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Abstract. In the fifth generation (5G) and future mobile networks,
the design of efficient detectors for massive multiple-input multiple-
output (MIMO) is essential. The main challenge in designing detectors is
the trade-off between performance and computational complexity; that
is, efficient detectors incur higher computational costs, while compu-
tationally cheaper detectors have lower efficiency. Recently, many deep
learning-based detectors have been proposed in the literature to fill in
such gaps. However, most of the existing MIMO detectors work only
with real-valued parameters. First, they transform the complex received
MIMO signal into an equivalent real-valued parameter by concatenating
the real and imaginary parts and then train a network based on the real-
valued data. Such an approach has several disadvantages. On one hand,
the number of trainable parameters will be doubled; on the other hand,
the phase information, which is important in the communication signals,
might be lost or distorted. In this work, we aim to investigate the applica-
tion of complex-valued neural networks for MIMO signal detection based
on Wirtinger Calculus. To do so, we propose a simple feedforward archi-
tecture that directly works with the complex-valued QPSK and 16-QAM
modulation signals. Our method is simple and computationally cheaper.
Simulation results show that the proposed approach can improve the per-
formance of the existing detectors while providing a lower computational
cost.

Keywords: Complex-valued neural networks + MIMO detector -
Wirtinger calculus

1 Introduction

Massive multiple-input multiple-output (MIMO) is a key technology for 5G and
future mobile networks. One of the issues that must be addressed in order to
make the promising benefits of this technology a reality is signal detection. Sig-
nal detection is the process of recovering information that has been transmitted
through a noisy channel in a wireless communication system [1]. Due to inter-
ference, noise, and fading channel conditions, detection becomes increasingly
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difficult in massive MIMO systems. Furthermore, because of the high num-
ber of antennas, computational complexity is one of the key challenges in this
technology [2,3].

As a result, different categories of traditional detectors are proposed in the
literature to realize the promises of massive MIMO technology [4-6]. Besides
the traditional ones, neural network-based detectors are also a promising class
of MIMO detectors [7-9]. Deep neural network (DNN) detectors can operate in
data-driven, model-driven, or hybrid modes. The performance of these detec-
tors has shown a significant improvement compared with their traditional coun-
terparts. However, one of these detectors’ limitations is that they only work
with real-valued parameters. Most existing DNN-based applications are tuned
to work with real-valued parameters in order to take advantage of the computing
resources available in the existing DNN libraries [10].

One of the key reasons behind the success of supervised deep learning (DL) in
several tasks is its ability to learn a useful hierarchical representation of data [11].
Eventually, it has been used in difficult scenarios where tractable mathematical
models cannot characterize a problem. In such cases, the DL architecture is
represented by a black box and optimized through learning from data to solve
a specific problem. In various domains of applications, such as computer vision,
such a representation has surpassed human-level performance [12]. Since the
nature-made signals (RGB images, videos, ...) appear as real-valued signals,
most DNN libraries are built to process real-valued signals.

When it comes to engineering applications, including wireless communica-
tion, the situation is rather different. On the one hand, the information signals
are synthetically generated by humans. Hence, applying the DL to these signals
(man-made) doesn’t guarantee the best performance as that of nature-made
signals [13]. On the other hand, unlike most nature-made signals, the communi-
cation signals are represented in a complex baseband form, in which the phase
information is as important as the magnitude. As such, it is critical to resolve
these issues in order to effectively use the DL in wireless communications. In the
first case, the work in [13] has analyzed the applications of DL in the physical
layer of communication systems. In that work, it is shown that DL can be effi-
ciently applied to signal detection tasks. Nevertheless, the dataset used for the
analysis was transformed from complex to real.

In this work, we address the second issue by investigating the use of complex-
valued neural networks for MIMO signal detection. The use of complex numbers
when working with communication signals allows for precise representation of
both magnitude and phase [14]. The main challenge in complex analysis, how-
ever, is the diffentiability problem, which is described by the Cauchy-Riemann
equations [15]; i.e., in the DL, the partial derivatives of a real-valued cost func-
tion with respect to the complex-valued parameters in the back-propagation do
not exist. As such, we resort to Wirtinger Calculus, which allows us to fully
exploit the power of complex-valued signal processing [16]. To the best of our
knowledge, this is the first study to apply complex-valued neural networks to
the MIMO detection problem.
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Related Works: Several DNN-based detectors for massive MIMO have been
proposed [17]. We chose two detectors with superior performance in [7] and [9],
for ease of generation of training data. However, because of the aforementioned
complex-analysis issues, the data in these detectors must first be transformed
to the real-valued equivalent. This means that an n-dimensional complex-valued
vector will be converted to a 2n-dimensional real-valued vector: i.e., C" s R2",
As a result, in those works, the network parameters are fully trained using real-
valued calculus and the output is converted back to complex. This method has
two major drawbacks: first, besides increased dimensionality (doubling the num-
ber of trainable parameters), it may be ineffective for nonlinear functions because
the functional form may not be easily separated into real and imaginary parts;
second, phase information may be lost or distorted.

The method we extend, however, can easily compute complex-valued gradi-
ents without requiring a transform into the real equivalent. For scalar quantities,
Brandwood [18] and Adali [16] show that the derivitive of the real-valued cost
function with respect to the complex-valued parameters exists. We show that
the same approach is valid for complex-valued vectors as well. Furthermore, we
present a design of a simple feedforward DL architecture for MIMO signal detec-
tion that can be trained fully in a complex domain. We will demonstrate through
simulation that complex-valued neural networks can be efficiently designed for
detecting MIMO signals.

The remainder of this paper is organized as follows. Section 2 provides pre-
liminary knowledge and operations that will be useful in the subsequent sections.
Section 3 describes the system model and problem formulation. Section 4 presents
the proposed network architecture and offline training procedures. Section 5 dis-
cusses several numerical results demonstrating the validity of the complex-valued
DNN for MIMO detection problems, and Sect. 6 concludes this work.

2 Preliminaries

2.1 Complex Matrix Multiplication

Suppose that W = W, 4+ jW,; and b = b, + jb; are complex matrix and
vector, respectively, Where the elements in W,., W, b,., b; are real quantities,
and j = v/—1. Then a complex matrix multiplication which results in a vector
h can be written as

h =Wb (1a)
=W, b, — W,b; + j(W;b, + W,b,), (1b)

The formulation in (1b) is a basis for various signal processing models that deal
with complex-valued parameters. Several algorithms, including the DL appli-
cations, use this approach to transform the results of their computation from
complex to real-domain and vice versa. Now notice that (1b) can be represented
as a real vector by concatenating its real and imaginary parts, which produces
a double dimensionality h’ = [h,, h;]T. In this work, we utilize the compact
complex form as in (1a).
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2.2 Wirtinger Calculus

Let f(w) = w(wr,w;) + v(wp,w;) is a complex function, where w = w, + jw;. If
the continuous partial derivatives u(wy,w;), v(w,,w;) with respect to w, and w;
exist, then a generalized complex derivatives can be defined as [16]

of _1/af .of of _1(of _.0of
w2\ dw, jawi T w2\ dw, Jawi

(2)

Formally, the complex derivative can be calculated by considering f to be a
bivariate function f(w,w*) and w and w* to be independent variables. The
Wirtinger Calculus can generalize the standard complex calculus, as discussed
in [16]. As such, instead of taking partial derivatives with respect to the real and
imaginary components, it is more efficient to use the approach described above:
Rewrite f(w) as f(w,w*) and differentiate with respect to one by treating the
other as a constant.

3 System Model and Problem Formulation

3.1 System Model

1 1
° °
S ° H (4
° ° y
K M

Fig.1. A MIMO system with s transmit symbols, and y received signal vector over a
channel matrix H.

Consider a MIMO communication system model shown in Fig.1. We assume
that the transmitter side contains K single antenna user terminals (UT)s, and
the receiver is a base station (BS) equipped with M antennas. We denote the
spatially-multiplexed UTs transmitted symbols vector as s = [sy, 82, -+, k)T
and its corresponding received signal vector as y = [y1,%2, - ,ym|T, where
Sk, Yy; represent the transmitted symbol from the k-th UT, and the received
signal by the j-th BS antenna, respectively. Each si is drawn from a set S
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of rectangular complex QPSK, and 16-QAM alphabets. We assume that the
complex propagation channel H € CM*¥ | is a flat fading and Rayleigh dis-
tributed, whose entries are independent and identically distributed (i.i.d) with
CN ~ (0,1). Then, the received signal vector y in a matrix form can be written
as

y(i) = Hs® + v(i), i=1,2,---,m, (3)

where v € CM| a complex additive white Gaussian noise (C-AWGN), and m
is the number of transmission instants. Here, we also assume that the channel
state information is known to the transmitter.

In the existing works the complex-valued parameters in the above model is
transformed into equivalent real model [9]

ny’l) = Hrsgi) + ’U'p(ﬂi)7 1= ]-7 27 T, M, (4)

, @y — (@
ok () _ |Re(H , ) Im(H' ) 2M x2K
} o M [Im(H@) Re(H®) | 5

, (i (4)
yﬁl): {Rey . )} cR2M o — [RQ(U )] eRM, =12

( (5)
Im(y(l ) o Im(v(i)) e

m.

Notice that the transformation in (5) follows the formulation in (1b). It is clear
from (5) that the dimension of each parameter is doubled when we attempt
to work with complex-valued parameters in the equivalent real. As discussed
above, the main issue in such an approach is that besides computational burden
in the network, the phase information will be lost or easily distorted, since the
network only optimizes the real parameters. In this work, however, we ignore
the transformation in (5) and directly work with the complex parameters in (3).

3.2 Problem Setup

Given (3), the goal of a MIMO detector is to recover the transmitted symbols
s() from the received signal y(¥) relying on the knowledge of the channel at each
transmit instant ¢. Now, assuming all the information symbols in S are chosen
(transmitted) with equal probability, the optimum MIMO detector known as

maximum likelihood (ML) can be written as
Sl(\Z)L = argmin [[y® —HDs@ |3 i=1,2,--- m. (6)

s(HeSK

However, solving ML problem (6) globally is NP-hard since it requires |S|%
evaluations, where | - | denotes cardinality of a set. Because the computational
complexity in ML detection is prohibitively expensive, we resort to a suboptimal
solution that achieves near-ML performance while requiring less computational
complexity. In this work, we propose a complex-valued neural network architec-
ture as a supervised learning model that can take the complex received signal
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vector y as an input and return an estimate of the transmitted symbol s. Math-
ematically, this can be written as a machine learning problem

é%)L = argmin E(E(f(y(i); 0), s(i))), (7)
£(,0)
where L£(-) is some specific loss function, E(-), is expectation operator, and 8 is
a set of trainable parameters. In (7), our goal is, through exploiting DNN, to
learn an optimal function f(-,0) and its corresponding parameter 6 in the sense
that it can minimize the objective function L£(-).

4 Complex-Valued Feed-Forward Networks

In this section, we describe the proposed complex-valued feed-forward network
or a multilayer perceptron (MLP), which from now on will be referred to as
“cFFDnet.”

4.1 Forward Propagation

The cFFDnet, like its real counterpart, MLP, performs feature mapping dur-
ing forward propagation. There are two basic operations: linear and non-linear
mappings, which are briefly described as follows. The network takes the noisy
received signal y which is denoted as a® as an input, and returns the estimated
symbol § as an output.

Suppose that N denotes the number of units (neurons), and ¢ denotes the
number of layers. Let W* € (CNZXNLLl,bZ € CN' denote the complex weight
matrix and bias term respectively. Then the linear and non-linear mapping at
each layer can be written as [19]

7z = W'l + b’ (8a)
a‘=o(z", (=1,2,--- L, (8b)

where o(-) is the non-linearity (activation function). For notation consistency,
we consider the input as a 0-th layer; i.e., a° =y.

At each layer, the linear mapping in (8a) computes a complex-matrix mul-
tiplication to obtain a vector z‘ € CV *. Then it goes through o(+), a non-linear
mapping. Here, o(-) is a pointwise activation function that brings non-linearity
to the network. There are several classes of activation functions proposed for
complex-valued architectures. In this work, we utilize the modified tanh [20]

o(2) = tanh (|[2]]) © . (9)

e

where || - || denotes magnitude, and ® denotes a point-wise multiplication. The
main advantage of this activation function is that it keeps the phase information.
The corresponding set of trainable parameters can be defined as

@:{W17b17"' aWvaL}' (10)
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Fig. 2. A Computational graph representation of the proposed cFFDnet for the MIMO
detection.

4.2 Back Propagation

In this subsection, we describe the back propagation process that characterizes
the learning steps of cFFDnet.

Let Y = C™ denotes M-dimensional feature space and S’ = [s1, 52, , Sk
denotes the label space. Then the training dataset can be described as D =

{(ao(z),s(i))}:il, where a° € ), s € &', are the input feature and true label,
respectively, and m is the number of training examples. Then, the detection
task in the cFFDnet can be defined as a mapping function fg : J — &’. In other
words, the fg is a regression function that minimizes a loss function to find the
best parameter @ that will be used estimate the transmit symbol s. The loss
function is defined here as the mean-squared-error (MSE) between the true label
s and the estimated network output a” (see Fig.2). To do so, let us define the

error corresponding to each symbol as

]T

ex=s,r—ak, k=12--- N =K. (11)
Then, the MSE loss produced by the network is
1 X
L= ;ekez, (12)

where * denotes a complex conjugate operation. Alternatively, in vector notation,
it can be written as

(13)
:% (sTs — (aL)Ts —sfal + (aL)TaL),

where 1 denotes hermitian operation (transpose of a complex conjugate), and
al € CK represents the estimated output of the network. The superscript (i)
is ignored for notational simplicity; i.e., the loss function is defined for a single
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training example. Now notice that the loss function (13) is a real quantity (L :
CK xCK + RX), while the network parameters are complex. As discussed in the
previous sections, the Wirtinger Calculus can lay the groundwork for computing
complex gradients with respect to the real-valued loss function. A modification
required here is that the generalization of dimensionality since the results of
Wirtinger Calculus are provided for scalar quantities. Proposition 1 discusses
this extension.

Proposition 1. Let f : C™" — R™2 be a real valued vector function of a complex
vector w. Let f(w) = g(w,w*), where g : C™ x C™ — R™ is a real-valued
vector function of two complex vector variables. Then computing 8‘?5* =01isa
necessary and sufficient condition to determine the stationary point of f.

See Appendix A for the proof. A complex-valued network can be effectively
trained utilizing the result in proposition 1 and the chain rule in the Wirtinger
Calculus [21]. The gradient computation in the back propagation starts at the
output (L-th layer) by computing the loss function (the error between true label
s and the estimated symbol vector §.

The main objective of learning in this work is to minimize the loss function
(13) with respect to the complex set of parameters @. To briefly describe this
procedure, let us use da, dz, dW, db to denote the gradients corresponding to

oL oL oL oL
aa*L ) 3Z*L ’ 8W*L ) 6b*L ’

respectively. As shown in the computation graph in fig.2, at the output layer, the
network first computes the gradient da’ and step by step goes back to compute
gradients in each layer. For instance, the gradient with respect to the linear
activation dz” can be computed by applying the chain rule as

L * L
OL _ 9L 9ab | OL 0a 10

Aot = 25— .
i 0z*L  9al §z*L = PQa*L §z*L

Similarly, during back propagation, other gradients will be computed and
updated. For the learning, we use the standard stochastic gradient descent (SGD)
method.

5 Numerical Results and Discussion

In this section, we present different numerical results that can demonstrate the
effectiveness of the proposed methods.
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5.1 Implementation Details

All detectors are implemented in python 3.6 using TensorFlow 2.4 library, and
Table 1 lists the basic parameters.

Table 1. A list of network parameters.

Parameter Quantity
Number of hidden layers 5
Average epoch 3,000
Batch size 1024
Training data size 90, 000
Validation data size 20,000

Maximum number of units in each layer 512

Maximum number of trainable parameters | 1.3 million

{5 regularization factor 0.0001

Dropout ratio (max.) 0.3

Given the complex system model in 3, the dataset is generated as follows:
In all realizations (offline training and online detection phases), the channel is
chosen to be the classical i.i.d. Rayleigh fading, and fixed. The transmit symbols
are drawn from the QPSK, and 16-QAM constellations. The noise variance is
randomly sampled from complex AWGN, and the signal to noise ratio (SNR) in

M)l Phen | the dataset D is

[lvll2

each training sample computed as SNR = 10log
generated as the definition in Sect. 4.2.

After the network is successfully trained (minimum overfitting and underfit-
ting is obtained), it will be tested in online detection by using newly generated
data that follows the same distribution as the training dataset. In the testing
stage (online detection), the generalization ability of the network (detector) will
be evaluated compared with the existing detectors. For this purpose, we employ
the classical symbol-error-rate (SER) versus SNR performance analysis by run-
ning several Monte Carlo simulations. The numerical results for offline training
and online detection are presented in the following subsections.

5.2 Learning History: Offline Training Phase

We begin our discussion of the proposed methods’ performance analysis by
assessing the offline learning characteristics. Figures3(a),(b) show the basic
training history parameters, training/validation loss and accuracy. We can see
from these figures that the training loss is decreasing smoothly (Fig. 3(a)) or that
the training accuracy is increasing continuously (Fig. 3(b)). This implies that the
network is learning efficiently from the given dataset. On the other hand, we can
see that the validation loss declines very closely to the training loss, or that



248

0.55
05
0.45
04
0.35
03

0.25

0.2

Losses

0.15

I. N. Tiba and M. youhong

e, ~—.
T, -

-

Accuracies

0.95;
0.85?
08?

0.75

0.7

= Training accuracy
---- Validation accuracy

0 200 400 600 800 1000 0 200 400 600 800 1000
Epochs Epoch

(a) Training and validation losses. (b) Training and validation accuracy.
Fig. 3. The offline learning histories for a QPSK modulated, (M = 16, K = 4) MIMO
system.

the validation accuracy increases consistently with the training accuracy until
it reaches a maximum (> 95%). This demonstrates that the network was less
overfitted during offline training, implying that generalization ability in online
detection will be improved.

5.3 SER: Online Detection Phase

Since running simulation results for the optimal ML detector is very difficult
for larger MIMO sizes, we use the classical suboptimal detector SDR [4] as a
reference. Furthermore, we compare our proposed method with efficient existing
detectors that are based on the model-driven deep learning approach.

Figures 4(a)—(d) show the online detection performance in terms of SER ver-
sus SNR for QPSK and 16-QAM modulations and different MIMO sizes. As
shown in the Fig.4(a), the proposed method has outperformed the existing
model-driven methods (DetNet, ADMM-PSNet) in a significant range of SNR.
It is evident from this figure that the proposed cFFDnet has achieved a perfor-
mance very close to SDR particularly in the lower SNR regime.

To further investigate the performance of the proposed method, we increased
the modulation to 16-QAM with different MIMO sizes. The corresponding results
of this scenario are depicted in Figs. 4(b)—(d). As it is clear from the figures, the
performance of the proposed method is consistently improved under the given
scenarios. In Fig. 4(d), it is also evident that even though the proposed detector
achieved improved performance compared to the existing detectors, it seems to
lag behind the SDR with a noticable range of SNR. This is due to the fact that
as K increases, training the network with the same parameter settings results
in limited efficiency. Because the size of the input data is limited (M = 64), it
is difficult to achieve the required level of training accuracy. However, it is clear
from the above results that once the network is properly trained, it can achieve
significantly improved performance near the sub-optimal detector.
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Fig. 4. SER performance comparison between the proposed and the existing detectors
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Fig. 5. Computational complexity comparison between the proposed and existing
detectors for M = 64, and varying K MIMO sizes.
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5.4 Computational Complexity

Apart from the SER performance improvement, the proposed detection method
can also provide a lower computational cost compared to the existing methods.
To show this, we use the standard number of floating point operations (Flops)
as a performance measure.

Figure 5 illustrates the computational complexity comparison between the
proposed and existing detectors. The results in this figure are obtained by count-
ing the number of complex-vector multiplications for different MIMO sizes with
M = 64, and varying K. As it is clear from the figure, the computational com-
plexity of the proposed detector is significantly reduced compared to the exist-
ing model-driven detectors for a wide range of K. The main reason for such
an improvement is that the proposed method is a simple feedforward network.
During the training phase, since the network involves forward and backward
propagation, its computational cost is higher (it takes longer time to learn). In
the online detection, however, we only pass information forward, in which the
network performs simple computations such as matrix-vector multiplication and
pointwise activation. As a result, once properly trained, it has a lower computa-
tional cost.

6 Conclusion

The use of complex numbers plays a vital role in processing communication sig-
nals. When it comes to MIMO signal detection, several DL-based detectors have
been proposed in the literature. However, they failed to work with complex-
valued parameters. In this work, we have analyzed the application of complex-
valued neural networks for MIMO signal detection for QPSK and 16-QAM sig-
nals. Numerical results have shown that the proposed approach can improve the
performance of the existing detectors. Moreover, the computational complexity
of the proposed approach is very low compared with the existing methods.

Appendix A Proof of Proposition 1

Proof. By considering an element wise operation on the elements of the real
vector f, the proof is straightforward from [18{1. Further, since g is a real function,
g—fv, 0’33* are conjugates of each other; i.e., -2 = (3—@)*. Hence, it is sufficient
to compute the term 823* .

’ Ow*
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