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Abstract
In an 802.11ac cell1, an access point (AP) can employ zero-
forcing beamforming to simultaneously transmit to multiple
clients. However, as the number of clients approaches
that of antennas on the AP, the cell capacity often flattens
and even drops, exhibiting a scalability problem. In this
work, we tackle this problem by optimizing the use of
multiple antennas available on modern mobile clients for
post-combining. Our key insight is that post-combining
allows a client to use its antennas to create a virtual
channel from the AP, with much improved orthogonality
to the virtual channels of other clients. Better channel
orthogonality between clients can significantly improve the
user scaling of zero-forcing beamforming. To realize this
idea, we present an 802.11ac-based solution called MACCO.
MACCO leverages the channel sounding in 802.11ac in two
ways to optimize the client post-combining in a distributed
fashion. First, when a client reports its channel to the
AP, MACCO allows it to report the virtual channel based
on its locally optimized post-combining. Second, when a
client optimizes its post-combining, MACCO allows it to
overhear the virtual channels reported by other clients in an
overhead-free manner, and use them to improve the channel
orthogonality. Using an WARP-based implementation, we
demonstrate that on average MACCO can increase the
capacity of a MU-MIMO cell with eight AP antennas and
eight clients by 35%, compared to existing solutions that use
client antennas differently.

1. INTRODUCTION
Multi-user multiple-input multiple-output (MU-MIMO)

allows an 802.11ac access point (AP) to simultaneously
transmit independent data streams to as many clients as
its antennas, using interference-free pre-coding schemes
such as zero-forcing beamforming (ZFBF). However, the
simultaneous transmissions have a scalability problem,
a.k.a. channel hardening [10]: as the number of clients
approaches that of antennas on the AP, the aggregated
capacity over all data streams, i.e., the cell capacity, often
improves insignificantly [1, 20]. The key reason is that as
the AP pre-codes the data streams to nullify the interference

1In this work, we use cell to denote an infrastructure basic service
set (BSS) in 802.11, which consists of an access point and the
clients it serves.
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Figure 1: Post-combining 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.

between clients, the pre-coded signal vector is often not
aligned with the channel vector to the client, producing
reduced pre-coding gain and client signal-to-noise-ratio
(SNR). As the number of the clients increases, such client
SNR reduction may cause trivial improvement of the cell
capacity, or even reduce it when the number of AP antennas
and clients is relatively large (e.g., eight), and henceforth
lead to the capacity scalability problem.

There are three approaches toward solving this problem.
The first approach is to let the AP group clients into clusters
and only serve the clients in a cluster at a time [9, 19].
While simple, with this approach the capacity gain from
MU-MIMO is inevitably limited by the reduced number of
clients in a cluster. The second approach is to add many
antennas to the AP or connect neighboring APs to form
a giant virtual AP [15, 20]. Unfortunately, this approach
requires massive modification to the network infrastructure
and fine-grained synchronization between the connected
APs. The last approach, taken by this work, is to exploit
multiple antennas that are often available on modern mobile
clients for post-combining, a.k.a. receive beamforming.
This approach does not mandate changes to the network
infrastructure, requires no modification to the ZFBF AP,
and can be incrementally implemented on currently existing
802.11ac clients.

By post-combining the signals received at its multiple
antennas, a client can use multiple physical channels
between the AP and itself to create a virtual channel. To
see how the virtual channel is created, let us consider the
example in Figure 1 where the AP transmits to two clients
each with two antennas. The received signal after the post-
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combining of the client is a weighted combination of the
signal received at each antenna, whereas the weights are
determined by the post-combining vector. Therefore, the
signal 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 post-combining vectors of the clients
are determined, the AP can perform pre-coding simply based
on their virtual channels. By creating the virtual channel,
post-combining improves the client SNR in two ways. First,
by coherently combining the signals from multiple antennas,
post-combining is able to produce a stronger virtual channel
with less attenuation. This technique is known as maximum
ratio combining (MRC). More importantly, post-combining
can properly adjust the virtual channel to make it more
orthogonal to the virtual channels of other clients. Such
channel orthogonality is actually the key to make the
capacity of MU-MIMO more scalable to the number of
clients. Existing solutions that follow this approach [4, 6,
12, 21] remain theoretical and do not consider the channel
orthogonality to optimize the post-combining vectors.

The key contribution of this work is a practical, 802.11ac-
compliant, overhead-free solution that follows the last ap-
proach described above, but is much more effective toward
the capacity scalability improvement by considering channel
orthogonality between clients. Our solution, called MACCO
(Multi-Antenna Clients that acquire Channel knowledge via
Overhearing), is motivated by the explicit channel sound-
ing process used by an 802.11ac AP to acquire the down-
link channels from all clients. In the channel sounding, the
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 post-
combining. First, when a client responds to the sounding
from the AP, instead of reporting its physical channels, it
reports the virtual channel that is locally calculated based
on the optimized post-combining. Second, other clients that
have not yet reported their channels overhear the reported
virtual channel from the client and use it to optimize their
post-combining with improved channel orthogonality. Be-
cause of the distributed nature of the post-combining opti-
mization in MACCO, 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 post-combining vectors
back to the clients, both of which would otherwise incur con-
siderable overhead [26]. Since explicit channel reporting by
clients is mandated by 802.11ac, MACCO does not incur
any overhead by leveraging the “free” channel information
broadcast on the wireless medium.

We report a prototype realization of MACCO using
the WARP platform [17], and evaluate its performance in
real-world indoor environments. Our experimental results
indicate that compared to existing solutions, on average
MACCO can boost the capacity by 35% for a MU-MIMO
cell with eight AP antennas and eight clients. While the
capacity improvement is modest, with only four antennas on

each client, MACCO can near-proportionally increase the
capacity as the MU-MIMO AP serves more clients, for a
majority of SNR regimes and cell topologies.

It is necessary to emphasize that while we target the
scalability problem to the number of clients in a congested
MU-MIMO cell, this problem also applies to the number of
streams on a single client if the AP has fewer clients to serve
and delivers more than one stream to the client. MACCO is
equally effective for the scalability problem to the number
of streams, given that the client has extra antennas for post-
combining. We elaborate this issue in Section 4.1.

2. BACKGROUND
We first provide background regarding MU-MIMO and

802.11ac.

2.1 MU-MIMO Primer
MU-MIMO allows an AP with M antennas to simulta-

neously transmit independent data streams to up to K=M
clients. To achieve this, the AP must pre-code the data sig-
nals to the clients, i.e., by multiplying a complex scalar to
the signal sent from each antenna. The set of scalars is de-
noted as the pre-coding vector. The pre-coding vector is able
to adjust the magnitude and phase of the transmitted signals.
When the client is equipped with multiple antennas, it can
similarly apply a post-combining vector to the signals re-
ceived at the antennas.

Pre-coding and post-combining can be either linear or
non-linear. Capacity-achieving schemes, such as dirty-
paper coding, are non-linear, and prohibitively expensive
to implement in practice [7, 25]. As a result, similarly to
other experimental work on MU-MIMO [1, 13, 20], in this
work we focus on linear pre-coding schemes. To nullify
the interference between served clients, denoted as intra-cell
interference, the AP leverages zero-forcing beamforming
(ZFBF) to pre-code the data signals. In ZFBF, the pre-
coding vector for one client, wk, must be orthogonal to the
channel vectors of other clients, i.e., wk=H⊥O where HO =
[h1, · · · ,hk−1,hk+1, · · · ,hK ] and hk is the channel vector
from the AP to the kth client. ZFBF is known to be
suboptimal when K approaches M , i.e., the cell capacity
may increase slowly or even drop as more clients are served
[20]. To serve a single client, the AP can leverage conjugate
beamforming (ConjBF) to maximize the client SNR, by
choosing wk=h∗k. When the client has multiple antennas, the
channel vector hk becomes a matrix, denoted as Hk, and the
AP employs eigen beamforming (EigenBF) to maximize the
client SNR, by choosing wk=vmax(H

∗
kHk) where vmax()

is the eigenvector of a matrix corresponding to its largest
eigenvalue. To cope with EigenBF by the AP, the client sets
its post-combining vector, vk, as vk=Hkvmax(H

∗
kHk) to

maximize its SNR. This post-combining technique is known
as maximum ratio combining (MRC). All the pre-coding
schemes require full channel knowledge to all clients by the
AP, which the AP acquires through channel sounding (see
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Figure 2: Representation of a channel vector and a pre-coding vector.
Employing the pre-coding vector w by the AP projects the channel
vector h to the direction of w, leading to a reduced SNR at the client.

Section 2.3).

2.2 Channel Orthogonality for MU-MIMO
We next discuss an important metric for the performance

of MU-MIMO, the channel orthogonality between clients.
Linear pre-coding by the AP can be considered projecting
the client’s channel vector h to the direction of the AP’s pre-
coding vector w. As a result, to the client, the resultant
channel on which it receives its signal is actually the
projected channel, hp, as shown in Figure 2:

hp = h · cos〈h,w〉,

where “〈·〉” refers to the angle between two vectors. Clearly,
when w is aligned with h, the maximum channel SNR
is preserved; when w is perpendicular to h, the signal is
completely nullified. Such relationship can be extended to
that between two channel vectors, which we define as the
channel orthogonality. For two channel vectors, h1 and h2,
their orthogonality can be represented by the angle between
them:

θ = arccos h1·h2

|h1||h2| .

The channel orthogonality between clients is critical for
the capacity of MU-MIMO under ZFBF. Recall that to
nullify the interference between two clients, the AP must set
w1=h⊥2 and w2=h⊥1 . If h1 and h2 are perfectly orthogonal,
the maximum channel SNR for both clients is retained and
the cell capacity can be linearly scaled up. Otherwise, as the
AP serves both clients, the capacity of each client decreases,
leading to the capacity scalability problem.

2.3 MU-MIMO Operation in 802.11ac
We next briefly introduce the MU-MIMO operation in

802.11ac [3]. While the pre-coding scheme for the AP
is not specified by the protocol and left to the vendor,
we anticipate that only linear pre-coding schemes can be
feasibly adopted by practical 802.11ac APs. Therefore, in
this work we assume the 802.11ac AP performs ZFBF for
interference nullification, and ConjBF or EigenBF for SNR
maximization.

An 802.11ac AP needs to know the downlink channels to
all the clients to calculate the pre-coding vectors. 802.11ac

AP

C1

C2

Figure 3: Channel sounding in 802.11ac. The AP first sends a NDP-A
frame to initiate the sounding process, and then polls each client except
the first one for their estimated channels contained in the BF-R frame.

defines an explicit channel estimation and feedback scheme
to let the AP acquire such downlink channels. This process is
commonly known as channel sounding [3]. Figure 3 depicts
the frame exchange in the channel sounding process. First,
the AP transmits a Null Data Packet Announcement (NDP-
A) frame to notify the set of clients to be concurrently served
in the incoming simultaneous transmission, and to request
those clients to prepare their Beamforming Report (BF-R)
frames that contain the channel estimates. After the NDP-
A frame, the AP sends a Null Data Packet (NDP) frame
containing the training sequences required by the client to
compute the channel estimates. Upon reception of the NDP
frame, the clients begin replying with their BF-R frames.
The AP relies on a Beamforming Report Poll (BR-P) frame
to request this channel feedback from each client, except the
first one, who has a pre-allocated slot at the beginning as
indicated by the AP in the NDP-A frame.

3. OVERVIEW OF MACCO
To improve the capacity scalability of a MU-MIMO cell

to the number of concurrently served clients, 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 a client optimize its post-combining to
improve the channel orthogonality in a distributed way. To
realize this idea, MACCO features two designs: local post-
combining optimization and implicit channel acquisition.

3.1 Local Post-combining Optimization
MACCO allows a client to locally optimize its post-

combining vector and report the corresponding virtual
channel to the AP. This is motivated by the observation that
in the channel sounding process of 802.11ac, the AP asks
the clients to explicitly report the estimated channels from
the AP to them. We leverage this to let a client report a
virtual channel that is created by post-combining, instead of
the physical channels. According to Section 2, the signal
after the client’s post-combining is a weighted combination
of the signal received at each client antenna, whereas the
weights constitute the post-combining vector. The resultant
combined signal can be considered being received at one
single virtual antenna at the client. Therefore, the channel
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vector from the antennas on the AP to the virtual antenna on
the client, i.e., the virtual channel, is a combination of the
client’s physical channel vectors and post-combining vector.
By reporting the virtual channel, the client hides from the
AP how its antennas are used for post-combining.

Why Distributed Optimization?
It is natural to ask: what are the benefits of such distributed
post-combining optimization done by the clients locally? No-
tably, an alternative design achieving the same performance
can be a centralized optimization where every client reports
its physical channels to the AP, the AP optimizes the post-
combining vectors for all the clients, and send them back to
the latter. However, such centralized optimization have two
limitations that are critical in practice.

First, the centralized optimization requires the clients
to report more channel information to the AP, and the
AP to deliver the optimized post-combining vectors to the
clients, both of which consume additional channel air time
as overhead. In contrast, MACCO clients only need to
report their virtual channels and the MACCO AP does not
need to deliver the optimization results at all. Observe that
the physical channels are 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 [26]. When the client uses N antennas for post-
combining, the size of the BF-R frame is N times larger.
Moreover, the AP must send a frame to each client to deliver
the optimized post-combining vector. Such process is also
known as “feedforward” [4]. Similar to feedback from
clients, feedforward is expensive in 802.11ac since the frame
must be sent at base rate (6 Mbps) for reliability concerns.
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 post-combining vectors to the clients
without 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 post-combining
vector using MRC. However, the client cannot apply MRC
to the data frame which is subject to inter-client interference;
to remove the interference, the client must know the optimal
post-combining vector beforehand.

Second, the centralized optimization requires modifica-
tion to the AP, i.e., the AP must optimize each client’s post-
combining vector and feedforward the optimization results
to the clients. MACCO, on the contrary, works with unmod-
ified 802.11ac APs employing ZFBF and 802.11ac clients.
Such protocol compatibility of MACCO is an important ben-
efit that allows rapid, incremental deployment of MACCO
clients in current and future 802.11ac networks.

3.2 Implicit Channel Acquisition

Table 1: Denotations used in the paper.

Symbol Definition
M Number of antennas on the AP
K Number of simultaneously served clients
N Number of antennas on the client
hk Virtual channel vector of the kth client
hn
k Physical channel vector of the kth client’s nth antenna

hk,j The jth virtual channel vector of the kth client
wk Pre-coding vector of the AP for the kth client
vk Post-combining vector of the kth client
Hk Physical channel matrix from the AP to the kth client

MACCO allows a client to acquire the knowledge of other
clients’ optimized virtual channels through overhearing their
BF-R frames. As we have shown in Section 2 and ??, poor
channel orthogonality is the major factor that degrades the
client SNR and capacity, 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 information about 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 knowledge is considered “free” for the
MACCO client to obtain, since the BF-R frame is mandated
by 802.11ac and originally intended to the AP.

It is noticed that such overhearing in MACCO only
offers partial virtual channel knowledge to each client, since
the client must optimize its post-combining vector right
before it reports the virtual channel. Nevertheless, such
knowledge is sufficient to significantly improve the capacity
scalability of MU-MIMO as we will show in Section 5. We
acknowledge that having full channel knowledge by each
client may provide further capacity improvement. However,
to the best of our knowledge, how to jointly optimize
the post-combining vectors of all clients with full channel
knowledge remains an challenging and open problem even
for theoretical investigation.

4. DISTRIBUTED POST-COMBINING OP-
TIMIZATION

We next discuss how a MACCO client leverages the
overheard virtual channels to optimize its post-combining
vector. Toward this, we provide a closed-form solution to the
optimal post-combining vectors that maximize the client’s
capacity, given by the following equation:

vk,j = HkH
⊥
Lvjmax((HkH

⊥
L )
∗(HkH

⊥
L )), (1)

where the denotations are provided in Table 1 and Section
4.4. We will derive this result by analyzing three representa-
tive cases.
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4.1 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 the 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 h1 and h2. We denote the pre-
coding vector for C1 and C2 employed by the AP as w1 and
w2. Then, the SNR of C1 and C2 normalized to its noise
power can be expressed as

ρ1 = |w1 · h1|2 = |h1|2 cos2〈w1,h1〉,
ρ2 = |w2 · h2|2 = |h2|2 cos2〈w2,h2〉,

where |w1|2=|w2|2=1 due to power normalization. To
nullify the interference between C1 and C2 with ZFBF, the
AP must employ w1=h⊥2 and w2=h⊥1 . Such interference
nullification reduces ρ1 and ρ2, since w1 and w2 are usually
not aligned with h1 and h2.

When C1 and C2 use both antennas, they can be leveraged
to post-combine the received signals. Visually, such post-
combining “stretches” and “steers” the physical channel
vectors to create a virtual channel vector. For clarity, when
the clients use more than one antenna, we use hn

k to denote
the physical channel vectors of the nth antenna at the kth
client, and hk the virtual channel vector of the kth client.

Before proceeding to discuss the post-combining optimiza-
tion 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). However, SU-MIMO similarly has a capacity
scalability problem to the number of streams, since the SNR
of each stream is reduced when C1 decodes the streams.
Such SNR reduction depends on the orthogonality between
the two physical channel vectors h1

1 and h2
1. 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. There-
fore, we argue that the AP should employ MU-MIMO to
serve both clients instead of one of them with two streams,
in order to leverage the post-combining gain from the client
antennas. Such argument is similarly proposed in [5] to ex-
plore the client diversity.

Optimization by C1. We first discuss the optimization
performed by C1 and assume it first reports the virtual
channel to the AP without the knowledge of h2. Therefore,
C1 optimizes its post-combining vector, v1, to maximize its
SNR solely based on its physical channel vector h1

1 and h2
1.

To achieve this, C1 employs MRC:

v1 = H1vmax(H
∗
1H1),

where H1=[h1
1,h

2
1]

T. The resultant virtual channel vector,
h1, is a weighted combination of h1

1 and h2
1 with maximum

magnitude, as shown in Figure 4. From the figure, observe
that the post-combining gain from MRC creates a virtual
channel that is stronger than either of the two physical
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Figure 4: Post-combining 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 ZFBF AP.

channels. However, the channel orthogonality between C1
and C2 may not necessarily be improved since C1 is unaware
of the direction of C2’s virtual channel. Nonetheless, given
its limited channel knowledge, C1 has to employ MRC for
its post-combining, wishing a resultant SNR improvement.

Optimization by C2. Now let us switch the focus to
C2 and assume it optimizes its post-combining 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 h1. Then, C2 knows the direction that the AP
will project its signal onto, h⊥1 , and can maximize its SNR
after such projection. To do this, C2 employs:

v2 = (h⊥1 H2)
∗,

where H2=[h1
2,h

2
2]

T. As shown in Figure 4, the resultant
virtual channel vector, h2, is more orthogonal to h1,
even though its magnitude is not necessarily maximized.
However, after the AP’s signal projection, h2 is guaranteed
to have the maximum magnitude and the SNR of C2 is
maximized thanks to the knowledge of h1. In addition, we
can see the SNR increase of C1 due to improved channel
orthogonality.

To summarize, in this case where M=2 and K=2, a client
can leverage post-combining 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 the other’s virtual channel.

4.2 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. Notice that compared to the
previous case we have not changed the number of antennas
on the clients, N , since its impact on the post-combining
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 h2

and h3, the optimization is similar to that in the previous
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case, i.e., v1=H1vmax(H
∗
1H1) whereasN only changes the

dimension of H1.
Optimization by C2. Similar to the previous case, C2 has

the knowledge of h1 by overhearing the BF-R frame from
C1. However, since the channel vectors are in the three-
dimensional space, h⊥1 becomes a two-dimensional plane,
represented by a 2 by 2 matrix instead of a vector. Therefore,
without knowing h3, C2 should maximize the magnitude of
the projection of h2 onto h⊥1 . The resultant optimal post-
combining vector is given by

v2 = H2h
⊥
1 vmax((H2h

⊥
1 )
∗(H2h

⊥
1 )), (2)

which we prove in the Appendix.
Optimization by C3. For C3, its signal will be projected

by the AP onto a space that is perpendicular to both h1 and
h2. As a result, extending Equation 2 we have the optimal
post-combining vector employed by C3:

v3 = H3[h1,h2]
⊥vmax((H3[h1,h2]

⊥)∗(H2[h1,h2]
⊥)).

(3)

4.3 Cases 3: M=3 and K=2
In the previous two cases we have assumed 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 post-combine the signals of the stream, and
maximize its SNR which uniquely determines its capacity.
While in this work our main focus is on such congested MU-
MIMO cells, for the general applicability of MACCO we
next discuss the case whereM>K so that AP can send more
than one streams to certain client. Note, the client needs
equal number of antennas to receive multiple streams from
the AP. However, if extra antennas are available, MACCO
can leverage them to improve the channel orthogonality
between streams. To show this, we assume N=4 such that
the client can apply MACCO 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 post-combining optimization does
not differ from that in the previous two cases where
v1=H1vmax(H

∗
1H1).

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 h2,1 and h2,2. Naturally, C2 should
jointly optimize h2,1 and h2,2, based on the knowledge of
h1 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 post-combining
vectors for C2 are given by

v2,1 = H2h
⊥
1 vmax((H2h

⊥
1 )
∗(H2h

⊥
1 )),

v2,2 = H2h
⊥
1 vsmax((H2h

⊥
1 )
∗(H2h

⊥
1 )),

where vsmax() is the eigenvector of a matrix that corre-
sponds to its second largest eigenvalue. To decode the two
streams, C2 individually post-combines the received signals
with v2,1 and v2,2, to eliminate the interference between
them.

4.4 General Case
The results in the previous three cases can be generalized

to cases with arbitrary M and K where M ≥ K. For the
kth client, let use denote the set of known channel vectors of
other clients as h1,h2, · · · ,hl, and its own channel matrix
as Hk. Then, the set of optimal post-combining vectors are
given by:

vk,j = HkH
⊥
Lvjmax((HkH

⊥
L )
∗(HkH

⊥
L )),

where HL = [h1,h2, · · · ,hl] and vjmax() stands for the
eigenvector of the matrix corresponding to its jth largest
eigenvalue.

4.5 Computational Complexity
The computation involved in the above distributed post-

combining optimization (Equation 1) can be modularized
with polynomial complexity. Calculating the optimal set
of post-combining and virtual channel vectors include the
following operations: (i) calculating the conjugate of a ma-
trix; (ii) calculating the eigenvectors and eigenvalues of a
matrix; (iii) inverting/pseudo-inverting a matrix; (iv) multi-
plying two matrices. All of them can be accomplished by
the following two modules that already have efficient hard-
ware implementation: (i) matrix singular value decomposi-
tion (SVD); (ii) matrix multiplication. In addition, the com-
plexity of Equation 1 is given by O(M2L) + O(MNL) +
O(N2M)+O(NL), whereN , L, andM are all small num-
bers (e.g., N≤4, L<8 and M≤8). Therefore, we suspect
that the computation in MACCO can be affordable by mod-
ern clients.

5. EVALUATION
In this section valuate MACCOwith both experiments and

simulations.

5.1 WARP Implementation
We implement MACCO on WARP [17], a flexible FPGA-

based software-defined radio (SDR) platform. Our imple-
mentation is based on WARPLab [16] with extensive mod-
ifications. WARPLab is a framework that combines the ad-
vantages of FPGA and MATLAB to enable rapid physical
layer prototyping that allows coordination of multiple trans-
mit and receive boards. The extensible framework provides
great flexibility to develop physical layer techniques, which
is perfect for MU-MIMO system designs. In WARPLab,
one or more WARP boards as APs or clients are connected
to and controlled by a central computer running MATLAB,
through gigabytes Ethernet cables. The baseband process-
ing can be flexibly implemented in either hardware (FPGA
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on the WARP boards) or software (MATLAB on the central
computer).

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

Realtime vs. Flexibility. The first challenge is the
balance between the realtime capability and flexibility of our
implementation. To make it fully realtime, MACCO has to
be completely realized 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 as the
transfer between them needs to be raw baseband samples.

To achieve a good tradeoff, we implement standard MU-
MIMO processing including CSI estimation, pre-coding,
and post-combining in hardware, while the calculation of
the pre-coding vector, post-combining vector, and virtual
channel vector in software. This way, the relatively
complex matrix operations in MACCO can be easily done in
MATLAB, while hardware-friendly MU-MIMO operations
are pushed to FPGA. The transfer between the central
computer and WARP boards is reduced from raw baseband
samples to the calculated pre-coding, post-combining and
virtual channel vectors.

Delay of over-the-air frames. The second challenge is
the substantial delay involved in sending a frame over the
air. This is again due to the slow transfer between the central
computer and the WARP boards. Even though we have
largely reduced the size of such transfer by implementing
MU-MIMO operations in hardware, the constant latency
of forming the Ethernet packet in MATLAB, polling the
Ethernet interface on the board, and fetching the transferred
data into the board buffer is still too long to satisfy the timing
constraints of 802.11ac. 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 start sending the BF-R
frame. The aggregated delay from multiple BF-P and BF-R
frames will make the channel sounding process much longer,
leading to an potentially outdated wireless channel.

To tackle this, we emulate the process of channel reporting
and overhearing in MACCO: when all client boards receive
the NDP frame sent from the AP boards over the air,
they simply transfer the estimated physical channels to the
central computer via Ethernet, and then the BF-P and BF-
R frames are emulated on the central computer, providing
proper channel knowledge to each client. After the pre-
coding and post-combining vectors are calculated, they are
sent back to the AP and client boards, and then the MU-
MIMO transmission from the AP follows. We claim that
such emulation does not lose authenticity due to two reasons.
First, since the 802.11ac channel sounding is explicit, the
channel information in the BF-R frame is entirely delivered
when the frame is successfully decoded. Second, the BF-P
and BF-R frames are considered control frames in 802.11ac
and required to be sent with base rate (6 Mbps). Therefore,

Door

AP
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C2

C3

C4

C5
C6

C7

C8

Figure 5: 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.

the likelihood of not capable of decoding 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, within a room in a
campus building shown in Figure 5. To conduct multiple
groups of experiments to average out the performance,
we change the locations of the AP and clients to create
different wireless channels between them. We conduct the
experiments at night, 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
Shannon capacity of each client and the cell.

5.2 Results
We next report our evaluation results. We focus on

evaluating the effectiveness of MACCO for improving the
capacity scalability of a MU-MIMO cell, and investigate the
impact from various parameters such as K, M , and N .

We compare MACCO to the following alternative approaches
to use client antennas: (i) Omni in which a client only has
a single antenna; (ii) Antenna Selection (AntSel) in which a
client picks the antenna with the best physical channel; (iii)
MRC in which a client optimizes its post-combining vector
to maximize its SNR based on its own physical channels; (iv)
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 alternative approaches for comparison.
First, in our evaluation we only approximate the capacity of
clustered MRC, assuming no overhead from clustering and
scheduling the clients by the AP. However, in practice serv-
ing 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 leverage the chan-
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nel knowledge of other clients to optimize the client post-
combining, and thus cannot improve the channel orthogo-
nality. However, comparing MACCO with these approaches
is fair, since MACCO acquires channel 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.

5.2.1 Capacity Scalability Improvement
To see how MACCO makes the MU-MIMO capacity

more scalable to the number of clients, Figure 6 shows
the capacity of a MU-MIMO cell where the AP employs
M=8 antennas and serves K=1, 2, · · · , 8 clients. We have
purposely chosen 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 to a single client
antenna are 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 Figure 6.

• With Omni, AntSel and MRC, the cell capacity
starts to drop as K approaches M . This is due to
significantly reduced client SNR from ZFBF as we
explained in Section 2.

• When the client employs AntSel instead of Omni, mul-
tiple antennas provide trivial capacity improvement.
This is because AntSel only offers an antenna diver-
sity gain, which is quite limited due to the physical
proximity of the antennas on a single client.

• MRC achieves better cell capacity than AntSel does,
since MRC allows the client to pick the best eigen
channel instead of the best physical channel.

• Clustered MRC achieves similar performance as MRC
does, but prevents the capacity from dropping as K
approaches M . This is because the AP does not add
more clients to serve as the capacity starts to decrease
due to client SNR reduction.

• MACCO outperforms alternative approaches by more
effectively using the multiple client antennas based
on the overheard channel knowledge. It works
most effectively when K approaches M , making the
capacity near-proportional to the number of clients.
This confirms our channel characterization results
in Section ??, indicating the crucialness of channel
orthogonality to determine the capacity scalability of
MU-MIMO.

• MACCO provides most capacity improvement in the
low SNR regime, where the capacity near-linearly
grows with SNR. This means MACCO can provide
good performance to clients that are on the edge of the
cell.

Larger-scale MU-MIMO cells beyond 802.11ac. While
802.11ac APs are limited to be equipped with up to
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Figure 6: Cell capacity achieved by Omni, AntSel, MRC, Clustered
MRC and MACCO as function of the number of clients, K, with M=8
antennas on the AP. MACCO can near-proportionally increase the cell
capacity while others cannot.

M=8 antennas, we suspect the applicability of MACCO is
not restricted to cells of such scale. To investigate the
effectiveness of MACCO beyond current 802.11ac, we seek
to evaluate it under MU-MIMO cells of even larger scale,
e.g., with 16 and 32 AP antennas and clients. Unfortunately,
we find it very difficult to perform experiments of this scale.
While building an AP with many antennas is possible [20],
properly deploying so many multi-antenna clients is hardly
feasible 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 performance of MACCO in large-scale MU-MIMO
cells. We adopt the 802.11n/ac MIMO channel model based
on the Ricean K factor [8] 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 1 which offers
the MIMO channel both line-of-sight (LOS) and non-line-
of-sight (LOS) components.

Figure 7 shows the cell capacity achieved by MACCO
and alternative approaches under synthetic channels for the
large-scale MU-MIMO cell. We first observe that MACCO
is still able to considerably improve the capacity scalability.
However, the capacity 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 orthogonality between a greater number of channels. In
fact, the capacity scalability issue we tackle in this work is
intrinsically determined by the physical channel vectors of
the clients. Even though MACCO can improve the channel
orthogonality, the resultant virtual channel can still suffer
from certain SNR loss. Theoretically, MACCO is able to
achieve perfect capacity scalability only if each client is
equipped with a very large number of antennas [11], which
is apparently impractical.

5.2.2 The Impact of Antenna Numbers
We next study the impact of two important parameters on

the effectiveness of MACCO.
Number of AP antennas. We first study the capacity gain

from MACCO compared to Omni and MRC with different
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Figure 7: (Simulated) capacity achieved by MACCO and alternative
approaches for even larger-scale MU-MIMO cells: (Left) M=K=16
and (Right) M=K=32.

number of antennas on the AP (M ), as shown in Figure
8 (Left). We assume a congested cell where K=M to
investigate the full potential of MACCO. It is seen that
as M and K increases, the MU-MIMO cell enjoys more
capacity improvement from MACCO. This is because the
scalability issue becomes more problematic as the AP is able
to serve more clients. Moreover, the capacity gain increase
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, N , affects the capacity
gain from MACCO. We use M=K=8 as the example, and
show the results in Figure 8 (Right). One can see that with
more client antennas, MACCO, MRC and AntSel can all
improve the cell capacity. However, the improvement from
MRC and AntSel are very limited; on the contrary, MACCO
is more capable of increasing the capacity from more client
antennas. This is because MACCO can more effectively
leverage the precious degrees of freedom provided by the
client antennas, by using them to improve the channel
orthogonality between clients.

5.2.3 Client Order does Not Matter
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
capacity gain from MACCO is dependent on the client
reporting order. To see this, we perform simulation based on
synthetic channels used Section 5.2.1, with up to M=K=16.
However, our simulation results show that such client order
has a negligible impact on the cell capacity (less than 8%
capacity drop) even when the clients have very different
SNR. We argue that this is because the client with more
channel knowledge does not necessarily enjoy more capacity
improvement. While this may sound counter-intuitive, our
key insight is that MACCO increases the cell capacity
mainly by improving the channel orthogonality. Better
channel orthogonality can usually lead to an improved
capacity for all involved clients while the client with
most channel knowledge does not necessarily enjoy most
improvement. In other words, the effectiveness of MACCO
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Figure 8: (Left) Cell capacity gain from MACCO with different cell
scales (M and K). (Right) Cell capacity achieved by AntSel, MRC,
and MACCO with different number of client antennas (N ).

is toward the entire MU-MIMO cell instead of any individual
client.

6. RELATED WORK
MU-MIMO has been demonstrated practical in real-

world wireless environments, e.g., [1, 2, 15, 18, 20, 22, 27].
Meanwhile, the capacity scalability problem for a single
MU-MIMO cell has been observed from experiments. The
authors in [1] observed that when a ZFBF AP with four
antennas increases its number of served clients from one
to four, the capacity of each client drastically drops. The
authors in [20] found out that even the ZFBF AP has 16
antennas, the capacity starts to decrease after more than
12 clients. The authors in [18] 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. There are three major
approaches toward solving the capacity scalability problem.

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 [9, 19].
However, such an approach does not fully exploit the
spatial multiplexing gain of MU-MIMO: the capacity gain
is bounded by the reduced number of clients in a cluster.
In 802.11ac networks, the inefficiency of such an approach
is further amplified by the overhead from channel sounding
and channel contention, 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 the Massive-MIMO technique [11].
Argos proposed in [20] features many antennas (M=64)
on the base station (AP) to ensure M>>K. BigStation
proposed in [27] 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 budget. The authors in
[15] and [2] adopt Network-MIMO [24] to connect multiple
adjacent APs as a giant virtual AP. Since the virtual AP
possesses the antennas from all connected APs, a larger
number of clients can be simultaneously served. However,
Network-MIMO requires well planned AP deployment and
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fine-grained time and frequency synchronization between
the connected APs, and therefore cannot be applied to
802.11ac networks that are distributed thus uncontrolled.

The third approach leverages multiple client antennas for
post-combining as we do, but existing solutions based on
it [4, 6, 12, 21] remain theoretical, do not consider channel
orthogonality between clients, and suffer from two practi-
cal concerns. First, the solutions are often heuristic with
expensive iterations, which is hard to implement in prac-
tice. Second, the optimization has to be centrally executed
by the AP with full channel information. Unfortunately,
to enable this in 802.11ac networks, the 802.11ac protocol
has to be radically modified to allow the AP to optimize
the post-combining vectors for the clients, and explicitly de-
liver the optimization results to the clients. Such central-
ized optimization also incurs considerable overhead to the
802.11ac channel sounding. In contrast, by letting the clients
overhear others’ virtual channels to improve the orthogo-
nality between them, MACCO allows local, per-client post-
combining optimization in a distributed, 802.11ac-compliant
way.

The focus of this work is the capacity scalability within a
single MU-MIMO cell. Neighbouring APs can be subject
to inter-cell interference. The authors of [30] proposes a
clustering design, NEMOx, that groups adjacent APs into
a synchronized cluster and apply Network-MIMO to the
smaller number of APs in the cluster. Between clusters, a
modified CSMA/CA technique is adopted to avoid inter-cell
interference. Clearly, MACCO can be applied to a single
cluster in NEMOx.

7. CONCLUDING REMARKS
To address the capacity scalability problem of MU-

MIMO, we have proposed a distributed solution based on
802.11ac, called MACCO, to exploit the multiple client
antennas for optimal post-combining. In MACCO, each
client leverages the channel sounding in 802.11ac to locally
optimize its post-combining, based on the successively
overheard virtual channel from other clients. We have
implemented MACCO on WARP and used both real-world
experiments and simulations to demonstrate its capability to
significantly improve the capacity scalability of MU-MIMO.

Capacity and Energy Efficiency Tradeoff
The distributed post-combining optimization in MACCO
allows a client to explore an interesting tradeoff between
its capacity and energy efficiency. That is, the capacity
improvement from MACCO depends on two factors: (i)
the knowledge of other clients’ virtual channels, and (ii)
the number of antennas for post-combining. First, knowing
more channels allows the client to optimize its own virtual
channel to produce better orthogonality, since it can more
precisely predict how the AP will project its data signals.
Note, it does not contradict with our conclusion in Section
5.2.3: while MACCO does not provide more gain to clients

that report their virtual channels at a later time, for a
particular client the number of overheard virtual channels
affects the channel orthogonality improvement. Second,
more antennas provide the client more flexibility to adjust
its virtual channel. They meanwhile offer an increased SNR
gain from MRC. However, both factors incur extra energy
consumption. To overhear the BF-R frames from other
clients, a client must keep its radio transceiver on. To use
more antennas, the client has to turn on more RF chains of
the transceiver. Therefore, a client has the opportunity to
adaptively acquire channel knowledge and use a subset of
antennas in MACCO based on its capacity requirement and
energy budget. Such capacity and energy tradeoff has been
explored by the authors in [14,28,29] for SU-MIMO clients,
by changing the number of antennas only. We believe that by
letting the client adaptively overhear the channel knowledge,
MACCO makes such tradeoff even more interesting.
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Appendix
Proof of Equation 2. We first formulate the optimization
problem faced by C2:

maxw2,v2(|v2H2w2|), s.t. w2h1 = 0.

To solve this constrained optimization problem, we convert
it into an unconstrained problem. This is achieved by
rewriting w2 as w2=h⊥1 u2 where u2 is a two-dimensional
vector. In other words, since w2 lies in the orthogonal space
of h1, it can be represented by the linear combination of
two basis vectors of h⊥1 . Therefore, the original problem
is converted into the following unconstrained optimization
problem:

maxw2,v2
(|v2H2h

⊥
1 u2|),

which is the standard eigen beamforming problem under the
channel H2h

⊥
1 . According to Section 2, the optimal post-

combining vector is given by

v2 = H2h
⊥
1 vmax((H2h

⊥
1 )
∗(H2h

⊥
1 )).
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