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ABSTRACT

Client Beamforming for Rate Scalability of MU-MIMO Networks

by

Hang Yu

In a multi-user MIMO (MU-MIMO) network, an AP with multiple antennas can
simultaneously serve multiple clients to increase the achievable rate. To realize such
rate increase, the MU-MIMO AP leverages beamforming techniques such as zero-
forcing beamforming to eliminate the intra-cell interference. However, current MU-
MIMO networks suffer from two fundamental problems that limit their rate scalability
to the number of served clients. First, for a MU-MIMO network with a single cell, as
the number of simultaneous clients increases and approaches the number of antennas
on the AP, the achievable rate of the cell often flattens and may even drop. Second, for
a MU-MIMO network with multiple cells, the APs cannot simultaneously serve their
clients due to inter-cell interference, and thus the simultaneous clients are constrained
to a single cell which limits the rate scalability.

Our unique perspective to tackle the rate scalability problems of MU-MIMO net-
works is that modern mobile devices such as laptops, tablets, and smartphones as
clients can be equipped with multiple antennas. These client antennas provide im-
portant degrees of freedom and can be leveraged for beamforming. We propose two
solutions that leverage client beamforming differently. First, to tackle the rate scala-
bility problem in a single MU-MIMO cell, we exploit client beamforming to improve

the orthogonality between the channel vectors of the clients. Such channel orthogo-



nality between clients determines the SNR and rate reduction when the MU-MIMO
AP cancels the intra-cell interference, and is therefore critical for the achievable rate
of a MU-MIMO cell to become more scalable to the number of clients. We devise
an 802.11ac-based protocol called MACCO, in which each client locally optimizes its
beamforming weights based on the channel knowledge overheard from other clients.
To tackle the rate scalability problem in multiple MU-MIMO cells, we exploit client
beamforming together with AP beamforming to coordinately cancel the inter-cell in-
terference. To achieve such coordinated interference cancellation in a practical way, we
propose a two-step optimization including antenna usage optimization and beamform-
ing weight optimization. We devise another 802.11ac-based protocol called CoaCa,
which integrates the two-step optimization into 802.11ac with small modifications
and negligible overhead.

We implement both MACCO and CoaCa on the WARP SDR platform leverag-
ing the WARPLab framework, and experimentally evaluate them under real-world
indoor wireless channels. The results demonstrate the effectiveness of MACCO and
CoaCa toward achieving better rate scalability in MU-MIMO networks with a single

or multiple cells.
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Chapter 1

Introduction

Modern wireless networks desperately need higher data rates to accommodate an
increasing number of clients. This is especially true for 802.11 networks since the
Wi-Fi interface is ubiquitous on modern mobile devices such as laptops, tablets,
smartphones, and even wearable devices. Multi-user multiple-input multiple-output
(MU-MIMO) is an important technology toward solving this data rate crisis in wireless
networks and is appearing in newest generation of wireless deployment, e.g., 802.11ac
[1] and LTE [2]. In a MU-MIMO network, an access point (AP)* with multiple
antennas can leverage beamforming techniques such as zero-forcing beamforming to
cancel the intra-cell interference between multiple clients and simultaneously serve
them, achieving up to proportionally increased data rate. Theoretical analysis shows
that with M antennas on the AP, up to K=M clients can be simultaneously served
where each client receives a single spatial stream [3]. Therefore, when the MU-MIMO

network is congested with enough clients, the achievable rate improvement from MU-

*We use “AP” to refer to the infrastructure node in a MU-MIMO network, such as the access

point in 802.11 networks and the base station in LTE networks.



MIMO is bounded by the number of antennas on the AP.

1.1 Problem Statement: Rate Scalability of MU-MIMO Net-

works

The central problem that this thesis research seeks to solve is fundamental to MU-
MIMO networks under zero-forcing beamforming: rate scalability. It is manifested in
two ways. First, for a MU-MIMO network with a single cell, the achievable rate of
the cell does not scale well to the number of clients [4]: as the number of simulta-
neously served clients increases and approaches the number of antennas on the AP,
i.e., K — M, the achievable rate often flattens and may even drop. This is because
as the AP uses zero-forcing beamforming to cancel the intra-cell interference between
simultaneously served clients, the SNR and achievable rate of each client decreases
since the channel vectors of the clients are not perfectly orthogonal to each other.
As the number of served clients increases, such client SNR decrease usually leads to
a trivial achievable rate improvement, or even a rate decrease when the number of
clients and antennas on the AP are relatively large (e.g., eight), and henceforth the
rate scalability problem.

Second, for a MU-MIMO network with multiple interfering cells, the APs cannot

simultaneously serve their clients with zero-forcing beamforming. This is because



zero-forcing beamforming within a cell does not care about inter-cell interference. As
a result, the APs in interfering cells have to avoid the inter-cell interference by serving
their clients at different time or on different frequency bands. Such interference
avoidance approach significantly limits the rate scalability of MU-MIMO to clients
in multiple cells. Given these two fundamental problems of MU-MIMO networks, we
raise the following question in this thesis work: can we make the achievable rate of
a MU-MIMO network more scalable to (i) clients in a single cell and (ii) clients in
multiple cells?

There are two existing approaches toward solving such rate scalability problem of
MU-MIMO. The first is Massive-MIMO [5] of which the key idea is to equip many an-
tennas on the AP to make sure M>>K. The extra degrees of freedom provided by the
spare M-K antennas can be leveraged in two ways: they can be used to enhance the
client SNR and thus compensate for the SNR loss from poor channel orthogonality, or
cancel the inter-cell interference in order to allow multiple APs to serve their clients at
the same time. Such approach, however, cannot be easily adopted by the majority of
real-world APs that often have form factor, cost and power constraints. Meanwhile,
to build Massive-MIMO APs one needs to address a set of new challenges such as col-
lecting channel information without overwhelming overhead, making the architecture

and processing scalable to the number of antennas, etc.. Up to date, only research



prototypes based on software-defined-radio (SDR) platforms, such as [6] and [7], have
been publicly reported. The second approach is based on Network-MIMO [8]. The
key idea in Network-MIMO is to interconnect multiple interfering APs in close prox-
imity with a backbone in order to form a giant virtual AP. Given the backbone
inter-cell interference is converted into intra-cell interference, which can be naturally
cancelled by the virtual AP with zero-forcing beamforming. In addition, the virtual
AP possesses all the antennas from the interconnected physical APs, such that a few
antennas are likely spare and can be leveraged to enhance the rate scalability of a
single MU-MIMO cell similar to how Massive-MIMO achieves it. Despite its effec-
tiveness, in practice Network-MIMO has equal or even more restricted applicability
compared to Massive-MIMO, due to the demanding requirement of accurate time and
frequency synchronization, as well as the bandwidth-hungry backbone connection be-
tween the physical APs for sharing transmitted symbols. Consequently, similar to
Massive-MIMO, up to date only research prototypes based on Network-MIMO have

been publicly reported [9,10].

1.2 Client Beamforming for Rate Scalability

Our approach to solve the rate scalability problems of MU-MIMO is radically different

from existing approaches: while Massive-MIMO and Network-MIMO seek to enhance



the MU-MIMO AP by providing it spare antennas, our approach instead focuses on
the clients that nowadays can be easily equipped with multiple antennas and leverages
these antennas for beamforming. Due to the continuously reduced cost and power
consumption of wireless transceivers, modern mobile devices can easily afford a small
number of (up to four) antennas. Figure 1.1 shows the radio frontend (RF) power
consumption of wireless transmitter prototypes reported by papers [11-48] from IEEE
ISSCC [49] and IEEE JSSC [50]. Although the numbers are from research prototypes,
we believe their trend is representative of their commercial counterpart. One can
clearly observe that the power efficiency of wireless transmitters has been significantly
improved in the past ten years, despite of certain fluctuations due to limited available
data.  Existing work has shown the feasibility for modern mobile devices to use
their antennas for beamforming [51]. When properly optimized, client beamforming
can complement the limited number of antennas on practical APs that cannot afford
Massive-MIMO or Network-MIMO.

There are two ways to exploit client beamforming to achieve better rate scalability
of MU-MIMO. First, to tackle the rate scalability problem in a single MU-MIMO
cell, client beamforming can be exploited to improve the orthogonality between the
channel vectors of the clients. Such channel orthogonality between clients determines

the SNR and rate reduction from the intra-cell interference cancellation by the AP,
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Figure 1.1 : Radio frontend power consumption of wireless transmitter prototypes re-
ported by papers from [EEE ISSCC and IEEE JSSC. The power efficiency of wireless
radios has been greatly improved in the last ten years.

and is therefore critical for the achievable rate of a MU-MIMO cell to become more
scalable to the number of served clients. Second, to tackle the inter-cell interference
problem in multiple MU-MIMO cells, client beamforming can be exploited together
with AP beamforming to coordinately cancel the inter-cell interference. This thesis
investigates both ways of using client beamforming to improve the rate scalability of

MU-MIMO networks with one and multiple cells, respectively. We next introduce the

two solutions resulting from this investigation.



1.2.1 Rate Scalability of a Single MU-MIMO Cell

Client beamforming can be exploited to compensate for the client SNR reduction
due to the intra-cell interference cancellation by the zero-forcing beamforming AP.
By combining the signals received at its multiple antennas with receive beamforming
(a.k.a. post-combining), a client can leverage the physical channels between the AP
and itself to create a wvirtual channel. To see how the virtual channel is created, let
us consider the example in Figure 1.2 where an AP with two antennas transmits to
two clients each with two antennas. We denote the physical channel vectors from the
AP’s antennas to each client’s two antennas as hi, h? and h}, h2, and each client’s
receive beamforming weight vector as v; and vy, respectively. The received signal
after the client’s beamforming is a weighted combination of the signal received at
each antenna, whereas the weights are determined by the beamforming weight vector.
Therefore, the signals from the AP can be considered being sent on a virtual channel
from the antennas on the AP to a virtual antenna on each client. Given that the
receive beamforming weight vectors of the clients are determined, the AP can perform
zero-forcing beamforming simply based on their virtual channels. By creating the
virtual channel, beamforming can improve the client SNR in two ways. First, by
coherently combining the signals from multiple physical antennas, a stronger virtual

channel with less attenuation can be produced. This is due to the combining gain



from receive beamforming. More importantly, the virtual channel can be properly
adjusted to be more orthogonal to the virtual channels of other clients. Such channel
orthogonality is actually the key to make the achievable rate of a MU-MIMO cell more
scalable to the number of served clients [52]. Existing solutions that leverage client
antennas for receive beamforming [53-56] remain theoretical and do not consider the
channel orthogonality to optimize the beamforming weight vectors. Instead, they
employ either antenna selection or maximum ratio combining (MRC) to optimize the
beamforming weights of the client. Though increasing the achievable rate compared
to a single client antenna without beamforming, such beamforming solutions often
lead to a trivial improvement of the rate scalability. The key reason is that the rate
scalability of MU-MIMO is primarily determined by the channel orthogonality toward
which neither antenna selection nor MRC can effectively improve.

We propose a novel solution that optimizes the client beamforming by considering
the orthogonality between the client channel vectors. The solution works in a suc-
cessive manner: it optimizes the clients’” beamforming weight vectors one by one; for
each client the optimization is based on the optimized virtual channel vectors of all
previous clients. To calculate the optimal beamforming weight using given channels
from previous clients, our solution balances two properties of the virtual channel for

each client: the magnitude of the channel vector and the orthogonality of the chan-
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Figure 1.2 : Receive beamforming by the client creates a virtual channel vector from
the AP to the client, which is a weighted combination of the physical channel vectors
to the client antennas.

nel vector to previous clients’ channels. Compared to antenna selection and MRC,
our solution not only achieves better rate in the network but also makes the rate
more scalable to the number of served clients; this is accomplished by successively
leveraging the channels of the clients to improve their orthogonality between each

other.

1.2.2 Combating Inter-cell Interference in Multiple MU-MIMO Cells

Client beamforming can be alternatively leveraged to assist the interfering APs to co-
ordinately cancel inter-cell interference in a MU-MIMO network with multiple cells.

When inter-cell interference is cancelled, multiple APs can simultaneously transmit



10
to their served clients so that a greater number of spatial streams can be achieved in
the MU-MIMO network that often leads higher achievable rate. To see how inter-cell
interference can be cancelled by leveraging not only AP but also client beamforming,
let us consider the example in Figure 1.3 with two interfering cells. With three an-
tennas on each AP and three clients in each cell, if inter-cell interference is avoided
instead of being cancelled, only a single AP (AP1 or AP2) is able to serve its clients
at the same time where up to three streams in the MU-MIMO network can be en-
abled. Cancelling the inter-cell interference, however, can enable four streams, which
is accomplished in the following way. First, each AP uses two antennas to deliver two
streams to two clients (Client 1 and Client 3 in Cell 1, Client4 and Client6 in Cell 2),
and the third antenna to cancel the inter-cell interference to one client in the other
cell (Clientl in Cell 1, Client4 in Cell 2). Then, the other client in each cell (Client3
in Cell 1, Client6 in Cell 2) uses its three antennas to cancel the inter-cell interference
from the two streams sent by each AP. As a result, we can activate four simultaneous
streams in the network. Observe that both APs and clients have properly shared the
responsibility of canceling the interference between them. In fact, such coordinated
inter-cell interference cancellation by both APs and clients achieve the maximum
number of streams in the MU-MIMO network. Then the question for us to answer

is: how to practically achieve such coordinated inter-cell interference cancellation in
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Figure 1.3 : An example with two APs each serving up to three clients. Coordinating

the two cells to cancel the inter-cell interference delivers the maximum number of
(four) streams in the MU-MIMO network.

a MU-MIMO network composed of multiple interfering cells?

Determining the beamforming weights for each AP and client that cancel inter-
cell interference with coordination is a non-trivial process. The theoretically optimal
solution that maximizes the achievable rate, or, achieves network capacity, can be
empirically found by jointly optimizing the beamforming weights for all APs and
clients. The optimal solution may not completely eliminate inter-cell interference

since interference below the noise power is often no longer considered the capacity-



12
limiting factor. However, identifying the optimal solution is impractical because (1) it
is computationally intractable due to the lack of an analytical solution, and (i) it has
to be done in a centralized way with full channel knowledge of the entire MU-MIMO
network.

To tackle these two issues in the theoretically optimal solution, we present a novel
solution that allows practical cell coordination for inter-cell interference cancella-
tion. The key idea in our solution is that the process of identifying the beamforming
weights can be broken into two separate steps, namely antenna usage optimization
and beamforming weight optimization. The first step determines how each AP and
client antenna should be used: data communication or inter-cell interference cancel-
lation. The optimal antenna usage of each AP and client collectively maximizes the
number of streams in the MU-MIMO network. The second step determines the beam-
forming weights of each AP and client based on its optimized antenna usage. Given
the use of antennas, it is possible to adopt practical beamforming techniques with a
closed-form solution such as zero-forcing beamforming. The feasibility of such two-
step optimization is based on an important heuristic we use to simplify the problem:
we strive to completely eliminate inter-cell interference and maximize the multiplex-
ing gain of MU-MIMO. Only with this heuristic the antenna usage can be reduced

into a binary form including data communication and inter-cell interference cancel-
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lation, and optimized in a separate step prior to the optimization of beamforming

weights.

1.3 802.11ac-based Realization

We next discuss the realization of our theoretical solutions provided in the previ-
ous chapter. Our realization is based on the 802.11ac protocol that supports MU-
MIMO. Nonetheless, our theoretical solutions can be similarly applied to alternative
venues such as LTE networks. In the following, we offer two 802.11ac-based protocols,
MACCO and CoaCa, that solve the rate scalability problem in a single and multiple

MU-MIMO cells respectively.

1.3.1 MACCO: Improving Rate Scalability of a Single 802.11ac Cell

To realize the solution in Chapter 1.2.1, we propose an 802.11lac-based protocol
called MACCO. The design of MACCO is motivated by the channel sounding pro-
cess used by an 802.11ac AP to acquire the downlink channels from all clients. In
the channel sounding process, the MU-MIMO AP sends a sounding frame to all the
clients and then the clients report their channels one by one. MACCO exploits this
process in two parts to let a client optimize its beamforming weight vector. First,

when a client responds to the sounding from the AP, , it reports the virtual channel
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that it locally calculates based on the optimized beamforming, instead of its physical
channels. Second, other clients that have not yet reported their channels overhear
the reported virtual channel from the client and use it to optimize their beamform-
ing for improved channel orthogonality. Because of the distributed nature of the
beamforming weight optimization in MACCOQO, the clients do not need to report the
lengthy physical channels to the AP and the AP does not have to send the centrally
optimized beamforming weight vectors back to the clients, both of which would in-
cur considerable overhead [57]. Since channel reporting by clients is mandated by
802.11ac, MACCO does not incur any overhead by letting each client overhear the
channel knowledge broadcast on the wireless medium. Notably, the successive over-
hearing in MACCO provides each client just enough channel knowledge to perform
the beamforming weight optimization in our solution. we realize a prototype of
MACCO using the WARP platform [58], and experimentally evaluate its performance
in real-world indoor wireless environments. The experimental results indicate that
compared to existing solutions, on average MACCO can boost the achievable rate
by 35% for a MU-MIMO cell with eight AP antennas and eight clients. While the
rate improvement is modest, with only four antennas on each client, MACCO can
near-proportionally increase the rate as the MU-MIMO AP serves more clients, for a

majority of SNR regimes and cell topologies in our experiments.
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1.3.2 CoaCa: Combatting Inter-cell Interference in Multiple 802.11ac

Cells

For our theoretical solution reported in Chapter 5, the separation of the antenna
usage optimization and beamforming weight optimization greatly simplifies the cell
coordination effort, allowing us to practically integrate such two-step optimization
into 802.11ac. Our proposed protocol, called CoaCa, leverages the channel sounding
process in 802.11ac to let each AP and client locally perform the two-step optimization
in a distributed way. CoaCa includes two key designs. First, CoaCa interleaves the
channel sounding process from all the APs, so that each node can easily acquire the
necessary global information to optimize the use of their antennas. Such information
including the number of antennas on each node only needs a few bits to be represented,
and therefore each AP can explicitly share it. Second, by reporting and overhearing
the virtual channels in the interleaved channel sounding, each node can obtain just
enough channel knowledge to optimize its beamforming weights. CoaCa incurs negli-
gible overhead over 802.11ac and compatibly works with unmodified 802.11ac clients.
While the current design of CoaCa only allows downlink MU-MIMO which is con-
sistent to 802.11ac, the optimized beamforming weights for the APs and clients can
be also used for uplink MU-MIMO leveraging channel reciprocity. However, realizing

uplink MU-MIMO faces a new set of challenges such as misaligned symbol timing and
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clock frequency offset between clients, which are studied by other prior work, e.g., [59]
and outside the scope of this thesis work. We realize a prototype of CoaCa on
WARP and evaluate its performance in realistic indoor wireless environments. Our
experimental results show that on average CoaCa is able to improve the achievable
rate of a two-cell MU-MIMO network by 41% to 52%, with up to four antennas on
each AP and client. Even though the achievable rate improvement is lower than the
multiplexing gain increase (50% to 67%), CoaCa considerably outperforms existing

solutions that often only allow a single cell to operate.

1.4 Summary of Contributions

This thesis makes the following contributions.

First, for the rate scalability problem of MU-MIMO, we study its manifestation
in two types of MU-MIMO networks, with a single and multiple MU-MIMO cells,
respectively.

Second, we provide two theoretical solutions that rely on client beamforming to
tackle the rate scalability problem of MU-MIMO. We show that they outperform
existing theoretical solutions and can be readily realized in practical MU-MIMO net-
works.

Third, we offer two protocols that realize our theoretical solutions in 802.11ac
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networks. Our protocol leverage the overhearing opportunity in the channel sound-
ing process of 802.11ac, to allow local optimization of client beamforming without
overhead.

Finally, we provide WARP-based implementations of our protocols, and exper-
imentally evaluate their performance in real-world indoor environments. Our mea-

surement results show the capability of our protocols to greatly improve the rate

scalability of MU-MIMO in a single or multiple 802.11ac cells.
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Chapter 2

Background

This chapter provides necessary background regarding MU-MIMO and 802.11ac.

2.1 Interference Cancellation in MU-MIMO

MU-MIMO increases the achievable rate of the network by achieving a multiplexing
gain, defined as the number of concurrent streams or simultaneously served clients.
To appreciate the multiplexing gain in a MU-MIMO network composed of multiple
interfering cells, both intra-cell and inter-cell interference must be sufficiently sup-
pressed. With multiple antennas, an AP and a client can pre-code and post-combine
the signal sent or received at each antennas, by applying a complex weight to the
signal. The set of weights is denoted as the pre-coding vector and post-combining
vector, respectively.

Pre-coding and post-combining can be either linear or non-linear. For a single
MU-MIMO cell, capacity-achieving schemes such as dirty paper coding are non-linear,
and prohibitively expensive to implement in practice [60,61]. As a result, the focus

of this work is on linear pre-coding schemes that are practical. Linear pre-coding and
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Figure 2.1 : Intra-cell and inter-cell interference cancellation in a MU-MIMO network.
The AP uses three antennas to cancel the intra-cell interference between Client1 and
Client2, and the inter-cell interference to Client3. Given two additional antennas
Client3 could cancel the inter-cell interference from the AP, saving one antenna for
the latter. Client4 employs interference alignment to align its channel to that of
Client3, so that the inter-cell interference from the AP is naturally eliminated when
the AP cancels the interference to Client3.
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post-combining are also called beamforming.

Intra-cell interference cancellation. To cancel the intra-cell interference be-
tween multiple clients, an AP can leverage zero-forcing beamforming (ZFBF) to
pre-code the signal to each individual client. One must orthogonalize the downlink
channels of the simultaneously served clients such that each client only receives its
own data stream without interference. Zero-forcing beamforming achieves such or-
thogonality in the following way: it selects the transmit beamforming weight vectors
of the AP, w;, to make sure the channel vectors from the AP to the clients i.e., hy,

are orthogonal, or

w;h=0 (5 # k).

To satisfy the orthogonality constraints, the dimension of w;, which is the number
of antennas on the AP, must be no smaller than the number of served clients. This
is the maximum multiplexing gain that can be achieved in a single MU-MIMO cell.

When the AP does not cancel intra-cell interference, it can leverage conjugate

beamforming (ConjBF) to maximize the SNR at the served client, or

When the client has multiple antennas and uses them for receive beamforming,

the channel between the AP and client becomes a matrix, H;, and the AP should
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employ eigen beamforming (EigenBF) to maximize the client SNR, or

Wi = Viaz (HZHk>

where v,,4.() is the eigenvector of a matrix corresponding to the largest eigenvalue.
EigenBF can be conceptually considered to decompose the channel matrix H;, into
a set of orthogonal eigen channels, whose SNR is represented by the corresponding
eigenvalue. Naturally, to maximize the client SNR the AP transmits signals on the
best eigen channel, v, (HiHy).

Inter-cell interference cancellation. One can extend zero-forcing beamform-
ing for the AP to cancel inter-cell interference. That is, if there are any spare antennas
on the AP after cancelling the intra-cell interference, one can use them to orthogonal-
ize the channel vectors of the clients in other cells in the same way. Note that in the
proper context without introducing ambiguity, we use antenna to refer to the Degree
of Freedom (DoF) provided by a physical antenna on an AP or a client. In Figure
2.1, since there are three antennas, the AP uses two of them to cancel the intra-cell
interference between Clientl and Client2, and the third (spare) one to cancel the
inter-cell interference to Client3 in the interfering cell.

Alternatively, a client can also cancel inter-cell interference if the client features
multiple antennas for receive beamforming, a.k.a., post-combining [51]. Note that

receive beamforming actually allows a client to separate and recover both the intended
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and interference streams. For ease of explanation we simply use the term interference
cancellation to denote such capability of a receive beamforming client. To cancel
the inter-cell interference, the client j chooses its receive beamforming weight vector,

a.k.a. the post-combining vector, v;, such that

WkHjVj =0

for all served clients k by the AP, where H; is the channel matrix from the AP to
client 5. For example, in Figure 2.1 if Client3 had two spare antennas they could be
used to cancel the two streams from the AP to Clientl and Client2, saving the third
antenna on the AP. This would provide the AP with the flexibility to use its third
antenna to potentially serve another client.

Another technique for dealing with inter-cell interference is interference alignment
[62-65]. The key idea in interference alignment is to align the channel vectors of

multiple clients, i.e.,

HjVj:Hka,

so that the interference between the AP and these clients traverses a single aligned
channel and requires fewer AP antennas to be cancelled. Such alignment can be con-
ceptually understood as if the client used its own antennas to cancel the interference

saving the antennas on the AP. Note that interference alignment is more commonly
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Figure 2.2 : The channel sounding process in 802.11ac. First the AP sends a NDP-A
frame and a NDP frame for all specified clients to estimate their downlink channels,
and then each client sequentially replies with a BF-R frame containing the estimated
channels.

assumed for uplink transmission, e.g., multiple clients transmit to an AP they in-
terfere with on an aligned channel. In this work we leverage channel reciprocity to
apply interference alignment to downlink MU-MIMO in which the AP transmits to
multiple clients it interferes with on the same aligned channel. In Figure 2.1, without
interference alignment, the AP would need two spare antennas to cancel the inter-cell
interference to both Client3 and Client4. When Client4 aligns its channel to that of
Client3 by setting Hyv4=hg, the AP only needs one antenna to cancel the inter-cell

interference.

2.2 MU-MIMO in 802.11ac

We next briefly introduce the MU-MIMO feature supported by 802.11ac [1], the latest

amendment to the 802.11 protocol family. 802.11ac allows the AP to use MU-MIMO
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techniques to simultaneously transmit downlink streams to up to four of its served
clients. For APs in the interference range of each other, 802.11ac does not allow them
to transmit at the same time; instead, the APs contend to access the medium using
CSMA/CA.

Channel knowledge is necessary for the AP to calculate the transmit beamforming
weights that cancel the intra-cell interference. To acquire channel knowledge, 802.11ac
mandates an explicit channel sounding process, which we show in Figure 2.2. To sound
the channel, the AP first broadcasts a Null Data Packet Announcement (NDP-A)
frame. The purpose of the NDP-A frame is to specify the set of clients the AP is
about to serve, and notify them to prepare for estimating and reporting their downlink
channels. After the NDP-A frame, the AP sends a Null Data Packet (NDP) frame
that allows the clients to estimate their downlink channels leveraging the training
symbols in the frame. Then, the specified clients sequentially report their estimated
channels to the AP with a Beamforming Report (BF-R) frame. The NDP-A frame
designates a client that must immediately reply with the BF-R frame after the NDP
frame, while other clients must wait for the Beamforming Report Poll (BF-P) frame
from the AP to respond. The explicit channel sounding process in 802.11ac does not
require channel reciprocity which is needed by implicit channel estimation [6]. The

inter-frame interval in the channel sounding process is SIF'S (16 us), which is shorter



25
than DIFS (34 ps) and thereby provides the APs and clients guaranteed medium

access without being intervened by other 802.11 nodes.
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Chapter 3

Related Work

In this chapter, we discuss related work. MU-MIMO has been demonstrated practical
in real-world wireless environments, e.g., [6,7,9,10,52,59,66-68]. Modern wireless
standards such as 802.11ac [1] have adopted MU-MIMO to increase the achievable

rate of the network.

3.1 Rate Scalability of a MU-MIMO Cell

Researchers have observed the rate scalability problem in a single MU-MIMO cell
from experiments. The authors in [66] observed that when a zero-forcing beamforming
AP with four antennas increases its number of served clients from one to four, the
achievable rate of each client drastically drops. The authors in [6] found out that even
when the zero-forcing beamforming AP has sixteen antennas, the achievable rate of
the network starts to decrease with more than twelve clients. The authors in [52]
observed that the per-client SNR reduction from MU-MIMO is determined by the
orthogonality between channels, and proposed a method for the clients to evaluate

such channel orthogonality and properly choose the data rate that does not exceed
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the channel capacity.

There are three major approaches toward solving the rate scalability problem
in a single MU-MIMO cell. The first approach is to let the AP group clients into
clusters, only serve the clients in the same cluster at a time, and schedule clusters in
a TDMA fashion [64,69]. However, such an approach does not fully exploit the spatial
multiplexing gain of MU-MIMO: the rate improvement is bounded by the reduced
number of clients in a cluster. In 802.11ac networks, the overhead from channel
sounding and channel contention further amplify the inefficiency of such clustering
approach, as the AP needs to contend for and sound the channel for each individual
cluster.

The second approach is to increase the number of antennas on the AP, or Massive-
MIMO [5]. Argos proposed in [6] features many antennas (A/=64) on the base station
(AP) to ensure M>>K. BigStation proposed in [7] similarly adopts up to twice as
many antennas as clients. However, Massive-MIMO is not suitable for real-world
802.11ac APs that usually have a small form factor or limited cost and energy bud-
get. The authors in [9] and [10] adopt Network-MIMO [8] to connect multiple adjacent
APs as a giant virtual AP. Since the virtual AP possesses the antennas from all con-
nected APs, it is able to serve a larger number of clients simultaneously. However,

Network-MIMO requires well planned AP deployment and fine-grained time and fre-
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quency synchronization between the connected APs, and therefore cannot be applied
to 802.11ac networks that are distributed and uncontrolled.

The third approach leverages multiple client antennas for receive beamforming as
we do in MACCO, but existing solutions based on it [53-56,70] remain theoretical,
do not consider channel orthogonality between clients, and suffer from two practical
concerns. First, the solutions are often heuristic with expensive iterations, and thus
hard to implement in practice. Second, the optimization has to be centrally executed
by the AP with full channel information. Unfortunately, to enable this in 802.11ac
networks, one has to radically modify the 802.11ac protocol to let the AP optimize
the beamforming weight vectors for the clients, and explicitly deliver the optimization
results to the clients. More importantly, such centralized optimization also incurs
considerable overhead to the channel sounding of 802.11ac . In contrast, by letting the
clients overhear other clients’ virtual channels to improve the channel orthogonality,
MACCO allows local, per-client beamforming weight optimization in a distributed,

802.11ac-compliant way.

3.2 Inter-cell Interference in a MU-MIMO Network

Inter-cell interference as an important capacity limiting factor for MU-MIMO net-

works remains experimentally under-explored.
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3.2.1 Network-MIMO- and CoMP-based Solutions

An effective but practically expensive way to tackle inter-cell interference in MU-
MIMO networks is to let neighbouring APs collaborate with each other via a high-
speed, low-latency connection, e.g., [9,10,64,71,72]. In LTE-based cellular networks,
such technique is often referred to as coordinated multi-point (CoMP), e.g., [73-75].
Note that neighbouring base stations in cellular networks are already connected via
the backbone; therefore the effort of implementing CoMP-based solutions is not as
massive as that in Wi-Fi networks that are often distributed. In 802.11-based Wi-
Fi networks, there are different ways of exploiting such AP connection with various
implementation complexities. Network-MIMO [9, 10] allows multiple neighbouring
APs to behave as a single massive AP, by synchronizing their time and frequency, and
letting them share transmitted and received samples. Such technique provides similar
functionality as CoMP does, but requires highly accurate inter-AP synchronization
and high-speed inter-AP connection. TAC proposed in [64] only needs the APs to share
the samples for joint encoding and decoding without synchronization. Robinhood
proposed in [71] requires a set of APs to retransmit the received packets from the
clients to the rest of APs, while cancelling the interference between the packets.
OpenRF proposed in [72] uses a central controller to coordinate neighbouring APs

to cancel the inter-cell interference. Due to the requirement of AP connection and
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a centralized solution, the applicability of these approaches is restricted to carefully
planned and centrally controlled networks such as an enterprise 802.11ac network. By
leveraging multi-antenna clients to assist the interfering AP to coordinately cancel
the inter-cell interference, CoaCa is distributed and works in any 802.11ac networks.

NEMOx proposed in [76] seeks to enable efficient spatial reuse in distributed
MIMO networks, by proposing a scalable architecture that connects a smaller num-
ber of neighbouring APs for clustered Network-MIMO. Each cluster includes a giant
virtual AP formed by multiple connected APs, and contends with each other via
asynchronous CSMA. Clearly, one can apply MACCO to a single cluster in NEMOx.
However, within the interference range, no more than one virtual AP is allowed to
operate at the same time. CoaCa similarly clusters the APs and assumes CSMA
between clusters, but employs a fundamentally different approach to address the in-
terference inside a cluster. Instead of connecting the APs for Network-MIMO, CoaCa

relies on AP and client beamforming to coordinately cancel the inter-cell interference.

3.2.2 Distributed Solutions

802.11n+ presented in [65] leverages beamforming to enable concurrent streams in
802.11n networks with SU-MIMO. It allows nodes in one cell to transmit and receive

first, and nodes in another cell to opportunistically transmit and receive by cancelling
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the interference to and from the first cell. Nodes in the second cell must overhear the
ongoing transmission from nodes in the first cell, to acquire the necessary channel
and use it for interference cancellation. Notably, the interference cancellation in
802.11n+ is uncoordinated and one-way: nodes in the overhearing cell must use their
spare antennas to cancel the inter-cell interference. The number of spare antennas on
nodes in the overhearing cell should be no smaller than that of the ongoing streams in
the overheard cell. Since an 802.11n link with SU-MIMO usually includes one or two
streams, each node in the overhearing cell only needs one or two spare antennas. In an
802.11ac-based MU-MIMO network where an AP can simultaneously transmit to K
clients (e.g., K=4), in order to increase the number of streams by starting concurrent
streams in the overhearing cell, 802.11n+ would require each AP and client in it to
have at least K spare antennas to cancel the inter-cell interference, which is usually
infeasible in practice. The fundamental reason why 802.11n+ does not effectively
extend to 802.11ac is its uncoordinated, one-way inter-cell interference cancellation,
where nodes in the overhearing cell have to contribute all the required antennas to
solely carry the burden of cancellation. By achieving coordinated, two-way inter-
cell interference cancellation, CoaCa can enable more streams than 802.11n+ does
in 802.11ac networks, while still requiring small protocol modifications and incurring

negligible overhead.
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Chapter 4

Rate Scalability of a Single MU-MIMO Cell

In this chapter, we study the rate scalability problem of a single MU-MIMO cell. For
MU-MIMO networks with multiple interfering cells, we assume the inter-cell inter-
ference is avoided as multiple MU-MIMO APs serve their clients either at different
time or on different channels. Such interference avoidance approach toward inter-
cell interference is in accordance to 802.11ac [1]. In Chapter 5, we will assume the
interfering APs operate on the same channel, and seek to allow them to transmit at

the same time, by cancelling the inter-cell interference instead of avoiding it.

4.1 Problem Statement

The simultaneous transmissions from a MU-MIMO AP to multiple clients often do
not improve the achievable rate in the network in proportion to the number of served
clients. As the number of clients approaches the number of antennas on the AP,
the achievable rate often improves insignificantly, and may even decrease [6,7,66].
The key reason is that as the AP pre-codes the signals from its multiple antennas to

eliminate the intra-cell interference, the SNR of each served client decreases. This is
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Figure 4.1 : Representations of a client’s channel vector and an AP’s beamforming
weight vector. Employing the beamforming weight vector w by the AP projects the
channel vector h to the direction of w, leading to a reduced SNR at the client.
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Figure 4.2 : Orthogonality between two clients’ channel vectors h; and hsy, represented
by the angle between them.
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because one can consider transmit beamforming by the AP as projecting the client’s
channel vector h to the direction of the AP’s beamforming weight vector w. As a
result, to the client, the resultant channel is the projected channel, h”, as shown in

Figure 4.1. In the figure,

h? = h - cos(h, w),

where “(-)” refers to the angle between two vectors. Clearly, when w is aligned with h,
it preserves the maximum channel SNR; when w is perpendicular to h, it completely
nullifies the signal. Such relationship can be extended to that between two channel
vectors, which we refer to as the channel orthogonality. For the channel vectors of
two clients, h; and hy, their orthogonality can be represented by the angle between

them, or

0 = arccos —2rhz
[[hi]][[h2]]

as shown in Figure 4.2.

The channel orthogonality between clients is critical for zero-forcing beamforming,
since to cancel the intra-cell interference, the AP must set w; = hy and wy = hi". If
h; and hy are perfectly orthogonal, zero-forcing beamforming retains the maximum

channel SNR and can linearly scales up the achievable rate of the MU-MIMO network.
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Otherwise, as the AP serves more clients, zero-forcing beamforming reduces the rate
of each client.

Realistic MU-MIMO channels usually exhibit random, unpredictable channel or-
thogonality. The authors in [66] reported that there is no clear correlation between
the channel orthogonality and the distance between clients. The channel orthogonal-
ity can be very poor even when the clients are placed at least a few wavelengths from
each other. This is because typical indoor environments have rich scattering, and
the radio hardware has intrinsic randomness that changes the phase of the received
signal. The authors in [52] observed that the channel orthogonality can vary from
frame to frame, and consequently proposed a solution that the clients use to evaluate
the channel orthogonality between each other and perform rate selection.

The central question we seek to answer in this chapter is: how do we leverage
client beamforming to improve the channel orthogonality and thus rate scalability of

a single MU-MIMO cell?

4.2 Successive Beamforming Optimization

We next discuss how clients in a single MU-MIMO cell optimize their receive beam-
forming weight vector.

The key idea in our solution is that clients successively perform their beamforming
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Table 4.1 : Denotations used in this thesis.

Symbol  Definition

M Number of antennas on the AP

K Number of simultaneously served clients

N Number of antennas on the client

h, Virtual channel vector of the kth client

h} Physical channel vector of the kth client’s nth antenna

h; ; The jth virtual channel vector of the kth client

Wy Transmit beamforming weight vector of the AP for the kth client
Vi Receive beamforming weight vector of the kth client

H, Physical channel matrix from the AP to the kth client
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optimization based on the virtual channels from previous clients. As shown in Chapter
1, with receive beamforming, a client creates a virtual channel from the AP to itself.
The orthogonality between the clients’ virtual channels determines the rate scalability.
We provide a closed-form solution to the optimal beamforming weight vectors that

maximize the client’s achievable rate, given by the following equation:

Vkij = HkHJL_VJma:c((HkHJL_)*(HkHJL_))a (4.1)

where “x” stands for conjugate transpose, and other denotations are provided in Table
4.1 and Chapter 4.2.4. We will derive this result by analyzing three representative

cases.

4.2.1 Cases 1: M=2 and K=2

We first study a simple case where an AP with two antennas serves two clients (C1
and C2) each with two antennas. To see how multiple antennas can benefit the client,
let us first assume both C1 and C2 employ antenna selection and only use a single
antenna, with the corresponding channel vector h; and hy,. We denote the transmit
beamforming weight vector for C1 and C2 employed by the AP as w; and wo. Then,

the SNR of C1 and C2 normalized to its noise power can be expressed as

p1 = |[wy - hy|* = [|hy][* cos®(wy, hy),
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p2 = ||Wa - hy||> = [[hy|[? cos® (wy, hy),

where ||w1||*=||w||?=1 due to power normalization. To cancel the intra-cell interfer-
ence between C1 and C2 with zero-forcing beamforming, the AP must employ w;=hy
and szhf. Such intra-cell interference cancellation reduces p; and ps, since wy and
wy are usually not aligned with h; and hs.

When C1 and C2 use both antennas, they can beamform the received signals.
Visually, such receive beamforming “stretches” and “steers” the physical channel
vectors of the client to create a virtual channel vector. For clarity, when the clients
use more than a single antenna, we use h} to denote the physical channel vectors of
the nth antenna at the kth client, and hy, the virtual channel vector of the kth client.

Before discussing the beamforming weight optimization by C1 and C2, we need
to clarify that in this case the same number of streams can be achieved by letting
the AP only serve a single client, say C1, with single-user MIMO (SU-MIMO). How-
ever, SU-MIMO similarly has a rate scalability problem to the number of streams,
since the SNR of each stream decreases when C1 decodes the streams. Such SNR
reduction depends on the orthogonality between the two physical channel vectors hj
and h?. This is also known as the “antenna correlation” that reduces the capacity
of SU-MIMO. Without extra antennas, C1 cannot improve the channel orthogonality

between the two streams. Therefore, we argue that the AP should employ MU-MIMO
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Figure 4.3 : Receive beamforming weight optimization by the clients C1 and C2 in
Case 1. Depending on the channel knowledge, the client maximizes its SNR before
or after the signal projection by the zero-forcing beamforming AP.
to serve both clients instead of one of them with two streams, in order to leverage
the receive beamforming gain from the client antennas. Such argument is similarly
proposed in [77] to exploit client diversity.

Optimization by C1. We first discuss the optimization performed by C1. We
assume it first reports the virtual channel to the AP without knowing hy. Therefore,
C1 optimizes its beamforming weight vector, vy, to maximize its SNR solely based on

its physical channel vector hi and h?. To achieve this, C1 employs maximum ratio

combining;:

Vv = Hlvmam (HTHl)a
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where Hy;=[h}, h?]T. The resultant virtual channel vector, hy, is a weighted combina-
tion of hi and h? with maximum magnitude, as shown in Figure 4.3. From the figure,
observe that the beamforming gain from maximum ratio combining creates a virtual
channel that is stronger than either of the two physical channels. However, the chan-
nel orthogonality between C1 and C2 may not be improved since C1 is unaware of the
direction of C2’s virtual channel. Nonetheless, given its limited channel knowledge,
C1 has to employ maximum ratio combining wishing a resultant SNR improvement.

Optimization by C2. Now let us switch the focus to C2. We assume it optimizes
its beamforming weight vector and reports to the AP after C1. As a result, C2 can
overhear the BF-R frame from C1, and acquire the knowledge of the virtual channel
h;. Then, C2 knows the direction that the AP will project its signal onto, hi, and

can maximize its SNR after such projection. To do this, C2 employs:

vy = (hiHy)*,

where Ho=[h}, h3]*. As shown in Figure 4.3, the resultant virtual channel vector,
h,, is closer to being orthogonal to hy, even though its magnitude is not maximized.
However, after the AP’s signal projection, hy is guaranteed to have the maximum
magnitude and the SNR of C2 is maximized thanks to the knowledge of h;. In

addition, we can see the SNR increase of C1 due to improved channel orthogonality.
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To summarize, in this case where M=2 and K=2, a client can leverage beam-
forming to adjust its virtual channel vector such that its SNR is maximized before or
after the AP’s signal projection, depending on whether the client has the knowledge

of each other’s virtual channel.

4.2.2 Cases 2: M=3 and K=3

Now let us consider the case where an AP with three antennas serves three clients
each with two antennas. Consequently, the physical or virtual channel vectors reside
in a three-dimensional space. Compared to the previous case we do not change the
number of antennas on the clients, IV, since its impact on the beamforming weight
optimization is trivial as we will show in the following. We similarly assume C1,
C2 and C3 successively send their BF-R frames to the AP to report their optimized
virtual channels.

Optimization by C1. For C1 who does not know hy and hs, its optimization is
similar to that in the previous case, i.e., vi=H; V.. (H7H;) whereas N only changes
the dimension of H;.

Optimization by C2. We then discuss how C2 performs the optimization.
Similar to the previous case, C2 has the knowledge of h; by overhearing the BF-

R frame from C1. However, since the channel vectors are in a three-dimensional
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space, hi becomes a two-dimensional plane, represented by a 2x2 matrix instead of
a vector. After hy is projected onto this plane, it will be further projected to a line
that is orthogonal to the channel vector of C3, hsz, which, however, C2 is unaware of.
Therefore, without knowing hsz, C2 should maximize the magnitude of the projection

of hy onto hi. The resultant optimal beamforming vector is given by

Vo = thfvmax((thf)*(thf)), (42)

which we prove next.

We first formulate the optimization problem faced by C2:

maXW27v2(||V2H2W2||>, S-t. W2h1 = 0'

To solve this constrained optimization problem, we convert it into an unconstrained
problem. This is achieved by rewriting wy as wo=hiu, where u, is a two-dimensional
vector. In other words, since wy lies in the orthogonal space of hy, it can be repre-
sented by the linear combination of two basis vectors of hi. Therefore, the original

problem is converted into the following unconstrained optimization problem:

MaXws,vy (l |V2H2hi_u2 | |>7

which is a standard eigen beamforming problem under the channel Hyhy-. According

to Chapter 2, the optimal beamforming weight vector is given by
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Vg = H2hf—Vmam<<H2hi_>*<H2hf>>'

Optimization by C3. We finally switch to the optimization by C3. The signal
of C3 is projected by the AP onto a space that is perpendicular to both h; and
h,, so that the transmit beamforming weight vector for C3 employed by the AP is
ws=span(h;, hy)* where “span()” produces the plane spanned by two vectors. As a
result, by extending Equation 4.2 we have the optimal beamforming weight vector

employed by C3:

v = Hs[hy, ho]* V. ((Hs[hy, he]5)*(Ha hy, ho]b)). (4.3)

4.2.3 Cases 3: M=3 and K=2

We finally study the case with more AP antennas then clients. In the previous two
cases we assume a congested MU-MIMO cell where K=M, so that the AP serves
M clients each with a single stream. As a result, each client uses all antennas to
beamform the signals, and maximize its SNR which uniquely determines its achievable
rate. We next discuss the case where M > K so that AP can send more than one stream
to a client. Note, the client needs no smaller than N antennas to receive N streams
from the AP. However, if extra antennas are available, the client can leverage them to

improve the channel orthogonality between streams. To show this, we assume N=4
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such that the client can apply our solution to up to two streams. We suppose the AP
transmits one stream to C1, and two streams to C2.

Optimization by C1. Since C1 receives a single stream from the AP, its opti-
mization does not differ from that in the previous two cases where vi=H;v,,..(HiH;).

Optimization by C2. For C2, since the AP delivers two streams to it, it must
report two virtual channel vectors to the AP, denoted as hy; and hy 5. Naturally, C2
should jointly optimize hy; and hs s, based on the knowledge of h; overheard from
C1. The optimization can be extended from the previous case with a single stream
from the AP: when there are two streams, they should be sent on the best two eigen

channels. As a result, the optimal beamforming weight vectors for C2 are given by

Vo1 = H2hi_vmam<<H2hf—>*<H2hf—))v

Va2 = HZhi_Vsmax((Hth)* (Hth_))a

where Vgnq() is the eigenvector of a matrix that corresponds to its second largest
eigenvalue. To decode the two streams, C2 individually post-combines the received

signals with vo; and vy 9, to eliminate the interference between them.

4.2.4 General Case

We can generalize the solutions in the previous three cases to those with arbitrary

M and K where M > K. For the kth client, let use denote the set of known channel
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vectors of other clients as hy, h,,--- , h;, and its own channel matrix as Hy. Then,

the set of optimal beamforming weight vectors are given by:

Vkij = HkI_IJL_VJ'mcw:((:[_IICI_IJL_Yk (HkHJL_))>

where H;, = [hy, hy, -+, hy] and vj,.,() stands for the eigenvector of the matrix

corresponding to its jth largest eigenvalue.

4.2.5 Computational Complexity

We can modularize the computation involved in the above beamforming optimiza-
tion (Equation 4.1) to achieve polynomial complexity. Calculating the optimal set of
beamforming weight vectors and virtual channel vectors includes the following opera-
tions: (i) calculating the conjugate of a matrix; (4i) calculating the eigenvectors and
eigenvalues of a matrix; (i1) inverting/pseudo-inverting a matrix; (7v) multiplying
two matrices. We can accomplish all of them by using the following two modules that
already have efficient hardware implementation: (i) matrix singular value decomposi-
tion (SVD); (i¢) matrix multiplication. In addition, the complexity of Equation 4.1 is
given by O(M2L)+O(MNL)+O(N*M)+O(NL), where N, L, and M are all small
numbers (e.g., N<4, L<8 and M<8). Therefore, we suspect that the computation

in our solution is affordable by modern clients.
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Chapter 5

Inter-cell Interference between MU-MIMO Cells

In this chapter, we study the rate scalability problem of multiple MU-MIMO cells. In
the previous chapter that deals with a single MU-MIMO cell, we assume within the
interference range only one AP can transmit to its clients at the same time on the
same channel, i.e., no inter-cell interference is present. This chapter abandons this
assumption and studies the possibility of enabling concurrent MU-MIMO transmis-
sions from multiple MU-MIMO cells. When more than a single AP can serve their
clients at the same time, they can allow more streams in the network with improved
rate scalability. To achieve this, we need to tackle the inter-cell interference between

multiple MU-MIMO cells.

5.1 Problem Statement

Inter-cell interference has become a key factor that limits the capacity of multi-cell
MU-MIMO networks, because it prevents the APs from serving their clients concur-
rently. As we show in Chapter 1, by leveraging not only the AP but also the client

antennas for beamforming to coordinately cancel the inter-cell interference, one can
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increase the number of concurrent streams or clients in the network for improved rate
scalability. However, determining the beamforming weights for each AP and client
is a non-trivial process. The optimal solution that is capacity achieving has not yet
been founded even theoretically, and can be only empirically identified by jointly
optimizing the beamforming weights for all APs and clients. The optimal solution
may not completely eliminate inter-cell interference since interference below the noise
power is no longer the capacity-limiting factor. However, empirically identifying the
optimal solution is not practical because (i) it is computationally intractable due to
the lack of a theoretical solution, and (7) it has to be done in a centralized way with
full channel knowledge of the MU-MIMO network. The central question we seek to
answer in this chapter is: for a MU-MIMO network with interfering cells, how do
we achieve coordinated inter-cell interference cancellation using both AP and client

beamforming?

5.2 Overview

To improve the achievable rate of a MU-MIMO network by allowing more streams
in its cells, we propose a novel solution that relies on AP and client beamforming
to practically achieve coordinated inter-cell interference cancellation. The key idea

in our solution is that the process of determining the beamforming weights by each
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AP and client can be broken into two steps, namely antenna usage optimization and
beamforming weight optimization. We are motivated by the following important ob-
servation: when we strive to completely eliminate interference, we can execute the
two optimizations sequentially. This is because the constraint of completely elimi-
nating inter-cell interference reduces the antenna usage into a binary form. That is,
one can use an antenna for either transmitting or receiving streams, or cancelling
inter-cell interference. It is therefore plausible to optimize the beamforming weights
solely based on the given optimized antenna usage.

Such two-step optimization significantly reduces the cell coordination effort for
cancelling the inter-cell interference. First, coordinately optimizing the antenna usage
by each AP and client merely requires the information of the number of antennas on all
nodes in the network. Not requiring any channel knowledge, cell coordination in this
step is simplified since the required information can be represented with only a few
bits and each AP can explicitly share it with negligible overhead. Second, given the
optimized antenna usage, an AP or a client is fully aware of its duty toward cancelling
the inter-cell interference. To determine the optimal beamforming weights that fulfill
this duty, the AP or client only needs a subset of channel knowledge in the network.
Such reduction of the required channel knowledge further makes cell coordination

easier. With much simplified cell coordination, the two-step optimization can be
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integrated into 802.11ac retaining the distributed nature of the protocol, which we

will elaborate in Chapter 7.

5.3 Antenna Usage Optimization

In this chapter, we provide an algorithm that identifies the best antenna usage for
each AP and client to maximize the multiplexing gain of the MU-MIMO network.
Recall that we use an AP antenna or a client antenna for either delivering streams or
cancelling inter-cell interference. Therefore, our algorithm finds the optimal allocation
of the AP and client antennas for such two uses. In the following, we first use a simple
but illustrative example with two APs and four clients to demonstrate the process
of finding the optimal antenna usage, and then provide the algorithm that can be

applied to MU-MIMO networks with arbitrary number of cells.

5.3.1 [Illustrative Example

Our example shown in Figure 5.1 includes two MU-MIMO cells where each AP is
equipped with two antennas and serves up to two clients simultaneously. To find the
optimal antenna usage, our algorithm needs to identify the best set of clients in each
cell that can be simultaneously served by their corresponding AP. In other words, the

selected clients must be able to coordinately cancel the inter-cell interference with
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Figure 5.1 : The optimal use of the AP and client antennas in our illustrative example.
The interference from AP2 to Clientl is cancelled by Client1, while the interference
from AP1 to Client3 and Client4 are cancelled by Client3 and AP1, respectively.
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their interfering AP.

Our algorithm starts by letting a single AP, say AP1, serve both of its clients,
and tries to add concurrently served clients in the other cell similar to 802.11n+ [65].
Clearly, with only two antennas, AP2 cannot cancel the interference to both clients
in Cell 1 while serving either of its own clients. Then, unlike 802.11n+ which simply
stops by letting AP1 serve its two clients, our algorithm asks AP1 to serve only a
single client, say Clientl, and again seeks to add concurrently served clients in Cell
2. Noticeably, now AP2 can serve both of its clients if the inter-cell interference is
cancelled in the following way. First, Clientl uses its three antennas to cancel the
two interfering streams from AP2. Second, Client3 uses its two antennas to cancel
the interfering stream from AP1. Last, while Client4 with a single antenna cannot
cancel the interfering stream from AP1, observe that AP1 has a spare antenna that
can be just leveraged to cancel the interference to Client4. This way, we have found
the best set of clients to serve in each cell that collectively achieves a multiplexing

gain of three. We illustrate the optimal use of each AP and client antenna in Table

5.1.
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Table 5.1 : The optimal use of the AP and client antennas in our illustrative exam-
indicate data communication and inter-cell interference

ple, where “—” and “--»

cancellation, respectively.

Antenna 1 | Antenna 2 | Antenna 3
AP1 | — Clientl | --» Client4 X
AP2 | — Client3 | — Client4 X
Clientl | <« AP1 «-- AP2 «-- AP2
Client3 | «-- AP1 +— AP2 X
Client4 | < AP2 X X

5.3.2 Network of Two Cells

We next present our algorithm that identifies the best antenna usage for a two-
cell MU-MIMO network with arbitrary number of clients and arbitrary number of
antennas on each AP and client. Our algorithm is motivated by the optimization
process for the illustrative example in Chapter 5.3.1.

Since we are only interested in congested MU-MIMO networks where the number
of clients is no smaller than that of the AP antennas, we assume in Cell 1 AP1 has
N antennas and the N clients have P, (n =1,2,---

, N) antennas, and in Cell 2 AP2

has M antennas and the M clients have @, (m =1,2,---, M) antennas. We further
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sort the clients in each cell based on their number of equipped antennas:

P <P <--- < Py,

Q1 < Q2

IN

< Qu-

Algorithm for optimizing the antenna usage. Similar to the example in
Chapter 5.3.1, to obtain the optimal antenna usage, our algorithm needs to determine
the optimal set of served clients in both cells given that the inter-cell interference can
be coordinately cancelled. Initially, our algorithm only allows Cell 1 to operate, by
letting AP1 serve its N clients. Then, it seeks to add clients in Cell 2 that can
be concurrently served by AP2. The maximum number of added clients in Cell 2,
denoted as L, is constrained by the inter-cell interference from AP2 to clients in Cell
1 and that from AP1 to clients in Cell 2. First, AP2 may use up to L’ antennas
to transmit L’ streams to L’ clients in Cell 2. While a few clients in Cell 1 with
enough (>L'+1) antennas can cancel these L' data streams as inter-cell interference,
the remaining clients in Cell 1 without enough (<L’) antennas must rely on the spare
M-L" antennas on AP2 to cancel the inter-cell interference. We can keep increasing
L’ until those clients in Cell 1 that must cancel their inter-cell interference do not

have enough antennas:

L'=max(n: Py_ny1 >n+1). (5.1)
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Second, AP2 can serve up to L” clients in Cell 2 that must have enough (>N-+1)
antennas to cancel the interference from AP1. We can keep increasing L” until these

clients do not have enough antennas:

L"=M-min(m:Q,, >N-+1)+1. (5.2)

Note, we define Pyy1 = Qu11 = +00 to ensure the correctness of Equation (5.1) and
(5.2) in cases where L'=0 and L”=0. The maximum number of added clients in Cell
2 is then given by

L =min(L', L"). (5.3)

In the next step, we let AP1 remove clients from its served set. When AP1 removes
K (K =1,2,---,N) clients, these clients should have the fewest (P, P, - , Px) an-
tennas. Afterwards, AP1 has K spare antennas that can be exploited to cancel the
interference to clients in Cell 2. Naturally, AP2 can serve up to K clients in Cell 2
that are not subject to the interference from AP1. Since AP1 performs such interfer-
ence cancellation, we should pick clients in Cell 2 with the fewest (Q1,Qs, - , Q)
antennas to enjoy such benefit. Therefore, Cell 2 is left with M-K clients with
QK1+ ,Qn antennas, and Cell 1 is left with N-K clients with Py, -+, Py an-

tennas. Similar to the previous step where K=0, we have

L'(K)=max(n: Pxipni1 =n+1), (5.4)
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L'(K) =M —min(m: Qgem >N — K +1)+ 1, (5.5)

and

L(K) = min(L'(K), L' (K)). (5.6)

It is easy to verify that L(N)=M where only a single cell (Cell 2) is operating.
Finally, for each K=0,1,---, N our algorithm calculates L(K), and finds the
optimal set of clients (N-K in Cell 1, L in Cell 2) that maximizes the number of
streams N-K+L(K). Given the optimal set of clients in each cell and their duty in
cancelling the inter-cell interference, the optimal use of the AP and client antennas

is meanwhile determined.

5.3.3 Network of More than Two Cells

We next extend our algorithm to 7" (7>2) cells. With 7" cells, we need to rewrite N
and K as vectors, meaning that the 7-1 APs serve (N1-K7, -+, Nyr_1-Kp_1) clients

respectively. Then, the maximum number of clients that can be added in the last cell

is given by
L/(Kl, ,KT_1>:maX(n2P]/\4_n+1 Zn—i—l), (5 7)
71
L'(Ky, -+ Kpo1) = {Q,, - @, > > (Ny — Ky) + 1}, (5.8)
t=1
and

L(Ky, -+ ,Kp_1) =min(L', L"), (5.9)
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where “|-|” represents the cardinality of a set, P! the number of spare antennas on
client n, and @' the equivalent number of antennas on client m, determined by K7,
the number of spare antennas on AP ¢t. We define the spare antennas on an AP or a
client as the remaining antennas after a few of them are used to cancel the inter-cell
interference within the first 7-1 cells. We define the equivalent number of antennas
@, in the following way. For a given client in the last cell, if an AP in the previous
T-1 cells uses one spare antenna to cancel the interference to the client, the client
can be considered to equivalently have N;-K; additional antennas for canceling this
AP’s interference. In other words, one can “transfer” the interference cancellation
capability from an AP to a client it interferes with, by providing the client such
equivalent antennas. Given @, the best allocation of the spare antennas on the 7-1
APs is given by successively assigning those of each AP to the K] clients in the last
cell that have the smallest @ .

Given the definitions of P/, @' and K/, we next explain how to derive Equation
(5.7) and (5.8). For Equation (5.7), notice that the last AP can only cancel the
interference to M-L’ clients in all previous T-1 cells. These clients that may belong
to more than one cell must have the fewest spare antennas. The remaining clients must

have enough spare antennas to cancel the L’ streams from the last AP. For Equation

(5.8), the served clients in the last cell should not be subject to the interference from
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all previous T-1 APs. Since we have considered the interference cancellation from
the T-1 APs with their spare antennas, we just need to find the maximum number of
clients in the last cell with enough antennas, i.e., Q! > ZtT:_ll(Nt — K;) + 1. After
calculating L for each (K7, -, Kp_1), we can find the optimal set of clients in each
cell with the maximum multiplexing gain.

It is noticed that the above algorithm works in a recursive manner. Therefore,
the complexity exponentially increases with the number of cells, T'. To deal with
this scalability issue, we leverage a cell clustering technique to convert a large-scale
MU-MIMO network into a few small clusters, each of which includes up to three cells.

We elaborate the cell clustering technique in Chapter 7.3.

5.3.4 Practical Implications

Observe that to identify the optimal antenna usage our proposed algorithm only
requires the information about the number of antennas on each AP and client. Such
information is global in the MU-MIMO network, but can be compactly represented
with only a few bits. Therefore, explicitly sharing such information in the network
does not incur noticeable overhead, and meanwhile significantly simplifies the cell
coordination. Given such information, each AP and client can execute the same

algorithm in a synchronized way to achieve coordination.
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5.4 Antenna Usage Optimization with Fairness

In this chapter, we study the adaptations of the antenna usage optimization in Chap-
ter 5.3, in order to tackle two fairness-related issues: client starvation and energy-per-
stream fairness. We first discuss these two issues and then provide our adaptations.

First, our antenna usage optimization does not provide serving fairness between
clients: certain clients are likely being starved, and achieving a much lower rate
compared to that achieved by using 802.11ac. This is because the antenna usage
optimization seeks to maximize the number of streams in the MU-MIMO network by
selecting the optimal set of clients from each cell. Notably, our algorithm in Chapter
5.3 preferably selects clients with more antennas over those with fewer antennas.
Consequently our algorithm may never select a client with few antennas and starve
it, even with increasing number of streams and higher achievable rate of the MU-
MIMO network compared to 802.11ac.

Second, our antenna usage optimization does not guarantee the number of streams
received by each client is in proportion to the energy consumption of the client.
That is, our solution seeks to cancel inter-cell interference by leveraging the spare
antennas on clients. A client may inevitably use its multiple antennas to cancel
the inter-cell interference from the interfering AP, without receiving more streams.

Depending on the number of antennas on each AP and client, clients may have to
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Table 5.2 : Number of antennas on the APs and clients in the three cases, for the
study of the client starvation issue and energy-per-stream fairness issue in antenna
usage optimization.

AP1 | AP2 | Clients in Cell 1 | Clients in Cell 2

Case A | 2 2 1/2 1/3
Case B| 2 3 4/4 3/3/3
Case C| 4 | 4 4/4/4/4 4/4/4/4

dedicate different number of antennas to inter-cell interference cancellation. Since the
power consumption of receive beamforming is proportional to the number of client

antennas [51], clients are likely subject to an energy-per-stream fairness issue.

5.4.1 Client Starvation

Our antenna usage optimization may be subject to the client starvation issue when
clients with more antennas are preferably selected over those with fewer antennas.
To understand this issue, let us consider three cases where the number of antennas
on the APs and clients are illustrated in Table 5.2.

For Case A, our algorithm enables three streams, by selecting the two clients in
Cell 1 and the client with three antennas in Cell 2. Notably, this is the only set

of clients that allows the maximum number of streams in the MU-MIMO network.
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Consequently, our algorithm starves the client in Cell 2 with a single antenna. For
802.11ac, since the two APs can take turns to serve their clients, it does not starve
any client in the two cells.

For Case B, our algorithm enables five streams, by requiring all clients in the two
cells to be simultaneously served. Clearly, our algorithm starves no clients similar to
802.11ac, even though our algorithm enables two additional streams.

For Case C, our algorithm enables six streams, by choosing three clients from
each cell to be simultaneously served. Important, since all clients have four antennas,
our algorithm can choose any three of them in each cell. Therefore, even with our
algorithm each client has an equal chance to be selected, and the two APs can choose
different set of clients to serve during multiple MU-MIMO transmissions in a fair
manner, without starving any one of them.

To summarize, we have the following conclusion regarding the client starvation
issue in the antenna usage optimization: the antenna usage optimization may starve
a client if and only if the following two conditions regarding the clients in the same cell
are met: (i) not all clients in the same cell can be included in the optimal client set
that maximizes the number of streams in the MU-MIMO network, and (ii) the client
has fewer antennas than any of the included client. Clearly, Case B and Case C

violate condition (7) and condition (ii) respectively so that neither of them is subject
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to the client starvation issue.

Preventing client starvation. To prevent client starvation, we propose the
following adaptation to the antenna usage optimization: the optimization periodically
enforces the inclusion of starved clients so that these clients will be served no fewer
times than that with 802.11ac. We use Case A in Table 5.2 to explain how he
adaptation works. In this case, 802.11ac would allow AP2 to serve the single-antenna
client in Cell 2 in half of the MU-MIMO transmissions. To prevent starvation of this
client, our adapted antenna usage optimization forcibly includes it in the selected
client set for every other MU-MIMO transmission. Such transmission cannot deliver
three streams due to the lack of client antennas, and therefore reduces the achievable
rate improvement by our solution. However, it makes sure our solution does not serve

any client less frequently compared to 802.11ac.

5.4.2 Energy-per-stream Fairness

Our antenna usage optimization can be subject to an energy-per-stream fairness issue.
Battery-powered mobile clients have energy efficiency concerns, and receive beam-
forming leads to nearly proportionally increased power consumption to the wireless
transceiver of the client [51]. In our optimization, clients may have to use multiple,

and different number of antennas to receive a stream from its AP, given their interfer-
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ence cancellation responsibility. Consequently, to achieve the same number of streams,
these clients may have to consume different amount of power, which we refer to as
the energy-per-stream fairness issue. Note that the adaptation we apply in Chapter
5.4.1 ensures that no clients are served less frequently in our optimization than that
in 802.11ac. However, this adaptation does not guarantee energy-per-stream fairness
between clients: it does not necessarily serve a client with a frequency proportional
to the number of streams the client receives.

Achieving energy-per-stream fairness. To achieve energy-per-stream fairness
between clients, we propose the following adaptation to the antenna usage optimiza-
tion: the optimization periodically pre-selects a set of clients with fewer number of
antennas to appropriately balance the energy-per-stream of each client. We use Case
B in Table 5.2 to explain how to perform such adaptation. In this case, our antenna
usage optimization is able to enable five streams from the two cells, where each client
needs to contribute all its spare antennas to cancel the inter-cell interference. As a
result, to receive a single stream, clients in Cell 1 need to use four antennas while
clients in Cell 2 only use three antennas. To achieve energy-per-stream fairness, af-
ter every three MU-MIMO transmissions to all clients, the adapted optimization lets
AP1 serve the two clients in Cell 1 while AP2 remain silent. This way, for every

four MU-MIMO transmissions, each client in either cell receives the same number of
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streams and thus our optimization achieves energy-per-stream fairness.

5.5 Channel Analysis for Beamforming Weight Optimization

In this chapter, we analyze the channel knowledge requirement for an AP or a client to
optimize its transmit or receive beamforming weights. To calculate the beamforming
weights that enable the optimal antenna usage, an AP or client must have certain
channel knowledge based on which it cancels the intra-cell and inter-cell interference
using the beamforming techniques presented in Chapter 2. In the following, we first
study the two-cell example in Chapter 5.3.1 in order to simplify the analysis and
obtain insightful findings, and then extend our analysis to a MU-MIMO network

with arbitrary number of cells.

5.5.1 Illustrative Example

We reuse the example in Figure 5.1 to study the channel knowledge each AP and
client requires to compute its optimal beamforming weights. We use H;_,; (h;_,;) to
denote the channel matrix (vector) from AP i to client j, and w;, v; to denote the
AP’s transmit beamforming weight vector for client j, and the receive beamforming
weight vector of client j, respectively.

Channel knowledge for AP1. AP1 uses its two antennas to send a stream
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to Client]l and cancel the inter-cell interference to Client4. To do this, w; must be
orthogonal to h;_4, i.e., wi=hi ., where “1” represents the null space of a vector.
As a result, AP1 only needs the knowledge of h;_,4.

Channel knowledge for AP2. AP2 performs zero-forcing beamforming to
simultaneously send streams to Client3 and Client4 without cancelling the inter-cell
interference. To do this, AP2 only needs the knowledge of Hy ,3vs and hy_,4. Note
that Hy_,3v3 is the virtual channel of Client3 (see Chapter 1): it combines the physical
channel matrix from AP2 to Client3 (Hs_,3) and the determined beamforming weight
vector of Client3 (v3) as a single channel vector (Hy_,3v3). Compared to a physical
channel matrix, a virtual channel vector is much more efficient for a client to report
since it needs fewer bits to be represented [78]. To cancel the intra-cell interference
with zero-forcing beamforming, the knowledge of such virtual channels is enough for
AP2 which sets wy=(H,_,3v3)* and wz=h; ,.

Channel knowledge for Clientl. Client1 uses its three antennas to receive its
stream from AP1 and cancel the inter-cell interference from AP2. Since AP2 sends
two streams to Client3 and Client4, Client1 needs to cancel both of them. To do this,
Client1 simply cancels the signals sent from the two physical antennas at AP2. In
other words, vy is chosen as vi=Hj ., where “1” here refers to the joint null space of

all the rows of the matrix. Consequently, the required channel knowledge for Client1
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is restricted to its own channels from AP2, Hy_,;.

Channel knowledge for Client3. Unlike Client4 who has a single antenna and
needs not cancel the inter-cell interference, Client3 uses its two antennas to receive
its stream from AP2 and cancel the inter-cell interference from AP1. Therefore,
vy must be orthogonal to the signal vector from AP1, i.e., vs=(w;H;_,3)*, which
suggests Client3 needs wy to calculate v3. However, observe that wi=hj ., so that

the required channel knowledge for Client3 actually becomes h;_,4 and its own channel

from AP1, H,_5.

5.5.2 Network of Two Cells

Motivated by the findings from the illustrate example, we next analyze the chan-
nel knowledge requirement of the beamforming weight optimization for a two-cell
MU-MIMO network with arbitrary configuration. In particular, we prove three key
theorems regarding such requirement summarized as follows: to calculate the optimal
beamforming weights based on the optimal antenna usage, an AP or a client only needs
the channel knowledge owned by a particular set of clients in the network. With this
requirement, we can not only reduce the cell coordination effort, but also guarantee
the optimality of the computed beamforming weights. We next elaborate the three

theorems:
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Theorem 5.1
To calculate the optimal beamforming weights, an AP only needs the channel knowl-
edge owned by the clients it serves, and the clinets it interferes with holding the

interference cancellation responsibility.

Theorem 5.2
To calculate the optimal beamforming weights, a client only needs the channel knowl-

edge owned by certain clients in the same cell.

Theorem 5.3
For clients in the same cell, there exists a proper order of them with which each client
can calculate the optimal beamforming weights solely based on the channel knowledge

owned by clients ranked before it.

To prove these theorems, let us consider a two-cell network after performing an-
tenna usage optimization. In the network, AP1 having N antennas serves N-K
clients, and AP2 having M antennas serves M-J clients (see Chapter 5.3.2). Recall
that the optimal use of an AP antenna is to either deliver a stream to a served client,
or cancel the inter-cell interference to a client the AP interferes with. As a result,

we can partition the antennas on AP1 into two sets: N-K antennas used to serve
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N-K clients in Cell 1, and K antennas used to cancel the interference to K clients
in Cell 2. We can apply similar antenna partitioning to AP2. Afterwards, we can
also partition the clients in each cell according to their responsibility of cancelling the
inter-cell interference. In Cell 1 and Cell 2, J and K clients rely on AP2 and AP1 to
cancel the inter-cell interference, while the rest N-K-J and M-J-K clients use their
own antennas to cancel the interference, respectively.

Proof of Theorem 5.1. We use AP1 for the proof of Theorem 5.1. To serve
the N-K clients in Cell 1 and cancel the interference to the K clients in Cell 2,
AP1 only needs to know the channels from itself to these clients. The channels
from AP2 to theses clients are not needed since AP1 is not involved in the inter-cell
interference from AP2. The channels from AP1 to the M-J-K clients in Cell 2 are
also unnecessary, since these clients use their own antennas to cancel the interference.

Proof of Theorem 5.2 and Theorem 5.3. We use clients in Cell 1 for the proof
of Theorem 5.2 and 5.3. First, the J clients do not need any channel knowledge owned
by other clients to optimize its beamforming weights. This is because their antennas
do not contribute to inter-cell interference cancellation. Instead, they can be used to
improve the client SNR by employing MRC based on their own channels H;_,;. We
call these J clients the MRC' clients. Second, the N-K-J clients need certain channel

knowledge owned by other clients to cancel the interference from AP2. To do this,
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they perform interference alignment toward the channels of the other J clients, so

that

span(Hy— vy, -+, Hyyyvy) =

span(Hao, j41vygr, -+ s Hosne gk VN_K). (5.10)

Through interference alignment, the virtual channels of the N-K-J clients, which we
call the IA clients, are aligned to the channels of the MRC clients. When there are
no MRC clients, the TA clients simply cancel the interference from the M physical
antennas on AP2. When AP2 cancels the interference to the J MRC clients, the signal
vector must be perpendicular to span(Hy ,1vy, -+, Hyo,yv), which meanwhile does
not creates interference to the N-K-J IA clients. Clearly, the IA clients only need the
knowledge of the virtual channels, Hy_,;v;, from the MRC clients, and the optimal
client order is given by ranking the MRC clients before the TA clients. The relative

order between the MRC clients or between the TA clients does not have an impact.

5.5.3 Network of More than Two Cells

The above three theorems hold true for a MU-MIMO network with more than two
cells, which we briefly explain as follows. First, Theorem 5.1 is self-explanatory

given its proof for the two-cell network. Second, for Theorem 5.2, observe that for a
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given interfering AP, the process of partitioning the clients into MRC clients and IA
clients is still feasible. Then, a client only needs the channel knowledge from those
that are identified as MRC clients while the client itself is identified as an IA client.
Apparently such channel knowledge is restricted to the client’s own cell. For Theorem
5.3, the best client order is decided by the number of antennas the client carries in
an increasing manner. This is because an IA client always has more antennas than
a MRC client does. Then, after sorting all clients in a cell based on their number
of antennas, a client only needs the channel knowledge from clients that are ranked

before it.

5.5.4 Practical Implications

The analysis on the channel knowledge requirement tells us that the beamforming
weight optimization for an AP or a client can be potentially performed in a distributed
way due to reduced cell coordination. Theorem 5.1 indicates that an AP does not
need the channel knowledge owned by all clients, and does not need to share its
channel knowledge with other APs. Theorem 5.2 suggests that a client does not need
to acquire any channel knowledge from clients in other cells. Theorem 5.3 implies
that even in a single cell, a client only needs the channel knowledge from a particular

set of clients.
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Chapter 6

The Design of MACCO

In this chapter, we discuss how to realize the client beamforming optimization pre-
sented in Chapter 4 in a single 802.11ac cell.

The successive beamforming optimization requires a client to have the channel
knowledge of others. However, in 802.11ac networks, obtaining channel knowledge
is difficult for clients since the channel sounding process is intended to provide the
channel knowledge to the AP. As we argued in Chapter 2, to enable centralized beam-
forming weight optimization in 802.11ac networks, the 802.11ac protocol has to be
radically modified to allow the AP to optimize the beamforming weight vectors for the
clients, and explicitly deliver the optimization results to the clients. Such centralized
optimization incurs considerable overhead to the 802.11ac channel sounding process
and is therefore prohibitively expensive. The central question we seek to answer in
this chapter is: for a single 802.11ac cell, how do we practically achieve successive
client beamforming optimization with negligible overhead?

To answer this question, we present an 802.11ac-based protocol called MACCO.

The key idea in MACCO is to leverage the channel sounding process in 802.11ac to let
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a client optimize its beamforming weight and improve the channel orthogonality in a
distributed way. To realize this idea, MACCO features two designs: local beamforming

optimization and implicit channel acquisition.

6.1 Local Beamforming Optimization

MACCO allows a client to locally optimize its beamforming weights and report the
corresponding virtual channel to the AP. According to Chapter 1, with receive beam-
forming, a client can leverage the physical channel vectors between the AP and itself
to create a virtual channel vector. In the channel sounding process of 802.11ac, the
AP asks the clients to explicitly report the estimated channels from the AP to them
(see Chapter 2.2). If the receive beamforming weight vectors of the clients are de-
termined, the AP can perform transmit beamforming simply based on the virtual
channels of the clients. MACCO leverages this to let a client report a virtual chan-
nel created by received beamforming instead of the physical channels. According to
Chapter 1, the signal after the client’s beamforming is a weighted combination of the
signal received at each client antenna, whereas the weights constitute the beamform-
ing weight vector. The resultant combined signal can be considered as being received
at one single virtual antenna at the client. Therefore, the channel vector from the

antennas on the AP to the virtual antenna on the client, i.e., the virtual channel, is a
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combination of the client’s physical channel vectors and beamforming weight vector.
By reporting the virtual channel, the client hides from the AP how to use its antennas
for receive beamforming.

It is natural to ask: what are the benefits of such distributed beamforming opti-
mization performed by the clients locally? Notably, an alternative design achieving
the same objective is a centralized optimization where every client reports its physi-
cal channels to the AP, the AP optimizes the beamforming weight vectors for all the
clients, and sends them back to the clients. However, such centralized optimization
has two practical limitations.

First, the centralized optimization requires the clients to report more channel
information to the AP compared to our distributed optimization , and the AP to
deliver the optimized beamforming weight vectors to the clients, both of which con-
sume additional channel air time as overhead. In contrast, MACCO clients only need
to report their virtual channels and the AP does not need to deliver the optimiza-
tion results at all. Observe that the physical channels consist of multiple vectors
that correspond to the client antennas. The virtual channel, on the other hand, is
a single vector irrespective of the number of client antennas. Therefore, reporting
the physical channels would amplify the overhead from BF-R frames which is already

substantial [57]. When the client uses N antennas for beamforming, the size of the
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BF-R frame is N times larger. Moreover, the AP must send a frame to each client
to deliver the optimized beamforming weight vector. Such process is also known as
“feedforward” [56]. Similar to the feedback from clients, feedforward is expensive in
802.11ac networks since the frame must be sent at base rate (6 Mbps) for reliability.
Adding a feedforward frame from the AP to each client can aggregately double the
duration of the 802.11ac channel sounding process. It is important to note that the
AP cannot “implicitly” deliver the beamforming weight vectors to the clients with-
out using feedforward frames. A naive but incorrect design would let the AP encode
the data frames in a way that allows each client to infer the optimal beamforming
weight vector using maximum ratio combining. However, the client cannot correctly
combine the signals for the data frame that is subject to intra-cell interference; to
remove the interference, the client must know the optimal beamforming weight vector
beforehand.

Second, the centralized optimization requires modification to the 802.11lac AP,
i.e., the AP must optimize each client’s beamforming weight vector and feedforward
the optimization results to the clients. MACCO, on the contrary, works with unmod-
ified 802.11ac APs employing zero-forcing beamforming and 802.11ac clients. The
compatibility with unmodified 802.11ac APs and clients is an important benefit of

MACCO that allows rapid, incremental deployment of MACCO clients in current and
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future 802.11ac networks.

6.2 Implicit Channel Acquisition

MACCO allows a client to acquire other clients’ optimized virtual channels through
overhearing the BF-R frames of the latter. As we show in Chapter 4.1, poor channel
orthogonality is the major factor that degrades the client SNR and achievable rate of
MU-MIMO, which the client cannot improve without knowing the channels of other
clients. Fortunately, during the channel sounding process of 802.11ac, a client can
overhear the BF-R frames from other clients that reported their channels at an earlier
time. Such BF-R frames contain the optimized virtual channel of the client. Since the
wireless medium is shared by all clients, and the BF-R frame with a known format
is not encrypted, a client can easily decode the BF-R frame from other clients and
acquire the virtual channel in it. Such channel acquisition is considered “free” for
the MACCO client to obtain, since the BF-R frame is mandated by 802.11ac and
originally intended for the AP. With the virtual channel knowledge of other clients, a
client can better optimize its beamforming weight vector aiming at a much improved
channel orthogonality.

It is noticed that such overhearing in MACCO only offers partial virtual chan-

nel knowledge to each client, since the client must optimize its beamforming weight
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vector right before it reports the virtual channel. Nevertheless, such partial channel
knowledge is sufficient to significantly improve the rate scalability of a MU-MIMO
cell as we show in Chapter 6.3. We acknowledge that having full channel knowledge
by each client may provide further improvement to the achievable rate of the cell.
However, to the best of our knowledge, how to jointly optimize the beamforming
weights of all clients with full channel knowledge remains an challenging and open

problem, even for theoretical investigation.

6.3 Evaluation

In this chapter we evaluate MACCO with both experiments and simulations.

6.3.1 WARP Implementation

We implement MACCO on WARP [58], a flexible FPGA-based software-defined radio
(SDR) platform. Our implementation is based on WARPLab [79], but incorporates
extensive modifications. WARPLab is a framework that combines the advantages of
FPGA and MATLAB to enable rapid physical layer prototyping that allows coor-
dination of multiple boards. The extensible framework provides great flexibility to
develop physical layer techniques, which is perfectly suitable for MU-MIMO designs.

In WARPLab, one or more boards as APs or clients are connected to and controlled by
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a central computer running MATLAB, through gigabytes Ethernet cables. Baseband
processing can be flexibly implemented in either hardware (FPGA on the WARP
boards) or software (MATLAB on the central computer).

Given the WARPLab framework, we solve two challenges to implement MACCO.

Realtime vs. flexibility. The first challenge is to balance the realtime capability
and flexibility of our implementation. On one hand, to make it fully real-time, we
have to completely realize MACCO in hardware, which is prohibitively complex and
inflexible. On the other hand, realizing all processing in software is simpler and more
flexible, but incurs significant communication round-trip time (RTT) between the
central computer and the WARP boards, since they need to exchange raw baseband
samples.

To achieve a good tradeoff between realtime capability and implementation flexi-
bility, we realize standard MU-MIMO processing including CSI estimation and beam-
forming in hardware, and the calculation of the transmit /receive beamforming weight
vector and virtual channel vector in software. This way, the relatively complex ma-
trix operations in MACCO can be easily accomplished in MATLAB, while hardware-
friendly MU-MIMO processing is pushed onto FPGA. The transfer between the cen-
tral computer and WARP boards is then reduced from raw baseband samples to the

calculated beamforming weight vectors and virtual channel vectors.
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Delay of over-the-air frames. The second challenge is the substantial delay of
sending a frame over the air. This is again due to the substantial communication RTT
between the central computer and the WARP boards. Even though we have largely
reduced the volume of such transfer by realizing MU-MIMO processing on the WARP
boards, the constant latency of forming the Ethernet packet in MATLAB, polling the
Ethernet interface on the WARP board, and fetching the transferred samples into the
WARP board buffer is still too long to satisfy the timing constraints of 802.11ac [1].
Our measurement shows that when a client receives the BF-P frame from the AP,
it usually takes a few milliseconds for the client to respond with the BF-R frame.
The aggregated delay from multiple BF-P and BF-R frames will make the channel
sounding process much longer, rendering an potentially outdated wireless channel.

To tackle this, we emulate the channel reporting and overhearing in the sounding
process of MACCO: when all client boards receive the NDP frame sent by the AP
board over the air, they simply transfer the estimated physical channels to the central
computer via Ethernet, and then the central computer emulates the BF-P and BF-R
frames assuming proper channel knowledge for the AP and client boards. After the
central computer calculates the transmit and receive beamforming weight vectors, it
sends them back to the AP and client boards, and then the AP board starts the

MU-MIMO transmission. We claim that such emulation does not lose authenticity
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due to two reasons. First, since the 802.11ac channel sounding is explicit, when a
frame is successfully decoded, it correctly delivers the channel information. Second,
802.11ac considers the BF-P and BF-R frames as control frames and requires them
to be sent with base rate (6 Mbps). Therefore, the likelihood of being not able to
decode them by a client is fairly small. Emulating the BF-P and BF-R frames can
greatly reduce the duration of the channel sounding process, allowing us to involve

more (up to K=8) clients in the experiment.

Measurement Setup

We deploy a single MU-MIMO cell including one AP with eight antennas and up
to eight clients. The deployment is within a lab room in a campus building shown
in Figure 6.1. To conduct multiple groups of experiments to average out the per-
formance, we change the locations of the AP and clients to create different wireless
channels between them. We conduct the experiments at nighttime, on a clean Wi-Fi
channel (# 14) to make sure the clients are not subject to external interference. We
measure the client SNR and INR to calculate the achievable rate of each client and

that of the cell.
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Figure 6.1 : Our experimental setup in a lab room for the evaluation of MACCO. An
AP with eight antennas simultaneously serves up to eight MACCO clients each with

four antennas.
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6.3.2 Results

We next report our evaluation results. We evaluate the effectiveness of MACCO to
improve the rate scalability of a MU-MIMO cell, and investigate the impact of various
parameters such as the number of clients K, the number of AP antennas M, and the
number of client antennas V.

We compare MACCO to the following alternative approaches: (i) Omni in which
a client has a single antenna; (i) Antenna Selection (AntSel) in which a client picks
the antenna with the best physical channel; (i) Mazimum ratio combining (MRC)
in which a client optimizes its beamforming weight vector to maximize its SNR based
on its own physical channels; (i) Clustered MRC' in which the clients employ MRC
but the AP only serves the best set of clients as a cluster at a time and schedules
clusters in a TDMA fashion. There are two notes regarding the above alternative
approaches for comparison. First, in our evaluation we approximate the achievable
rate of clustered MRC, ignoring the overhead of clustering and scheduling the clients
by the AP. In practice, serving more than one clusters of clients in a TDMA fashion
requires extra control frames such as the NDP-A and NDP frames in the channel
sounding process. Second, AntSel, MRC and Clustered MRC do not seek to lever-
age the channel knowledge of other clients to optimize the client beamforming, and

thus cannot improve the channel orthogonality. However, the comparison between
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Figure 6.2 : Achievable rate for Omni, AntSel, MRC, Clustered MRC and MACCO
as function of the number of clients, K, with M =8 antennas on the AP and low
client SNR. MACCO achieves better rate scalability compared to others.

MACCO and these approaches is fair, since MACCO allows a client to acquire chan-

nel knowledge in an overhead-free manner, by overhearing the BF-R frames that are

necessary in the 802.11ac channel sounding and destined to the AP.

Rate Scalability Improvement

To see how MACCO makes the achievable rate of a MU-MIMO cell more scalable
to the number of clients, Figure 6.2, 6.3 and 6.4 show the achievable rate of a MU-
MIMO cell where the AP employs M=8 antennas and serves K=1,2,--- .8 clients.
We purposely choose three regimes with low, medium, and high average SNR at the

clients, by adjusting the transmit power from the AP. The average SNR with respect
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Figure 6.3 : Achievable rate for Omni, AntSel, MRC, Clustered MRC and MACCO
as function of the number of clients, K, with M =8 antennas on the AP and medium
client SNR. MACCO achieves better rate scalability compared to others.
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Figure 6.4 : Achievable rate for Omni, AntSel, MRC, Clustered MRC and MACCO
as function of the number of clients, K, with M =8 antennas on the AP and high
client SNR. MACCO achieves better rate scalability compared to others.
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to a single client antenna is 1.47 dB, 11.02 dB, and 19.43 dB for the low, medium,
and high SNR regimes, respectively. We obtain the following important observations

from the figures.

e With Omni, AntSel and MRC, the achievable rate of the cell starts to drop as
K approaches M. This is due to significantly reduced client SNR from ZFBF

as we explained in Chapter 2.

e When the client employs AntSel instead of Omni, multiple antennas provide
trivial rate improvement. This is because AntSel only offers antenna diversity
gain, which is quite limited due to the physical proximity of the antennas on a

single client.

e MRC achieves higher rate than AntSel does, since MRC allows the client to

pick the best eigen channel instead of the best physical channel.

e Clustered MRC achieves similar rate as MRC does, but prevents the rate from
dropping as K approaches M. This is because the AP stops adding more clients

to serve as the rate starts to decrease due to client SNR reduction.

e MACCO outperforms alternative approaches by more effectively using the mul-

tiple client antennas based on the overheard channels. It works most effectively
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Figure 6.5 : (Simulated) rate achieved by MACCO and alternative approaches for
large-scale MU-MIMO cells where M=K =16.

when K approaches M, making the achievable rate of the cell near-proportional

to the number of clients.

e MACCO provides most rate improvement in the low SNR regime, where the
rate near-linearly grows with SNR. This means MACCO is beneficial to clients

that are on the edge of the cell.

Larger-scale MU-MIMO cells beyond 802.11ac. To investigate the effec-
tiveness of MACCO beyond current 802.11ac that supports up to 8 AP antennas, we
seek to evaluate it in MU-MIMO cells of even larger scale, e.g., with 16 and 32 AP an-
tennas and clients. Unfortunately, we find it very difficult to perform experiments of

such scale. While it is possible to build an AP with many antennas [6], it is hardly fea-
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Figure 6.6 : (Simulated) rate achieved by MACCO and alternative approaches for
large-scale MU-MIMO cells where M=K =32.
sible to properly deploy many multi-antenna clients since they need to be distributed
and connected to the central computer using Ethernet cables. Therefore, we rely on
simulation based on synthetic channels to evaluate the effectiveness of MACCO in
large-scale MU-MIMO cells. We adopt the 802.11n/ac MIMO channel model based
on the Ricean K factor [80] to generate MU-MIMO channel traces, assuming an i.i.d.
MIMO channel from the AP to each client. To mimic a realistic indoor environment,
in the model we choose the Ricean factor K as 10 which offers the MIMO channel
both line-of-sight (LOS) and non-line-of-sight (NLOS) components.

Figure 6.5 and Figure 6.6 show the rate achieved by MACCO and alternative ap-

proaches under synthetic channels for the large-scale MU-MIMO cell. We first observe
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that MACCO is still able to considerably improve the rate scalability. However, the
rate sub-linearity of MACCO becomes more obvious as K approaches M. The key
reason is that as more clients are served, it becomes harder to improve the orthog-
onality between a greater number of channels. In fact, the rate scalability issue we
tackle is intrinsically determined by the physical channel vectors of the clients. Even
though MACCO improves the channel orthogonality, the resultant virtual channel
can still suffer from certain SNR loss. Even with multiple client antennas, it is very
hard to achieve proportionally increased rate of the cell especially for large K and M.
Theoretically, MACCO is able to achieve perfect rate scalability only if each client is
equipped with a very large number of antennas [5], which is apparently impractical.
As a result, the key objective of MACCO is to maximize the benefit from the limited
number of antennas on mobile clients to improve the achievable rate of the MU-MIMO
cell, in an effective and practical way. Also note that when there are a large number
of clients, the channel sounding process in 802.11ac becomes prohibitively expensive
since its duration is proportional to the number of clients. We therefore suspect that
large-scale MU-MIMO cells will adopt alternative channel estimation schemes that
let the AP acquire channels implicitly [6]. MU-MIMO cells with implicit channel
estimation require a radically different approach to solve the rate scalability problem,

which is out of the scope of this thesis.
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Figure 6.8 : Rate achieved by AntSel, MRC, and MACCO with different number of
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The Impact of Antenna Numbers

We next study the impact of two important parameters on the effectiveness of MACCO:
the number of AP antennas, and the number of client antennas.

Number of AP antennas. We first study the capacity gain from MACCO
compared to Omni and MRC with different number of antennas on the AP (M),
as shown in Figure 6.7. To investigate the full potential of MACCO, we assume a
congested cell where K=M. It is seen that as M and K increases, the MU-MIMO
cell enjoys more rate improvement from MACCO. This is because the rate scalability
issue becomes more problematic as the AP is able to serve more clients. Moreover,
the achievable rate improvement by MACCO compared to MRC is more obvious, due
to the fact that MRC becomes less effective with more clients, without improving the
channel orthogonality between them.

Number of client antennas. We then study how the number of antennas on
the clients, IV, affects the rate improvement from MACCO. We use M=K=8 as an
example case, and show the results in Figure 6.8. One can see that with more client
antennas, MACCO, MRC and AntSel can all achieve higher rate of the cell. However,
the improvement from MRC and AntSel are very limited; on the contrary, MACCO
is more capable of increasing the rate from more client antennas. This is because

MACCO can more effectively leverage the precious degrees of freedom provided by
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the client antennas, by using them to improve the channel orthogonality.

Client Order does Not Matter

In this chapter we show that the client reporting order does not affect the performance
of MACCO. When the MACCO clients successively send their BF-R frames, they
acquire different amount of channel knowledge through overhearing. It is natural
to hypothesize that the rate improvement from MACCO is dependent on the client
reporting order. To see this, we perform simulation based on synthetic channels used
Chapter 6.3.2, with up to M=K=16. However, our simulation results show that
such client order has a negligible impact on the achievable rate of the cell (3.4%
and 8% rate drop for the average and worst case) even when the clients have very
different SNR (up to 30 dB). We argue that this is because the client with more
channel knowledge does not necessarily enjoy more rate improvement. While this
may sound counter-intuitive, our key insight is that MACCO increases the cell rate
mainly by improving the channel orthogonality. Better channel orthogonality can
usually lead to an improved rate for all involved clients while the client with the
most channel knowledge does not necessarily enjoy the most improvement. In other
words, the effectiveness of MACCO is toward the entire MU-MIMO cell instead of

any individual client.
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6.4 Rate and Energy Efficiency Tradeoff

The local beamforming optimization in MACCO allows the client to explore an in-
teresting tradeoff between its achievable rate and energy efficiency. That is, the
rate improvement from MACCO depends on two factors: (i) the knowledge of other
clients’ virtual channels, and (77) the number of antennas for receive beamforming.
First, knowing more channels allows the client to optimize its own virtual channel
to produce better channel orthogonality, since the client can more precisely predict
which direction the AP will project its data signals onto. Note, it does not contradict
with our conclusion in Chapter 6.3.2: while MACCO does not provide higher gain to
clients that report their virtual channels at a later time, for a particular client the
number of overheard virtual channels does affect the channel orthogonality improve-
ment. Second, more antennas provide the client more flexibility to adjust its virtual
channel. They meanwhile offer an increased SNR gain from maximum ratio combin-
ing. However, both factors incur extra energy consumption. To overhear the channel
knowledge from other clients, a client must keep its radio transceiver on to capture
and decode the BF-R frame. To use more antennas, the client has to turn on more
RF chains of the transceiver. Therefore, in MACCO a client has the opportunity to
adaptively acquire channel knowledge from peer clients and use a subset of antennas

based on its rate requirement and energy budget. Such achievable rate and energy
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tradeoff has been explored by the authors in [51,81,82] for clients in single-user MIMO
networks, by adapting the number of antennas only. We believe that by allowing the
client to adaptively overhear the channel knowledge, MACCO makes such rate and

energy efficiency tradeoff even more interesting.
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Chapter 7

The Design of CoaCa

In this chapter, we focus on the rate scalability problem in multiple MU-MIMO cells.
We discuss how to realize the two-step optimization presented in Chapter 5 in an
802.11ac-based MU-MIMO network with multiple cells. In particular, we present
CoaCa, a protocol that seamlessly integrates both the antenna usage optimization
(Chapter 5.3) and the beamforming weight optimization (Chapter 5.5) into 802.11ac.
CoaCa includes two key designs to achieve coordinated inter-cell interference cancel-
lation, namely interleaved channel sounding and channel reporting and overhearing.
With these two designs, each AP and client can locally perform the two-step opti-

mization in a distributed but coordinated way.

7.1 Interleaved Channel Sounding

To provide the APs and clients with necessary information to optimize their antenna
usage, CoaCa features interleaved channel sounding, in which the key idea is to let
the APs in all cells send their NDP-A and NDP frame sequentially one after another,

before each AP polls its served clients. The NDP-A frame can contain the information
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Figure 7.1 : Timeline of CoaCa where two APs concurrently serve their clients. To
provide each AP and client the necessary information to optimize its antenna usage,
an AP starts polling its clients with the optimal order only after all the APs have
transmitted their NDP-A and NDP frames. To optimize its beamforming weights
based on the optimal antenna usage, a client overhears the reported virtual channels
from other clients in the same cell that report before it.
about the number of antennas on the AP and that on the clients the AP plans to
serve. With interleaved channel sounding, an AP can broadcast such information
to the entire MU-MIMO network, and all APs and clients can use the information
to optimize their antenna usage with the same algorithm provided in Chapter 5.3
in a coordinated way. Moreover, the NDP frames allow the TA clients to estimate
their physical channel matrix from the interfering APs, which is necessary to optimize
their beamforming weights together with the overheard channel vectors from the MRC
clients (see Chapter 7.2).

We illustrate the timeline of interleaved channel sounding in Figure 7.1 using the

example in Figure 5.1. In the channel sounding process of 802.11ac, after an AP,

say AP1, sends the NDP-A and NDP frame, the first served client, say Client1, will
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immediately respond with the BF-R frame after SIF'S time. In the interleaved channel
sounding of CoaCa unlike 802.11ac, no client in Cell 1 is allowed to immediately
respond; instead, AP2 sends its NDP-A and NDP frame SIFS time after AP1 sends
its NDP frame. Only after both AP1 and AP2 send their NDP-A and NDP frame,
each of them sequentially polls their clients with a BF-P frame and their clients
respond with their BF-R frames in the same order.

Viability. The interleaved channel sounding ensures correct behaviour of the
involved APs and their served clients. To make sure the channel sounding from
multiple APs are interleaved, an AP must be able to send its NDP-A and BF-P
frame at the proper time with guaranteed medium access. In addition, the APs
must sound their channels in a pre-determined order without collision. For example,
according to Figure 7.1, AP2 must (i) send its NDP-A frame immediately after AP1
sends its NDP frame, and (44) poll its clients only after Clientl sends its BF-R frame.
CoaCa uses two techniques to ensure this coordinated behaviour, which we discuss
based on Figure 7.1. First, CoaCa adopts CHAIN, a technique proposed in [83]. The
key idea in CHAIN is that AP2 piggybacks its NDP-A or BF-P frame SIF'S time after
the ongoing frame from AP1 or Clientl finishes; this gives AP2 prioritized medium
access since other 802.11 nodes must wait for at least DIF'S time to contend for the

medium. To determine their relative channel sounding order, AP1 and AP2 only need
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to coordinate once to initiate the transmissions in CHAIN. Second, to avoid collision
between AP2 and Client1 who might also send its BF-R frame after SIF'S time, CoaCa
refrains Client1l from immediately responding. CoaCa achieves this by having AP1
specify a “fake” client with an invalid MAC address as the first responding client in
the NDP-A frame. This way, all clients in Cell 1 yield to AP2.

Interoperability. CoaCa APs and clients can interoperate with unmodified
802.11ac clients. The key reason is that in the proposed interleaved channel sounding
a CoaCa client still passively responds to the BF-P frame from its AP, similar to an
unmodified 802.11ac client. In addition, CoaCa concatenates the number of antennas
information (2 bytes) to the NDP-A frame and modifies its duration field, to ensure
the frame can be decoded even by an unmodified 802.11ac client.

Overhead. The interleaved channel sounding introduces negligible overhead com-
pared to 802.11ac. First, observe that the interleaved channel sounding requires each
AP to send an extra BF-P frame to poll the first served client. Such overhead is not
only negligible but also justified since (i) the BF-P frame is much shorter than the
NDP-A and BF-R frame that constitute the major portion of channel sounding, and
(7i) the extra BF-P frame eliminates the necessity for the first client to initiate the
transmissions in CHAIN, which would otherwise require the client to overhear clients

in other cells and negate the reduction of cell coordination in CoaCa’Second, the
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BF-R frame may have to contain the estimated channels from not only the associated
AP but also the interfering APs. Such extra channel information seemingly increases
the size of the BF-R frame in a proportional manner. However, due to the use of
virtual channels (see Chapter 7.2), such extra channel information can be more than
compensated by the proportionally reduced information in each estimated channel,

once the client is equipped with multiple antennas.

7.2 Channel Reporting and Overhearing

To provide the APs and clients with required channel knowledge to optimize their
beamforming weights, similarly to the technique proposed in 6, in CoaCa a client
reports the necessary virtual channels in the BF-R frame and overhears other clients’
BF-R frames for their virtual channels, as illustrated in Figure 7.1. First, reporting
the virtual channel H;_,;v; instead of the physical channel H;_,; can proportionally
reduce the size of the BF-R frame which is known to incur substantial overhead
[57,67] to the channel sounding process of 802.11ac. This is because the virtual
channel is a vector while the physical channel is a matrix that needs many more
bits to encode when the client has multiple antennas. Reducing the size of the BF-

R frame is especially beneficial for the MRC clients who must report the channels

to not only its associated AP but also the interfering APs holding the interference
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cancellation responsibility (see Theorem 5.1). Such extra channel information as
additional overhead can be more than compensated by the reduced size of the BF-R
frame when the client has multiple antennas. Second, since the BF-R frame explicitly
contains the virtual channels, a client that overhears the BF-R frame can easily
acquire such knowledge by decoding the frame. The channel knowledge is guaranteed
to be accurate once the BF-R frame is successfully decoded.

Decodability. An AP or a client is able to decode the overheard BF-R frames
with high probability, given the following two observations. First, Theorem 5.1 and
Theorem 5.2 indicate that an AP only needs to overhear the BF-R frames from the
MRC clients it interferes with, and a client only needs to overhear the BF-R frames
from the MRC clients in the same cell. This significantly reduces the likelihood that
an AP or a client is too distant from the client it seeks to overhear. Second, the
BF-R frame is considered a control frame and commonly sent at base rate (6 Mbps)
in order to improve reliability [1]. This in turn extends its transmission range and
reduces the possibility of frame decoding failure.

Sufficiency. Reporting and overhearing the virtual channels can provide the APs
and clients just enough channel knowledge. First, according to Chapter 5.5.2, the
virtual channel is sufficient for the APs to perform interference cancellation, and for

the TA clients to perform interference alignment. Second, the AP can poll its clients
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with the optimal order to make sure a client has acquired enough virtual channels
before it determines the optimal beamforming weights and reports its own virtual
channel. This is because Theorem 5.3 indicates that if the clients in each cell send
their BF-R frames following the optimal order, each client only needs the channel

knowledge owned by clients ranked before it.

7.3 Cell Clustering

In this chapter, we address the scalability issue of CoaCa toward the number of cells
in the MU-MIMO network. In particular, the following reasons make it hard to
apply CoaCa to a large-scale network with more than a few cells. First and most
importantly, the number of required antennas on the APs and clients to appreciate
the multiplexing gain improvement from CoaCa significantly increases with more
cells. Given that each AP and each client usually cannot afford more than eight and
more than four antennas respectively, CoaCa cannot provide obvious achievable rate
improvement when the network includes more than three cells. Second, as revealed
in Chapter 5.3.3, the complexity of the recursive algorithm to identify the optimal
antenna usage exponentially increases with the number of cells. Third, the duration
of the interleaved channel sounding scales up proportionally to the number of cells,

which may lead to having outdated estimated channels. Finally, to receive the NDP-
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A frames and enable CHAIN, an AP must be in the overhearing range of all other
APs, which becomes much more challenging with more cells.

We rely on a cell clustering technique to tackle the scalability issue of CoaCa. That
is, we group all cells in the MU-MIMO network into clusters such that within each
cluster there are up to three cells. Then, we apply CoaCa to each cluster, and employ
standard CSMA/CA for the medium access between clusters. We are motivated by
two reasons to allow up to three cells in each cluster. First, cell clustering with such
scale does not reduce the effectiveness of CoaCa. As mentioned earlier, when an AP
has no more than eight antennas and a client has no more than four antennas, to
maximize the number of streams CoaCa usually does not need to allow more than
three APs to concurrently transmit to their clients. Therefore, even if the MU-MIMO
network included more than three cells, they would not lead to higher multiplexing
gain. Notably, CoaCa seeks to most effectively leverage the available antennas from
each AP and client in the network, by letting them coordinately cancel the inter-
cell interference in a distributed way. Yet, it is incapable of going beyond such
number of antenna constraint. To further increase the number of streams in the
network, one must employ centralized solutions such as Network-MIMO [8-10] to
convert interference into signals. Second, cell clustering with up to three APs can

greatly simplify the operation of CHAIN in situations where only a subset of APs in
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a cluster intend to serve their clients. That is, in CHAIN, to ensure correct medium
access the AP without packets to its clients may have to send an intermediate frame
that triggers the NDP-A frame from the AP following it. With up to three APs in
a cluster, this can be replaced by a much simpler design where the second and third
AP use SIFS (16 ps) and PIFS (25 us) in CHAIN to guarantee their relative priority,
without having to send the triggering frame by the second AP.
Determining the included cells in a cluster can be accomplished by a cluster for-
mation algorithm, which is outside of the scope of this work. We believe existing
approaches based on assigning a master AP for managing each cluster, e.g., the one

proposed by [76], can be adopted by CoaCa with appropriate adaptation.

7.4 Experimental Evaluation

Finally we experimentally evaluate the performance of CoaCa in real-world indoor

environments.

7.4.1 WARP-based Implementation

Similar to MACCO, we implement CoaCa on WARP [58]. We again choose WARPLab
[79] for our implementation and evaluation of CoaCa but extensively modify it to im-

prove its real-time capability.
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Since the baseband processing occurs in MATLAB, we cannot implement the
802.11ac MAC satisfying the timing constraint. Therefore, our evaluation of CoaCa
focuses on its PHY, i.e., the improvement of the achievable rate of the network from
the increased multiplexing gain achieved by antenna usage optimization and beam-
forming weight optimization. Similar to the implementation of MACCO, we move the
process of client polling, virtual channel reporting and overhearing in the interleaved
channel sounding into emulation. That is, after each AP sequentially sends its NDP-
A and NDP frame that allows the clients to estimate their channels, we emulate the
BF-P and BF-R frames on the central computer. To do this, we assume each AP and
client possesses the same knowledge of the reported and overheard virtual channels,
as if they were obtained from actual BF-R frames over the air. Note that such em-
ulation is close-to-reality since the BF-R frame delivers the channel knowledge in an
explicit and reliable way. Then, based on the channel knowledge, the APs and clients
calculate their optimal beamforming weights, with which they coordinately cancel the
inter-cell interference, and transmit and receive the data frames. We calculate the
achievable rate of the MU-MIMO network based on the measured signal-to-noise-and-
interference ratio (SINR) at each served client. While the actual throughput gain by
MU-MIMO is known to be reduced by the channel sounding overhead [57,67], we do

not incorporate such overhead into our evaluation since it equally exists in 802.11ac



102

according to Chapter 7.1.

7.4.2 Experimental Setup

In our experiments we construct a MU-MIMO network with two cells. We use each
WARP board to serve as either an 802.11ac AP or an 802.11ac client so that the
number of AP and client antennas is up to four. To evaluate the capability of CoaCa
to eliminate inter-cell interference, we deploy the APs and clients within a single
interference domain so that the capacity of each served client is interference instead
of noise limited. Our experiments are conducted in a three-floor campus building
that is representative of indoor environments. To make sure the interleaved channel
sounding does not exceed the channel coherence time, we run the experiments at
nighttime when we observe the wireless environment is static. To limit the interference
within our MU-MIMO network, we select a clean Wi-Fi channel (# 14) that does not

have any ongoing traffic.

7.4.3 Accuracy of Interference Cancellation and Interference Alignment

Since CoaCa relies on interference cancellation and interference alignment to elimi-
nate inter-cell interference, we first evaluate their accuracy on WARP under realistic
indoor wireless channels. Note that interference cancellation and alignment can be

inaccurate due to (i) errors in the estimated and overheard channels used to com-
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pute the beamforming weights, and (i7) channel noise and hardware imperfection
that distort the received signals. Toward this, we use three micro-benchmarks with
two or three nodes to study how much inter-cell interference between an AP and a
client can be eliminated. To evaluate interference cancellation by the AP, we assume
an AP having two to four antennas cancels the interference to a client via transmit
beamforming; to evaluate interference cancellation by the client, we assume a client
having two to four antennas cancels the interference from an interfering AP with
receive beamforming; to evaluate interference alignment by the client, we assume
an AP cancels the interference to one client via transmit beamforming, and another
client aligns its channel to that of the first client via receive beamforming. In each
micro-benchmark we assume the beamforming AP or client owns the necessary chan-
nel knowledge, which is obtained right before the node transmits or receives. For all
the experiments, we measure the original interference power and residual interference
power after cancellation or alignment to compute the interference reduction. Note
that we have properly scaled the transmit power from the AP to make sure the in-
terference power is always above the noise floor of the client even after cancellation.
This is to avoid underestimation of the effectiveness of interference cancellation and
alignment when the client becomes noise limited.

Figure 7.2, 7.3 and 7.4 show the interference reduction (dB) achieved by inter-
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Figure 7.2 : Interference reduction from interference cancellation by the AP. The
number of AP antennas does not have an obvious impact on the cancellation accuracy.
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Figure 7.3 : Interference reduction from interference cancellation by the client. The
number of client antennas does not have an obvious impact on the cancellation accu-
racy.
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Figure 7.4 : Interference reduction from interference alignment by the client. The
number of client antennas does not have an obvious impact on the alignment accuracy.
ference cancellation and interference alignment performed by the AP or client, with
different number of antennas. We highlight the following findings from the figures.
First, on average interference cancellation and alignment are able to reduce the in-
terference by 30 dB and 25 dB, respectively. This is often sufficient to reduce the
interference to below the noise floor in 802.11ac networks. Second, interference cancel-
lation by the AP via transmit beamforming, and by the client via receive beamforming
have similar accuracy. This is because with explicit channel estimation the AP and
client own the same channel knowledge, and therefore the accuracy of interference
cancellation is not subject to channel calibration errors that only exist in systems

with implicit channel estimation such as [6]. Third, the number of antennas for in-
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terference cancellation and alignment does not have a clear impact on the accuracy.
While somewhat counter-intuitive, we explain this finding with the observation that
additional antennas cannot reduce channel estimation error or hardware nonlinear-
ity. Last, the accuracy of interference alignment is lower than that of interference
cancellation. This is because interference alignment suffers more from channel esti-
mation errors by leveraging the channel knowledge from more than one clients. The
authors in [65] reported consistent findings regarding the effectiveness of interference

cancellation and alignment.

7.4.4 Achievable Rate Improvement

We next evaluate the effectiveness of CoaCa on improving the rate of a MU-MIMO
network by achieving a higher multiplexing gain. We compare CoaCa with two exist-
ing schemes: (i) MACCO which does not cancel inter-cell interference by allowing a
single AP to transmit and using the client antennas to improve the channel orthog-
onality and rate scalability; (477) n+ [65] which allows an AP in one cell to serve its
clients first and the AP in the other cell to opportunistically transmit at the same
time. Note, given that each cell is congested, n+ cannot increase the multiplexing
gain and may only provide a diversity gain as explored in [77]. Therefore, for a given

channel condition we compare CoaCa with either MACCO or n+, whichever achieves
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Figure 7.5 : Rate achieved by MACCO /n+ and CoaCa for four cases with different
numbers of antennas on APs and clients. CoaCa outperforms MACCO /n+ when it
delivers more streams. However the rate improvement from CoaCa is lower than the
expected multiplexing gain increase due to imperfect channel orthogonality.
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higher rate. For simplicity we use “MACCO /n+" to denote the better scheme among
the two of them. We select four representative cases with different numbers of an-
tennas on the APs and clients, summarized in Table 7.2. For each case, we run
multiple instances of the experiment by deploying the APs and clients in different
locations. It is important to mention that CoaCa improves the achievable rate by
aiming to deliver more streams in the MU-MIMO network, which is known to be a
suboptimal approach. Therefore, the actual rate improvement of CoaCa is dependent
on the channel condition, i.e., the orthogonality between the channels of multiple
served clients. Conducting the experiment under various channel conditions allows
us to observe not only the average but also the wort-case performance of CoaCa. To
randomize the channel conditions, we arbitrate the AP and client locations in each
experiment instance, since previous work observed that in an indoor environment
with rich multipath the channel condition does not have a clear dependence on the
node locations [66, 78]. This way, our experiments cover channel conditions that are
either beneficial or adverse to CoaCa.

Figure 7.6 shows one instance of our experiments for case 4 with two APs and
eight clients. While the clients are in the physical proximity of their intended and
interfering APs, we have properly scaled the transmit power of the APs to make

sure the received signal to noise ratio (SNR), the interference to noise ratio (INR),
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and signal to interference ratio (SIR) are representative of those in realistic 802.11
networks. That is, the median SNR, INR, and SIR in our experiments are 18.6
dB, 16.2 dB, and 3.2 dB. To confirm they are representative, we have measured the
SNR, INR and SIR of real-world APs in a campus building at about eighty different
locations. The median SNR, INR, and SIR in these real-world indoor locations are
21.7 dB, 18.3 dB, and 3.7 dB, and Figure 7.7 shows two examples of the measured
SNR and INR (dB) in the first and third floors of the building respectively. While
the SNR and INR in our experiments are lower than their counterparts in real-world
scenarios, the SIR that dominantly determines the interference condition is similar.
Table 7.1 shows even more real-world SNR, INR and SIR measurements. These
measurements were conducted in different interference-limited scenarios such as shop-
ping malls and apartment complexes. It is observed that in the two shopping mall
scenarios, the median measured SIRs are close to that in our experiments. However,
in a townhouse and in an apartment complex, the median measured SIRs are higher
and lower than that in our experiments. This is because in a townhouse the interfer-
ing APs from neighbouring houses are relatively fewer and more distant, while in an
apartment complex a client can easily see tens of interfering APs that are relatively
closer. We acknowledge that our experiments cannot represent all real-world scenar-

ios. Yet one can expect the performance of CoaCa since its effectiveness scales with
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Table 7.1 : Median measured SNR, INR, and SIRin multiple interference-limited
real-world scenarios.

Scenario SNR (dB) | INR (dB) | SIR (dB)
Shopping mall 1 24.4 22.1 3.4
Shopping mall 2 27.1 21.4 4.7

Townhouse 30.4 18.6 7.9
Apartment complex 35.8 33.1 1.8

the dominance of the inter-cell interference.

Figure 7.5 shows our results. In each plot, one data point corresponds to the
measured rate for CoaCa (X axis) and MACCO/n+ (Y axis) under a single experi-
ment instance. The expected multiplexing gain increase from CoaCa, defined as the
increase of the number of streams in the two MU-MIMO cells, is also plotted for
comparison. We report the following important findings from Figure 7.5. First, when
CoaCa delivers more streams it considerably improves the achievable rate, i.e., on
average by 40%, 52% and 41% for Case 2, 3 and 4, respectively. When CoaCa cannot
deliver more streams due to insufficient antennas on the APs or clients, e.g., in Case
1, on average it achieves similar rate to MACCO /n+. Second, the rate improvement

from CoaCa is lower than the expected multiplexing gain increase (50%, 67%, and
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Figure 7.6 : One example experiment for case 4 with two APs and eight clients. The
clients are close to not only the associated but also the interfering AP. However the
transmit power of the APs is properly scaled down to mimic realistic Wi-Fi signal
and interference strength.

Table 7.2 : Number of antennas on the APs and clients for Case 1-4.

AP1 | AP2 | Cell 1 clients | Cell 2 clients
Case 1 | 2 2 2/2 2/2
Case 2 | 2 2 1/2 1/3
Case 3| 2 3 4/4 3/3/4
Case 4 | 4 4 1/2/4/4 1/2/4/4
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Figure 7.7 : Measured SNR/INR of realistic APs in two example indoor locations in
a campus building: (top) first floor and (bottom) third floor.
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50% for case 2, 3, and 4, respectively). This is because CoaCa is theoretically sub-
optimal and cannot proportionally increase the rate due to its two-step optimization.
The per-client rate can be reduced when the antennas are used to cancel the inter-
cell interference instead of enhancing the client SNR. Finally, even in Case 2, 3 and 4
where CoaCa allows more streams, there is a small probability that CoaCa does not
increase rate. This happens when the antenna usage optimization yields few spare
AP and client antennas to enhance the SNR, and the channel orthogonality between
clients are far from being orthogonal, such that the rate of each cell suffers from a
serious scalability problem.

Average- and worst-case rate improvement of CoaCa. The worst-case
performance of CoaCa confirms that due to the use of two-step optimization as a key
heuristic CoaCa does not necessarily maximize the achievable rate. While CoaCa
offers considerable rate improvement on average, it is important for us to understand
how often such worst cases of CoaCa are encountered in practice. To see this, we
rely on simulation to examine a large number of cases with various orthogonality
between the client channels. Since channel orthogonality is the critical factor that
determines the rate gain of CoaCa, we leverage real-world indoor MU-MIMO channels
to construct a model of the channel orthogonality between clients. Then, using this

model we generate a large number of synthetic MU-MIMO channels and simulate
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Figure 7.8 : Probability distribution of the rate improvement by CoaCa, under the
client SNR of 0-20 dB (top) and 20-40 dB (bottom) respectively.
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the performance of CoaCa. Figure 7.8 shows the CDF of the performance gain from
CoaCa compared to single-cell solutions, with two different ranges of client SNR: 0-20
dB and 20-40 dB. It can be observed that when the client SNR is between 20-40 dB,
CoaCa provides a rate gain in about 98% of the cases; when the client SNR decreases
to 0-20 dB, CoaCa is effective in about 80% of the cases. This is because when the
client SNR is higher, enabling a greater number of streams more likely increases the
rate, since the rate of the client is a logarithmic function of the client SNR.

Dependency on the client SNR. We next evaluate how the client SNR impacts
the achievable rate gain from CoaCa. We need to mention that when the client
capacity is interference-limited, the client often has a moderate SNR (about 15-25 dB
according to our measurements). Therefore we emulate a low SNR regime for each
case above, by further reducing the transmit power on the two APs by approximately
15 dB. We demonstrate the results in Figure 7.9 where the average achievable rate
for n+, MACCO, and CoaCa are compared for both high (measured) SNR and low
(emulated) SNR regimes. Clearly, when the client SNR is reduced, CoaCa achieves
lower rate gain: for Case 2-4 the improvement decreases to 28%, 35%, and 30%,
respectively. This is because with lower SNR, the logarithmic relationship between
rate and SNR becomes closer to linear, and cancelling the inter-cell interference leads

to higher rate reduction with a diminished SNR.
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Figure 7.9 : Rate achieved by 802.11n+, MACCO, and CoaCa with high client SNR
(top) and low client SNR (bottom). CoaCa achieves higher rate gain with higher
client SNR, due to the logarithmic relationship between rate and SNR.



117

7.4.5 Tradeoff between Achievable Rate and Fairness

The two adaptations of our antenna usage optimization we discussed in Chapter 5.4
enable a tradeoff between fairness and achievable rate in CoaCa: to prevent client
starvation or achieving energy-per-stream fairness between clients, CoaCa has to allow
a smaller number of streams in the MU-MIMO network, which usually reduces the
achievable rate. When such adaptations are applied to the antenna usage optimization
in CoaCa, the multiplexing gain and achievable rate improvement of CoaCa needs to
be revisited: one must apply a scalar A to the improvement to reflect the rate loss for

achieving fairness. A can be calculated as follows:

)\ _ gacTac _I_ gCTC
gcTac + gCTC

where ¢,. and g. are the average number of streams increase achieved by CoaCa with
and without adaptation, T,. and T, the average number of MU-MIMO transmissions
for CoaCa with and without adaptation, respectively. Clearly, when either adaptation
is applied to CoaCa for more transmissions, the achievable rate improvement of CoaCa
reduces.

To confirm this we next apply the adaptation to CoaCa to prevent client starvation
and repeat our experiments for Case 2 (same as Case A in Chapter 5.4). In this case,

to make sure no client is served less frequently in CoaCa compared to that in 802.11ac,
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we apply the enforcement of including the single-client in Cell 2 in CoaCa in half of
the MU-MIMO transmissions. As a result, we have g,. = 0,¢9. = 0.5 and T,. = T, so
that A = 0.5. Our evaluation results show that compared to the results in Figure 7.8,
the average achievable rate improvement of CoaCa decreases from 40% to 18% which
is consistent to our calculation. In other words, in half of the time CoaCa enables

the same number of streams as 802.11ac and does not provide a rate improvement.
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Chapter 8

Conclusion

In this thesis we tackle a fundamental problem of MU-MIMO networks: the achievable
rate of the network does not scale to the number of served clients. When the MU-
MIMO network consists of a single cell, poor channel orthogonality leads to a trivially
improved or even reduced rate of the cell as the AP simultaneously serves more clients.
When the MU-MIMO network includes multiple cells, inter-cell interference prevents
the APs from serving their clients at the same time and thus limits the number of
streams and achievable rate of the network. Toward solving such rate scalability
problem of MU-MIMO networks, we make the following research contributions in
this work.

First, we unveil a novel but effective way of tackling the rate scalability problem
which is radically different from existing approaches. That is, unlike existing ap-
proaches based on Massive-MIMO or Network-MIMO that aim to enhance the MU-
MIMO AP, our approach focuses on modern clients that often have multiple antennas
and leverages these client antennas for receive beamforming. Beamforming allows the

client to create a virtual channel that either is more orthogonal to the channels of
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other clients in the same cell, or cancels the interference from APs in other cells.
While approaches based on Massive-MIMO or Network-MIMO are prohibitively ex-
pensive to deploy in practice, our approach applies to arbitrary MU-MIMO network
that is either distributed (e.g., home WLAN) or centralized (enterprise WLAN), since
it does not require any modification to existing network infrastructure.

Second, we provide two theoretical solutions regarding the optimization of client
beamforming. Importantly, these solutions do not rely on the underlying protocol and
are therefore applicable to any MU-MIMO network with beamforming clients. For
a MU-MIMO network with a single cell, our solution optimizes client beamforming
in a successive way such that the SNR and rate of each client is maximized based
on the beamforming of all previous clients. For a MU-MIMO network with multiple
interfering cells, our solution optimizes client beamforming in a coordinated way in
order to cannel inter-cell interference and maximize the number of streams from
all cells. While our solutions are theoretically suboptimal and do not necessarily
achieve the capacity of the MU-MIMO network, they outperform all existing solutions
and significantly reduce the channel knowledge requirement for client beamforming
optimization to achieve better practicality.

Third, we devise two 802.11ac-based protocols, namely MACCO and CoaCa, that

realize the two solutions respectively with negligible overhead. MACCO works in
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a single 802.11ac cell and seeks to make the rate of the cell more scalable to the
number of clients; CoaCa works in multiple interfering cells and aims to maximize
the number of streams from all cells by cancelling the inter-cell interference. Both
MACCO and CoaCa leverage the channel sounding process of 802.11ac to let the
beamforming clients acquire necessary channel knowledge by simply overhearing the
channel reports from other clients. Overhearing is an efficient and reliable way for
clients to acquire channel knowledge in 802.11ac networks without introducing any
additional frame exchange as overhead. It is meanwhile compatible with unmodified
802.11ac APs and clients. While in this thesis the two protocols are based on 802.11ac,
the theoretical solutions we propose are valid for other MU-MIMO networks as well.
Finally, we provide WARP-based implementations of MACCO and CoaCa and
experimental evaluation of their performance in real-world indoor environments. Our
evaluation results clearly show the effectiveness of MACCO and CoaCa to improve
the rate scalability of MU-MIMO networks with one or multiple cells respectively.
While due to the lack of suitable platforms we cannot demonstrate the feasibility of
integrating MACCO and CoaCa into commercialized 802.11ac devices, we believe our
proposals offer important theoretical and practical insights to the future amendments
of the 802.11 protocol family as well as other wireless protocols that feature MU-

MIMO.
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