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Realizing Uplink MU-MIMO Communication in
mmWave WLANSs: Bayesian Optimization and
Asynchronous Transmission
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YDepartment of Computer Science, Virginia Tech
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Abstract—With the rapid proliferation of mobile devices, the a wealth of analog beamforming work, existing approaches
marriage of millimeter-wave (mmWave) and MIMO technologies can be generally classi ed into two categories: model-based

is a natural trend to meet the communication demand of imizati -
data-hungry applications. Following this trend, mmWave multi- optimization (e.g., [4], [5, TableV]) and model-free beam

user MIMO (MU-MIMO) has been standardized by the IEEE search (e.g., [6], [7], [8_]’ 91, [10]). Wh'l,e model-based ap-
802.11ay for its downlink to achieve multi-Gbps data rate. Yet, Proaches offer the optimal antenna weight vectors (AWVs)
its uplink counterpart has not been well studied, and its way for analog beamforming, they require accurate antenna models
to wireless local area networks (WLANSs) remains unclear. In  and channel knowledge, which are hard to obtain. Therefore,

this paper, we present a practical uplink MU-MIMO mmWave i _
communication (UMMC) scheme for WLANS. UMMC has two these approaches are not amenable to practical use. Model-free

key components: i) an ef cient Bayesian optimization (BayOpt) approaches do not require the above knowledge as they aim to
framework for joint beam search over multiple directional Nd the best beam in a prede ned beambook. However, most
antennas, and ii) a new MU-MIMO detector that can decode of them focus on maximizing the signal strength for a single-
asynchronous data packets from multiple user devices. We have antenna mmWave device while minimizing their beam search

built a prototype of UMMC on a mmWave testbed and evaluated o\ erhead. While maximizing signal strength is equivalent to
its performance through a blend of over-the-air experiments

and extensive simulations. Experimental and simulation results maximizing data rate in Slngle-a_lnt_enna systems, it is nc_)t the
con rm the ef ciency of UMMC in practical network settings. case in MU-MIMO systems. This is because the capacity of
Index Terms—mmWave, MU-MIMO, 6G, Bayesian learning ~ an MU-MIMO channel is dependent upon not just the signal
strength but also the correlation of MIMO channels. When
|. INTRODUCTION two stations have highly-correlated channels, the AP may not
Recently, the marriage of millimeter-wave (mmWave) anbde capable of decoding their packets even if the signals are
multi-user multiple-input-and-multiple-output (MU-MIMO) strong.
technologies has attracted much research and developmeriio address this challenge, we design a Bayesian optimiza-
attention in wireless local area networks (WLANS) as it ha#on (BayOpt) framework for joint beam search at the AP. This
potential to offer 100s Gbps data rate via simultaneous trarfissmework is inspired by two facts: i) the relation between
mission of multiple independent data streams [1]. As a coa-selected beam and its achievable data rate in MU-MIMO
crete step towards its real-life applications, downlink mmwWaw@mmunications is complex and unknown in real systems; and
MU-MIMO has been standardized by IEEE 802.11ay [2], ang BayOpt has been proved to be an effective technique for
its theoretical data rate can reach 176 Gbps. nding an optimal or near-optimal solution to an optimization
However, the advancement of mmWave MU-MIMO igproblem whose objective function and constraints are unknown
mainly limited to its downlink. Very limited progress hasand costly to evaluate. The key idea of the BayOpt framework
been made so far for its uplink. While both 802.11ac (sulis to guide beam search using the posterior probability derived
6GHz) and 802.11ay (60GHz) support downlink MU-MIMO from those beams that have already been evaluated. The more
neither of them supports uplink MU-MIMO. This stagnatiorbeams we evaluate, the more accurate information we have for
underscores the grand challenges in the design of prathie remaining beams. Compared to exhaustive search, BayOpt
cal yet ef cient uplink mmwave MU-MIMO communication appears to be surprisingly ef cient in nding a near-optimal
schemes. In addition, the demand of uplink data rate is dramagam within a given airtime budget.
ically increasing in emerging applications such as autonomousAnother challenge in the design of UMMC is the syn-
driving and video streaming. Ericsson predicts that the amougfitronization among stationgctually, the signal detection in
of global uplink traf ¢ will reach 70 EB per month in 2027 uplink MU-MIMO transmission has been well studied in sub-
[3]. Therefore, there is a critical need to |l this gap. 6GHz wireless networks, and some signal detection methods
In this paper, we present a practical yet ef cient uplinlsuch as zero-forcing (ZF) and minimum mean square error
MU-MIMO mmWave communication scheme (UMMC) for(MMSE) have been widely used in practice. However, existing
a wireless local area network (WLAN). UMMC allows mul-signal detectors are based on an important assumption — the
tiple stations tosimultaneouslysend their data packets todata packets from different stations are synchronized in time
an access point (AP) while not requiring ne-grained interwhen impinging on the AP. Particularly, in OFDM systems, the
station synchronization. We address two challenges in ttime misalignment of the packets when arriving at the AP must
design of UMMC. The rst challenge lies in the analog be less than the time duration of an OFDM symbol's cyclic
beamforming for a multi-antenna A®/hile the literature has pre x (CP). While this requirement can be achieved in narrow-



band (20 MHz) sub-6GHz systems (e.g., using timing advance
protocols), it is extremely challenging to achieve in ultra
wideband mmWave systems. For instance, using conventional
MU-MIMO detectors, the time misalignment of packets in
802.11ay must be less than 36ns, which is hard to maintain in
practice. Due to this stringent requirement, uplink MU-MIMO
has not yet been supported by 802.11ay standard [2].

To address this challenge, we argue that it is more desirable
living with the packet misalignment at the AP instead of em-
ploying an onerous protocol to synchronize stations. Towards
this goal, we observed that existing MU-MIMO detectors
work in the spatial domain while the packet misalignment
is an imperfection in the femporal domain. Since these two
domains are orthogonal, spatial MU-MIMO detectors should
be immune to temporal misalignment of data packets. In fact,
the real problem is that the construction of existing MU-
MIMO detectors requires the knowledge of channel, which
relies on orthogonal pilots (reference signals) in data packets
to estimate. However, misaligned packets cannot maintain
the orthogonality of their pilots, making it hard to estimate
channels. To solve this problem, we design an asynchronous
MU-MIMO detector through a transformation of existing
MMSE MU-MIMO detector. This new detector is capable of
decoding asynchronous packets from multiple stations without
the need of explicit channel knowledge. The key idea behind
our design is to use the interfered pilots within each packet
to train its detection filter. Doing so eliminates the need of
channel matrix in the construction of the detection filter while
achieving a surprisingly good performance. The new detector
fundamentally relaxes the synchronization requirement for
stations in uplink MU-MIMO transmission, making UMMC
amenable to practical implementation.

We have evaluated UMMC through a blend of over-the-
air experiments and extensive simulations. We implemented
UMMC on a two-user MIMO mmWave (60GHz) testbed and
demonstrated that it enables real-time uplink packet transmis-
sion in the absence of inter-user synchronization. Experimental
results show that, compared to exhaustive beam search, Bay-
Opt achieves 92% throughput while reducing the overhead by
98%. In addition, simulation results from a 100-user mmWave
network show that, compared to exhaustive beam search,
BayOpt achieves more than 80% of its throughput while
entailing less than 5% of its overhead in all two-user, three-
user, and four-user MIMO cases.

The contributions of this paper are summarized as follows.

e We design a practical uplink MU-MIMO mmWave com-
munication scheme for WLANs. We demonstrate that it
works in realistic scenarios via over-the-air experiments.

« We introduce the first-of-its-kind BayOpt framework for
beam search in mmWave MU-MIMO systems, and show
its efficiency through both simulation and experiments.

« We propose a new MU-MIMO detector that can decode
the asynchronous data packets from multiple user devices.
For the first time, it demonstrates via theory and exper-
iments that fine-grained inter-user synchronization is not
needed for uplink MU-MIMO mmWave transmission.

II. PROBLEM DESCRIPTION

We consider the uplink MU-MIMO communication in a
WLAN as shown in Fig. 1, where an AP wishes to decode con-
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Digital 2 B I )
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processing g—Y Y—é

Fig. 1: Uplink MU-MIMO transmission in WLAN.

current data packets from multiple stations. Our objective is to
maximize the uplink throughput through the design of analog
and digital beamforming for the AP. In the pursuit of this
objective, we assume that a beam has already been selected
for each station using an existing beam search scheme such as
sector-level sweep (SLS) and beam refinement protocol (BRP)
[11]. We focus on the analog and digital beamforming at the
AP for uplink MU-MIMO transmission.

A. Problem Formulation

Analog Beamforming. Denote M as the number of phased-
array antennas (RF chains) on the AP and N as the number
of stations involved in the uplink MU-MIMO transmission
(assuming N < M). We assume that all the phased-array
antennas on the AP are identical. Suppose that a linear phased-
array antenna intends to steer its beam energy to the direction
of 6. Then, its an}enna weight vector (AWV) can be modeled
as: Gap(0) = [ej%“i“(e)]ggigvap,l, where dyp, is the patch
element spacing, \ is the wavelength, and N, is the number
of patch elements. Similarly, for the phased-array antenna
on a station, suppose it intends to steer its beam energy
to the direction of ¢. Then, its AWV can be modeled as:
Gsia() = [ejiﬁuism(‘ﬁ)}ogigmm,l, where dg, is the patch
element spacing and Ny, is the number of patch elements.
Then, the signal received by the AP’s mth RF chain can be
written as:

N
Ym = Z Gap (em) ﬁm7z Gsta(d)n)—rxn + W, (D
n=1

where x,, is the signal transmitted by the nth station, w,, is the
received noise, H,,,, € CNerXNsta jg the over-the-air channel
between the AP’s mth antenna and the nth station’s antenna.

Digital Beamforming. At the AP (receiver), digital beam-
forming serves for the purpose of MU-MIMO Detection.
Denote 4 = [y1,¥2, -+ ,ynr) | as the received signals and 7,
as the AP’s spatial filter for decoding the data packets from
station n. Then, the decoded version of the signal from station
n can be written as: Z,, = pH 7, for 1 <n < N, where (-)H
is the conjugate transpose operator.

Design Objective. At the AP, denote g = (01,02, , 0]
as the beam angle vector, which can be directly used to
calculate the AWV for analog beamforming. Denote p =
[D1, D2, -+ ,Pn] as the detection vector. Denote EVM,, as
the error vector magnitude (EVM) of the decoded signals

a2 .
from station n, i.e., EVM,, = % Without loss of



generality, we assume that the transmit power at stations are
normalized, i.e., E[|z,,|?] = 1. Then, we have

EVM,, = E[|z, — &,|%]. )

The link capacity (spectral efficiency) between station n and
the AP can be written as: ¢, = log,(1 + EVM ).

In uplink MU-MIMO, it is important not onfy to maximize
the data rate but also ensure the fairness among users. Thus,
our objective is to pursue the best analog and digital beams
so that the bottleneck link data rate can be maximized.
Mathematically, it can be formulated as:

). @
n

where B is the predefined beambook that includes all possible
beam angle vectors.

The optimization problem in (3) can be divided into two
subproblems: i) analog beam selection (determining 0) and
iil) MU-MIMO detector construction (determining p’). These
two subproblems are tightly coupled with each other. Given
the complex nature of this problem, it is intractable to pursue a
global optimal solution in real systems. Therefore, we develop
a practical yet efficient scheme to solve the two subproblems.

B. Key Challenges

Inaccurate Models. Solving the above optimization is
nontrivial as the gradients of the objective function are un-
known, so first-order methods like gradient descent cannot
be applied. In addition, we used G.p(#) and Ggia(¢) to
model the response of ideal linear phased-array antennas. In
practice, phased-array antennas have many imperfections in
their radiation patterns. Their actual mathematical models are
unknown. The discrepancy between the ideal and real antenna
model significantly affects the beamforming design.

Channel Correlation. The capacity of MU-MIMO trans-
mission is determined by not only signal strength but also
MIMO channel correlation. Existing approaches based on
signal strength only are not suitable for beam search in MU-
MIMO. Therefore, it calls for a beam search scheme that
can jointly identify the best beams for all antennas. One
straightforward approach is exhaustive search. However, it
will entail a large airtime overhead and thus compromise the
throughput gain of MU-MIMO. Therefore, an efficient joint
beam search scheme is needed.

Inter-Station Timing Synchronization. Uplink MU-
MIMO detection has been well studied. However, existing
schemes require fine-grained inter-user timing synchronization
for signal detection. That is, the time misalignment of data
packets from different stations must be less than OFDM CP
length. In 802.11ay [2], the normal guard interval duration
(CP) is 36.36ns. Maintaining the inter-user synchronization
within 36.36ns not only entails a large overhead but also
complicates the network design and operation. For this reason,
neither 802.11ac (sub-6GHz) nor 802.11ay (60GHz mmWave)
supports uplink MU-MIMO.

III. OVERVIEW OF UMMC

In this section, we first highlight our approaches to over-
coming the above challenges and then present the overall
system diagram of UMMC. In what follows, we denote

[0, §*] = arg max (minlogQ(l +

0B, 5 EVM

Evaluation:
Set analog beam to ét and
| digital beamformer to B,
measure the objective

Digital beamforming:
Asynchronous
MU-MIMO detection

Analog beamforming:
Configure the weights
for AP’s M antennas

%‘ =[01,6,, ..., Bl function f(8,)
o Bayesian optimization for Add the
Perform beam search control evaluation
next beam Evaluated beams result to
evaluation iteration 1: 8, f(8,) the dataset
Compute the best iteration 2: 6,, f(6,)

[ beam for next
evaluation: Bt

iteration 3: 6, f(65)
iteration t-1: By, f(B1.1)

Fig. 2: The high-level system diagram of UMMC.

f (5) = max,{EVM,,}. When 7 is given, the optimization
in (3) is equivalent to minimizing f(6).

A. Our Approaches

Analog Beam Search. To address the beam search chal-
lenge, we design a BayOpt scheme for joint beam search.
BayOpt has been proved to be an effective technique for
solving sequential optimization problems where the objective
function is complex (treated as a black-box), the (sub-)gradient
is unknown, and the evaluation is expensive [12]. To illustrate
the idea behind BayOPt let us consider the beams in a
beambook [91, 92, . 03600] Suppose that we have measured
two beams, say 010 and 01000, and found that f(@lo) =5 and
f (01000) = 0.1. Then, in the next iteration we should select
a beam in the neighborhood of 51000 to evaluate, because the
global minimum is more likely sitting in the neighborhood of
91000 compared to 010 BayOpt is a principled strategy to guide
the process of joint beam search based on posterior probability.

MU-MIMO Detection. Inter-station synchronization is a
fundamental problem for uplink MU-MIMO. Achieving the
required timing alignment for packet transmission among
distributed stations is extremely hard. In light of this, we live
with the timing misalighment among the stations and focus
on enabling asynchronous MU-MIMO detection. To this end,
we revisit the conventional (synchronous) MMSE detector and
find that a transformation can make it applicable to decoding
asynchronous data packets from independent stations.

B. System Diagram

Fig. 2 shows the system diagram of UMMC. The AP
measures the performance of a sequence of analog beams
[91,02,~- Ht,-- HT] where t is the evaluation/iteration
index and T is the predefined maximum number of evalu-
ations/iterations allowed (e.g., 7' = 30). In the end of T
iterations, UMMC chooses the beam that yields the best
performance. In each iteration ¢, the operations of UMMC
include the following four steps:

o Step @: The AP selects a beam 0_; for evaluation in the
current iteration based on the posterior probability derived
from the past evaluations, i.e., (G, f(f,)) for 1 < ¢ < ¢.
Details are presented in Section IV.

o Step @: The AP reconfigures its _phased-array antennas
by setting their beam patterns to 6.



o Step @: The AP first calculates its digital beamformers
(a.k.a. MU-MIMO detector) p = [p1, P2, ,Pn], and
then uses them to decode asynchronous signal frames
from the NV stations. Details are presented in Section V.

o Step @: The AP measures the EVM of the decoded
signals from each station. By doing so, it obtains f(6).
Then, (6, f(6:)) is added to the dataset and will be used
to guide the future beam search.

IV. BAYESIAN OPTIMIZATION FOR BEAM SEARCH

In this section, we assume that the algorithm for determining
P is given and focus on the BayOpt design to find a near-
optimal beam g for the AP. The design of p’ will be presented
in the next section.

A. Why Bayesian Optimization?

Recall that the objective function is f(f) = max,{EVM,,}.
It has the following salient features.

=

o f(0) has a complex structure: Fig. 3 shows an example
of f(6) obtained through exhaustive beam search on our
two-user MIMO 60GHz mmWave testbed!. Tt is evident
that f(6) is hard to optimize due to its non-convexity.

o f (5) is unknown: Practical mmWave communication sys-
tems typically suffer from hardware imperfections such
as phase noise and clock jitters [13], which are hard
to characterize and model. As such, the beam pattern
may largely deviate from its ideal model G,p(6). The
accurate objective function f (5) is unknown and can only
be obtained via exhaustive experimental measurements.

o Evaluating f(0) is costly: To evaluate f(0) for a given
0, the AP needs to physically set up the beam pattern
and measure the resultant signal quality. This process
incurs a fixed airtime overhead. For example, in 802.11ay,
measuring the value of f(#) for a given 6 may take the
time of one Control PHY Preamble (about 3.7us), let
alone other airtime overhead incurred in this process.
Therefore, there is a tradeoff between the quality of 6

—

and the number of evaluations of f(9).

Fortunately, BayOpt is an effective technique to optimize
such a function that is unknown yet expensive to evaluate
[12]. It makes use of the laws of probability to combine prior
belief with observed data to compute posterior distribution of
the objective function. Therefore, we will design a BayOpt
framework for analog beam search.

B. A Bayesian Optimization Framework

To perform BayOpt, one needs to address two problems:
i) finding a statistical process to model the function being
optimized, and ii) selecting an acquisition function as a
surrogate approximation to guide the search in each iteration.
In what follows, we address these two problems in order.

Gaussian Process Regression. We model the iterative beam
search problem as a Gaussian process. In the ¢th iteration,
the AP has observed ¢ — 1 beams. Denote ® = {f;}!_] as
the set of beams that the AP has already observed. Denote
f(©)={f(6) f;% as the objective function values of those
observed beams. We treat f(®) as a multi-variate Gaussian

IThe detailed experimental setup is presented in Section VI-A.

-16

Optimal Point

f(6,, 6,) (dB)

o, (degree) 0, (degree)

—

Fig. 3: An instance of f(6) obtained from experimental
measurements on a two-user MIMO 60GHz testbed, where
6 = [01,05] and f(f) = max(EVMy, EVM,) in dB.

distribution, with u(®) as its mean and k(©®,®) as its
covariance kernel. Here, 1(®) is a (t—1) x 1 vector, while
k(©,0)isa (t—1)x (t—1) matrix. Let 6 be an arbitrary beam
in the beambook. Then, per the definition of Gaussian process,
the joint distribution of the function values corresponding to
0 and O should satisfy:

U w®)| [k(©,0) K®,d)
{f(@] N([u(ﬂ)]’{k(é’,@) k(e,mb’ @

where p(+) and k(-, -) should be understood as an element-wise
operational function. There are various definitions for Gaus-
sian kernel, such as Matérn kernel, exponentiated quadratic
kernel, and radial basis function kernel [14]. In our exper-
iments, we choose radial basis function kernel, k(0;,0;) =
exp(fﬁué’i - 6_?;H2) where o is a hyper-parameter that
governs the kernel width. In our experiments, we let o = 1.
The posterior distribution on the arbitrary beam 6 can be
calculated through standard Bayesian rules. Specifically, the

—

distribution of f(6) can be modeled as:

F(0) ~

where

— —

p(f(0)16,0, f(©)) = N (u(6),2(0)), )

u(0) = k(f, ©)k(©,0)7' f(©), 6)
S(0) = k(4,0) — k(0,0)k(©,0) 'k(©,6). (7

Acquisition Function. There are different acquisition func-
tions available for BayOpt problems such as Probability of
Improvement (Pol), Expected Improvement (EI), and Gaussian
process Upper Confidence Bound (GP-UCB) [14]. We choose
EI for two reasons: i) compared to Pol, it has been shown to
be better-behaved; and ii) unlike GP-UCB, it does not involve
tuning parameters [15]. The acquisition function can be written
as:

EI(f) = E[max(f(0) — f(671),0)], ®)

where 67 is the best beam found so far. Under the Gaussian
process model, it can be analytically written as follows:

EI(d) = (u(d) — (%) — €) CDF(Z) + 2(0) pdt(Z), (9)

where Z = M, CDF(-) and pdf(-) are the cu-

=(0)



mulative distribution function and the probability densityAlgorithm 1 Bayesian optimization for analog beam search
function of standard normal distribution, respectively, and 1. Required: T: the budgeted number of evaluations.

is a parameter that determines the amount of exploratiop. Output: A beam™ in the prede ned beambooB for
during the optimization. A large value of leads to more data packet reception at the AP

exploration, while a small value leads to more exploitation.3_ Initialization = [0].
In our experiments, we empirically setto 0.1. 4: fort=1:2 T do
Beam SelectionIn the tth iteration, the beam selected for " Calcu,la,te ,usin (14)
evaluation is obtained by solving the following problem: Calculate () us?ng (12) and( ) using (13)

¢ =argmax EI(7); (20) Construct the surrogate functidi( ™) using (9)
“2Bn Find the next beam directioni by solving (11)
whereB is the set of all prede ned beams and is the set 9.  Add 7 to
of beams that has been evaluated so far. We note that (10)1és end for
easy to solve because (9) is a simple, disciplined function. 11: return =~ =argmin_, f (7).

C. Practical Considerations

There are two challenges associated with the above BayOpbenote
framework when it is applied to beam search. In the following,
we rst point out the challenges and then present our solutio%ﬁ. G ; ' be ch terized by th

Limited number of evaluations. MmWave systems have € f>aussian process regression can be ¢ a.rac erized by the
a xed airtime budget for beam search/training, which dee_lpproxmate mean and covariance as follows:

as the subset of training data samples that
e selected for exact regression, where . Per [17],

termines the maximum number of evaluations/iterations that M= 2k(T )Q k( ; () 12)
can be performed before data transmission. In practice, given e 1 L

the limited airtime budget for beam search, it is unlikely to (7=kE )Q k(57 (13)
nd the optimal beam for data transmission. Therefore, thﬁhereQ = 2k( ;o )k( 3 )+ k().

beam search problem is further constrained by the number ofs question to ask is how to select the active data samples
evaluations. To address this challenge, we proposeenter- oy Empirically, we de ne an integer number2 Z which

and-shrink(RaS) scheme for the Gaussian process regressigismaller thart. We choose the beams in  that are closest
This scheme was inspired by [16]. The basic idea is that, whgn~+ a5 the active samples for. Denoteg(™) , j~ 72

approaching the evaluation budget, wecenterthe search
space to the current optimal beam asitink the search space.
Doing so increases the probability of nding a better bea

as the metric for". Based on this metric, we sort the elements
in  in a non-decreasing order and denote the resulting vector

when we reach the evaluation budget. Following this idea, we " ~ [Ts1i7s:0 7] Then, we let
modify the acquisition function in (10) to: = [T s s I (14)
~ =argmax EI(7) (11) With the approximation in (12)-(14), the computational
~ZB? complexity of Gaussian process regression inttheteration
[ 50 5] f1 t<T=2 decreases t®( 2t) [14]. More importantly, the complexity
st.m2 .22 0 i T _ scales linearly (rather than cubically) with the number of
[m 20 mt o] T2 ¢ T iterations.

wheret is the iteration/evaluation index; is the maximum  We present the proposed BayOpt algorithm in Alg. 1. In a
number of evaluations;” =[ ;,]M., is the best beam found nquheII, it is a non-parametric online Iegrnmg alg(_)rlthm that
so far, and ; is the reduced search range. Empirically, we sétides the beam search using the posterior probability of those
¢ = (% L) in our experiments. data samples that have been evaluated so far.
Cubic Computational Complexity. The computational
complexity of Gaussian process regression is cubic to the V. ASYNCHRONOUSMU-MIMO D ETECTION

b 3 >
number of data samples, i.©(t°), wheret is the number of In this section, we rst review the MMSE MU-MIMO

evalu_ations _that.have been performed [.14]' Clearly, the COltector, and then present a transformation for MMSE MU-
putation rapidly increases as the evaluation procedure evoly, MO detector so that it can decode asvnchronous data
To overcome the computation challenge of Gaussian proces% y

S ackets. The resulting detector fundamentally relaxes the
wealth of sparse approximations have been_recgntly suggesiefl, ser synchronization for uplink MU-MIMO, and thus
such as the subset of data_ (SQD) approximation, _the s_u_bge articularly suited for mmWave communications. Finally,
of regressors (SoR) approximation, the deterministic trainin conduct performance analysis of the proposed detector in
conditional (DTC) approximation, and partially independer\’f;Wave networks

training conditional (PITC) approximation [17h these meth- '

ods, a subset of the latent variables are treated exactly while .
the remaining variables are treated approximately to ryedu - Conventional (Synchronous) MMSE MU-MIMO Detector
the computation.Here, we employ the SoR approximation for Consider the uplink MU-MIMO transmission fro sta-

the beam search as it demonstrates a good tradeoff betwgens to anM -antenna AP as shown in Fig. 1. Suppose that
performance and computation (see Tables 8.1 & 8.2 in [17Pata packets from thH stations are perfectly aligned in time
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