z;[t]
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is not a constant rather an optimization variable. In order to linearize these two constraints, we
introduce M — z[t] dummy outgoing data streams for node Tx({) (transmitter of link /) and add
constraints to force the data rate of the dummy data streams to zero. Denote \/[t] as a binary
variable to indicate whether or not outgoing data stream ¢ from the transmitter of link [ (node
Tx(1)) is dummy at time slot ¢. Specifically, A\/[t] = 0 if data stream k is dummy and 1 if not.

Therefore, we have

M
SN =xlt), 1<I<SLI<t<T). (4.3.1)

g=1

Consider the outgoing data streams at Tx(/) (transmitter of link /). For data stream ¢, If it
is dummy (i.e., )\? [t] = 0), then the transmit power allocated for this data stream should be 0.
Otherwise (i.e., )\? [t] = 1), the transmit power allocated for this data stream is limited by the total

transmit power Fp,,.. Therefore, we have
0<pit] <Q-N[t], 1<I<L1<q<M1<t<T). (4.3.2)
Similarly, we use the following constraints to force the achievable data rate of a dummy data
stream to zero.
0< ] <A-N[t], A<I<L1<q<MI1<t<T). (4.3.3)

where A is a large enough constant.

The new constraints (4.3.1)—(4.3.3) ensure that a dummy data stream has zero transmit power

and zero data rate. Therefore, it is equivalent to reformulate (4.2.6) to

M
> D pi=Q ], (1<i<N1<t<T). (4.3.4)

leLont g=1

and reformulate (4.2.9) to

alt] =Y, (1<I<L1<t<T). (4.3.5)
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Reformulation of (4.2.8). Based on the new constraints (4.3.1)—(4.3.3), we can rewrite constraint

428)for(1<I<L,1<q<M1<t<T)as

i#TX(l) q q GTX(l)Rx(l) p? [t]
> G Pawstilthf 1l + Paflt] = =0 P
’iEN\IRX(l) !

This constraint is nonlinear due to nonlinear term x;[t]/[t]. We can use reformulation linearizion
technique (RLT [70]) to linearize x;[t]7/[t]. Note since this term is the product of a integer and
continuous variable, therefore, the linearizion does not compromise the optimality. We define new

variable w}[t] = w;[t]7/[t]. Then this constraint can be written for (1 <[ < L1 < ¢ < M,1 <

t<T)as
1#Tx(1)
G reinran PHE
Y Ginew Puafilt] + Par([t] = W’Dg ] P (330
’iEN\IRX(l) !

To ensure that wj[t] = x;[t]7/[t] always holds, we add the following two linear constraints in

the formulation for (1 <1 < L,i € N\ Tpy), 1 < ¢ < M, 1<t <T)

G Pmax
OS%MS—%%%r—Mﬂ, (4.3.7)
1 n
GTx(l)Rx(l)Pmax GTx(l)Rx(l)PmaX
D7 max T afy) — DT X 4 < A4 4.3.8
A;][t]Pn l’[]‘l"}/l[] A;}[t]Pn —wzl[]—’yl[] ( )

Reformulation of (4.2.7). Based on (4.3.1)-(4.3.8), we know that the dummy data stream has
zero transmit power, zero SINR, and zero data rate. Therefore, it is equivalent to translate (4.2.7)

to the following constraint

At =W log,(1+/[t]), 1 <I<L1<q<M1<t<T). (4.3.9)

In summary, we replace (4.2.6), and (4.2.7)—(4.2.9) with (4.3.1)—(4.3.9). The resulting opti-

mization problem which we denote BR — TMP5, can be written as
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TMP; max 7rpn
st T < 7(f) (feF)

SM Constraints: (4.2.1),(4.2.2);
Half Duplex Constraint: (4.2.3);
Protocol Model Constraint: (4.2.4),(4.2.5);
Dummy Data Stream Constraints: (4.3.1)—(4.3.3);
Data Stream Power Allocation Constraints: (4.3.4);
Data Stream Capacity Constraints: (4.3.5)—(4.3.9);
Link Capacity Constraints: (4.2.10);
Flow balance constraints: (4.2.11), (4.2.12);
Variables: x;[t], y;[t], z[t], pi[t], 7} [t], ¢} [t], AT [t],
wylt], alt], r(f), r(f).

where x;[t], y;[t], and \][t] are binary variables; z[t] and p{[t] are integer variables; ~/[t], ¢][t],
wy[t], alt], ri(f), and r(f) are continuous variables, and all the other parameters are constant.

(TMP,) as the optimal objective value of TMP; and r*, (TMP5) as the optimal

min

Denote r*

min

objective value of TMP,. Then we have the following lemma:

Lemma 2. TMP, and TMP, have the same objective value,i.e.,

T;in(TMpl) = T;in(TMP2> :

The proof is straightforward and we omit its discussion.

4.3.1 Near Optimal Approximation

In this paper, we exploit the unique mathematical structure of our MINLP problem and develop
a novel near-optimal solution procedure, with a performance guarantee. Note that in Problem
TMP,, the only nonlinear constraints are the link capacity constraints (4.3.9), which involve the

log function. To address this problem, we adopt a piece-wise linear approximation technique
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proposed by Jiang et al. [42] to transform the nonlinear constraints to linear constraints. The main
idea is as follows. We first use a set of linear segments to approximate the log term in (4.3.9) while
ensuring that the linear approximation error does not exceed a specific threshold e. Subsequently,
the nonlinear constraints in TMP5 are replaced by a set of linear constraints. Denote the linearized
optimization problem as TMP3, which is a mixed-integer linear problem (MILP). Since MILP
problems are relatively easier to solve than MINLP problems, we can efficiently apply a solver

such as CPLEX [98] to obtain a solution efficiently.

We will show that solving TMPj3 gives us a near-optimal solution to the original problem
TMP,. Denote v as the desired performance gap for the near-optimal solution, i.e., the differ-
ence in the objective values between the optimal solution and the near-optimal solution to OPT.
We analyze the relationship between the performance gap ¢ and the linear approximation error
€. Specifically, for a desired performance gap i), we compute the maximum allowed linear ap-
proximation error €, and accordingly, we derive the linear approximation constraints and construct
TMPj5. The solution to TMP3 then provides a near-optimal solution with the performance guar-
antee ). We summarize the above steps in Fig. 4.4, and We provide details for the steps in the

remainder of this section.

Piece-wise Linear Approximation. We will employ the scheme proposed in [42] by Jiang et al.

max _ Gy (1)Rx (1) Pmax

AT Py as the maximum effective

for piece-wise linear approximation. Denote ~/ [¢]
SINR for the data stream ¢ of link [ in time slot . This scheme introduces a set of consecutive
linear segments to approximate In(1 + ~/[t]) for 7/ [¢] € [0, ~/[t]"*|(see Fig. 4.5). We can rewrite
the nonlinear constraints in (4.3.9) as follows:

w
qlf) = 15 WA+, (1 <I<L1<g<M1<t<T). (4.3.10)

The nonlinear term in (4.3.10) is In(1 + ~/[t]). The range of ~/[t] is [0,~{[t]™**]. Denote € as
the maximum allowed error for this linear approximation and let K} [¢] be the number of linear
segments needed to meet this error requirement. Denote (%, k=0,1,....K [[t] as the ] [t]-

axis values of the endpoints for these K7[t] segments, with /[t]”) = 0 and 77[¢] (K = Y
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Given a desired performance
gap 7/ between the near optimal
solution and the optimal solution
N to TMP1 Y

N

piecewise linear approximation

Calculate maximum allowed
error €

constraints and construct TMP3

\ J

Computer linear approximation

~

Solve TMP3 via CPLEX

A\ b

Figure 4.4: A flow chart for obtaining a near optimal solution to TMP1.

Denote a] 1] as the slope of the k-th linear segments, i.c.,

arpg® — A+ ™) @+ 57 ") 43.11)
L - ar (k) _ L app(k=1) ' o
v [t] v/ [t]

Denote g/ t] (%) (7/[t]) as the k-th linear approximation segment (see Fig. 4.6), which can be repre-

<11 < 1.

sented as follows. For ~/'[t]
g™ (1) = af[]® - (1 = A7) + (1 + A7 ). 4.3.12)

The values of ~+/[t] o A} [t](Klq ) can by computed sequentially (for a give ¢) using the algo-

rithm proposed by Jiang et al. in [42]. The algorithm iteratively computes a] [t](k) that satisfies
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YW A2 AP A

Figure 4.5: An illustration of piece-wise linear approximation with four line segments.

—In(a?[]™) + a?[]P (1 + A ) — 1 — In(1 + 7% Y) = € and with a/[t]*, computes
o [t](k) that satisfies (4.3.11). The proposed algorithm in [42] further guarantees that the maxi-

mum approximation error of each linear segment is at most € and minimizes the number of linear
segments to approximate In(1 + ~/[t]), for a given approximation error bound ¢ for each linear

segment. After piece-wise linear approximation of In(1+~/[¢]), Constraint (4.3.9) can be replaced

by the following set of constraints:

q W a1k (a q

qlt) < L 5a G, (k=01 K1 <1< L1<q<M1<t<T),
n

where g/ [t] (k) (7[t]) is given by (4.3.12). Substituting (4.3.12) into the above equation, for (k =

JKP,1 <1< L,1<qg<M,1<t<T)wehave

0,1,...
(4.3.13)

g W q
1) < Sl

® - (3t = 27104 ) + (1 + A7)
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/ Tangential point

\J

10 ™

Figure 4.6: An illustration of maximum approximation error for the k-th linear segment.

By replacing the nonlinear constraints in (4.3.9) with the set of linear constraints in (4.3.13), we

obtain the following revised formulation for TMP5, which we denote as TM P



TMP;

100

max  Tyin

S.t.

Tmin < 7(f) (f € F);

SM Constraints: (4.2.1),(4.2.2);

Half Duplex Constraint: (4.2.3);

Protocol Model Constraint: (4.2.4),(4.2.5);
Dummy Data Stream Constraints: (4.3.1)—(4.3.3);
Data Stream Power Allocation Constraints: (4.3.4);
Data Stream Capacity Constraints: (4.3.5)—(4.3.8),(4.3.13);
Link Capacity Constraints: (4.2.10);

Flow balance constraints: (4.2.11), (4.2.12);
Variables: x;[t], y;[t], z[t], pf[t], 7} [t], ¢} [t], A][t],
wylt], alt], r(f), r(f).

Theorem 2. The gap between the optimal objective values of TMP 3 and TMP is no more than

Based on Theorem 2, the following algorithm prescribes a near-optimal solution to TMP,

with a performance guarantee.

Algorithm 4.3.1 An algorithm for obtaining near optimal solution.

Input: Given a desired performance gap psi for the solution to TMP;.

1. Compute epsilon based on

_W-M-L-e

4 In2

(4.3.14)

2. Compute af[t]™ and 47[t]*) by the proposed Algorithm in [42].
3. Construct TMP3 based on af [{] *) and Y 1],

4. Solve TMP; optimally using an MILP package (e.g.,CPLEX).

Upon the completion of Algorithm 4.3.1, we have a near-optimal solution to TMP; with a

guaranteed performance bound (no more than ¢/ from the optimal objective value).
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4.3.2 Near-Optimality Proof

In this section, we present the proof to Theorem 2. In TMP3, we linearize constraint (4.2.7) in
TMP, by a piece-wise linear approximation scheme proposed in [42]. In this proof, we provide a

bound for the gap between the optimal objective values of TMP; and TMP3.

To better illustrate the idea, we first introduce the following notations. In TMP;, we assume
that there exists a scheduling and power assignment solution ¢ = (x[t], y[t], z[t], p[t]) that satisfies
constraints (4.2.1)—(4.2.6), where 7[t|, x[t], y[t], and z[t] represent the vectors [z1[t], z3[t],. ..,
e [t]], [wlt], velt], .., yn(t], and [z1[t], 22[t], ..., zL[t]]; p[t] represents matrix [p][t]]zxq. Then
we define ¢ = (o, 7(f),7(f)) as a feasible solution to TMP, where (7,(f), 7(f)) is the optimal

solution to the following linear program TMP(¢p).

TMP;(p) max 7y

s.t. T < 7(f) (feF)
T a=r)  G=s().f )

>or(f)=on(f)  (I<i<Ni#s(f),i#d(f), f € F)

lecin leLgut

> nlf)<a (1<1<L)

fer
Tminarl(f)vr(f)zo (le‘cﬁfef)

T

where ¢; = % >~ G [t]. Note that once we fix the scheduling and power variables in TMP; to values
t=1

in ¢, we can get the value of ¢; by constraints (4.2.7)—(4.2.9). Therefore, given ¢, TMP(¢p) is

an LP.

Based on the feasible solution ¢ = (¢, 7(f),7(f)) to TMP, we define a feasible solution
& = (o, 7(f),7(f)) to TMPs, where (7,(f),7(f)) is the optimal solution to TMP; when the
scheduling and power variables are fixed to values in . That is, (7,(f),7(f)) is the optimal

solution to the following LP.
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TMP3(p) max 7y

s.t. i < 7(f) (feF)
T a=r)  G=s().feF)
Zn(f)l:;ﬁ(f) (1<i<N,i#s(f),i#d(f), f € F)
leLi eLoms
Y. n(f) <é (1<1<1)
fer

Tminarl(f)vr(f)zo (le‘cvfef)

T M
where ¢ = 7 Y- ¢[t]. According to constraint (4.3.5), we know that ¢[t] = > ¢/[t], where ¢][t]
t=1 q=1

is the linear ap;;roximation of link [’s achievable rate of gth data stream in time slot ¢. Recall that
in TMP3, we use constraint (4.3.13) to replace constraint (4.2.7) in TMP;. When scheduling
variable x[t] and link [’s power assignment p;[t] are fixed at the values given in ¢, we can obtain
the value of ~/[t] by constraint (4.2.8). Therefore, we can determine which line segment is used in
the linear approximation of In(1 + ~/[t]). Suppose that the k-th segment is used, then ¢/ [t] can be
obtained as ¢f[t] = 125 - g/[{] ™) (4411]). As a result, with given ¢, TMP5(¢) is an LP.

Now, we quantify the gap between the optimal solutions to TMP; and TMPj3 by the fol-

lowing two steps. First, we show that for any feasible scheduling and power assignment solution

W-L-M-€
In2

, the gap between the feasible objective values corresponding to ¢ and &) is . Then, we

show that the gap between the optimal objective values of TMP; and TMPj is also bounded by

W-L-M-e
In2

. This gap is characterized in the dual domain of problem TMP;(¢) and TMP3(¢p) as

follows.

Step 1: For a given ¢, we denote 7 as the feasible objective value corresponding to solution

¢ to TMP, and 7 as the feasible objective value corresponding to solution (}b to TMP3. In this

W-L-M-e
In2

step, we will show that 7 — 7 <

Denote the dual problem of TMP;(y) and TMP3(¢) as D1(¢) and D3(¢p), respectively.
Since the only difference between the formulation of TMP(¢) and

TMP;(¢p) is the constant term ¢; and ¢, it is easy to see that D;(¢) and D3(¢) have the same
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constraints, but different objective functions.

Denote the dual variables corresponding to the first set of constraints in TMP; (¢) and
TMP;(p) as w(f), f € F. Denote the dual variables corresponding to the second set of con-
straints in TMP;(¢) and TMP3(¢) as v(f), f € F. Denote the dual variables correspond-
ing to the third set of constraints in TMP;(¢) and TMP;3(p) as y;(f),f € F,i € N,i #
s(f),d(f). Denote the dual variables corresponding to the fourth set of constraints in TMP; (¢)
and TMP3(p) as h;, [ € L. Then D;(¢p) can be written as follows:

Di(¢) min >, &l

st w(f)>1 (feF)
—w(f)—v(f) =0  (f€F)
v(f) Ty (f)+ =0 (feF,l=(s(f).j) €L,j#d(f))
yi(f) =il f) +h 20
(feFl=(ij) € Lis#s(f),i#d(f),j #s(f).i#d(f))
~yi(f)+h =0 (fe Fil=(,d(f)) € L,i# s(f))
v(f) 4+ =0 (f e F,l=(s(f)d(f)) € £)
w(f),hy >0, v(f)and y;(f) unrestricted (f € F,i € N,i # s(f),d(f),l € L)

The dual problem D3(¢p) can be written as follows:

Ds3(p) min ), .Gl

s.t. Same constraints as in Dy (¢)

Since D;(¢) and D3(¢p) share the same constraints, they have the same feasible region. If
h; is (part of) an optimal solution to D3(¢), then since 7 and 7 is the optimal objective value of
TMP, () and TMP3(¢p) respectively, we have

PP <Yy ahi =Y ahy =Y (e —a)hi .

lel lel lel
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Now we quantify the gap between ¢; and ¢;. Since the maximum error of our linear approximation

is €, we know that

Therefore,

WM
F—i< €y hi. (4.3.15)

According to the definition of marginal rate of change of dual variables in [6], /] is upper
bounded by the largest possible change of the optimal objective value 7 of TMP3(¢) with respect
to the right-hand side ¢;. Since the objective function is the achievable session rate, and a small
marginal A-change (say, increase) in the capacity of a link can at most increase /\ units of session
rate, we have

hy <1 (lel). (4.3.16)
Combining (4.3.15) and (4.3.16), we have

W-M-L-e€

F—F <
= In2

This completes Step 1 of the proof.

Step 2: Denote ¢| and 7} as the optimal solution and its corresponding optimal objective value
of TMP;. Denote ¢ and 75 as the optimal solution and its corresponding optimal objective value

of TMPs3. In this step, we show that r] — 3 < %

Since the optimal solution ¢% to TMP is a particular case of feasible solution ¢, we know
that there exists a corresponding feasible solution to TMP 3, denoted as &)3, with a corresponding
objective value 73. From Step 1, we know that

W-M-L-e€
In 2 ’

*
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Figure 4.7: A 30-node network in a 100 x 100 area.

Since 73 is the optimal objective value of TMP3, we know that r; > 75. Therefore,

W-M-L-e¢

TS In2

This completes the proof. ]

4.4 Numerical Results

We consider a randomly generated multi-hop wireless network with 30 nodes that are distributed
in a 100 x 100 area. For generality, we normalize all units for distance, data rate, bandwidth, and
power with appropriate dimensions. At the network layer, minimum-hop routing is employed. The
topology of the network is shown in Fig. 4.7. There are 2 active sessions in the network with each
session’s source node and destination node given in Table 4.2. Each node is equipped with M = 4

antennas. We assume the bandwidth W = 1. The transmit power for each node is set to 100.
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Table 4.2: Source node and destination node in the 30-node network

Session | Source Node | Dest. Node
f s(f) d(f)
1 7 22
2 11 2

The path loss parameter Gy ()rx(x) = [2010go(d) + 38.25] (in dB) [101], where d is the distance
between Tx(k) and Rx(k). The number of time slots in a frame is 7" = 4. The worst case upper

bound value for AJ[t] is 7.3753.

Figure 4.8 shows the set of active links and the number of data streams per link in each time
slot in the solution. Figure 4.9 shows the combined results for all time slots. Table 4.3 shows the
details of DoF allocation for SM, aggregated capacity over data streams, and session’s rate (i.e.,
aggregate capacity averaged over a 4-time-slot frame) for all time slots. As shown in Table 4.3, the

objective value 7,;; (minimum session rate) for this network scenario is 0.378504.

4.5 Conclusions

With the recent development in SDN and wide spread availability of high performance computing
resources, the idea of centralized separated control plane is not longer a myth. The separation of
the data and control plane is a key element to design a highly programmable network. Such a
programmable wireless network can address varying end-user demands, manage the interference
amongst the users, and modify its physical layer transmission technology with respect to wireless
channel characteristic. Realizing a separated control plane for wireless network requires a clear
theoretical understanding for modeling the various functionalities of such control plane. In this pa-
per, we proposed the idea of the programmable control plane for the tactical wireless network. In
the proposed programmable control plane, the network control layer functionalities can be dynam-

ically configured to adapt to specific physical conditions, customized applications and/or certain
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Figure 4.8: Scheduled links, DoFs allocation on each link, and interference pattern in time slots 1

to 4, respectively.
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Figure 4.9: Shows the combined results for all time slots (with the number of data streams for each

time slot on the link shown in a box).
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Table 4.3: DOF allocation for SM, aggregated capacity over data streams, and session’s rate for all

time slots.
Session Link Time Slot | DoF for SM | Capacity | Session’s Rate

1 0 0
2 0 0

N7 — N13
3 0 0
4 4 11.1578

1 0.378504

1 3 1.24433
2 0 0

Niz — Nay
3 3 1.44765
4 0 0
1 0 0
2 4 10.6469

Ni1 — Ny
3 0 0
4 0 0
1 4 1.76713
2 0 0

2 Noy — Noy 0.378504

3 0 0
4 0 0
1 0 0
2 0 0

N21 — N2
3 4 1.51401
4 0 0
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tactical situations. The programmable control plane functionalities can be cast into a centralized
optimization problem, which can be updated as needed. Specifically, we develop a cross-layer
optimization framework, which characterizes the interaction between the physical, link, and net-
work layers. By applying the framework to a throughput maximization problem, we show how the

envisioned control plane programming framework can solve complex problems in tactical



Chapter 5

Unified Programmable Control Plane for

Heterogeneous Wireless Networks

5.1 Introduction

The recent advances in the development of software defined networking (SDN) make the pro-
grammable control plane in the wired network a reality by separating the control and data plane[61,
99, 100, 58]. In SDN architecture, the control plane is completely removed from the hardware and
externally centralized on a server called controller. Fig. 5.1 illustrates the differences in the control

plane for the traditional and programmable control plane.

Software defined wireless network (SDWN) recently has been proposed as a natural extension
of SDN from wired to wireless network[99, 96, 13]. SDWN envisioned to provide flexible re-
source management, end-user/application aware control plane , and vendor-independent wireless
network hardwares. In addition to packet forwarding problem, SDWN has to also focus on wire-
less access and interference management with respect to physical layer design in complex radio
environment[13]. The current research efforts on SDWN[96, 13, 73] mainly focuses on propos-

ing network architecture. To the best of our knowledge, the previous work does not show how to

111
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P ble Net k
Traditional Network rogrammagie Tetwor

"////////A Control Plane
ﬁ Data Plane

Figure 5.1: Control plane in traditional vs programmable networks.

clearly model and solve the complex functionality of the control plane.

In Fig. 5.2, we demonstrate the logical blocks of the unified programmable control plane for
heterogeneous wireless network. The network objective corresponds to the dynamic objective
which sought to be achieved by the network. The network layer block ensures the flow balance
constraints hold in every node between source and destination for each session. This block is
further responsible to find the optimal routing path for each active session. The MAC/link layer
has two main functions: i) resolve the medium access contention by link scheduling over differ-
ent time slots. ii) control the amount of flow on each wireless link to ensure it does not exceed
the capacity of the link. The physical layer block manages the signal processing, power manage-
ment, modulation and coding. This block is also responsible for interference management. The
programmable nature of the unified control plane allows the modification of the network objec-

tive, constraints within each individual block or even introducing new blocks. The interoperability
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Network Objective: Throughput Maximization, Load
Balancing, etc.

MAC/Link Layer: Link Scheduling / Capacity

Physical Layer: Power, Interference Management,
etc.

[
dlomoauwiel4 UO!J.EZ!LU!].C'O JIOMIoN

Figure 5.2: Wireless programmable control plane building blocks.

between different technologies for wireless heterogeneous network can be captured by having nec-

essary constraints in these building blocks.

We claim that the functionality of the unified programmable control plane can be modeled as a
centralized network optimization problem, in which the optimal network decisions are to be identi-
fied and the optimal wireless network resources are to be allocated to achieve the optimal objective
for the network at a give time. Fig. 5.3 demonstrates a realization of a network architecture for the
unified programmable control plane. The centralized network control center performs the control

plane tasks and the data will be carried through the core and wireless network.

In this paper, we develop necessary mathematical model to realize the unified programmable
control plane in wireless heterogeneous network. We develop a cross-layer optimization frame-
work, which characterizes the interaction between physical, link, and network layer. By applying
the framework on a throughput maximization problem, we will show an application of the model

to solve practical issues in a tactical network and gain some theoretical insight on the optimal
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Figure 5.3: Programmable network architecture.

behavior of the unified programmable control plane for a heterogeneous wireless network.

The remainder of this chapter is organized as following. In Section 5.2, we propose necessary
mathematical model to realize the unified programmable control plane for heterogeneous wireless
networks. In 5.3, we develop a cross-layer optimization framework, which characterizes the in-
teraction between physical, link, and network layer for the unified programmable control plane in
a heterogeneous wireless network. In Section 5.4, we will show an application of the model to
solve practical issues in a tactical network and gain some theoretical insight on the optimal behav-

ior of the unified programmable control plane for a heterogeneous wireless network. Section 5.5

concludes this chapter.
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Table 5.1: Notation

Symbol | Definition

N Set of nodes in the network

B set of frequency bands

7 Set of nodes within node 7’s strong interference range

L Set of potential link in the network

ﬁ,ii“ Set of incoming links at node %

ﬁ;’ut Set of outgoing links at node %

M Number of antennas at node each node

Gij path loss from the transmit node ¢ to the receive node j

Pax Total transmit power of an active transmitter

Q Total number of transmit power levels

pi”q [t] Transmit power for the kth data stream at the transmit node of link / in time slot ¢ and freq. band b
ci”q [t] rate of gth data stream of link  in time slot ¢ and freq. band b

cﬁ’ [t] aggregate data rate at link [ over all data streams in time slot ¢ and freq. band b
w bandwidth of the channel

Py Noise power

A? t] power scaling coefficient of the interference and the noise for the kth data stream of link [
Rx(1) Receiver of link [

Tx(1) Transmitter of link [

r(f) Rate of session f

ri(f) Rate for session f on link [

xi[t] Indicator variable to show if node % is a transmitter in time slot ¢

yit] Indicator variable to show if node 7 is a receiver in time slot ¢

z[t] Number of data streams on link { in time slot ¢

0;t] A binary variable to indicate whether node 4is placed after node j in 7[t]

5.2 Modeling Unified Control Plane for Wireless Heterogeneous
Network

In this section, we will present the functionality of each individual module in the unified control
plane for wireless heterogeneous network in mathematical programming. Table 5.1 shows the

notation used in this paper.

Consider a multi-hop MIMO network consisting of a set of nodes N’ which has N elements.
Each node is assumed to have M antennas. Denote L as the set of all possible links in the network.

Denote Tx(!) and Rx(/) as the transmit and receive nodes of link [, [ € £. We consider a time-
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slotted scheduling, where a time frame consists of 7" time slots. Depending on link scheduling, a
subset of links will be active in time slot £, 1 < ¢ < T'. We assume each heterogeneous wireless
network ( e.g. WiFi, LTE, WiMAX, etc.) are operating on orthogonal frequency bands b € B,

where B is the set of frequency bands.

5.2.1 Mac and Link Layer Constraints

Half-Duplex Constraint. Although there has been significant advance on full duplex for single
antenna node, there remain significant challenges to have a practical design for full duplex on a
MIMO node. Therefore, we assume half duplex on a MIMO node in this paper. Denote z%[t] as a
binary variable to indicate whether node 7 € A is transmitting in time slot ¢ and frequency band
b, i.e., 22[t] = 1if node i is a transmitter in time slot ¢ and 0 otherwise. Similarly, denote y?[t] as
a binary variable to indicate whether node 7 € A\ is receiving in time slot ¢ and frequency band b,
i.e., y?[t] = 1if node i is a receiver in time slot ¢ and 0 otherwise. For half-duplex, we have the

following constraint:

ad[t)+ il < 1, (ieN,beB1<t<T). (5.2.1)

Node’s SM Constraints.  Denote 2’[t] as the number of data streams over link [ at frequency
band b. If node 7 is not a transmitter, then we have Y, qou 2/[t] = 0. Otherwise, the to-
tal number of outgoing streams should be positive and lesser than the number of antennas, i.e.,

1 <37 cpom 2[t] < M. These two cases can be expressed in a compact form as follows:

2] < Y A < Mallt], (€N, beB1<t<T). (5.2.2)
leLyvt
Similarly, depending on whether node 7 is an active receiver, we have the following constraint:

W <> A <MYt], GeENDeEB1I<t<T). (5.2.3)
lecin
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5.2.2 Interference Management

Strong Interference vs Weak Interference. = We first introduce a concept of “strong” interfer-
ence range. For a receive node j, it may be interfered by all the unintended transmit nodes in
the network. We distinguish an interference as either a “strong” interference or a “weak” inter-
ference through strong interference range. Specifically, if the distance from a transmit node to its
unintended receive node is less than or equal to interference range, we consider this interference
as strong interference; otherwise, we consider it as week interference. In our model, only strong
interference will be considered for IC, while weak interference will not be considered for IC. In-
stead, weak interference will be treated as noise at the receive node when calculating its achievable
data rate. Denote Z; as the set of nodes that are located within the strong interference range of

transmitter 7.

Ordering Constraint. In a multi-hop MIMO network, to avoid duplication in IC while ensuring
feasibility of DoF allocation, Shi et al. [49] introduced a novel IC scheme among the nodes based
on a node ordering concept. Under this scheme, all nodes in the network are put into a logical
list with the position of the node in the list representing its order. Specifically, denote 7°[t] as an
ordered list of nodes in the network in time slot ¢ and frequency band b and denote 7°[t] as the

position of node i € N in 7°[t]. Then we have:
1<t <N, (ieN,beEB1<tLST). (5.2.4)

To model the relative ordering between any two nodes i and j in 7°[t], we define an indicator

variable 6,;[t] as follows:

o1 1 if node j is before node i in 7°[t],
g 0 otherwise.

Denote Z; as the set of nodes that are located within the interference range of transmitter z. Then the
ordering relationship between any two nodes in the network can be represented by the following

mathematical programming constraints[49]. For (i e N,j € Z;,b € B,1 <t < T),

mt] = N -0t + 1 < 7] < wlft] — N 05[]+ N —1. (5.2.5)
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Based on 7°[t], each node in this list has the following responsibility in IC:

e Transmit node. If this node is a transmit node, then it only needs to cancel its interference to
those receive nodes that are before itself in the ordered node list. It does not need to consume
DoFs to cancel its interference to those receive nodes that are after itself in the ordered node
list. Interference from this transmit node to receive nodes after itself will be canceled by
those receive nodes later. The number of DoFs consumed at this transmit node for IC is

equal to the total number of desired data streams received by those receive nodes.

e Receive node. 1f this node is a receive node, then it only needs to cancel interference
from those transmit nodes that are before itself in the ordered node list. It does not need to
cancel interference from those transmit nodes that are after itself in the ordered node list.
Interference from transmit nodes after this node will be canceled by those transmit nodes
later. The number of DoFs consumed at this receive node for IC is equal to the total number

of data streams transmitted by those transmit nodes.

The above IC rules can also be cast into mathematical programming constraints. Then the DoF
constraint at a transmit node and a receive node for (i € N',b € B,1 <t < T) can be written as

follows [49]:

Tx(k)#i
ST+ 05 Y aplt] < Mallt] + (1 2l[t])B;, (5.2.6)
leLout JEL; keLi
Rx(l)#i
D A+ 0 Y 2l < Moyl + (1 o) B, (5.2.7)
keLn JET; lecont
where B, is a large constant and is no small than ), 6%[] Z;((Ekn "2t and 3, iez, O5ilt] Z:ﬁf’

2%[t]. For example, we can set B; = M - |Z;].

5.2.3 Physical Layer Constraints

Power Allocation Constraints. For power control, we assume that the transmission power

allocated to gth outgoing data stream at transmit node of link [ can be tuned to a finite number of
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levels between 0 and P, . We further assume that the total transmit power of a node is ;. To
model this discrete data stream power control, we introduce an integer parameter () that represents
the total number of power levels to which a transmitter can be adjusted, i.e., transmission power
can be 0, %Pmax, %Pmax, ..., Prax. Denote p?’q € {0,1,...,Q} the integer levels for transmission
power allocated to gth outgoing data stream at transmit node of link /. If node 7 is an active

transmitter (i.e., x;(t) = 1), then its total transmit power over all data streams is P,,c. Otherwise

(i.e., z;(t) = 0), its transmit power for each data stream is zero. Then we have

oy
STN B =Q Al (e N beEB1<tT). (5.2.8)

leLget g=1

SINR Constraints. Denote c?’q [t] as the achievable rate of gth data stream of link  in time slot ¢.
Denote ylb’q[t] as the effective SINR at the receive node of link [ for receiving the kth data streams
of link /. Then the data stream capacity constraints for (I € £,b € B,1 < q < 2P[t],1 <t <T)
can be written as follows:
A lt] = W - logy(1+~/[¢]) (5.2.9)
where W is the system bandwidth.
We know calculate the effective SINR +[¢]. The DoF IC cancels the strong interfering signals
and weak interference signals is treated as noise. Therefore, the effective SINR at the receive node

of link [ for receiving the gth data streams of link [ for (i € N',b € B,1 < ¢ < 2P[t],1 <t <T)

can be written as

G p?yq[t} P
Tx(1)Rx(l) max
W) = #Tx(l) : ’ 210
A? [t] [ > Gmxa)Pmaxx?[t] + P"]
1€EN\Zrx (1)

where G; is the path loss from the transmit node 7 to the receive node j; P, is the noise power at
the receiver; A][t] is a power scaling coefficient of the interference and the noise for the gth data

stream of link /, which is determined by the channel matrices.

Link Capacity Constraints. Denote c?[t] as the aggregate data rate at link [ over its z?[t] data
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streams in time slot ¢t. Then we have
i
g => ", (eN,beB1<t<T). (5.2.11)
q=1

Denote 7;(f) as the amount of data rate on link [ that is attributed to session f € F. Since the

aggregate data rate on link [ cannot exceed the link’s average rate, we have

> n(f) < T_1|B| > d, (er). (5.2.12)

fer t=1 beB

where the right-hand-side represents the average throughput on link / over a frame (7" time slots).

5.2.4 Network Layer Constraints

Flow Routing Constraints. Suppose there is a set of active sessions . Denote r( f) as the rate
of session f € F and 7y, as the minimum session rate, i.e., i, = min,.-r(f). Denote s(f)
and d(f) as the source and destination nodes of session f € F, respectively. Then at source node,
s(f), [ € F, we have the following flow balance:
Soonlf)=r(f), (=s(f).feF). (5.2.13)
leLont
At any intermediate relay node, we have
Sonlf) = nlf). A <i<Nji#s(f),i#d(f),feF). (5.2.14)
lecin leLgut

At a destination node, we have

Son(f) =r(f), (i=d(f).f€F). (5.2.15)

5.3 Problem Formulation and Solution

In this section, we show how the unified heterogeneous wireless network model developed in

the previous section can be used to study tactical networking problems. Let’s consider a typical
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throughput maximization problem in a multi-hop MIMO network. It can be easily verified that if
(5.2.13) and (5.2.14) are satisfied, then (5.2.15) is also satisfied. Therefore, it is sufficient to have
(5.2.13) and (5.2.14).

Putting all the constraints together, we have the following formulation for the throughput max-

imization problem:

TMP; max 7min
st Tmin < 7(f) (feF)
Ordering Constraints.:(5.2.4),(5.2.5);
Half Duplex Constraints.(5.2.1);
SM Constraints.: (5.2.2),(5.2.3);
DoF IC Constraints.: (5.2.6),(5.2.7);
Power Allocation Constraints.: (5.2.8);
SINR Constraints.: (5.2.9)—(5.2.10);
Link Capacity Constraints.: (5.2.11),(5.2.12);
Flow Balance Constraints.: (5.2.13), (5.2.14).

In TMP1, constraints (5.2.6)—(5.2.11) are non-linear. Therefore, TMP, is a mixed-integer
nonlinear program (MINLP), which in general is NP-hard [28]. MINLP problems are known to
be difficult due to the combinatorial nature of mixed-integer programs and the difficulty in solving
nonlinear programs. Note that there exist some techniques to address general MINLP problems
(e.g., outer-approximation methods [23], branch-and-bound [34], extended cutting plane methods
[84], and generalized Benders’ decomposition [30]). However, these techniques do not exploit our

problem-specific structures and properties, and hence can only handle small-sized problems.

Through reformulation on (5.2.6)—(5.2.11) as well as linearization of the logarithmic function
in (5.2.9), TMP; can be reformulated into a mixed integer linear program (MILP). Although the
theoretical worst-case complexity to a general MILP problem is exponential [28, 68], there exist
highly efficient heuristics (e.g., sequential fixing algorithm [38, Chapter 10]) to solve it. Another

approach is to apply an off-the-shelf solver (CPLEX [98]), which we found can handle up to a
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moderate-sized network successfully. Since the main goal of this paper is to develop necessary
mathematical model to to realize the unified programmable control plane for heterogeneous wire-
less networks, it is sufficient to demonstrate our results with moderate-sized networks. Therefore,
we will use CPLEX to solve MILP. The solution to this optimization problem gives us the optimal

decision on when and how to perform scheduling, SM, and IC in different time-slots.

5.3.1 Problem Reformulation

In TMP;, the nonlinear constraints are (5.2.6)—(5.2.11). We first reformulate (5.2.6)—(5.2.11) us-
ing Reformulation Linearization Technique (RLT) [70] and then linearize the logarithmic function
in (5.2.9) via near optimal approximation. We will show that the resulting optimization problem
does not involve any nonlinear constraints and provides a near optimal solution to the original

problem (i.e., TMP).

Reformulation of (5.2.6) and (5.2.7).  We have the nonlinear terms 6%, [t] E;gfzfé’ 2b[t] and

6°.[t] f:z(?f 2b[t] in (5.2.6) and (5.2.7). To reformulate these nonlinear terms, we introduce
J

new variables and adding new constraints. Specifically, we define new integer variable gﬁ?i [t] =

b Tx(k)#i by
0;:1t] kech ¢ [t]. Then (5.2.6) can be rewritten as
AW+ ) < M-+ (1 —alt)B: (€N, 1<t<T), (5.3.1)
lecont JEL;

along with new constraints for ¢%;[t] for (i e N, j € Z;,1 < ¢t < T).

Tx(k)#i
G (53.2)
keLi
b b
ji[t] <M - Gji[t] , (5.3.3)
Tx(k)#i
?z[t] > M- egi[t] + Z ZZ[t] - M. (5.3.4)
keLir

Similarly, for (5.2.7), we define new variable £%,[t] = 0%[t] S /207" 2P[t]. Then (5.2.7) can be

lecot
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rewritten as:

AN+ <Myt + (1 -y t)B (€N, 1<t<T), (5.3.5)

lecin JEL;

along with new constraints for £5,[t] for (i e N, j € T;,1 <t < T,

Rx(l)#i
gm< > A, (5.3.6)
leLgnt
&t < M- 03]t (5.3.7)
Rx(1)#4
5?2‘[75] > M- G?i[t] + Z At =M. (5.3.8)
leﬁg‘“

Reformulation of (5.2.8) and (5.2.11). (5.2.8) and (5.2.11) are non-linear constraints since zlb [t]
is not a constant rather an optimization variable. In order to linearize these two constraints, we
introduce M — z?[t] dummy outgoing data streams for node Tx([) (transmitter of link /) and add
constraints to force the data rate of the dummy data streams to zero. Denote )\?’q[t] as a binary
variable to indicate whether or not outgoing data stream ¢ from the transmitter of link [ (node
Tx(1)) is dummy at time slot . Specifically, A\?/[t] = 0 if data stream k is dummy and 1 if not.

Therefore, we have

M
SN =20, (€L 1<t<T). (5.3.9)
q=1

Consider the outgoing data streams at Tx(/) (transmitter of link /). For data stream ¢, If it
is dummy (i.e., )\?’q[t] = 0), then the transmit power allocated for this data stream should be 0.
Otherwise (i.e., A?’q [t] = 1), the transmit power allocated for this data stream is limited by the total

transmit power P,,,.. Therefore, we have
0< ] <Q-Nt], 1€L,1<qg<M1<t<T). (5.3.10)
Similarly, we use the following constraints to force the achievable data rate of a dummy data
stream to zero.

0< A <A N, 1€L,1<qg<M1<t<T). (5.3.11)
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where A is a large enough constant.

The new constraints (5.3.9)—(5.3.11) ensure that a dummy data stream has zero transmit power

and zero data rate. Therefore, it is equivalent to reformulate (5.2.8) to

M
SO Pt = Q- 2, (GeN,1<t<T). (5.3.12)

leLgnt g=1

and reformulate (5.2.11) to

M
gl =>" ), (lelL1<t<T). (5.3.13)
q=1

Reformulation of (5.2.10). Based on the new constraints (5.3.9)—(5.3.11), we can rewrite con-

straint (5.2.10) for ( € £,1 < ¢ < M,1 <t <T)as

1#Tx(1) G pb’q[t]
b, b, Tx(1)Rx(l
E Gin(l)Pmaxx?[t]% t] + Py 1t] = A;)[t] = IQ Prax -
i€EM\Try() !

This constraint is nonlinear due to nonlinear term z2[t]"[t]. We can use reformulation linearizion
technique (RLT [70]) to linearize x%[t]y"[t]. Note since this term is the product of an integer
and a continuous variable, the linearizion guarantees optimality. We define new variable wfl’q[t] =

2;[t]y7?[t]. Then this constraint can be written for (I € £,1 < ¢ < M,1 <t < T)as

1#Tx(1) G pb’q [t]
3 GuPancttl o = et g s
Z'GN\ZRX(Z) l

To ensure that w’/[t] = 2

2

in the formulation for (I € £,i € N'\ Zpx), 1 < g < M, 1<t <T)

[t]7>9[t] always holds, we add the following two linear constraints

G P,
e 5.3.15
> Wy []— A;][t]Pn I’Z[], ( )
GTx(l)Rx(l)PmaX b b GTX(l)RX(l)PmaX b b
— Y et A — — 22 T < 2] < A 5.3.16

Reformulation of (5.2.9). Based on (5.3.9)—(5.3.16), we know that the dummy data stream has

zero transmit power, zero SINR, and zero data rate. Therefore, it is equivalent to translate (5.2.9)
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to the following constraint

Q) =W logy(1+ ), (1 € L1 < g < M1<t<T), (5.3.17)

In summary, we replace (5.2.6),(5.2.7), (5.2.8), and (5.2.9)—(5.2.11) with (5.3.9)—(5.3.17). The

resulting optimization problem which we denote TMP5, can be written as

TMP; max 7y
s.t. T < 7(f) (feF)
Ordering Constraints.:(5.2.4),(5.2.5);
Half Duplex Constraint: (5.2.1);
SM Constraints: (5.2.2),(5.2.3);
DoF IC Constraints: (5.3.1)—(5.3.8);
Dummy Data Stream Constraints: (5.3.9)—(5.3.11);
Power Allocation Constraints: (5.3.12);
SINR Constraints: (5.3.14)—(5.3.17);
Link Capacity Constraints.: (5.3.13),(5.2.12);
Flow balance constraints: (5.2.13), (5.2.14);
Variables: a2[t], y![t], 2[t], 7 1], 0% ], p (], A2 (1] <} [t), At
L], €], wh ] 1), m( ), ().

where 20[t], y?[t], 7[t], 0%[t], and \}“[t] are binary variables; 22[t], pv?[t], ¢ b.[t], and &&,[t] are in-

Vg1

teger variables; ~"[t], ¢"[t], w?[t], c2[t], i(f), and 7(f) are continuous variables, and all the

other parameters are constant. Denote r*. (TMP;) as the optimal objective value of TMP,

mln(

min

and r’. (TMP,) as the optimal objective value of TMP,. Then we have the following lemma:

Lemma 3. TMP, and TMP, have the same objective value,i.e.,

TMP;) = r*. (TMP,).

mln( mln(

The proof is straightforward and we omit its discussion.
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5.3.2 Near Optimal Approximation

In this paper, we exploit the unique mathematical structure of our MINLP problem and develop
a novel near-optimal solution procedure, with a performance guarantee. Note that in Problem
TMP,, the only nonlinear constraints are the link capacity constraints (5.3.17), which involve
the log function. To address this problem, we adopt a piece-wise linear approximation technique
proposed by Jiang et al. [42] to transform the nonlinear constraints to linear constraints. The main
ideais as follows. We first use a set of linear segments to approximate the log term in (5.3.17) while
ensuring that the linear approximation error does not exceed a specific threshold e. Subsequently,
the nonlinear constraints in TMP5 are replaced by a set of linear constraints. Denote the linearized
optimization problem as TMP3, which is a mixed-integer linear problem (MILP). Since MILP
problems are relatively easier to solve than MINLP problems, we can efficiently apply a solver

such as CPLEX [98] to obtain a solution efficiently.

We will show that solving TMPj3 gives us a near-optimal solution to the original problem
TMP,. Denote 1) as the desired performance gap for the near-optimal solution, i.e., the differ-
ence in the objective values between the optimal solution and the near-optimal solution to OPT.
We analyze the relationship between the performance gap ¢ and the linear approximation error
€. Specifically, for a desired performance gap i), we compute the maximum allowed linear ap-
proximation error €, and accordingly, we derive the linear approximation constraints and construct
TMPj; (see details in Section 5.3.2). The solution to TMPj3 then provides a near-optimal solu-
tion with the performance guarantee 1). We summarize the above steps in Fig. 5.4, and We provide
details for the steps in the remainder of this section.

Piece-wise Linear Approximation. We will employ the scheme proposed in [42] by Jiang et al.

max Gy ()Rx(1) Pmax

for piece-wise linear approximation. Denote %b 4t = ATt P, as the maximum effective
l n

SINR for the data stream ¢ of link [ in time slot . This scheme introduces a set of consecutive

(see Fig. 5.5). We can

max]

linear segments to approximate In(1 + v>[t]) for 4[t] € [0,"[t]
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Given a desired performance
gap 7/ between the near optimal
solution and the optimal solution
N to TMP1 Y

N

piecewise linear approximation

Calculate maximum allowed
error €

constraints and construct TMP3

\ J

Computer linear approximation

Solve TMP3 via CPLEX

A\ b

Figure 5.4: A flow chart for obtaining a near optimal solution to TMP1.

rewrite the nonlinear constraints in (5.3.17) as follows:

] — % (1 +420), (€ L1<g< M 1<t<T). (53.18)

The nonlinear term in (5.3.18) is In(1 + 7“[t]). The range of A*[t] is [0,4>[¢] " ]. Denote ¢
as the maximum allowed error for this linear approximation and let K [¢] be the number of linear
segments needed to meet this error requirement. Denote ~[¢] (k), k = 0,1,..., K][t] as the

barn . . e biar (KT
7, [t]-axis values of the endpoints for these K[| segments, with ~,"[t] "~ = 0 and ~,"[¢] =
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WAl Am® i

Figure 5.5: An illustration of piece-wise linear approximation with four line segments.

b,q
(k_l))
) (5.3.19)

~24[t]™ . Denote a|t] ) as the slope of the k-th linear segments, i.c.,

(k)
k) (1) — In(1 + 40t
(&) pgrgE=1)
] =]

q
a[t]" =

(k)
]

b

Denote g/[t] (k) (724[t]) as the k-th linear approximation segment (see Fig. 5.6), which can be

represented as follows. For 7} q[t]( - < AP < APt
k-1 k-1
S I L ) (5.3.20)

k), b, k b, b
ai[t)"? (0 1t) = af ) - ([t = 21
(&' [t) . . .

can by computed sequentially (for a give ¢) using the al-

The values of vlb’q[t]( ), . -%bq[t]
gorithm proposed by Jiang et al. in [42]. The algorithm iteratively computes a[t]*) that satisfies
") =1 =1+ 21" Y) = € and with aff]), com-

~In(af[") + af[f] (1 + [
putes vlb t] g that satisfies (5.3.19). The proposed algorithm in [42] further guarantees that the

ar(
maximum approximation error of each linear segment is at most € and minimizes the number of
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/ Tangential point

\J

10 ™

Figure 5.6: An illustration of maximum approximation error for the k-th linear segment.

linear segments to approximate In(1 + %b’q[t]), for a given approximation error bound e for each
linear segment. After piece-wise linear approximation of In(1+~"[t]), Constraint (5.3.17) can be
replaced by the following set of constraints:

w
et < ol 0V ), (k= 0.1, K€ L1<g S MA<t<T),

where g/ [t] (k) (74[t]) is given by (5.3.20). Substituting (5.3.20) into the above equation, for (k =
0,1,...,K/'[t],l € £,1<q¢< M,1<t<T)wehave

(k—1) (k—1)

o t] < %[G?[t](“ (P = AP ) + In(L 4] )] (5.3.21)

By replacing the nonlinear constraints in (5.3.17) with the set of linear constraints in (5.3.21), we

obtain the following revised formulation for TMP5, which we denote as TMP3



TMP;
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max  Tyin

S.t.

Tmin < 7(f) (f € F);

SM Constraints: (5.2.2),(5.2.2);

Half Duplex Constraint: (5.2.1);

DoF IC Constraints: (5.3.1)—(5.3.8);

Dummy Data Stream Constraints: (5.3.9)—(5.3.11);

Data Stream Power Allocation Constraints: (5.3.12);

SINR Constraints: (5.3.14)—(5.3.16),(5.3.21);

Link Capacity Constraints.: (5.3.13),(5.2.12);

Flow balance constraints: (5.2.13), (5.2.14);

Variables: a[1], y2[t], 20 [1], w2 [1) 0% 1, p[t], 3P [e), <[, AL ),
bt €6t) i T8, ) (), (f)-

Theorem 3. The gap between the optimal objective values of TMP 3 and TMP is no more than

The proof for the theorem is provided in appendix 5.3.3.

Based on Theorem 3, the following algorithm prescribes a near-optimal solution to TMP,

with a performance guarantee.

Algorithm 5.3.1 An algorithm for obtaining near optimal solution.

3. Construct TMP3 based on af [{] *) and AP[t]

Input: Given a desired performance gap psi for the solution to TMP;.

1. Compute epsilon based on

 W-M-L-e

v In2

(5.3.22)

2. Compute af[t]* and » ’q[t](k) by the proposed Algorithm in [42].

(k)

4. Solve TMP; optimally using an MILP package (e.g.,CPLEX).
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Upon the completion of Algorithm 5.3.1, we have a near-optimal solution to TMP; with a

guaranteed performance bound (no more than ¢/ from the optimal objective value).

5.3.3 Near-Optimality Proof

In this section, we present the proof to Theorem 3. In TMP3, we linearize constraint (5.2.9) in
TMP, by a piece-wise linear approximation scheme proposed in [42]. In this proof, we provide a

bound for the gap between the optimal objective values of TMP; and TMP3.

To better illustrate the idea, we first introduce the following notations. In TMP,, we assume
that there exists a scheduling and power allocation solution ¢ = (w®[t], 8[t], x[t], y[t], z[t], n[t], p[t])
that satisfies constraints (5.2.1)—(5.2.8), where w’[t], x[t], y[t], and z[t] represent the vectors
[molt], malt], -, wnlt]], [ea[t], @olt], o an[H] [altl, valt], s yn[t]], and [20t], 2[t], .., 2 [t]];
6[t]. mt] and p[t] represent matrices [0%[t]|nxn. [75i[t]]nxn and [pf[t]]xq. Then we define
¢ = (@, 7(f),7(f)) as a feasible solution to TMP, where (7;(f),7(f)) is the optimal solu-
tion to the following linear program TMP; (¢).

TMP;(¢) max 7Tmin

s.t. T < 7(f) (feF)
X =r) G=s()fe )
Zn(f)la; r(f)  (L<i<N,i#s(f),i#d(f), f € F)
lelin eLsnt
yon(f)<g (le L)
feF

Twmin, 1(f),7(f) >0 (€L, feF)

T
where & = LB| S= 5T &[t]. Note that once we fix the scheduling and power variables in TMP;
i=1
we

be
ca

5(3

T.
to values in ¢,

TMP,(¢p) is an LP.

get the value of & by constraints (5.2.9)~(5.2.11). Therefore, given ¢,

Based on the feasible solution ¢ = (@, 7(f),7(f)) to TMP;, we define a feasible solution
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& = (o, 7(f),7(f)) to TMPs, where (7(f),7(f)) is the optimal solution to TMP; when the
scheduling and power variables are fixed to values in ¢. That is, (7,(f),7(f)) is the optimal

solution to the following LP.

TMP;(¢) max 7Tmin

s.t. T < 7(f) (feF)
T =) =) eF)
Zrz(f)li;n(f) (1<i<N,i#s(f),i#d(f), f € F)
leLi eLynt
Srlf) <@ (leL)
fer

Twin, 1(f),7(f) >0 (€L, feF)

T M
where ¢/ = %m t_zl bez;sé? [t]. According to constraint (5.3.13), we know that ¢¢[t] = qz_:l it

where é?’q[t] is the linear approximation of link [’s achievable rate of ¢th data stream in time slot
t. Recall that in TMP3, we use constraint (3.3.15) to replace constraint (5.2.9) in TMP;. When
scheduling variable x[t] and link {’s power assignment p?’q[t] are fixed at the values given in ¢,
we can obtain the value of vlb’q[t] by constraint (5.2.10). Therefore, we can determine which line
segment is used in the linear approximation of In(1 4 ~"?[t]). Suppose that the k-th segment is
used, then &[t] can be obtained as ¢"[t] = - gilt] () (79[t]). As a result, with given ¢,

TMP;(¢p) is an LP.

Now, we quantify the gap between the optimal solutions to TMP; and TMPj3 by the fol-

lowing two steps. First, we show that for any feasible scheduling and power assignment solution

W-L-M-e
In2

¢, the gap between the feasible objective values corresponding to ¢ and é’) is . Then, we

show that the gap between the optimal objective values of TMP; and TMP3 is also bounded by
W-LM<This gap is characterized in the dual domain of problem TMP,(¢) and TMP3(¢) as

follows.

Step 1: For a given ¢, we denote 7 as the feasible objective value corresponding to solution

¢ to TMP, and 7 as the feasible objective value corresponding to solution c}b to TMPj. In this
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W-L-M-e
In2

step, we will show that 7 — 7 <

Denote the dual problem of TMP(¢) and TMP3(¢) as D;(¢) and D3(¢p), respectively.
Since the only difference between the formulation of TMP,(¢) and
TMP3(y) is the constant term & and &, it is easy to see that D () and D3(¢) have the same

constraints, but different objective functions.

Denote the dual variables corresponding to the first set of constraints in TMP; (¢) and
TMP;(p) as w(f), f € F. Denote the dual variables corresponding to the second set of con-
straints in TMP(¢) and TMP3(¢) as v(f), f € F. Denote the dual variables correspond-
ing to the third set of constraints in TMP;(¢) and TMP;3(p) as v;(f),f € F,i € N,i #
s(f),d(f). Denote the dual variables corresponding to the fourth set of constraints in TMP; (¢)
and TMP;(¢) as hy, [ € L. Then D, (¢) can be written as follows:

Di(¢) min Y, . ch

st w(f)>1 (ferF)
—w(f)—v(f) =20  (f€F)
v(f) +y(f) =0 (feF, 1= (s(f),j) € L,j#d(f))
yi(f) = vif) +hi 2 0
(feFl=(,5) € Lyi#s(f)i#d(f),j#s(f),)#d(f))
~yi(f)+h =0 (fe Fil=(,d(f)) € L,i# s(f))
v(f) + M =0 (f e Fil=(s(f)d(f)) € £)
w(f),hy >0, v(f)and y;(f) unrestricted (f € F,i € N,i # s(f),d(f),l € L)

The dual problem D3(¢) can be written as follows:

Ds(p) min 35, ¢l

s.t. Same constraints as in Dy (¢)

Since D4 () and D3(¢p) share the same constraints, they have the same feasible region. If

h; is (part of) an optimal solution to D3(¢), then since 7 and 7 is the optimal objective value of
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TMP, () and TMP3(¢p) respectively, we have
PPy ah =Y &h =Y (& —&)h .
leL leL leL

Now we quantify the gap between & and ¢. Since the maximum error of our linear approximation

is €, we know that

et — &) < e

Then based on constraint (5.3.13), we have
1 il WM
o —é = T 18| DD @ -a) < 2 €
t=1 beB g=1
Therefore,
W .- M
F—r < hy . 5.3.23
R W 532

According to the definition of marginal rate of change of dual variables in [6], h; is upper
bounded by the largest possible change of the optimal objective value 7 of TMP;3(¢p) with respect
to the right-hand side ¢?. Since the objective function is the achievable session rate, and a small
marginal AA-change (say, increase) in the capacity of a link can at most increase /\ units of session
rate, we have

hy <1 (lel). (5.3.24)
Combining (5.3.23) and (5.3.24), we have

W-M-L-¢€

F—F <
e In2

This completes Step 1 of the proof.

Step 2: Denote ¢| and 7} as the optimal solution and its corresponding optimal objective value
of TMP;. Denote ¢ and 75 as the optimal solution and its corresponding optimal objective value

of TMP;. In this step, we show that r} — rj < YoMle

Since the optimal solution ¢} to TMP is a particular case of feasible solution ¢, we know

that there exists a corresponding feasible solution to TMP3, denoted as &)3, with a corresponding
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objective value 73. From Step 1, we know that

Since 73 is the optimal objective value of TMP3, we know that r; > 75. Therefore,

W-M-L-e€

nTs S In2

This completes the proof. L

5.4 Numerical Results

In this section, we present some numerical results to study the performance of the unified con-
trol plane for wireless heterogeneous network described in Section 5.2. The goal of this effort is
twofold. First, we want to show how a solution to the TIMP; formulation looks like for an exam-
ple network. By studying the details of our solution for an example network, we will develop some
quantitative understanding on how the intelligent network decision made in the unified control
plane can significantly improve the network throughput. Second, we will show how the intelli-
gent centralized interference management scheme implemented in the unified control plane for the
wireless heterogeneous network can cancel the interference and improves the network throughput
compared to the case without such an intelligent interference management in the unified control

plane.

5.4.1 Simulation Settings

We consider a randomly generated multi-hop wireless network with 30 nodes that are distributed
in a 100 x 100 area. For generality, we normalize all units for distance, data rate, bandwidth, and
power with appropriate dimensions. At the network layer, minimum-hop routing is employed. The
topology of the network is shown in Fig. 5.7. There are 2 active sessions in the network with

each session’s source node and destination node given in Table 5.2. Each node is equipped with
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Figure 5.7: A 30-node network in a 100 x 100 area.

Table 5.2: Source node and destination node in the 30-node network.

Session | Source Node | Dest. Node
f s(f) d(f)
1 7 22
2 11 2
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Table 5.3: DOF allocation for SM, aggregated capacity over data streams, and session’s rate for all

time slots and frequency bands.

Session Link (Time Slot,Freq. Band) | DoF for SM | Capacity | Session’s Rate

(L,1) 1 11.1414
(1,2) 0 0

N7 — Ni3
2.1) 0 0
2,2) 0 0

1 0.441784

1(1,1) 0 0
(1,2) 2 1.15608

Ni3 — Na2
2,1 0 0
2,2) 1 1.01216
(1,1) 0 0
(1,2) 0 0

Ni1 — Naa
2, 3 10.6387
(2.2) 0 0
(11 0 0
(1,2) 0 0

2 Naq — Noy 0.441784

20 0 0
(2.2) 4 176713
(1.1) 0 0
(1,2 3 1.1577

N21 — Na
2,1 1 0.845915
(2,2) 0 0

M = 4 antennas. We assume the bandwidth W' = 1. The transmit power for each node is set to

100. The path loss parameter Gry(iyrx(k) = [2010g;o(d) + 38.25] (in dB) [101], where d is the

distance between Tx(k) and Rx (k). The number of time slots in a frame is 7" = 2. The number of

frequency bands for different heterogeneous wireless networks is |B| = 2. The worst case upper

bound value for Af[t] is 7.3753. We set the maximum acceptable performance gap between the

optimal objective values of Figure 5.8 shows the set of active links and the number of data streams

per link in each time slot and each frequency band in the solution. Figure 5.9 shows the combined

results for all time slots and frequency bands. Table 5.3 shows the details of DoF allocation for SM,

aggregated capacity over data streams, and session’s rate for all time slots and and each frequency

bands for MIMO half duplex. Table 5.4 shows the details of IC for time slot 7' = 2,b = 1). The

IC within the network follows the node ordering, which is shown in the third column of Table 5.4.
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Figure 5.8: Scheduled links, DoFs allocation on each link, and interference pattern across different

time slots an frequency bands
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Figure 5.9: Shows the combined results for all time slots and frequency bands (with the number of

data streams for each time slot and frequency band on the link shown in a box).
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Table 5.4: DoF allocation for SM/IC for time slot 7" = 2 and frequency band b = 1.

Node i | TX/RX | m;[1] | DoF for SM | DoF for IC to/from
Nip X 2 3 0
Noy RX 1 3 0
Ny, TX 7 1 3 to Ny
Ny RX 3 1 3to Vg

The number of DoFs used for IC to/from other nodes is shown in the column of Table 5.4. As
shown in Table 5.3, the objective value r,;,, (minimum session rate) for this network scenario is

0.483653.

5.5 Conclusions

The unified programmable control plane for wireless heterogeneous network abstracts the com-
plexity of heterogeneous wireless network and provides a centralized control over the network re-
sources. The abstraction of the complexity enables the interoperability between different technolo-
gies in tactical wireless networks. Moreover such a unified programmable control plane enables
advanced routing, MAC/Link/Phy layer functionalities, and advanced interference management
scheme. It is also providing a dynamic structure to re-configure the network to achieve various
network objectives over time. We developed the necessary mathematical model to realize a unified
programmable control plane for wireless heterogeneous network. Our proposed network optimiza-
tion framework characterizes the interaction between physical, link, and network layer. The unified
programmable control plane can dynamically solve the optimization problem to decide the optimal
values for network decision variables. By applying the framework on a throughput maximization
problem, we evaluate our model and show the proposed unified programmable control plane for

wireless heterogeneous network can solve complex problems in tactical wireless networks.



Chapter 6

Dissertation Summary and Future Work

6.1 Dissertation Summary

In this dissertation, we investigated the potential benefits of a centralized control plane for a multi-
hop wireless network, identified new challenges under this new paradigm, and devised innovative
solutions for optimal performance via a centralized control plane. Given that the performance of
a wireless network heavily depends on its physical layer capabilities, we considered a number of
advanced wireless technologies, including MIMO, full duplex, and interference cancellation and
others at the physical layer. The dissertation’s focus was on building tractable computational mod-
els for these wireless technologies that can be used for modeling, analysis and optimization in the
centralized control plane. Problem formulation and efficient solution procedures were developed
for various centralized optimization problems across multiple layers. End-to-end throughput max-
imization was a key objective among these optimization problems on the centralized control plane

and was used to demonstrate the superior advantage of this paradigm.

In chapter 2, we proposed to integrate MIMO DoF interface cancellation (IC) and successive
interference cancellation (SIC) in MIMO multi-hop network under degree-of-freedom (DoF) pro-

tocol model. We showed that DoF-based IC and SIC can help each other. We developed the

141
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necessary mathematical models to realize the idea in a multi-hop wireless network. In chapter 3,
we investigated the performance of full-duplex (FD) in MIMO multi-hop network. We showed that
if IC is exploited, FD can achieve significant higher throughput gain over HD in MIMO multi-hop
network, which is contrary to the recent literature suggesting an unexpected marginal gain. By
incorporating IC and optimal scheduling, we manage to handle the additional network interference
introduced by FD links. In chapter 4 we proposed the idea of the programmable control plane for
tactical wireless network under protocol model. The programmable control plane decouples the
control and data plane. In the proposed programmable control plane, the network control layer
functionalities can be dynamically configured to adapt to specific physical conditions, customized
applications and/or certain tactical situations. The proposed programmable control plane func-
tionalities can be cast into a centralized optimization problem, which can be updated as needed.
In chapter 5, we proposed the idea of the unified programmable control plane for tactical hetero-
geneous wireless networks with interference management capabilities under SINR model. The
unified control plane can abstract the complexity of heterogeneous wireless networks and can pro-
vide a centralized control over the network resources. We developed the necessary mathematical

model to realize the unified programmable control plane for heterogeneous wireless networks.

6.2 Future Work

In this dissertation, we laid the theoretical foundation for a centralized control plane in a multi-hop
wireless network within the programmable control plane paradigm. In the next step, we would like

to bridge the gap between the theory and practice.

As an initial phase, we will incorporate our centralized optimization framework within NS3
network simulator. Our purpose is to simulate the unified programmable control plane which
controls the operation of a tactical wireless heterogeneous network. In section 6.2.1, we propose
our centralized control plane cross-layer model, which is envisioned to periodically run in the

OpenFlow centralized controller to control the operation of a multi-hop single-antenna wireless
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heterogeneous network under protocol model. In section 6.2.2, we will discuss our simulation
design for testing the functional fidelity of the proposed centralized control plane a multi-hop

wireless network.

As a secondary phase, we are planning to create a unified programmable control plane testbed,
in which we will have a heterogeneous wireless network consisting of multiple nodes operating in
different technologies. We are interested in verifying the functional fidelity of the proposed ideas

in this dissertation in practice.

6.2.1 Cross-layer Optimization for Programmable Control Plane

The programmable control plane provides a centralized network controller to perform resource al-
location in a wireless heterogeneous network. Therefore, a centralized optimization is a natural tool
to study, model, and implement various algorithms. To understand the concept of programmable
control plane in a wireless heterogeneous network, we study the specific application of end-to-end
session throughput maximization problem in a multi-hop wireless heterogeneous network. We will
show how this particular application can be modeled and formulated in the programmable control

plane.

Consider a multi-hop network consisting of a set of nodes A/ which has N elements. Each
node is assumed to have a single antenna. We assume that there is a set F of active sessions in the

network. Denote s(f) and d(f) as the source and destination nodes of session f € F, respectively.

Scheduling Constraints. = We assume each heterogeneous wireless network ( e.g. WiFi, LTE,
WiMAX, etc.) are operating on orthogonal frequency bands b € 3, where B is the set of frequency
bands. We consider a time-slotted scheduling, where a time frame consists of 7" time slots. De-
pending on link scheduling, a subset of links will be active in time slot £, 1 < ¢ < T'. For unicast
communication, among all the nodes that hear the signal, only one node belongs to the unicast
session and is supposed to decode the signal. Consider a transmitter and its intended receiver as a

(logical) link. Denote £ as the set of all possible links in the network and z?[t] as a binary variable
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to indicate whether or not link [ € L is active in time slot ¢, i.e., zlb [t] = 1if link [ is active and 0

otherwise. Then we have:

Y A <LGEENDEBLIStLT), (6.2.1)
lecont
Y AM<1L(ieNbeBI<LLT). (6.2.2)
leci

where £1* and £ denote the sets of all possible incoming and outgoing links at node i, respec-

tively.

Half Duplex Constraints.  Although there has been significant advance on full duplex, it has
not yet become part of any wireless standards. Therefore, we assume half duplex on a node in this

paper. For half-duplex within the same band, we have the following constraint:

YA+ > altl<l, (eNbeB1I<t<T). (6.2.3)

leLgut keLin

Protocol Model Constraints. Denote Tx (/) and Rx({) as the transmit and receive nodes of link
[, 1 <11 < L. In a protocol model, the transmitter of link % is not supposed to transmit in the
interference range of the receiver of link /. The above constraint can be expressed in mathematical

form as following. For (I, k € £, Tx(k) € Zpxq), Tx(k) # Tx(1),b € B,1 <t < T'), we have:
A+ <1, (6.2.4)

Link Capacity Constraints. For each link /, denote the link capacity as C}, e.g. C; = Blog,(1+

Qrxyd;

Ny ), where B is bandwidth, QTx(z) is the power spectral density from transmitter of link [,

d; is the distance between the transmitter and the receiver of link /, « is the path loss index, A is
the antenna related constant, and N, is the ambient Gaussian noise density. Denote 7;(f) as the
amount of data rate on link [ that is attributed to session f € JF. Since the aggregate data rate on

link [ cannot exceed the link’s average rate (over 7" time slot), we have

> nlf) < T.1|B| oS TC2l, (e L) (6.2.5)

feF t=1 beB
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where the right-hand-side represents the average throughput on link / over a frame (7' time slots).

Flow Routing Constraints. Denote r(f) as the end-to-end throughput of session f € F. Then

at source node, s(f), f € F, we have the following flow balance:

N n(f)=r(f), (i=s(f).feF). (6.2.6)

lecont

At any intermediate relay node, we have
Sonlf)= Y nlf). A <i<Nji#s(f),i#d(f),feF). 6.2.7)
lecin leLoyt
At a destination node, we have Scheduling Constraints.
Y onlf)=r(f), G=d(f),feF). (6.2.8)
leLin
Problem Formulation. In this programmable control plane application, we are interested to max-
imize end-to-end session throughput while considering the fairness issue. Fairness can be defined
in different ways. In this programmable control plane application, we choose the objective of max-
imizing the minimum throughput among all active sessions in the network (7, = minc-7(f)).
This objective aims to achieve both throughput maximization and fairness among the sessions. The

problem can be formulated as follows:

TMP max ruyin
st. T < 7(f) (feF)
Scheduling Constraints: (6.2.1),(6.2.2);
Half Duplex Constraint: (6.2.3);
Protocol Model Constraints:(6.2.4);
Link Capacity Constraints: (6.2.5);
Flow balance constraints: (6.2.6),(6.2.7);

TMP is a mixed integer linear program (MILP). Although the theoretical worst-case complexity

to a general MILP problem is exponential [28, 68], there exist highly efficient heuristics (e.g.,
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sequential fixing algorithm [38, Chapter 10]) to solve it. Another approach is to apply an off-the-

shelf solver (CPLEX [98]), which we find can handle up to a moderate-sized network successfully.

6.2.2 Simulation Methodology

Military networks carry sensitive data and will follow a strict operational and implementation
guileless in compliance with the policies. It will be difficult and challenging to test any new
technologies without proving such technologies are safe to implement and bring additional capa-
bilities. Modeling and simulation of any new technology will provide an opportunity to safely
test the fidelity of new network models and implementations. We will choose the path of simu-
lating heterogeneous wireless network topologies to apply unified control plane model and test its
fidelity and optimality. We have looked into several network simulation software packages and

finally decided to use NS3 for development of our unified control model.

Architecture and Design. Our envisioned programmable control plane which enables centralized
optimization will be based on the modification to OpenFlow protocol. The programmable control
plane will be implemented on-demand basis in tactical field along with existing infrastructure-less
classical ad-hoc schemes, which serves as a back up control plane. The control channel could be
accessed by all nodes, in which OpenFlow protocol messages are exchanged between the network
controller and the nodes. Fig. 6.1 demonstrates our envisioned on-demand programmable control

plane for wireless multi-hop network. An overview of our designs is as follows:

e Step 1. Nodes periodically update the network controller with their status (such as node’s
ID, GPS coordination, radio type, number of antenna, etc.) Fig. 6.2 shows node level data

abstraction, which are transmitted periodically to the network controller.

e Step 2. Session initiation request are sent from the nodes to the network controller. Fig. 6.3

shows session request data abstraction sent to the network controller.

e Step3. TMP described above will be solved within the network controller with respect to

collected information on the network. The optimal solution for link scheduling and routing



147

4

On-Demand Uplink to

/\\\Cummand & Control ‘/ Data Plane
‘*é

Control Plane
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Interactions with
Adhoc Network

AdHec Network

Figure 6.1: On-demand programmable control plane architecture.

struct ofp.node_description{
uintl6_t NODE_ID

uintl6_t GPS_COORDS

uintl6_t TIME_STAMP

uint_16.t RADIO_TYPES

uint_16_t ANTENNA_NUMBER} ;

OFP_ASSERT (sizeof (struct ofp_ NODE_DESCRIPTION) ==56);

Figure 6.2: Node’s data collected periodically by OpenFlow network controller.

will be sent to the network by the network controller. Fig. 6.4 shows the data abstraction for

optimal network solution sent from the controller to the network.

e Step 4. The network will operate according to scheduling data received from the network

controller until further update.
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struct ofp._session_vars{
uintl6_t SESSION_ID
uintl6_t SRC_NODE
uintl6_t DST_NODE

uintl6.t TIME_STAMP};

OFP_ASSERT (sizeof (struct ofp_.SESSION) ==56);

Figure 6.3: Session initiation request data.

struct oft_opt_push{
uintl6_t NODE_ID
uintl6.t OPT_FREQUENCY
uintl6_t TIME_SLOT
uintl6_t NODE_SELF_ROLE
uintl6_t DEST_NODE_ID
uintl6.t NODE_SELF_ROLE
uintl6.t OPT_DEST_ROLE

uintl6.t TIME_STAMP};

ofp_ OPT_PUSH==56) ;

Figure 6.4: Optimal scheduling and resource allocation network decision variables sent to nodes

by OpenFlow controller.
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6.2.3 Challenges and Limitations

It could be debated whether the centralized global optimization over the programmable control
plane introduces any additional delay for the resource management and control in a wireless multi-
hop network. We argue that the delay for control exists in both classical and programmable control
networks. Therefore, the proposed idea in this dissertation will only improve the current existing
challenges in the optimization and control of the wireless multi-hop network and will not introduce
any additional delay to the existing classical network. On the other hand, the delay originates from
the control data overhead and the control channel bandwidth. The delay can be tuned depending on
what amount of computation (abstraction level) is performed locally and what computation is done
at the network controller. In other words, the node data abstraction level determines the amount of
overhead. For example, under our proposed scheme the advanced physical layer signal processing
locally at the access point or at the network controller depending on the additional delay introduced

and how frequently these computations needs to be done.

In conclusion, by utilizing the network function abstraction and the network virtualization ap-
proaches, only necessary limited meta-data needs to be transfered over the control channel, which
significantly reduces the overhead. This essential meta-data is sufficient input for the global net-
work optimization algorithm to perform network-wide resource allocation. Lastly, the programma-
bility of the control plane allows an adaptive network control framework, i.e., the network control
framework can be modified adaptively based on the network topology, node’s computation power,
control channel bandwidth, high performance computing power for the network controller, wire-

less channel conditions, and use-case scenarios.
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