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Abstract—Multiple-input multiple-output (MIMO) technology
in conjunction with orthogonal frequency division multiplexing
(OFDM) transmission is widely adopted in fifth-generation mo-
bile networks to support multiple users. However, in these mobile
communication systems, high power amplifiers (HPAs) at user
terminals’ transmitters are driven into their saturation regions,
which makes the multiuser frequency-selective MIMO-OFDM
uplink channel nonlinear and renders the standard multiuser
detection (MUD) at the base station (BS) ineffective. In this
paper machine learning is employed to combat the distortions in
the uplink of this multiuser frequency-selective MIMO-OFDM
communication system. More specifically, a powerful complex-
valued B-spline neural network (BSNN) based design is developed
to simultaneously identify the system’s channel impulse response
(CIR) matrix and the BSNN model for the nonlinear transmitters’
HPA together with the BSNN inversion for the nonlinear HPA
at transmitters. This enables the BS to effectively implement
MUD by utilizing the estimated MIMO-OFDM CIR matrix as
well as to compensate for the transmitter HPAs’ saturation
distortions using the estimated BSNN inversion. A simulation
study is included to evaluate the effectiveness of this novel BSNN
assisted design in combating multiuser and dispersive channel
interference as well as nonlinear distortions for multiuser MIMO-
OFDM nonlinear uplink.

Index Terms—Machine Learning, B-spline neural network,
nonlinear identification, nonlinear inversion, multiple-input
multiple-output, dispersive channel, nonlinear transmit power
amplifier, multiuser detection

I. INTRODUCTION

Since the standardization of the four-generation mobile
communication system, orthogonal frequency division mul-
tiplexing (OFDM) [1] combined with multi-bit-per-symbol
quadrature amplitude modulation (QAM) scheme [2] has be-
come the dominate transmission technology, owing to its high
spectrum efficiency, resisting fading and frequency selective
distortions. However, OFDM signals with QAM signaling
impose high peak-to-average power ratio (PAPR) and also
require high average transmission power, which drives the
transmitter high power amplifier (HPA) into its saturation
region, causing serious nonlinear distortion to the transmitted
signal. In the fifth-generation and future mobile networks, the
multi-input multi-output (MIMO) enabled spatial-domain non-
orthogonal multiple access plays a crucial role in supporting
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the massive access demands [3]. Historically, most existing
designs for MIMO communication systems assume the linear
MIMO channel model [4]-[11]. However, this assumption
is only valid if the transmitter HPA can operate in its lin-
ear dynamic range. Since real-world HPAs exhibit nonlinear
saturation characteristics [12]-[16], it is impossible for a
transmitter’s HPA in the multiuser frequency-selective MIMO-
OFDM system to operates in its linear dynamic range. This is
because the multiuser MIMO-OFDM signals have very high
PAPR. To operate the transmitter HPA in its linear dynamic
range, output back-off (OBO) must be extremely severe, which
means that the average transmission power must be very low.
But such a low transmission power fails to meet the high link
power budget requirement for successful transmission of high-
order QAM based OFDM signals. Consequently, the multiuser
frequency-selective MIMO-OFDM channel become nonlinear,
which renders the powerful multiuser detection (MUD) for
uplink and multiuser transmission for downlink ineffective.

It can be seen that for real-world multiuser MIMO-OFDM
systems, the assumption of transmitter HPA operating in its
linear dynamic range is invalid and the MIMO communication
channel is nonlinear, owing to extremely high PAPR of OFDM
signals. Explicitly, for the multiuser MIMO-OFDM systems
with N subcarriers, the inverse fast Fourier transform (IFFT)
operation at the transmitter scales up the PAPR of the transmit-
ted signal by a factor of V. Since the cyclic prefix (CP) of each
OFDM block reduces the spectrum efficiency, /N must be large
to maintain the effective throughput. Consequently, OFDM
signals have the worst PAPR compared with other transmission
techniques. Nevertheless, for the downlink, the problem can
be tackled at the base station (BS) transmitter. This is because
the BS can implement highly complicated PAPR reduction
techniques [17]-[23] to mitigate high PAPR of transmitted
OFDM signals as well as employ predistorters [24]-[30] to
compensate for nonlinear distortions of BS transmitter HPA.
But for uplink, a mobile handset transmitter does not have
the capacity to implement these high-complexity operations.
This leaves the BS receiver to deal with the severely nonlinear
MIMO-OFDM frequency-dispersive channel. Consequently,
detecting multiple mobile users’ transmitted data becomes an
extremely challenging task at BS receiver.

A. Our Novelty and Contribution

In this paper machine learning is employed to tackle this
challenging task. By utilizing the optimal modeling and in-
verse modeling capability of the complex-valued B-spline neu-
ral network (BSNN) for complex-valued nonlinear functions,
we develop an effective and efficient machine-learning assisted
design for this challenging multiuser nonlinear frequency-



dispersive MIMO-OFDM uplink. Our original contributions
are summarized as follows.

e We design a novel BSNN parametrized nonlinear mul-
tiuser MIMO-OFDM uplink, and develop a highly ef-
fective nonlinear identification framework to estimate the
channel impulse response (CIR) matrix of the nonlinear
multiuser frequency-selective MIMO-OFDM uplink and
the nonlinear mapping of transmitter HPA as well as
the inverse model of nonlinear transmitter HPA. Numer-
ical results demonstrate that this BSNN based nonlinear
identification scheme is highly accurate and converges
extremely fast, requiring no more than 2 iterations. Also
this BSNN based nonlinear identification scheme is com-
putationally extremely efficient, as it involves two closed-
form least squares (LS) estimations in each iteration.

« A powerful nonlinear MUD scheme is proposed using the
BSNN based nonlinear identification results. Specifically,
BS implements the per subcarrier MUD using the esti-
mated multiuser MIMO-OFDM CIR matrix to remove the
multiuser frequency-selective MIMO channel distortions,
and this is followed by removing the nonlinear distortions
of the transmitters’ HPA using the estimated BSNN in-
verse model. Simulation study confirms the effectiveness
of this nonlinear MUD scheme.

B. Related Works and Their Limitations

Our work is very different from [31]. The study [31] con-
siders the frequency-nonselective MIMO uplink and does not
employ OFDM. In practice, MIMO channels are frequency-
selective, and OFDM transmission is typically adopted to
tackle the frequency-selective MIMO channels. This work is
also completely different from [32]. The paper [32] considers
the single-carrier multiuser frequency-selective MIMO uplink.
The BS receiver employs a bank of time-domain (TD) space-
time equalizers to mitigate multiuser and frequency-selective
channel interference, which imposes dramatically higher com-
putational complexity, compared with our per-subcarrier MUD
for multiuser MIMO-OFDM uplink. The nonlinear identifica-
tion framework developed in this paper is very different from
that of [32]. In [32], the single-carrier multiuser nonlinear
frequency-selective MIMO channel is parametrized with three
sets of parameters, and these three sets of parameters enter
the model in a triple product form. The iterative alternating
LS (ALS) estimator of [32] therefore requires the two-loop
iterative procedure involving three steps of LS estimates. In
this paper, we parametrize the nonlinear multiuser frequency-
selective MIMO-OFDM uplink with two sets of parameters,
i.e., with less total number of parameters. This enables us to
design the single-loop iterative ALS procedure involving only
two steps of LS estimates. In other words, our identification
procedure imposes much lower computational complexity and
converges much faster than the one proposed in [32].

Recently, deep learning has been extensively applied to
MIMO communication systems. Many of the works in this
field focus on deep neural networks (DNNs) based beam-
forming for downlink [10], [11], [33], [34]. In order for the
BS to perform downlink beamforming, mobile users have to

estimate the downlink channels and feed back the estimated
channels to the BS. For uplink transmission, many studies
have applied DNNs for MUD [35]-[39]. Typically, a linear
frequency-nonselective MIMO channel is assumed, and the BS
is assumed to have the perfect MIMO CIR matrix. With the
perfect linear MIMO CIR matrix, various DNNs are trained to
approximate the maximum likelihood or maximum a posteriori
MIMO detection solutions [35]-[39]. There are several limi-
tations of these DNN-based MIMO detectors, which prevent
their applications to the practical multiuser frequency-selective
MIMO-OFDM nonlinear uplink considered in this paper.
First, training of such large-size DNN detectors requires huge
amount of training data, which is often impractical. Second,
standard channel estimation methods have difficulty to acquire
the estimate of this realistic multiuser nonlinear frequency-
selective MIMO channel. Third, to cope with this realistic
multiuser nonlinear frequency-selective MIMO channel, the
DNN detector would become prohibitively large, severely
limiting its practicality. Alternatively, DNN detector can be
trained directly to bypass channel estimation, at the cost of
demanding even larger training data and longer training period.

Existing DNN detectors developed in the literature belong to
the so-called black-box approach. A fundamental principle in
data modeling is to incorporate available a priori information
regarding the underlying data generating mechanism into the
modeling process. Data-physics or grey-box models that are
capable of incorporating prior knowledge typically outperform
pure data-driven modeling [40]-[42]. The nonlinear multiuser
MIMO detector developed in this paper is based on this grey-
box modeling approach. Specifically, we explicitly utilize the
physical knowledge that the multiuser MIMO-OFDM nonlin-
ear uplink is an MIMO Hammerstein system consisting of the
transmitters’ nonlinear HPAs followed by frequency-selective
MIMO CIR matrix. This knowledge allows us to design a pow-
erful nonlinear estimator to simultaneously identify the MIMO
CIR matrix and the BSNN model for the nonlinear transmit-
ters’ HPA together with the BSNN inversion for the nonlinear
HPA at transmitters. With the aid of this physical knowledge,
our nonlinear MIMO channel estimator is extremely efficient,
as it is an ALS procedure of no more than two iterations, with
each iteration involving two closed-form linear LS estimations.
By contrast, any DNN approach relies typically on gradient-
descent nonlinear optimization to estimate its huge number of
parameters, which requires huge number of training data and
imposes huge computational complexity. Furthermore, in data
detection stage, we can effective implement low-complexity
linear MUD by utilizing the estimated MIMO-OFDM CIR
matrix as well as to compensate for the transmitter HPAs’ sat-
uration distortions using the estimated BSNN inversion. This
is in strikingly contrast to the high computational complexity
of a DNN detector, which may not be able to meet the real-
time constraint of data detection for the nonlinear multiuser
MIMO-OFDM uplink considered in this paper.

It is also worth emphasizing that in this work, we adopt
a more realistic nonlinear HPA model, and in our system,
transmitter HPA actually operates into its saturation region
owing to the extremely high PARA of OFDM signals. This
is in contrast to most existing works, where an odd-order
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Fig. 1. Schematic of multiuser nonlinear frequency-selective MIMO-OFDM uplink.

polynomial HPA model is typically adopted [43]-[46]. Such
a nonlinear HPA model is less effective in modeling the
saturation characteristics of the HPA under the operation
conditions of extremely-high-PARA OFDM signals.

II. MULTIUSER NONLINEAR FREQUENCY-SELECTIVE
MIMO-OFDM UPLINK

A. Signal Model

The uplink communication system considered is depicted in
Fig. 1, where all the M single-antenna mobile users transmit to
the BS using the same resource block of N subcarriers. The
BS equipped with L receiving antennas, where L < M, is
responsible for detecting all the M users’ data. The dispersive
channel’s CIR linking the mth mobile user to the Ith receive
antenna of the BS can be expressed as
1" )
where 1 <I <L and 1 <m < M. Without loss of generality,
the CIRs of all the links between the users and the BS have
the same length of ng.

The modulation scheme is assumed to be U-QAM. For
national simplification, we omit the block index, and each
OFDM transmission block of mobile user m consists of NV
data symbols on N subcarriers, which can be expressed as

gim = [gl,m,() giom,1 - Glmmng—1

S =[Sm0 S S]], 1<m< M. (2)

The frequency-domain (FD) data symbols S, € S for 0 <
k< N-1and 1 <m < M, where the U-QAM constellation
set is defined as

S={d2— VU -1)+jd(2¢g— VU —1),1<1,q < VU},
3)

with 2d denoting the distance between adjacent constellation
points. The N-point IFFT modulator at the transmitter of user
m first converts S,,, into the TD OFDM signal:

T
1 “)
where F' is the fast Fourier transform (FFT) matrix, which
satisfies FEF = FFY = I'y. Adding the CP of length Nep
to s,,, results in

H
Sm =F Sm = [Sm,o Sm,1 """ Sm,N—1

T
1 ®)
in which s, _ =8m Nk, 1<E< Ngp, and Nep >ng.

The TD signal block s, is amplified by the HPA to yield
the actually transmitted signal block of the mth mobile user

= T
Sm = [Sm,—NCp Sm,—Ngp+1 """ Sm,—1 |Sm

T

Zm :[Zm,chp Zm,—Ngp+1 """ Zm,—1 ’Zm,() Zm,1 """ Zm,Nfl}

1%, ©6)

— T
7[Zm7_Ncp Z7n7_Ncp+1 T Zm7_1 |zm

where zp, _ = Zm N—k, 1 <k < Nep, and
Zm,k =¥ (Sm,k’)a *Ncp <k<N-1 @)

In (7), U(-) denotes the mapping of the nonlinear HPA at
a mobile user’s transmitter. Here we assume that all the M
transmitters have the same type of HPA and therefore the
transmitter index is dropped from W(-). Given the input to
the HPA s, = |Sm.k|e/“5m* = 1, pel4Smk | the output of
most real-world HPAs can be written as [15], [16]

2t =A(r )l (EomtTOm ), ®)

where the HPA’s amplitude response is defined by
ol
A(r) = J )

26, Pa
(1+($§) )
the HPA’s phase response is defined by
T(r) =

q1

L@ [degree],
v+ ()
and r is the magnitude of of the complex-valued input to the
HPA. In other words, a practical nonlinear HPA is character-
ized by its amplitude response A(r) with the parameters g,
Ba and Ag,g, and its phase response Y (r) with the parameters
o, Bg, g1 and gz [15], [16]. In particular, Ag,; represents the
HPA’s saturation level. The HPA’s operating point, typically
specified by its average input power or its average output
power, does not define the HPA’s operating status. Rather, the
OBO more accurately specifies the operating condition of the
HPA, which is defined as

(10)

Pmax

OBO = 10log;, [dB], an

aop
where Pyax(=A2,,) and P, are the maximum output power
and the average output power of the HPA output signal,
respectively. The OBO specifies how many dBs the average
output power is ‘back off’ from the maximum output power.
For the fairness, every mobile user is allocated with the same
transmission power, i.e., E{|z, x|?} =02 for 1 <m < M.
After the CP removal at the BS receiver, the MIMO channel-
impaired sampled TD received signal blocks are obtained as

(12)

where z; ;, is the k-th signal sample at the [th receive antenna
which can be expressed as
M ng-—1

Ty = E E Gi,m,i%m k—i + &Lk

m=1 =0

M
C
=y gEmzfn,l)c + &1k
m=1

T
@ = [z0 w1 mna] 1<I< L

13)



In (13), zm k—i = Zm,N+k—i for k < i owing to the circular
property of CP, £ denotes the complex-valued additive
white Gaussian noise (AWGN) with E[|¢ x|?] = 20?, and

c
Zk =

nal vector at sample £ of the BS’s antenna array x, ’ =
on the other hand can be written by

(215 Tog 2Lt

T S
[Zmk Zmk—1° Zmk—nu+1] - The TD receive sig-
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where the MIMO-OFDM CIR matrix G € CLx(nuM) gpd
(@) _ T
& =&k Son o]

Remark 1. The HPA of (9) and (10) is much more accurate
than the odd-order polynomial HPA model typically adopted
in the literature [43]-[46]. This is because the amplitude
response (9) is particularly suitable for representing the sat-
urated operation characteristics of the HPA in response to
extremely-high-PAPR OFDM signals. The saturation output
power of this HPA is Py, = A2,,. Consider the typical values
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Fig. 2. The nonlinear HPA’s amplitude and phase response with the parameters
given by (15) in comparison with their real-valued BSNN and polynomial
based estimates. The operating point, i.e., average input magnitude and
average output magnitude, for OBO = 3 dB, is indicated in the graph.

of the parameters for this nonlinear HPA as given in [15], [16]

A(): ga =19, Be = 0.81, Agyy = 1.4;

T(): ap = —48000, B = 0.123, q1 = 3.8, go = 3.7. ()

Fig. 2 plots this nonlinear HPA’s amplitude and phase re-
sponse. The HPA’s operating point as specified by the average
input magnitude and average output magnitude is indicated in
the graph for the operation condition of OBO =3dB. Owing
to extremely high PAPR of OFDM signals, the peak input
magnitude is well reaching the HPA’s saturation region with
the true HPA’s peak output magnitude saturated at Agay.

If the PAPR of the input signal is not too extreme, say,
the peak input magnitude is 4 times of the average input
magnitude, then within this operating region, this nonlinear
HPA can be accurately approximated by a polynomial model.
However, for extremely-high-PAPR OFDM signals, the peak
magnitude of the HPA input is well reaching into the HPA’s
output saturation region, causing the peak magnitude of the
HPA output to saturate at Agat. The polynomial HPA model
[43]-[46] has difficulty to accurately model this situation.
By contrast, the BSNN HPA model developed in this paper
is capable of accurately modeling this nonlinear saturation
characteristics. To demonstrate this, we perform the LS fit-
tings for the HPA’s amplitude and phase response using the
real-valued one dimensional (1D) BSNN model with 8 basis
functions and polynomial degree 4 (See Section IIl) as well
as polynomial model with polynomial degree 4. The training
inputs are uniformly sampled from the HPA input range (0
to peak input), and desired outputs are the corresponding
true HPA’s output magnitudes and phases. The response of
the estimated BSNN and polynomial based HPA models are
also plotted in Fig. 2. The results clearly demonstrate that
the polynomial HPA model is incapable of representing this
physical HPA accurately.

B. Multiuser Detection

The TD signal blocks x; of the I-th receive antenna for 1 <
I < L are first converted by the N-point FFT to yield the FD
received signal blocks X; = Fx; = [Xz,o Xy XZ,N_JT,
1 <1 < L. From (13), by utilizing the N-period cyclic
property of z,,, it is well-known that

M

Xl,n = § Gl,m,an,n + El,na 0<n<N -1, (16)
m=1

where the FD noise vector E; = [0 Zj1- S n-1]T =

F[fl,o §i1e 'gl,N—l]T with E{|El,n|2} = 20?’ Z,, = [Zm,O
T+ Zn-i1] " = Fzp with E{|Zy n[?} = 02, and the
FD channel vector G ., = [Gl,m,o Gim,1- ~~Glﬁm7N,1]T is
the N-point FFT of g; ,,, for 1<I<L and 1<m <M.

It is well known that without the nonlinear HPA distortion
at the M transmitters, the MUD can be done on the per
subcarrier basis. Because of the nonlinear distortion introduced
at the transmitters’ HPA, however, the output of this MUD
is not the estimate of the FD data symbols S,,, 1 < m <
M. This can be be easily seen. Specifically, let us define
X, = [Xin Xow-Xen) s Zy = [Z1n Zow Zag)

—n



_ - - — T
and B, =[Z1,, S, Er,n] for 0 <n < N —1 as well
as the nth subcarrier FD channel matrix
Gl,l,n G1,2,n
G2,1,n G2,2,n

Gi,Mmn
GZ,M,n
g =

n

a7

Grin Gron Gr.Mmn
Then (16) for 1 <1 < L can be collected together as

X,=G,Z, +E,, 0<n<N-L (18)

Thus, the detection of Z,, can be obtained as

~

Z,=W,X,, 0<n<N-1. (19)

Here W,, € CM*L denotes the linear MUD’s weight matrix
for the nth subcarrier. When the FD channel matrix at the nth
subcarrier, G,,, is known at the BS receiver, the minimum
mean square error (MMSE) solution for W, is given by:

(20)

z

-1

- 202

Wn—<GEGn + = IM> Gl o<n<N-1.
g

~

Obviously, Z,, = [Zn,o Zm,l---ZWN_l]T is not the
estimate of the FD data block S,,. Converting Z,, by the
N-point IFFT yields the TD signal block given by

Zm :FHZm = |:2m,0 Zm1 /Z\m,Nfl} (21

Observe from (7) that the actual TD transmitted signal block
of mobile user m, z,,, is the nonlinear HPA distorted TD
signal block s,,, i.e.,

Zom =U(8mm) = [U(sm0) Ul(sma) - U(smn_1)]

Therefore, if the BS receiver also knows the inverse mapping
W—1(.) of the transmitter’s nonlinear HPA W(-), it can estimate
the mth mobile user’s TD transmitted data block s,,, where
1 <m < M, according to

(22)

§m :\Ijil (Em)
T
=27 Eno) ¥ Ema) - T Bn)]

The estimate of the mth mobile user’s FD transmitted data
block S,, can then be obtained as the N-point FFT of §,,:

(23)

~

S =F8,,,1<m<M. (24)

III. BSNN BASED RECEIVER IMPLEMENTATION

From the previous section, it can be seen that the BS re-
ceiver needs to know the multiuser MIMO-OFDM CIR matrix
G and the inversion of the nonlinear HPA ¥(-) at transmitters
to detect the mobile users’ data. Once G and W~1(-) are ob-
tained, MUD can be implemented on the per subcarrier basis,
and the nonlinear distortions to the transmitted data caused at
transmitters can be removed at receiver. From the multiuser
nonlinear frequency-selective MIMO-OFDM channel (14), it
is clear that the multiuser MIMO-OFDM CIR matrix G is
coupled with the nonlinear HPA ¥ (-), and it is necessary to
jointly estimate G and W (-) in order to acquire G. This section

develops an effective and efficient identification procedure for
acquiring G' and W(-) as well as W 1(-).

However, the nonlinear MIMO channel (14) has an inherent
permutation and scale ambiguity owing to the coupling of G
and (). To remove this ambiguity and therefore ensure a
unique estimate of G and ¥(-), we parametrize the multiuser
nonlinear MIMO-OFDM channel as

1 T 1 T 1 T
gl,ll,Og}r’l gl,ll,Og}r’2 Ql,l,OglaM
GZ(C)— 91,1,09271 91,1,09272 91,1,0927]\/[
kT . . .

1 T 1 T 1 T
91,1,ogL71 91,1,ogL72 91,1,ogL7M

L(©)

91,1,0%1

C

gl,l»ozé.k)

x TER (25)
()
91,1,02 01

This parametrization corresponds to scale every CIR vector
gi.m by g1.1,0 and multiply the nonlinear HPA’s response ¥(-)
with g1,1,0. For notational simplification, we still use G' and
U(-) to represent the scaled MIMO-OFDM CIR matrix and
the modified nonlinear HPA’s response.

A. B-spline Neural Network Parametrization of HPA

An effective estimator first requires an effective parametriza-
tion. The multiuser MIMO-OFDM CIR matrix G is naturally
parametrized by its CIR coefficients, and we still need an
effective parametrization of the nonlinear HPA mapping ¥ ().
We choose a complex-valued BSNN to parametrize the non-
linear HPA (7). This choice is based on the computational
efficiency and optimal modeling capability of the BSNN,
which will be discussed in Remarks 2 and 3. Furthermore,
the BSNN modeling well matches the underlying physics
of HPA and QAM signaling. Obviously, the real-life HPA’s
nonlinearity ¥(-) is a continuous and invertible mapping. This
offers sound theoretical basis for using the BSNN to model
U (-) (and to model ¥~1(-)). From the QAM signaling (3), the
FD data symbol S = Sk + jS; is upper and lower bounded
by the constellation points, :I:d(\FU — 1)(1 + j), and the
distributions of its real and imaginary parts, S and Sj, are
identical and symmetric. The input to the HPA ¥(-) is the TD
signal s=spr+jss, which is the IFFF of the FD data symbols
via (4). Therefore, physically, Uiy < Sy < Upax, for some
known finite values U,,;, and Uy, and we use s, € R to
represent either sp or sy. Clearly, the distributions of sp and
sy are also identical and symmetric. The BSNN is particularly
well suited for modeling in such a finite interval.

1) ID BSNN Modeling: To model a nonlinearity in the 1D
space of s;, we choose a 1D BSNN model with piecewise
polynomial degree of P, and N, basis functions. Our reason
for choosing the BSNN rather than other nonlinear models is
because its optimal modeling capability [47]-[49] (also see
Remark 3), that is, it is an optimal choice for our task.
The ‘receptive field’ of this 1D BSNN is partitioned by the
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Fig. 3. Illustration of De Boor recursion or the structure of one-dimensional
BSNN for P, = 4, Ny = 5, Upin = Us and Upax = Usg.

knot sequence specified by (N,+ P,+1) fixed knot values,
{Uo,Ux,--+ ,Un,+p,}, arranged in the order

U0<U1<--~<Up072<Up071=Umin<Upo<"' <

Un, <UN,4+1=Unax <Un,42<---<Un,4p,- (26)

Outside the input region [Umin, Umax]. there are P, — 1
external knots and one boundary knot at each end. The number
of so-called internal knots that cover the input region is given
by Ny +1— P,. Based on {Up, Uy, -+ ,Un,+p,}, the famous
De Boor recursion [50] can be applied to determine the set of
N, B-spline basis functions.

Specifically, refer to the structure of BSNN illustrated in
Fig. 3, which has P, +1 layers. The layer O is on the receptive
field with N, + P, nodes, to sense the input according to

(r,0) - 1, if Ul,1 <5 < Ul,
By () = { 0, otherwise, i< NetFo. (27)

The signal is propagated layer by layer for layers p =
1,---,P,and nodes [ = 1,--- , N, + P, — p according to

—U;_ _
B(Bp) L) = Sr -1 B(r;P 1) .
l (S ) Up+l71 o Ulfl l (S )
Upti = Sr (r,p—1)
B’ r)- 28
T O o (%) 28)

To highlight our motivation of adopting the BSNN model,
we elaborate the computational complexity and optimal op-
timal modeling property of BSNN. Since the polynomial
model is the most common nonlinear model, we use it as
the benchmark. Consider the task of modeling a real-valued
continuous nonlinear function y = f(x), y,x € R. We model
this nonlinear function using the following 1D BSNN model:

g= Zil a; Bi(x),

where the basis functions B;(x) = Bi(r’P°)(x) (see (28)), P,
is the polynomial degree, and a; are the real-valued weights.
As a comparison, we also use the 1D polynomial model with

polynomial degree P,, i.e.,

g=y_ . bia', (30)

with the real-valued weights b;.

(29)

Remark 2. The polynomial model (30) is well-known to have
a computational complexity on the order of O((P, + 1)?).
On a casual look of Fig. 3 and De Boor recursion (27)
and (28), it would seem that the BSNN model (29) has a

Umfl X U

(a) Upper-bound case when U,,, _1 and U,, are not boundary knots

N
»

X U

(b) Case with U,, —1 = Umin (Case with U,,, = Umax is identical)

Fig. 4. Signal flow (complexity) in 1D BSNN with P, = 4, where {a,b}
beside a node indicates that it requires a additions and b multiplications to
compute the basis function value at this node.

much higher complexity. However, careful examination reveals
that the complexity of the BSNN model (29) depends only on
the polynomial degree P,, not on N,, and the computational
complexity of this BSNN model is also O((P, + 1)?), which
is similar to that of the polynomial model. This is because
given an input © € [Umin, Umax|, there are only P, + 1
basis functions with nonzero values at most. Fig. 4 shows the
complexity of generating the B-spline basis function set for
P, = 4, which indicates that the total requirements are 26
additions and 38 multiplications at most.

Also the 1D BSNN has significant computational advanatege
over other neural network (NN) for 1D space modeling,
particularly in training requirements. The 1D BSNN model
(29) has a P,-layer structure, and there are no any trainable
parameter in its ‘hidden nodes’ of the (P, — 1) ‘hidden
layers’. The signal simply propagates through the network
layer by layer to the ‘output layer’ via De Boor recursion (28)
without involving any other network parameter, as illustrated
in Fig. 4. Consider a typically NN with P, layers. Each hidden
node in its (P, — 1) hidden layers has number of trainable
parameters and a node activation function. When the signal
propagates through the NN layer by layer to the output layer,
at each hidden node complex operations take place involving
the node’s parameters and its nonlinear activation function.
From the training perspective, the BSNN model contains only
N, output-layer weights, and these parameters enter the model
output linearly. The training of the BSNN model is a simply
optimization with the closed-form solution. By contrast, a
standard NN contains huge number of parameters, and most
of them enter the model output nonlinearly. Training such a
NN is a highly complex nonlinear and noncovex optimization,



involving typically a long gradient-based iterative procedure.

Remark 3. The literature [47]-[49] establish that among
all the universe approximators with similar computational
complexity for nonlinear continuous functions on the 1D
space, the BSNN model (29) has the maximum robustness
property. The previous applications involving noisy training
input data [28], [51]-[53] have demonstrated that because
of this property, the BSNN model outperforms other non-
robust linear-combining-nonlinear-bases models, including the
polynomial model, in terms of modeling accuracy. In other
words, the BSNN model has the optimal modeling capability
within the class of linear-combining-nonlinear-bases models
having similar computational complexity. We use the analysis
of [28] to demonstrate this property. Consider using the BSNN
model (29) and the polynomial model (30) to model the
nonlinear function y = f(x) with a noisy training dataset.
Assume that the estimation errors for models’ weights are
bounded by €,,x. An upper bound of the modeling error by
the BSNN model can be established to be

=9 =| 3 aiBite) = Y @)
Zj‘\il Bz(x)‘ = €max;

while the modeling error of the polynomial model is upper
bounded according to

o i Po" i Po

Ebix—gbix §'1m'
1=

i=1 i=1

Clearly, the BSNN model has much better modeling accuracy
than the polynomial model. From (31), it is seen that the maxi-
mum numerical robustness or the optimal modeling capability
of the BSNN model is due to the convexity of its model bases,
ie, Bi(x) >0 for 1 <i < N, and vazrl B;(x) = 1. By
contrast, although the polynomial model is also a universe
approximator with similar computational complexity, its bases
are not convex. Therefore, it does not share this optimal
modeling capability. A simple numerical example to verify this
robustness analysis can be found in [28].

Another universe approximator with similar computational
complexity is the radial basis function (RBF) network. But it
does not have this optimal modeling capability because the
RBF bases are not convex, namely, they sum up not to 1.
On the other hand, the normalized RBF network shares this
optimal modeling capability since the normalized RBF bases
are all positive and sum up to one. However the normalized
RBF network imposes much higher computational complexity
than the BSNN. It is self-evident that the BSNN basis set can
be interpreted as a complete set of mass probabilities, which
is a highly desirable property in modeling. Many DNNs also
‘normanlize’ response of their output nodes to achieve similar
probability like properties.

<Emax €2V

< Emax (32)

ly— 7] =

2) Complex-valued BSNN Model of Nonlinear HPA: Since
the nonlinear HPA is complex-valued, i.e., its input and output
are both complex-valued, we adopt a complex-valued BSNN
to model it. First, we construct the two sets of 1D B-spline
basis functions, BﬁR’P")(sR) for 1<r<Np and Bi(I’P" (s1)

for 1 <¢< Ny, on the real and imaginary parts of the complex-
valued input s=sgr+js;. Then we use the tensor product for
these two sets of basis functions [54] to generate a new set of
B-spline basis functions Bf,f")(s) = BT(»R7PD)(SR)B£I’PO)(S[),
1<r < Npgr and 1 <7 < Ny, defined on the complex-valued
input s € C. This allows us to produce the complex-valued
BSNN model for the nonlinear HPA!:

Nr Np
2=0(s) =D B (s)0,.
r=1 =1
Ngr Np
=33 BEP (sp) BT (516, (33)
r=1 =1

with the complex-valued BSNN weights 6, ; = 0,.;, +]0,,
for 1 < r < Ngpand 1 < ¢ < Nj. In this way, the
nonlinear HPA () is parametrized by the complex-valued
weight vector of the BSNN model (33), denoted by

T
0 =[011 012 0riOnpn,] €CVP, (34)
where we have Ngp = NgrN;. By defining the BSNN basis
vector of (33) for given input s as

b(s)=[BSAs) B (s)--- B s) - BE ()] (39)

T,

where b(s) € RV5, the BSNN parametrized nonlinear HPA
model (33) can be expressed concisely as

2z =0Tb(s). (36)

It can be seen that identifying the HPA’s nonlinearity W(-)
has been turned into estimating the parameter vector 8 of the
linear-in-the-parameter BSNN model.

Remark 4. The BSNN is well suited for this identification
task, and the structure parameters of the BSNN model can
easily be determined. First, since it is sufficient to choose
the polynomial degree P, = 3 or 4 for modeling most
nonlinearities encountered in the real-world, we can set P,=3
or 4 for our application. Second, for universal approximation
over the finite and known interval [Umin, Umax}, choosing the
number of B-spline basis functions N, =10 to 14 is sufficient
for our BSNN model to achieve accurate modeling. Third,
the knot sequence (26), which defines the receptive field, can
easily be predetermined from the known HPA input signal’s
range Upin < 8¢ < Umax. Specifically, the two boundary
knots are known to be Up,_1 = Upin and Un,+1 = Upnax,
and we can uniformly distribute the N.+1— P, internal knots
to cover the input region [Umin, Umax]. Since there exists
no data outside the input region, the positions of the external
knots are not particularly crucial, and we may empirically set
them to achieve good extrapolating capability of the BSNN.
Furthermore, the knot sequence must be symmetric, because
for real-world QAM signals, the distribution of the HPA input
signal s, is naturally symmetric.

! Directly using a 1D BSNN to model both HPA’s amplitude response A(|s|)
and phase response Y (|s|) requires a much smaller model with only v/ Nr N
weights. However, the parameters of this HPA model enters the nonlinear
channel (concatenated MIMO CIR matrix and nonlinear HPA) in a highly
nonlinear manner, and the identification of such a nonlinear channel model
has to rely on high-complexity, slow-convergence gradient based iterative
procedure.



2) Complex-valued Polynomial Model of Nonlinear HPA:
The polynomial HPA model is typically adopted in the litera-
ture [43]-[46], which can be expressed as:

P, P, 4
z= Z Z (STRSZI)HM,

r=0 i=0

(37

which has (P, + 1)? complex-valued parameters, where P,
is the polynomial degree. Table I compares the computation
complexity of the BSNN model (33) with those of the polyno-
mial model (37), given the polynomial degree P, = 4. It can
be seen that the complexity of the BSNN model is no more
than twice of the polynomial model, and its complexity is still
on the order of O((P, +1)?).

TABLE I
COMPLEXITY COMPARISON OF THE BSNN MODEL (33) AND THE
POLYNOMIAL MODEL (37) FOR P, = 4.

Computation [ Multiplications  Additions
BSNN model upper bound:
Two sets of 1D basis functions 2 x 38 2 X 26
Output of (33) 3 x 25 2x 24

Total 151 100
BSNN model lower bound:
Two sets of 1D basis functions 2 x 36 2x 25
Output of (33) 3 x 16 2x 15

Total 120 80

Polynomial model:

Two sets of 1D basis functions 2x4 0
Output of (37) 3 x 25 2% 24
Total 83 48

B. Identifying Multiuser Nonlinear MIMO-OFDM Uplink

Give K training data samples, {s,(cc)
training input data are given by

T
sl =1 (55T (800
(%)

with 8,3 =[Sk Smk—1- - smk_nHH]T for 1 <m < M.
Our task is to identify the multiuser MIMO-OFDM CIR
matrix G and the transmitter nonlinear HPA model’s parameter
vector 6. The model outputs Z;j of the concatenated mul-
tiuser frequency-selective MIMO-OFDM channel and BSNN
parametrized HPA model can be calculated as

; ac,(ﬁc) }szl, where the

(38)

M anl

Tk = E E 9i,m,qZm,k—q

m=1 ¢q=0
M ng—1

=2 D 9mab"b(

m=1 ¢g=0

for 1 << Land 1<k < K. Our task is to acquire G and
6 by minimizing the sum of squared errors over the training
dataset given by

L K
SSR G 0 ZZ |xlﬂk - L/L‘\l)k‘z.

=1 k=1

sm,qu), (39)

(40)

This is a nonlinear optimization problem, since G and 6 to be
identified enter the overall multiuser MIMO-OFDM channel
model in a product form. We design an accurate and efficient

iterative ALS algorithm to jointly estimate G and 6 for this
MIMO-OFDM nonlinear channel.

The beauty or essence of our ALS design is to form the two
‘linear’ regression models for G and @ alternatively, and each
‘linear’ model admits a closed-form LS solution. The ‘linear’
regression model for G can be formed as

X =GQ +E. 41)
In (41), the desired output matrix X € C¥*X is given by
Ti1 T1,2 T1,K 5‘5}‘
T21 T22 0 T2 K ﬂfg
X=| . ) ) = . |, 42
Tri1 L2 TL,K 5‘5%1

where %IT = [Cﬂl,l IR ~xl,K} for1 <1< L,and EcCL*K
is the corresponding MIMO-OFDM channel AWGN matrix,
while Q € CMnu)xK g the associated ‘regression’ matrix,
which depends on 8 and can be expressed as

21,1 21,2 Z1,K
22,1 22,2 22K

Q= 43)
ZM1 ZEM2 ZM,K

~ ~ ~ ~ T .
In (43)’ Zm,k = [Zm,k Zm,k—1 """ Zm,kanle] with

Zng—g=0"b(sm 1), 0< g <ng—1,1<m <M. (44)
Clearly, given 68, the MIMO channel matrix G can be esti-
mated with the LS algorithm based on the ‘linear’ regression

model (41).
The ‘linear’ regression model for 6 can be expressed as

=P0+&,1<I<L, (45)

where & € CX is the associated channel AWGN vector, and
P, c CKX*N5 s the corresponding ‘regression’ matrix, which
depends on G and can be written as

l l l
L o §2< ) O (1)
2 b e 9 2
| @ e o ® |
. l .
o1 (K) §,>2<K> N, (K)
with
M nyg— 1
Z Z g1 m,q Sm k— q)
m=1 ¢g=0
for 1 <r < Npand 1 <7< Ny 47
We can aggregate x; for 1 <[ < L and define
L L L
Lave = Z%l’ Pave = ZH; Save = Z&lv (48)
=1 1=1 1=1
to obtain the aggregated ‘linear’ regression model for 0:
Tave :Pavee + €ave~ (49)

Therefore, given G, the nonlinear HPA’s parameter vector 6
can be obtained by the LS algorithm based on (49).



We now present our iterative ALS procedure for jointly
estimating the multiuser MIMO-OFDM CIR matrix G and
the nonlinear HPA model’s parameter vector 6.

Initialization. Our ALS procedure is initialized with the
initial LS estimate of GG. Specifically, ‘ignoring’ the transmitter
nonlinear HPA, we have the approximate regression model

X ~GS+E. (50)
In (50), the regression matrix S € C("#M)*K 5 only depends
on the training input data, and is defined as

S1,1 S1,2 S1,K
S2.1 S22 1t S2 K

S = . _ ) ) (5D
SM,1 SM,2 SM,K

in which S, 5 = [Smk Sm,e—1- ~-sm,k_nH+1]T. From (50),

the closed-form initial LS estimate of G, denoted as @[O], is
readily obtained as

GV =x§" (ss") 7" (52)
Then we ‘normalize’ G[*) according to
Gl = [O} G (53)
91,10

Iterative ALS procedure. For 1 < I < I,,,., Where [.x
is the maximum number of iterations, alternatively carry out
the following two LS estimations.

i) Estimating the HPA parameter vector. Fix the CIR matrix
G in P,,. to G- to yield the regression matrix Pl and
compute the regularized LS estimate of € in closed-form:

o = ((Pl)" P+ A1y, (P) e 59

where the regularization parameter A is set to a very small
positive value, e.g., A\=1075.

ii) Estimating the MIMO-OFDM CIR matrix. Set the BSNN
based HPA model parameter 8 in @ to the closed-form
solution @ of (54) to yield the regression matrix Q)
calculate the closed-form LS estimate of G

~ —1
G =x ()" (Qm (Q[”)H) , (55)
and normalize this LS estimate according to
an__1 am (56)
NI
91,10

Algorithm 1 summarizes this ALS estimator for the mul-
tiuser nonlinear frequency-selective MIMO-OFDM channel.

Remark 5. This ALS procedure is very different from the
ALS estimator of [32]. Since the work [32] parametrizes the
single-carrier based multiuser nonlinear frequency-selective
MIMO channel with three sets of parameters and these
three sets of parameters enter the concatenated model in
a triple product form, the ALS estimator of [32] requires
the two-loop iterative procedure involving three steps of LS
estimates. In this paper, we parametrize the OFDM based

Algorithm 1 ALS estimator for multiuser nonlinear MIMO-
OFDM uplink

Require: Training data {slgc), a:fgc) }szl, and maximum
number of iterations [,.x R
Ensm{e: 1\]/IIMO channel matrix Gl/==x], and HPA’s mapping
QImax
1: Construct desired output matrix X (42) and regression
matrix S (51) R
Compute LS estimate Gl according to (52) and (53)
for 1 <1 < I,.x do
Set G in Py to GU~1 to yield P
Compute regularized LS estimate 8] of (54)
Set 0 =60 in Q to obtain regression matrix QU
Compute LS estimate Gl according to (55) and (56)
end for
return GUmax] and @l/max]

1]

R A AN A o

multiuser nonlinear frequency-selective MIMO channel with
only two sets of parameters, yielding less total number of
parameters. This also enables us to design the single-loop
iterative procedure involving only two steps of LS estimates
(see Algorithm 1). In other words, our ALS estimator imposes
much less computational complexity than the one proposed in
[32] (although two estimators deal with different systems).

We will demonstrate that our iterative ALS estimator con-
verges extremely fast and attains highly accurate estimates of
G and 0 with no more than two iterations in the simulation
study. Therefore, our ALS estimator involves no more than
(14-2) = 3 closed-form LS estimates for G and 2 closed-form
LS estimates for 0. This complexity is the lowest compared
with any other NN based nonlinear estimator for identify-
ing the multiuser nonlinear frequency-selective MIMO uplink
channel considered in this paper. Our ALS estimator also
imposes the lowest training pilots, since number of parameters
for any other NN based nonlinear estimator is typically several
orders of magnitude more than our estimator.

C. Identifying Nonlinear HPA’s Inverse Mapping
Define the true inverse mapping of the nonlinear HPA as

s =0"1(2) = B(2). (57)

Based on the optimal modeling capability as discussed in
Remark 3, we adopt another complex-valued BSNN to
parametrize ®(-). Specifically, we introduce the two knots
sequences for the real and imaginary parts of the input
z = zr+]jz1, similar to (26), over which the two sets of 1D
B-spline basis functions, BS«R’P“)(zR) for 1 <r < Np and
Bl(I’PO)(ZI) for 1 < i < Ny, are calculated using De Boor
recursion (27) and (28). Then similar to (33), the inverting
BSNN model of the transmitter nonlinear HPA is readily
formed as

:(/I; ZZB(P) CYTJ'
e N r=11i=1

SR

r=1i=1

B(I Po )(zI)am- = aTl_)(z), (58)



where the parameter vector of this inverting model is given by

T
o :[al,l 041,2"‘047“,1""04NR,NJ € CNs, (59)

and b(=) = [BY1(2) B (2) -+ B (2) - By, ()]
is the basis vector of the inverting BSNN model for input z.

Standard estimation procedure would require the training
dataset {zmk, Sm,k}szl for 1 <m < M. However, the input
Zm,k Of this training set is unavailable, since it is unobserved
at the receiver. To get around this difficulty, we calculate
Zm, = V(sm,1) based on the estimated HPA’s nonlinearity
\f/() This allows us to construct the substituting training
dataset of {Em’hsm,k}f:l, 1 <m < M. Next, we average
the regression matrices

Bi%g ; (/Z\'rml) ?]E\/‘;;)NI (7m,1)
5| PG B |,
By (Em.x) By, (G xc)

for 1 <m < M to generate the aggregated regression matrix

of B, = Efle B,, € REXN5_ Similarly, we form the
. ~ M~ o~

aggregated desired output vector Save =) ., _, Sm, Where

~ T K
Sm = [STTL,l Sm,2 """ Sm,K] e C". (61)

Then the closed-form LS estimate of « is readily given by

~ ~7 o~ \—lT ~
& =(B,,.Bav) BcSave- (62)
D. Polynomial Model Based Multiuser MIMO-OFDM Nonlin-
ear Receiver

Since the polynomial HPA model is widely adopted in
the literature [43]-[46], we also implement a polynomial
model based multiuser MIMO-OFDM nonlinear receiver as
the benchmark by replacing the BSNN based HPA model of
Subsection III-A with the polynomial based HPA model (37).
The identification algorithm of Subsection III-B is equally
applicable to identify this polynomial based multiuser MIMO-
OFDM nonlinear channel model. As mentioned in Remark 2,
the computational complexity of the BSNN HPA model (33) is
similar to that of the polynomial HPA model (37) [51]. There-
fore, the complexity of the identification algorithm for the
polynomial based multiuser MIMO-OFDM nonlinear channel
model is similar to that of the identification algorithm for
the BSNN based multiuser MIMO-OFDM nonlinear channel
model.

Likewise, we replace the BSNN based HPA inverse model
(58) of Subsection III-C by the following polynomial based
HPA inverse model:

P, P,

Z (zﬁz}‘)am.

r=0 {=0

s= (63)
Obviously, the identification algorithm of Subsection III-C
remains applicable. Clearly, the computational complexity of
the proposed BSNN based multiuser MIMO-OFDM nonlinear
receiver is similar to the complexity of this polynomial based
multiuser MIMO-OFDM nonlinear receiver.

The reason we do not consider any other NN or DNN based
approach as benchmark is that no existing NN or DNN based
approach in the literature can accurately estimate the multiuser
frequency-selective MIMO-OFDM nonlinear channel at low
pilot and computational overheads as our BSNN based design.
Any other NN or DNN based design would required several
orders of magnitude more pilot and computational overheads,
which would preclude it from practical implementation. More-
over, the nonlinear channel estimate acquired by such a NN
or DNN estimator cannot be utilized for implementing low-
complex MUD of Subsection II-B. Instead, it can only be
utilized to train a DNN-based MUD, which is computation-
ally prohibitive for the multiuser frequency-selective MIMO-
OFDM nonlinear uplink considered in this paper.

Remark 6. The performance of our BSNN based multiuser
MIMO-OFDM nonlinear receiver is much better than the
polynomial based benchmark for two reasons. Firstly, as
discussed in Remark 1, the BSNN HPA model is much more
accurate than the polynomial HPA model. Secondly and more
importantly, the training input gm,k for the LS estimator
of the inverse HPA model is noisy, since it is calculated
using the estimated HPA U (-). From basic estimation theory,
the estimate is biased when the training input is noisy. As
elaborated in Remark 3, the BSNN model has the maximum
robustness property, which is useful in minimizing this bias.

E. Complexity of BSNN Based MUD

We quantify the complexity of the MUD of Subsection II-B
with the BSNN HPA inversion. To detect the M users’ data
streams, each containing N symbols, the process involves N
linear MUD per subcarrier (18), followed by M N-point IFFT,
M N BSNN inversion (23), and M N-point FFT. M -users
per subcarrier MUD complexity is O(M L), where L is the
number of BS antennas, and the total complexity of the linear
MUD part is O(MNL). Each N-point IFFT/FFT has the
complexity of O(log,(N)N), and the total complexity of IFFF
and FFT operation is O(M N2log,(N)). The complexity of a
BSNN inversion is O((P,+1)?), where P, is the polynomial
degree, and the total complexity to compensate HPA nonlinear
distortion is O(M N (P, +1)?). The complexity of detecting
MN data symbols by this nonlinear MUD is therefore

Ctotal =O (M N (L +2logy(N) + (P, + 1)%)),  (64)
which corresponds to the complexity per symbol of
Cper symbol =O (L + 2logy(N) + (P, +1)%) . (65)

IV. SIMULATION RESULTS

A. Experiment Setup

We simulate a multiuser MIMO-OFDM uplink system?,
which consists of a BS equipped with L =5 receive antennas to
serve M =3 single-antenna users. The modulation scheme is
64-QAM. Each mobile user’s transmitter is equipped with the
HPA specified by (9) and (10), whose parameters are given in

2The simulation code is available on request to the author Dr Pengyu Wang.



TABLE 11
KNOT SEQUENCES FOR THE BSNN BASED NONLINEAR RECEIVER.

Symmetric and identical knot sequence for sp and sy

-0.65, -0.6, -0.55, -0.5, -04, -03, -02, -0.1, O, 01 02, 03 04, 05 055 06, 0.65
Symmetric and identical knot sequence for zr and zy
-5.0,  -4.0, -3.0, -25, -20, ~-15 -10, -05 0, 05 1.0, 15 20, 25, 3.0, 40 5.0

Real(HPA input) distribution
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Fig. 5. Distributions of (a) the real and imaginary parts of HPA input, and
(b) the real and imaginary parts of HPA output.

(15). We define the signal-to-noise ratio (SNR) of this MIMO-
OFDM uplink of M users and L receive antennas as

SNR =M - 02 /L - 207. (66)

The length of each link’s CIR is set to ng = 3, and therefore
the CP length is chosen to be No, = ng = 3. We set the
number of subcarriers to N = 1024

The structures of the BSNN based HPA model and HPA
inversion model are determined according to the guidelines
of Remark 4. Specifically, we choose Np = N; =12 as the
number of 1D B-spline basis functions and set the polynomial
degree to P, =4 for both the BSNN based HPA model and
HPA inverse model. The two knot sequences for the BSNN
based HPA and inverse HPA models are also empirically
determined with the assistance of Remark 4. Fig. 5 plots the
distributions of the HPA input s and output z=¥(s). It can
be seen from Fig. 5 (a) that the real and imaginary parts of the
HPA input s is bounded in magnitude by 0.1 for this set of
data and the HPA operating status. To take care of extremely
high PAPR signals, whose peak signals’ amplitudes can well
reach into the HPA’s saturation region as illustrated in Fig. 1,
we set the two boundary knots to -0.5 and 0.5 for the BSNN
based HPA model. From Fig. 5(b), it is seen that the real
and imaginary parts of the HPA input z is bounded by 1.2,
which meets the physic limit of the HPA’s saturation output
magnitude Ag,t =1.4. Considering that the input to the HPA
inversion model is the estimated HPA output z=W(s), which
contains estimation errors, where ¥(-) is the estimated BSNN
HPA model, we set the two boundary knots to -2.5 and 2.5

for the BSNN based inverse model. The resulting two knot
sequences for the BSNN based HPA and inverse HPA models
are listed in Table II. For a fair comparison, the polynomial
HPA model (37) and polynomial inversion HPA model (63)
have the polynomial degree of P, =4. The training set consists
of K =N data samples, and we set the number of iterations
for Algorithm 1 to Iyax=2.

B. Nonlinear MIMO Channel Estimation Results

We repeat the experiments for Ny, =100 MIMO CIR ma-
trix realizations. In each realization, the true MIMO CIR ma-
trix G is randomly generated according to g, ~CN(0,1).
The estimation results are averaged over Ny, runs. Two OBO
values of 3dB and 5dB are used in the simulations.

1) Evaluation Metrics: The test performance of an es-
timator for the MIMO-OFDM channel estimate G can be
quantified by the normalized root mean square error (NRMSE)
metric, which is calculated according to

HG_éHF
|Gl F

where G denotes the true MIMO-OFDM CIR matrix.
The NRMSE of the HPA fitting errors over the training input
set, {37”7’“}2{:1 for 1 < m < M, is calculated according to

NRMSEchannel = [dB] ; (67)

S 2k = Bl

M 2
Zm:l ‘Zm,k|

~ 2
St [ (smr) = Dlsme)

1 K
K Z M 2
K k=1 Zm:l |‘I](5m’k)|

where zy, ; = V(S k) is the true HPA output and /Z\'myk =
\Tl(sm’ &) is the output of the estimated HPA, for given input
Sm,k. This metric measures the training performance of a
HPA estimator W(-). To evaluate the test or generalization
performance, we also compare the estimated HPA response
U(-) with the true HPA response ¥(-).

We define the NRMSE of the fitting errors between the ideal
concatenated response of the true HPA inversion and the true
HPA, i.c., s=®(¥(s)), and the concatenated response of the
estimate HPA inversion and the true HPA, i.e., (/I;(\I/(s)), over

. K
the training input data {Smxk}kﬂ for 1 <m < M as:

1 K
NRMSEgps = % Z
k=1

[dB], (68)

M ~ 2
L |2 s @ ((sm0))|
_ m=1
NRMSEIHPA_EE - 5 [dB]. (69)
> lsmal
m=1

This metric can be used to evaluate the training performance
of a HPA inverse estimator ®(-). To evaluate the test or
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Fig. 6. Convergence of the proposed ALS estimator for the both BSNN and
polynomial based models: (a) the test NRMSE of the MIMO-OFDM channel
estimate, and (b) the training NRMSE of the HPA fitting errors, as the function
of ALS iterations, given two OBO values and SNR = 20dB.

generalization performance of the HPA inverse estimator ®(-),
we also plot the concatenated response of the estimate HPA
inversion and the true HPA ®(¥(s)) in comparison with the
ideal concatenated response, i.e., s.

2) Convergence of ALS Algorithm: To demonstrate the
rapid convergence performance of the proposed ALS algorithm
for jointly estimating the HPA model parameters 6 and the
system’s MIMO CIR matrix, Fig. 6 depicts the test NRMSE
of the MIMO-OFDM channel estimate G and the training
NRMSE of the HPA fitting errors as the function of the number
of ALS iterations for the both BSNN and polynomial based
models, given SNR =20dB. It can be seen from Fig. 6 that the
convergence of the ALS estimator is achieved within I}, =2
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Fig. 7. The NRMSEhannel test performance as the function of the SNR for
the both BSNN and polynomial based models, given two OBO values.

iterations. Therefore, in all the simulations, we set 1. = 2.
3) Estimation of MIMO CIR Matrix: The achievable test
NRMSE performance of the MIMO-OFDM channel estimates
acquired by the BSNN and polynomial assisted models are
compared in Fig. 7. The results of Fig. 7 convincingly demon-
strate that the estimation accuracy of the MIMO CIR matrix
based on the BSNN model is considerably better than that
based on the polynomial model. As expected, the higher the
OBO is, the better the estimation accuracy can be achieved.
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Fig. 8. The NRMSEppa training performance as the function of the SNR for
the both BSNN and polynomial based models, given two OBO values.

4) Estimation of HPA: The training NRMSE performance
of the HPA fitting errors by the BSNN and polynomial based
models are compared in Fig. 8, which demonstrates that the
estimation accuracy of the nonlinear HPA by the BSNN model
is considerably better than that by the polynomial model. The
results of Fig. 6 and Fig. 8 are consistent with the well known
optimal modeling capability of the BSNN model as elaborated
in Remark 3. Fig. 8 indicates that the SNR has negligible
impact on the polynomial model estimation accuracy. This is

1.2
1k
% 0.8
é
=06
B
=
S04+
0.2
— = =True HPA
Average BSNN based estimate
0
0 0.02 0.04 0.06 0.08 0.1 0.12
Input amplitude
0.05
[0 S —— e
T~
E 005t
@
2
£ -0.1r
=
=
-0.15
— = =True HPA
—— Average BSNN based estimate
-0.2

0 0.02 0.04 0.06 0.08 0.1 0.12
Input amplitude
Fig. 9. The BSNN estimated HPA nonlinear response W(-) in comparison
with the true HPA’s nonlinear response ¥(-). The OBO is 3dB and SNR is
20dB.
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Fig. 10. The polynomial estimated HPA nonlinear response \’I\!() in compar-
ison with the true HPA’s nonlinear response W(-). The OBO is 3 dB and SNR
is 20dB.

because the modeling error between the true HPA and the
polynomial HPA model is considerably bigger than the noise in
the received signal, and it dominates the estimation accuracy.

Figs. 9 and 10 compare the true HPA’s nonlinear response
with the BSNN estimated HPA nonlinear response and the
polynomial estimated HPA nonlinear response, respectively,
given OBO=3dB and SNR =20dB. For space economy, we
omit the case of OBO =15dB, which show the similar trends
to Figs. 9 and 10. It is clear that the BSNN based HPA model
is much more accurate than the polynomial based HPA model.
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Fig. 11. The NRMSEjypa training performance as the function of the SNR
for the both BSNN and polynomial based inverse models, given two OBO
values.

5) Estimation of Inverse HPA: The achievable training
NRMSE performance of the estimated inverse HPA fitting
errors by the BSNN and polynomial based inverse models
are compared in Fig. 11, where it is self-evidence that the
estimation accuracy of the BSNN based inverse model is
considerably better than that of the polynomial based inverse
model. This is again consistent with the well known optimal

modeling capability of the BSNN model that is also elaborated
in Remark 3 and Remark 6. The results also indicate that the
SNR has almost no impact on the training estimation accuracy
of the polynomial HPA inverse model for the same reason as
the polynomial HPA model.
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Fig. 12. Comparison of the estimated concatenated response ¥ —1(¥(-)) with
the ideal concatenated response W~!(W(-)), where W(-) is the true HPA,
U—1(.) is the BSNN HPA inversion, and U'~1(-) is the true HPA inversion.
The OBO is 3dB and SNR is 20dB.
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Figs. 12 and 13 compare the concatenated response of the
true HPA and the estimated HPA inversions with the ideal
concatenated response for both the BSNN inversion model and
the polynomial inversion model, respectively, given OBO =
3dB and SNR=20dB. Again the results for OBO=5dB are
omitted since they show the similar trends to Figs. 12 and 13.
The results clearly demonstrate that the BSNN inversion model
is much closer to the true HPA inversion than the polynomial
inversion model.

The estimation results presented here clearly demonstrate
that the proposed BSNN based receiver is highly accurate and
very efficient for joint identification of the multiuser MIMO-
OFDM channel and the transmitters’ nonlinear HPA mapping
as well as for estimating the inverse nonlinear HPA model.

OBO=3dB BSNN based HPA estimate
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Fig. 14. Average BER performance comparison between the proposed BSNN
based MUD approach and the traditional polynomial based MUD approach
for the simulated multiuser frequency-selective MIMO-OFDM uplink, given
two values of OBO.

C. Multiuser Detection Results

The achievable user BER is the ultimate performance metric
for the considered multiuser MIMO-OFDM nonlinear uplink.
Given a specific CIR realization, different users will attain
different levels of BER. However, since we evaluate the per-
formance over 100 random channel realizations, all the users
will achieve similar average BER performance. Therefore, we
can consider the average BER over all the three users. Fig. 14
compares the average BER of the BSNN based MUD approach
with that of the polynomial based MUD approach. The results
of Fig. 14 convincingly demonstrate that our BSNN assisted
MUD approach attains much better BER performance than
the traditional polynomial assisted MUD approach. Owing to
inferior nonlinear channel estimation accuracy and inaccurate
HPA inversion model, the polynomial based MUD exhibits
very high BER floor. Also observe that for OBO = 3dB, the
BSNN based MUD exhibits an BER floor below 10~% for
SNR > 36 dB, which is due to the estimation residual error.

V. CONCLUSIONS

Owing to the extremely high PAPR of its transmission sig-
nals, the multiuser frequency-selective MIMO-OFDM uplink
is severely nonlinear. This imposes a considerable challenge
for the BS receiver. To overcome this difficulty, we have
proposed an original BSNN assisted MUD scheme for this

multiuser nonliner frequency-selective MIMO-OFDM uplink.
Specifically, by exploiting the optimal modeling capability
of BSNN, we have designed a highly effective and efficient
BSNN based approach to simultaneously identify the multiuser
MIMO-OFDM channel and the nonlinear HPA at transmit-
ters together with the construction of the BSNN inversion
model for the transmitters’ nonlinear HPA. Based on the
joint identification results, the BS can effectively implement
low-complexity MUD to mitigate the multiuser and MIMO
channel interference and compensate for the nonlinear dis-
tortions caused at the transmitters’ HPA. Simulation results
have confirmed that our BSNN assisted scheme significantly
outperforms the traditional polynomial based scheme, and it
offers a state-of-the-art receiver design for multiuser nonliner
frequency-selective MIMO-OFDM uplink.
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