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ABSTRACT This paper makes several contributions to antenna selection techniques for massive
multiple-input multiple-output (mMIMO) systems using artificial neural networks. First, binary cross
entropy is adopted as the loss function for network training instead of the conventional cross entropy, which
reduces the number of nodes in the output layer from G\Zfs ) to N, where Ng and Ngg are the number of
candidate antennas and the number of selected antennas, respectively. In mMIMO systems, which have a
large number of antennas, binary cross entropy is essential. We also demonstrate that the channel matrix
is practically sufficient information to train the network, excluding the signal-to-noise ratio (SNR) factor
present in the capacity formula. Since a single label is generated for a given mMIMO channel regardless
of SNR, the size of training data is reduced significantly. When the channel matrix without pre-processing
is inputted into a neural network for feature extraction, which is referred to as pure connectionist feature
extraction, we show that the convolutional neural network (CNN) extracts features more successfully than
the fully connected network (FCN). We also show that hybrid feature extraction, in which features are
first extracted symbolically from the channel matrix and then connectionist features are extracted from the
symbolic features, offers significant performance improvement over pure connectionist feature extraction
from the raw data. However, when features are extracted in a hybrid manner, FCN achieves marginally better
performance than CNN, contrary to the pure connectionist feature extraction. Finally, when the networks in
the hybrid feature extraction are pruned to be suitable for deployment in mobile devices, we show that FCN
is a better choice, as it is more robust to severe pruning than CNN. We conducted computer simulations to
demonstrate the effectiveness of the proposed approaches.

INDEX TERMS Antenna selection, neural network, massive MIMO.

I. INTRODUCTION

When 30-300 GHz frequency band, known as mmWave
band, is used with multiple-input multiple-output (MIMO)
systems for wireless communications, wide bandwidth and
multiple data streams enable higher data rates. However,
the benefit comes with an increased cost of the RF chains
that include analog-to-digital converters (ADCs) of which
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operating speed is in proportion to the spectral bandwidth [1].
Antenna selection techniques retain the benefits of massive
MIMO (mMIMO) systems by activating only a subset of
antennas instead of full antenna arrays, thereby requiring a
small number of the costly RF chains [2].

Various symbolic approaches to antenna selection have
been proposed. In [3], the binary particle swarm optimization
technique was used to select a subset of transmit and receive
antennas. In [4], the lattice reduction-based selection method
was proposed assuming maximum likelihood detection at
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the receiver side. In [5], the branch and bound method
was used for efficient antenna selection, pruning away
unnecessary branches of the search tree based on the concept
of maximizing the minimum singular value. In [6], it was
shown that most of the channel capacity can be achieved by
acquiring a small portion of channel state information. In [7],
antenna selection techniques are proposed based on greedy
algorithms. In [8], an efficient antenna selection method was
proposed by using the concept of minimizing cross-entropy
which originated in machine learning.

Besides the aforementioned symbolic approaches, con-
nectionist approaches have been proposed using neural
networks in selecting antennas. The main benefit of the
artificial neural network-based technique is that a large
portion of the computational burden of antenna selection is
shifted to off-line training [9]. Furthermore, the complexity
in the inference stage of the antenna selection is fixed,
thus amenable to hardware implementation fulfilling delay
constraints [10]. Two neural network architectures have been
used for the purpose of antenna selection: the convolutional
neural network (CNN) [1] and the fully connected network
(FCN) [9], [11]. Although other machine learning techniques
such as k-nearest neighbors (k-NN) and support vector
machine (SVM) algorithms can also be applied to antenna
selection [12], we focus on CNN and FCN in this paper.
Unlike in [13] and [14], where the antenna selection and
beamformer design were jointly addressed using the neural
network, we focus on the antenna selection.

In this paper, we first show that the adoption of binary
cross entropy is quite essential in training the neural
networks for the purpose of antenna selection, given a large
number of antennas of massive multiple-input multiple-
output (mMIMO) systems, thus a large number of the
candidate set of selected antennas. Adopting the binary cross
entropy, we can generate short labels for the supervised
learning of the networks. When the conventional cross-
entropy is used, the length of labels is (]ng ), where Nr and
Ngs are the number of candidate antennas and the number of
selected antennas, respectively, however, the length of labels
is as short as Ng when the binary cross entropy is adopted.
The channel capacity formula that is maximized by selecting
antennas is a function of the signal-to-noise ratio (SNR)
and the channel matrix. We show that the channel matrix
excluding the SNR factor is practically sufficient information
in generating the short labels.

When applied to antenna selection, neural networks are
composed of a feature extraction module and a classifier
module [15]. In this paper, we consider two feature extrac-
tion strategies: pure connectionist feature extraction and
hybrid symbolic-connectionist feature extraction. In the pure
connectionist feature extraction, the CNN or FCN extracts
features from the raw data, i.e., the channel matrix. In the
hybrid feature extraction, the symbolic features are first
extracted from the raw data, then the CNN or FCN extracts
features from the symbolic features. Then the final features
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from the pure or hybrid feature extraction module are passed
to the classifier module to select a set of antennas. We show
that CNN functions better than FCN as a pure connectionist
feature extractor. However, when features are extracted in
the hybrid manner, the FCN achieves a marginally better
performance than the CNN. Finally, when the networks are
pruned to be suitable for deployment in mobile devices [16],
[17], the hybrid symbolic-connectionist feature extraction
using FCN is shown to be quite a better choice, being more
robust to severe pruning. We performed a set of computer
simulations to demonstrate the effectiveness of the proposed
approach.

Il. MASSIVE MIMO SYSTEMS WITH

ANTENNA SELECTION

In this section, we describe the spatially multiplexed multiple
antenna systems with antenna selection. Letting N7 and
Ng denote the number of transmit and receive antennas,
respectively, the relationship between the transmitted and
received symbol vectors can be expressed as follows:

1
sel sel
y-o = —PHx+1z (1)
/Nt
where X = [x] xp-- ~xNT]T denotes the transmitted symbol
vector, y* = [yf‘;']) yfgl) o -y?le\}Rs)]T with Ngs < Ng, and
y?f)l denotes the received signal at the s-th (1 < s < Ngyg)
selected antenna. The matrix H denotes an N x N7 channel,
in which Aj; denotes the standard unit power Rayleigh-fading
complex gain between the i-th transmit antenna and the

; ; sel sel _sel . _sel 1T
Jj-th receive antenna, whereas z°¢ = [z(l) 23 Z(NRS)]

with z?f)l denoting the additive white Gaussian noise with
zero mean and variance ozz at the s-th selected receiving
antenna. Finally, an Ngs x N antenna selection matrix is

given as
sel ,sel sel r
P = [em €a) e(NRS)] @)

where esfl denotes the unit column vector of length Ny with
1 at the s-th selected position and Os at the other positions.
There are (Il\zg ) possible antenna selection matrices, and we
let P denote the set of all the selection matrices. We assume
E{|x,-|2} =1,i=1,2,---, Nr, thus the signal-to-noise ratio
per receive antenna is p = Nro?-

The optimal antenna selection is described as
Py = arg maxlog, det (Lves + pPHEP)
= arg max det (INRS + pPHHHPH) . 3)
PeP

When the i-th antenna set that corresponds to P; € P is the
optimal for the given channel H, the label for the network
training is given as

a'one = [oi_l 10 _i] 4)

NRs
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where 0, denotes a row vector with a zeros. We note that the
length of the label vector is as long as (1\/;2‘; ) The length of

the label vector is (13555 ) The network can be considered as a

classification of channel matrices Hs into (K}Z‘; ) classes, and
each class corresponds to P;.

Ill. RELATED WORKS

In this section, we review previous antenna selection
techniques using artificial neural networks. We consider
neural networks with L 4- 1 layers. The layer index is denoted
asl =0,1,---, L, the input and output layers are denoted as
the 0-th and the L-th layer, respectively. We note that a layer
means a set of a fully connected (or a convolutional) layer,
a batch normalization layer, and an activation layer.

A. INPUT DATA OF THE NEURAL NETWORKS

In previous neural network(NN)-based antenna selection
techniques, various data were inputted to the artificial NN.
The channel matrix Hin (1) is composed of Ng x Ny complex
numbers. In [12], the input data is composed of 2 matrices
Re{H} and Im{H}; real part and imaginary part matrices, thus
the three dimensional size of the input data is Ng x N7 X 2.
In[1], [13], and [14], the input data is composed of 3 matrices
or channels; real part matrix, imaginary part matrix, and
absolute value matrix, thus the data size is Np X N7 x 3.
In [11], Ng x Ng symmetric matrix is constructed as HH”,
then the input data is composed of 1 channel with the absolute
values of each entry. In [9], each Ng x 1 channel vector is
expanded into a Ng x Ng matrix of which the lower triangular
part is ignored due to the symmetry. Thus, the input data is
composed of Ny x N 1% real numbers.

In this paper, the Ng x Nr x 2 real numbers of the
channel matrix H are referred to as raw data because no data
processing is performed. We name |H| or |HH” | symbolic
features because H is processed symbolically without the aid
of neural networks.

B. FULLY CONNECTED NETWORK-BASED APPROACH
In [11], a fully connected network (FCN) was used for the

antenna selection. The weighted sum sgl) of the i-th node of
the I-th layer, i = 1,2,--- ,N® 1 =1,2,--- | L,is

NC=D
l D(1-1
=3 g g

J=1

where ]3.(171) denotes the j-th feature value of the (/ — 1)-th
layer, and wg}, i=12.---,NO j=12/-.. NID
denotes the connection strength between the i-th node of the
[-th layer and the j-th feature value of the (I — 1)-th layer.
Then the weighted sums are normalized, scaled, and

shifted to be
0 (0]
~(l 1 ST T Ky 1
o.
l
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; ) and ,Bi(l) are optimized in the backward learning,
minimizing the loss function of the network [18], [19]. Note
that the bias parameters are not present in (5) due to the
shifting parameter ,Bi(l) in (6) ([20], p.343).

Then, an activation function produces the feature values of
the /-th layer as

where y-(l

o |3 if5" >0
i = -0 ; )
exp{s; '} — 1, else

where we assumed exponential linear unit (ELU) activation
function with parameter « = 1 for the hidden layers (I =
1,2,---,L—1)([20], p.336). The activation function of the
final layer is addressed in Section III-D.

C. CONVOLUTIONAL NETWORK-BASED APPROACH

In [1], a convolutional neural network (CNN) was used for

the antenna selection. A CNN is composed of a number

of convolutional layers and a few fully connected layers.

We assume that the /-th layer is a convolutional layer and
. (-1

the previous (I — 1)-th layer outputs N feature maps

(-1 (-1 fmap (-1
,f;"j‘k 7i = 1527"' ’Nhght 5j = 1’27"‘ ’Nwdth ak =
1,2,---, N, (=1 "Each two dimensional feature map of

fmap *
the (I — 1)-th layer is assumed to be of size Négtl) X

wdth - Ve denote the Nf(]iq)ap

convolution kernels as

0] _ 0} _ O} _
Wyt = 120 Wygov = 1,200, Wy, kK =
1,2,.-- ,Nf(él;;),k =1,2,--- ,Nf(éza . Each three dimen-
sional convolution kernel of the [-th layer is of size
W}Elg)htx, W\Evlc)nh X Nf(fn;:)). Then, the weighted sum sfl]) ¢ of the
(i, j)-th neuron of the k-th feature map of the /-th layer, i =

O 0 o
1,2, N d = 1,2, NSgo k= 1,2, N s

fmap’

) 1 (I=1)
Whght W\E,ém meap

Sg,l},k = Z Z Z Wfll,)v,k’,kfu(’l(i,ll;,v’(j,v),k’ ®)
u=1 v=1 k'=1

with o/ (i, u) = (i — 1) x s +u, Vi, v) = G — 1) x 53 +v.
The symbols sg) and s(é) denote the horizontal and vertical
strides of the /-th layer, respectively. There are cases when
W Nygh Wagh) > Nyt 08 Vg Wasa) > Ny
In those cases, we can either adopt smaller N}Elg)ht and N\%m
and discard a few features of the previous layers, or let those
cases happen and use 0 feature values, which is referred to as
zero padding. In this paper, we adopt the zero padding option.
Once the weighted sums are calculated, the mini-batch
normalization and the activation are performed similarly as in
the fully connected network, producing Nf(rlgap feature maps,
each of size Néght X Nv(vl()hh. In general, a pooling layer is
inserted between the convolutional weighted sum in (8) and
the batch normalization, however, it is skipped in the paper.'
If the /-th convolution layer is followed by a fully connected
layer, the feature values are flattened into one dimensional

IWe tried the inclusion of the pooling layers in the simulations but
observed only degraded performance.
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vector of length Néght X N\Svl()lth X Nf(gap. Batch normalization
in the final fully connected layer is also the same as (6) but
the corresponding activation is the softmax addressed in the

following Section.

D. CROSS ENTROPY AS A LOSS FUNCTION
The activation function of the output layer (the L-th layer)
for both CNN in Section III-B and FCN in Section III-C,
is assumed to be the softmax, producing the following

featuresfi(L)[m], i=1,2,--- NOD m=1,2,---,Nus
~L

F0m _ exp{3™) ©)

i - ) (L ’

> exp(s ™M)

where Nyp denotes the batch size. Using the label dlong —
[didy --- dyw]in (4) for the supervised learning, the cross-
entropy between the network output f&) and label d'°"¢ is
estimated as

Nms N©D)

H(f(l‘), dlong) o NL Z Z {_di[m] lnfi(L)[m]} . (10
MB

m=1 i=1

We note that N = (ka’;)

IV. COMPLEXITY ANALYSIS OF NEURAL NETWORKS
From the perspective of implementation as an embedded
system in mobile devices, the inference complexity of
a neural network is important. In order to compare the
performance of CNN and FCN with various input shapes,
the inference complexities need to be the same for a
fair comparison. In this section, we analyze the inference
complexities of FCN and CNN, and then, use the analysis
results in the following Section to set the network parameters
such as the number of neurons or the kernels so that the
complexity stays the same regardless of the adoption of CNN
or FCN with various input data shapes.

A. COMPLEXITY OF FULLY CONNECTED NETWORK

The complexity of the I-th layer is N x N¢=1 multiplica-
tions in (5), about N /2 exponential function calculations in
(7) assuming half of EY), i=1,2,---, NO are less than 0.

Once the two values u(.l)

and oi(l) are fixed in the inference
phase, and yi(l) and ,Bi(l are fixed at the end of the machine
learning, the process in (6) can be implemented using a
single multiplication and a single addition. Thus, translating
one exponential function calculation into 2 multiplications
for the sake of simplicity, the overall complexity of the
fully connected neural network in the phase of inference is
given as

CompFC = i {N(” x (N(l’l) + 2)} .an
=1

Assuming that all hidden layers have the same number of
nodes, i.e. NO = Nrc,! =1,2,---, L — 1, the complexity
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is expressed as

CompFC = (L — 2)NZ + {N<°> N o - 2}
x Ngc +2N®. (12)

B. COMPLEXITY OF CONVOLUTIONAL NETWORK

We assume Lcy convolutional layers, that is followed by Lrc
fully connected layers, thus Lcy + Lrc + 1 layers in total,
including the input layer.

Assuming Nf(él_a;) feature maps of the (I — 1)-th layer,

the complexity of the weighted sum in (8) requires Wélg)ht X

Wéjl;[h X N, -1 for each neuron of a feature map, thus

fma
@) O] (I-1) O] 0} ()
Whght x Wwdth x meap X Nhght x Nwdth X meap

()
meap

Nf(gap convolution kernels is Wélg)ht X Wé/l ;th X Nf(rln;rl)) X Nf(gap,

and each kernel is used N}Elg)ht X N‘Efc)‘th times. In this paper,

considering all

feature maps. We note that the number of parameters in

we adopt small kernels with Wﬁlg)ht = 2, W\%th = 2 for
all convolutional layers. With these small kernels and small
strides sg) =1,2and sg) = 1,2, wehave N — N(l_l)/s(l)

hght hght Vv
an(ll ]l\lv(vlghh =l ]}/v(vl(g}:) /s;_ll), assuming the zero padding and
ngg;t ) and Nv(vd_th) being multiples of 2.

LCN Nl’(llil)
— (=1 ght
CompCN = Z (2 +4 x meap ) X 0
=1 14
=1
N, I
x e Nf;}apl. (13)
SH

L
CompFC = > {N(I)X(N(l’l)—i—Z)}. (14)
I=Ley+1

V. PROPOSED ANTENNA SELECTION TECHNIQUE FOR
MASSIVE MIMO SYSTEMS USING ARTIFICIAL

NEURAL NETWORK

In this section, we propose an antenna selection technique
using a neural network with binary cross entropy and hybrid
symbolic-connectionist feature extraction.

A. ADOPTION OF BINARY CROSS ENTROPY
Instead of conventional cross entropy using (9) and (10) as
the loss function for network training, we adopt binary cross
entropy that assumes the following short label.

" = [dy dy - dyw], with NE = Nz, (15)
The short label is composed of Nrs ones that denote the
selected antenna indices and Ng — Ngs zeros. Note that the
length of the long label in (4) is N = (IJ\X:; ) and the length
of the short label is only Ng. If Np = 16 and Ngs = 8,
the long label dlong jg as long as 12, 870 but the short label
is of length 16. If binary cross entropy is adopted, sigmoid
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activation is used in the output layer.
1

1
1 + exp {—EEL)['"]}

Then using the short label d*"" = [d} d; --- dpy] for the
supervised learning, the binary cross entropy between the
network output &) and the short label d*"°" is estimated as

FOm =1,2,---,Ng. (16)

L) gsh R [m] 1 £(L)lm]
shorty ~_ _qlm m
HED, a )NNMBZZ{ d" Inf; } (17)
m=1 i=1
Given a large number of antennas in massive MIMO sys-

tems, the adoption of binary cross entropy and consequently
the use of the short label is almost essential.

B. SHORT LABEL GENERATION
The optimal antenna selection in (3) can be considered as the

following nonlinear function.

Popt (Dcapacity(p , H), (18)

capacity —

with domain R x CNR*N7 and range P. In an effort to facilitate
the short label generation, we simplify the objective function
in (3) or (18) as

P . — are maxdet (PHHH P )
simplified g PeP
= Dgimplified (H). (19)
opt

Thus the optimal precoder Psimplified is independent of SNR.
Fig. 1 compares the capacity achieved by the optimal antenna
selection in (3) and the simplified antenna selection in
(19) when Ny = 8, N, = 16, Ngs = 8. It can be
observed that the capacity achieved by Pg‘;:pliﬁed is very
close to the optimal performance. There is practically no
performance degradation when SNR is higher than O[dB],
and only a negligible performance degradation occurs by
the simplification when the SNR is lower than O[dB].
Based on the observations, we use henceforth the simplified
optimization (19) in generating the short labels.

C. CNN VS FCN FOR PURE CONNECTIONIST

FEATURE EXTRACTION

Not only in [1] but also in [21] and [22], CNN was used
for the classification of non-image data. The convolutional
neural network (CNN) is known to successfully extract visual
features. Due to the inherent characteristic of convolutional
structure, the local visual features are extracted by CNN
regardless of their spatial positions in the samples, e.g., Hs
in the antenna selection problem addressed in the paper.
The channel matrices Hs are generated as independent
identical Gaussian random variables, which means there is
no statistical spatial correlation. When a specific channel H is
considered, however, there might be underlying connections
between the visual features and the antenna selection
matrix P. In this regard, it is worth comparing CNN and FCN

111414
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FIGURE 1. Spectral efficiency with the optimal antenna selection in (3) or
(18) that uses both SNR and channel matrix and the simplified antenna
selection in (19) that uses only the channel matrix when Ny = 8, Np = 16,
Npgs = 8. The SNR information is not essential from the perspective of the
antenna selection.

when raw data Re(H) and Im(H) is inputted. An example
of the random matrix with Ny = 8 and Ny = 4 is
given in Fig. 2(a). Fig. 2(b) is the 8§ x 4 x 2 input sample
that corresponds to the random matrix in Fig. 2(a). We call
Re(H) and Im(H) raw data because no data processing is
applied to H.

The CNN is illustrated in Fig.3(a) with the raw data
as input. The input data is of dimension N x Nr X 2,
and the hidden layers that extract connectionist features
are composed of three convolutional layers and a fully
connected layer. For each layer, batch normalization is done
right before the activations. The parameters for exponential
moving averages for the batch normalization are 8, = B, =
0.99. The stride parameter of the first (! = 1) convolutional
layer is 2, and the strides are set to 1 for the second (I = 2) and
the third (/! = 3) convolutional layers. Then a fully connected
layer with sigmoid activation is used as the classifier of
the input samples using the connectionist features from the
hidden layers. We note that the pooling layers are not utilized
in Fig.3(a), which means that the rotated and/or scaled visual
features are not extracted.

When FCN is used for the connectionist feature extraction,
the input data is the one dimensional vector of length
Ngr x Nt x 2, and the hidden layers are composed of four
fully connected layers. In order to compare CNN and FCN
in a fair manner, we adjust the number of kernels of CNN
and the number of neurons of FCN using (11)-(14) so that
the inference complexities of the two structures are the same.
Table 1 shows the number of kernels of the convolutional
layer and the number of neurons of the fully connected layer
so that both networks require about 370,000 multiplications
for inference from a sample.
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0.5377 - 1.0689i
1.8339 - 0.8095i
-2.2588 - 2.9443i
_| 0.8622 + 1.4384i
0.3188 + 0.3252i
-1.3077 - 0.7549i
-0.4336 + 1.3703i
0.3426 - 1.7115i

0.5377
1.8339
-2.2588
0.8622
0.3188
-1.3077
-0.4336
0.3426

Re(H) =

0.8571
0.6858
0.2795
0.4660
0.2095
0.1005
0.0417
0.0755

EH]
max [HHH| ~

3.5784
2.7694
-1.3499
3.0349
0.7254
-0.0631
0.7147
-0.2050

-0.1241
1.4897
1.4090
14172
0.6715

-1.2075
0.7172
1.6302

0.6858
0.8631
0.5634
0.6325
0.2927
0.3326
0.1394
0.2486

3.5784 - 0.1022i
2.7694 - 0.2414i
-1.3499 + 0.3192i
3.0349 + 0.3129i
0.7254 - 0.8649i
-0.0631 - 0.0301i
0.7147 - 0.1649i
-0.2050 + 0.6277i

0.4889
1.0347
0.7269
-0.3034
0.2939
-0.7873
0.8884
-1.1471

0.2795
0.5634
1.0000
0.4589
0.0453
0.3285
0.2134
0.4956

-0.1241 + 1.0933i
1.4897 + 1.1093i
1.4090 - 0.8637i
14172 + 0.0774i
0.6715 - 1.2141i
-1.2075 - 1.1135i
0.7172 - 0.0068i
1.6302 + 1.5326i

0.4889 - 0.7697i
1.0347 + 0.3714i
0.7269 - 0.2256i
-0.3034 + 1.1174i
0.2939 - 1.0891i
-0.7873 + 0.0326i
0.8884 + 0.5525i
-1.1471 + 1.1006i

(@
-1.0689 -0.1022 1.0933 -0.7697
-0.8095 -02414 11093 03714
29443 03192 -0.8637 -0.2256
14384 03129 00774 1.1174
In(H)=| 43555 08649 -12141 -1.0891
-0.7549 -0.0301 -1.1135 0.0326
13703 -0.1649 -0.0068 0.5525
417115 06277 15326  1.1006

(b)
04660 02095 0.1005 0.0417 0.0755
0.6325 0.2927 03326 0.1394 0.2486
04589 0.0453 03285 02134 0.4956
0.8143 02784 02091 02673 0.1742
02784 02462 0.1569 0.1720 0.2020
02091 0.1569 02948 0.1415 0.1302
02673 0.1720 0.1415 02217 0.2079
0.1742 02020 0.1302 02079 0.5796

()

FIGURE 2. lllustration of raw data and symbolic features when Ny = 4, Np =8, Ngg = 4.
(a) an example of the random channel matrix, (b) 8 x 4 x 2 raw data that is composed of
real and imaginary matrices, (c) 8 x 8 symbolic features of the channel matrix.

The Adam optimizer ([20], page 356) is used for weight
updates in the training phase. In training the networks,
we scheduled the learning rate as

5% 10_3, 1 <epoch < 10
n™ = 15 %107*, 10 < epoch < 15 (20)
5 x 10_5, 15 < epoch < 20.

We generated 1, 600, 000 random channels and the corre-
sponding short labels, which are divided into
1, 560, 000 training samples and 40, 000 testing samples.

Upon completion of the training, we have the fol-
lowing two nonlinear inference functions with about
370,000 parameters, approximating (19).

popt,CNN 2 CNN
Pimpliticd = Psimpified (H)- (21)
popt. FCN 2 FCN
P impiified = Psimptifieca (- (22)

Fig. 4 compares CNN and FCN in terms of spectral
efficiency for 3 sets of {N7, Ng, Ngs}. The spectral efficiency
by the simplified optimal antenna selection log, det(In,, +
pPgiII’;phfiedHHH P:ﬁ;;lnﬁecl) is presented as the solid line,
and the spectral efficiency by not choosing the antennas
corresponds to the dotted line which is obtained by fixed
Pio selection = [€1 €2 --€ng], 1.€., selecting the first Ngg
antennas regardless of Hs. Performance of the CNN using
(21) and the FCN using (22) are denoted as circles and small
dots, respectively. Fig. 4 shows that the CNN extracts features
better from the raw data than the FCN. It is interesting to
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observe that the random channels contain visual features that
are underlying connections to the short labels.

D. CNN VS FCN FOR HYBRID FEATURE EXTRACTION

In [11], a neural network based antenna selection technique
was proposed for a multi-user MISO (multiple input single
output) downlink scenario, where the following symbolic
features were inputted to the neural network for the purpose
of antenna selection.

[HH |

max |HHH| ’ 3)

where | - | means the element-wise absolute values of
the argument matrix, and max |- | denotes the maximum
value among the Ng x Ng absolute values. Fig. 2(c) is the
8 x 8 symbolic features that correspond to the random matrix
in Fig. 2(a). It is necessary to check if the information |HH |
keeps the essential features of H in (19). In an attempt to
justify the use of (23), we checked the capacity achieved by
the following antenna selection.

Popt

simplified absolute

— arg max det (P ‘HHH ( pY ) TS
PeP

Comparing (19) and (24), we can observe that the Ng x Ng
complex values (Ng x Ng x 2 real values) HH? in (19) are
reduced to Ng x N real values in (24), which is a dimension
reduction [23].

Fig. 5 compares the spectral efficiency with the optimal
antenna selection in (3) and the simplified antenna selection
in (24) when Ny = 8, N, = 16, Ngs = 8. It can be
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FIGURE 3. Neural network architecture is chosen for antenna selection depending upon whether the features are extracted in a pure connectionist
manner or in a hybrid symbolic-connectionist manner: (a) Convolutional neural network is chosen when raw data is inputted and the features are
extracted in a pure connectionist manner (b) Fully connected neural network is preferred when the features are extracted in a hybrid manner, i.e., the
symbolically extracted features are inputted to the neural network then the connectionist features are extracted from the symbolic features.

observed that there exists only a slight spectral efficiency
reduction in the high SNR regime due to taking absolute
values. We argue that the information |[HH | in (24) keeps
the essential features of H or HH” in (19). Furthermore,
the Ng x Ng numbers in [HH| are good features from the
perspective of antenna selection.

Fig. 3(b) illustrates a hybrid feature extraction that
combines the symbolic and connectionist feature extractions.
The raw data H € CNe*NT g composed of Np x Nr x 2 real
numbers. The symbolic features in (23) that are composed
of Ng x Ng real numbers, are extracted from H. Then
the symbolic features are inputted into the neural network.
In Fig. 3(b), two fully connected layers are used for the
connectionist feature extraction, then another fully connected
layer is used for the classification using the features from
the second hidden layer. Finally, Ngs antenna indices are
selected from the output vector with length N of the last fully
connected layer. In this hybrid symbolic and connectionist
feature extraction scenario, the CNN can also be adopted for
the connectionist part. Table 2 shows the number of kernels
of the convolutional layer and the number of neurons of
the fully connected layer so that both networks require the
same number of multiplications for inference from a sample.
We note that about 370,000 multiplications are required for
all the networks in Table 1 and Table 2.
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Upon completion of training adopting the same training
optimizer and learning rate schedule as in Section V-C,
we have the following two nonlinear inference functions with
about 370,000 parameters, approximating (19).

; : |HH |
f,opt,Hybrld7CNN _ & Hybrid—CNN (25)
simplified simplified max |HHH’ .
. . |HHH |
f,opt,HybrldfFCN _ C'I*)HybrldfFCN (26)
simplified simplified max |HHH| .

Fig. 6 compares the Hybrid-CNN and the Hybrid-FCN for
3 sets of {Nr, Ng, Nrs}. The two networks offer practically
the same spectral efficiency for each set of {N7, Nr, Ngs}
when the symbolic features are inputted to the connectionist
feature extraction parts. Comparing Fig. 4 and Fig. 6, we can
also observe that the hybrid feature extraction strategy
in Fig. 3(b) outperforms the pure connectionist feature
extraction in Fig. 3(a).

E. CNN VS FCN WHEN NETWORKS ARE PRUNED

A small number of parameters are desirable when the
nonlinear inference functions are deployed in mobile
devices. In this subsection, we prune to reduce the about
370,000 trained parameters of (25) and (26). We note that the
kernel parameters wy’)v, Kok in (8) of the convolutional layer

VOLUME 11, 2023
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FIGURE 4. Comparison of convolutional neural network (CNN) and fully
connected neural network (FCN) in terms of spectral efficiency when raw
data is inputted. CNN extracts features better from the raw data than

the FCN.
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FIGURE 5. Spectral efficiency with the optimal antenna selection in (3)
and the simplified antenna selection in (24) when Ny = 8, N = 16,
Npgs = 8. The information |HH | in (24) seems to keep the essential
features of H or HH in (19). Furthermore, the N x Ni numbers in
|HHH | are the good features from the perspective of antenna selection.

and the neuron parameters wflj) in (5) are pruned keeping
the batch normalization parameters. The survived weights
after the pruning are retrained with the following learning

111417



IEEE Access

J. Kim, H.-S. Lim: Neural Network With Binary Cross Entropy for Antenna Selection

w
o

N
[ec]
T

N
[}
T

N
S
T

N
[\S}
T

20t

L opt 4
18 Pslxxl;;}[lﬁﬁ(ld .
popt,Hybrid—CNI
o— P iified
popt.Hybrid—FCN 4
simplified
no antenna selection

Performance via Hybrid Features

167 —

14 : : : :
10 12 14 16 18 20
SNR[dB]

() Np =4, Np =8, Nps =4
45

S
o
T

w
(83}
T

w
o
T

opt
simplified

Performance via Hybrid Features

25 PN P:»‘;;rt‘l-l[‘\;ll;xd7C\N 1
popti-ro
no antenna selection

20 . | ‘ ‘

10 12 14 o = )
SNR[dB]
(b) Ny =6, Ng = 12, Nrs = 6
55

a1
o
T

IS
o
T

IS
o
T

Performance via Hybrid Features

opt 4
35 simplified
fopt,Hybrid —-CNN
O— Plinplifica
f0pt,Hybrid~FCN
30+ * simplified 1
no antenna selection
. . I I
10 12 14 16 18 20
SNRI[dB]

(C)NT:&NRZIG,NRszg

FIGURE 6. Comparison of convolutional neural network (CNN) and fully
connected neural network (FCN) in terms of spectral efficiency when the
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offer practically the same spectral efficiency when the symbolic features
are inputted.
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TABLE 2. Number of Kernels and Neurons of CNN and FCN for Hybrid
Symbolic and Connectionist Feature Extraction. The input data shape for
CNN is 1 channel of Ng x Ng, and the input data shape for FCN is a vector

ofllengt:l Ng x Ng.We assumed 59) = sg) =2and
sf/) = s}_,) =1,/ # 2 for the CNNs.

layer index [ CNN FCN
1 N =17 [ NO =258
2 N =17 | N® =258
3 N® =17 | N® =38
4 N® =144 -
5 NG =38 -

(@) Np =4, Ng =8, Nrs =4

layer index [ CNN FCN
o _ _
1 Nf(g])ap =17 | N =367
2 Ninp = 17 | N =367
3 N® —17 | N® =12
P
4 N® =143 -
5 NG =12 _

(b) Np = 6, Ng = 12, Npg = 6

layer index { CNN FCN
1 N =24 | NO =401
2 N =32 | N® =401
3 NP =24 | N® =16
4 N® =200 -
5 NG =16 -

(¢) Np =8, Ny =16, Npg =8

rate schedule.

5x 1073, 20 < epoch < 30
pretmain — 155 107%, 30 < epoch < 35 (27)
5x 107, 35 < epoch < 40.

Fig. 7 compares the Hybrid-CNN and the Hybrid-FCN
when the networks are pruned for 3 sets of {Nr, Ng, Ngs}.
The signal-to-noise ratio per receive antenna p is fixed
at 20[dB]. The performance by the Hybrid-CNN starts to
degrade when the sparsity is 0.8, and the performance degra-
dation becomes significant when the sparsity is bigger than
0.9. The Hybrid-FCN, however, maintains the performance
when the sparsity is as high as 0.95. From Fig. 7, we can state
that the Hybrid-FCN is more robust to network pruning than
the Hybrid-CNN.

F. FURTHER COMMENTS ON THE COMPLEXITY

In this subsection, we elaborate on how we set the hyper-
parameters in Table 1 and Table 2 so that 4 neural networks
have the same complexity for a given N7, Ng, and Ngs. Step1:
The hyper-parameters are set for the CNN in Table 1 with
input data shape of Ng x N7 x 2 based on a grid search for
the hyper-parameters with extensive learning and evaluations.
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FIGURE 7. Comparison of convolutional neural network (CNN) and fully
connected neural network (FCN) in terms of spectral efficiency when the
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20[dB]. The FCN is more robust to network pruning than the CNN.
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In the grid search for the hyper-parameters, the number of
CNN kernels (thus the number of feature maps) of all layers
is restricted to be the same, i.e., Nf(r[ga = Nfmap. (We note
that the number of CNN kernels was not fixed for the case
of Ny = 8, Np = 16.) Furthermore, the convolution kernel
size is restricted to be 2 x 2 for all layers, the strides are also
restricted to be 1 or 2. Table 1(b) shows the result of the grid
search when Ny = 6, Ngp = 12, and Ngs = 6. Using (13) and
(14), we can calculate the required number of multiplications
as CompCN + CompFC = 104544 4 89436 = 193980.
The hyper-parameters of the other 3 neural networks are
chosen so that the required complexities are close to 193980.
The complexities can not be exactly the same because the
hyper-parameters are constrained to be integers. We note that
the following Step2-Step4 can be taken in a different order.
Step2: We choose the hyper-parameters of FCN. Applying
NO = 6 x 12 x2 = 144, ND = 12 to (12), we can
express the complexity of the FCN as (L — 2)ngC + (154 +
2L)Nrc + 24. Constraining the complexity to be 193980 and
choosing the number of layers to be L = 5, we have
?)NFZC + 164Ngpc + 24 = 193980. Solving the polynomial
equation, we find Np¢ = N = 228,71 = 1,2,3,4 to be
the integer as shown in Table 1(b). Step3: Then the hyper-
parameters of CNN in Table 2(b) with input data shape of
Ngr x Npg is determined so that CompCN is the same as that
of CNN in Table 1(b). Let us first elaborate on the complexity
of the convolution layers of CNN in Table 2(b). Given the
input data shape of Ng x Ng, the kernel size of 2 x 2, the
vertical and horizontal strides of 1s, and the number of kernels
Of Nfmap, the first hidden layer (/ = 1) has the complexity of
NR X Ng x 2% 2X Nfmap+Ng X Ng X Nimap x 3 multiplications,
where Ng X Ng X Nfmap X 3 represents the complexity of the
batch normalizations and the activations. Given the input data
shape (i.e., the output data shape of the first hidden layer)
of Ng x NR X Nfmap, the kernel size of 2 x 2, the vertical
and horizontal strides of 2s, and the number of kernels of
Ntmap, the second hidden layer (I = 2) has the complexity
of Nr/2 X NR/2 X Nmap X 2 X 2 X Nfmap +Nr/2 X Nr/2 x
Ntmap x 3 multiplications, where Ng/2 x Ng/2 X Nfmap X
3 represents the complexity of the batch normalizations and
the activations. If additional convolution layers are added
with the kernel size of 2 x 2, the vertical and horizontal strides
of 1s, and the number of kernels of Nfmap, its complexity
becomes Ng x N X Nf%nap + Nr/2 X NR/2 X Nfmap X
3 multiplications. If Lcy convolution layers are adopted,
the additional convolution layers excluding the first and the
second layers is Lcy — 2, thus the total complexity of the

convolution layers is expressed as (Lcy — 1) X N 1% X Nfzmap +

7 X N3 X Nimap + 3(Ley — 1NZ X Nimap. Constraining
the complexity to be the same as CompCN = 104544 in
Table 1(b) and choosing Ly of 3, we obtain Npyap = 17 as
in Table 2(b). Although the number of convolution layers
in Table 2(b) is the same as in Table 1(b), the number of
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kernels can be determined accordingly if a different number
of hidden convolution layers (Lcy) is adopted. After setting
the hyper-parameters for the convolution layers, the N in
Table 2(b) is calculated so that CompFC in Table 2(b) is
the same as that in Table 1(b). Step4: The final step is to
determine Nec = N = N in Table 2(b) in a similar
manner as in Step2 but now with choosing the number of
layers L = 3. Note that the complexity of FCN in both

Table 1 and Table 2 is O((L — Z)NFZC). The complexities of
CNN in Table 1 and Table 2 are O((Lcy — 1) X Ng X N1 X
Nﬁmap + (L — Loy — 1) x Ng x Ny X Ngmap X Nrc) and
O((Ley—1)x N3 fozmap+(L—LCN—l)xN,%fomaprFC),
respectively. We emphasize that all O expressions are based
on the assumption that N©) « Ngc.

We measured the time taken to train the model and perform
inference using the trained models. All experiments are con-
ducted in an environment equipped with an Intel i7-6700K
CPU operating at 4.00 GHz and 16.0GB of memory, running
the Windows 10 Pro x64 operating system. The development
tools used include Python 3.9.13, Tensorflow 2.11.0, and
Keras 2.11.0. For the case of {N;7 = 6, Ny = 12, Ngs = 6},
For inference on 100,000 samples, CNN takes 6.2 seconds
for raw data and 7.2 seconds for preprocessed data, while
FCN takes 5.2 seconds for raw data and 5.1 seconds for
preprocessed data. The slight variation in inference times
despite having the same number of multiplications can be
attributed to the inherent differences in algorithmic behavior
(initialization, optimization, etc.) between the software-
implemented CNN and FCN.

We emphasize that it has been a conventional practice to
evaluate the time performance of an algorithm based on the
number of multiplications in the telecommunication field.
This practice is particularly appropriate when the trained
model is ultimately implemented in hardware (as a system
semiconductor) on mobile devices. Compared to the number
of adders and comparators, the number of multiplicators that
is required by an algorithm dominantly determines the time
performance of the corresponding semiconductor. Therefore,
reducing the number of multiplications directly benefits in
shortening the execution time which is important for real-
time processing of the algorithm. Our approach aligns with
this industry practice, focusing on a metric that has practical
and direct implications for time performance in hardware
implementation. Thus, although a strict validation for the time
performance is not provided, we argue that the number of
multiplications in Equations (11), (12), (13), and (14) are self-
validating to a good degree.

VI. CONCLUSION

In this paper, we showed that the use of binary cross entropy
is quite essential for an artificial neural network that selects
antennas in mMIMO systems that are equipped with a
large number of antenna arrays. We also showed that the
spectral efficiency formula as the objective function can be
simplified by ignoring the SNR parameter practically without
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performance degradation. Omitting the SNR factor, we could
assign a unique label to a mMIMO channel regardless of the
SNR, which in turn facilitates the training data generation.
When the channel matrix excluding the SNR factor is inputted
to the neural networks and pure connectionist features are
extracted, the CNN outperformed the FCN. However, in the
hybrid scenario where good symbolic features are extracted
first then the connectionist features extracted from the
symbolic features, the Hybrid-CNN and the Hybrid-FCN
offered practically the same performance. Finally, when the
networks are pruned to be amenable to mobile devices, the
Hybrid-FCN turned out to be preferable to the Hybrid-CNN.
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