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Abstract—In this paper, an improved Homotopy algorithm has
been presented for signal detection in a MIMO system. The
channel matrix is trained as a learnable matrix which results in
better signal update. Furthermore, a smooth map is adopted to
increase the signal detection performance. The nonlinear denoiser
is used to remove the noise more efficiently. Also, the hyperbolic
cosine loss function has been adopted to smoothen the results.
The simulations show that the proposed method is superior to
its counterparts in the bit error rate performance.

Index Terms—Deep neural network, MIMO signal detection,
Deep learning, Signal detection.

I. INTRODUCTION

The massive multiple input multiple output (MIMO) sys-
tems can increase the spectral efficiency and serve many
users simultaneously [1], [2] [3]. One crucial task in a
massive MIMO system is the signal detection which can
lead to computationally complex problems due to the large
number of antennas used in the base station [1]. Therefore,
developing efficient signal detection algorithms with tolerable
complexity is a challenge which would be addressed in this
paper. In general, the nonlinear Maximum Likelihood (ML)
detector with sub-optimal performance and linear detectors
such as Minimum Mean Squared Error (MMSE), Zero Forcing
(ZF) are used for signal detection [4] which suffer from
the complexity of matrix inversion operation. Therefore, the
Neumann series expansion (NSE) detectors have been intro-
duced to reduce the computational complexity of the matrix
inversion [5]. Currently, new signal detection algorithms have
been introduced in the literature based on deep learning [6].
Detection network (DetNet) is One of the neural network-
based algorithms for MIMO signal detection. The DetNet is
an iterative method based on gradient descent algorithm and is
comparable in performance to detectors such as Approximate
Message Passing (AMP) and Semi-Definite Relaxation (SDR)
which takes less time to run but requires high complexity due
to the network structure [6], [4] . The OAMP-Net algorithm
has been designed in the case of time-varying channels and
requires less running time [7]. In the MMNet algorithm [7],
in the training process, the parameters are optimized for the
realization of each channel matrix. In comparison with the

retraining networks like OAMP-Net , MMNet does not require
the inverse calculation of the channel matrix.

All the three mentioned algorithms have a denoiser for the
additive Gaussian noise, but they all are complex due to the
parallel training operations [7].

The OAMP-Net2 algorithm [6] has fewer trainable param-
eters in the network with improved convergence. Another
technique based on deep learning is the Sphere Decoder (SD)
[6] in which the radius of the sphere is trained in the network
and gives almost the same performance as the ML detector
. In all the deep learning based signal detection algorithms,
network parameters are trained to achieve optimal performance
[8], [6] and the networks with fewer trainable parameters are
more preferred. The Homotopy algorithm is a technique based
on deep learning to solve the ML problems using the gradient
descent scheme [9].

In this paper, a modified Homotopy algorithm has been
developed to improve the error performance at the same time
of reducing the computational complexity of the network. We
have added suitable trainable parameters such as a softness
regulator in the signal projection. Furthermore, to eliminate
the effect of the outlier data, the hyperbolic cosine function is
adopted as the loss function. In addition, in order to provide
a smoother estimation of the original signal, a hyperbolic
tangent nonlinear denoiser is used for different noise levels.
The simulation results indicate that the proposed scheme
outperforms its counterparts in the bit error rate and the
average loss.

The rest of the paper is organized as follows: The system
model is defined in section II. The Homotopy scheme is
reviewed in Section III. The proposed algorithm is investigated
in Section IV. The simulation results are given in Section V
and Section VI concludes the article.

II. THE SYSTEM MODEL

Suppose a MIMO system with N antennas in the transmitter
and M antennas in the receiver. The transmitted symbol vector
is represented by x ∈ CN×1. The received vector, y ∈ CM×1,
is defined as [10]:

y = Hx + n (1)
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where n ∈ CM×1 ∼ CN(0, σ2IM ) is additive white Gaussian
noise vector, and H ∈ CN×M is the channel matrix. Separat-
ing the real and imaginary parts, the real equivalent form of
(1) can be written as:

y = Hx + n (2)

and

y =

[
< (ȳ)
= (ȳ)

]
,H =

(
<
(
H̄
)
−=

(
H̄
)

=
(
H̄
)
<
(
H̄
) )

,

x =

[
< (x̄)
= (x̄)

]
,n =

[
< (n)
= (n)

] (3)

where <(.) and =(.) indicates for the real and imaginary parts,
respectively.

The maximum likelihood (ML) algorithm is the suboptimal
receiver which can be optimal for the equiprobable transmited
symbols. The ML detection for the mentioned real system
model can be written as [9], [7]:

x̂ML = arg min
x∈{−1,1}N

1

2
‖y −Hx‖2. (4)

The above problem is NP-hard since it requires exhaustive
search among all possible vectors wirh discrete entries of
−1, 1. One of the algorithms to solve the ML problem is
the Homotopy technique which would be illustrated in the
following.

III. DEEP HOMOTOPY ALGORITHM FOR SIGNAL
DETECTION IN MIMO

The Homotopy algorithm works based on the gradient
extrapolated majorization-minimization (GEMM) which is ex-
pressed in the following [9]. In order to solve the discrete
minimization problem in (4) with f(x) = ‖y − Hx‖22, the
GEMM scheme aims to solve the following problem instead:

min
x∈[−1,1]N

f(x)− λ‖x‖22 (5)

This restatement means that By adding the second term to the
cost function, the elements of the vector x are encouraged to
get larger values. Furthermore, the constraint guarantees that
x2
i ≤ 1 for i = 1, · · · , N . Therefore, the entries of x would

be obliged to be 1 or −1. As another step, the minimization
of the cost function in (5) is conducted with the aid of the
majorization minimization technique with the majorant defined
as:

G(x) = f(x)− 2λ 〈x , x− x〉 − λ||x||2 (6)

which is derived from the following inequality:

‖x‖22 ≥ ‖x‖22 + 2 〈x , x− x〉 − λ||x||2 (7)

and λ is a relaxation parameter. Appling the gradient extrapo-
lated relation followed by the projected gradient descent step
on G(x) , the GEMM iteations are obtained as follows:

zk = xk + αk

(
xk − xk−1)

xk+1 = Π(zk − βkHTHzk + ωkHTy + γkxk)
(8)

where 2βkλk = γk and Π is the operator which maps its ar-
guments into the set [−1, 1]

N , Π (x) = [Π (x1) , ...,Π (xN )]
T ,

defined as:

Π(x) =


−1, x ≤ −1

x, −1 ≤ x ≤ 1

1, x ≥ 1

(9)

βk is the step size of the kth iteratrion, z is the extrapolated
solution. In the deep learning based Homotopy algorithm [9],
the parameters βk, ωk, αk, γk are obtained through a deep
training step while in the original GEMM technique the
parameters are updated differently. Also, the loss function of
the Homotopy algorithm is the minimum mean squared error
defined as follows:

L
(
xoriginal,x

k
)

=

K∑
k=1

log(k)
∥∥xoriginal − xk

∥∥2
2

(10)

where xoriginal is the original signal sent from the trans-
mitter and xk is the reconstruction of the kth iteration.

To improve the error performance, we upgrade the Ho-
motopy algorithm by controlling the different levels of noise
to obtain a better estimation of the transmitted signal. Also,
we provide a better loss function to optimize the learnable
parameters in a more efficient manner.

IV. THE PROPOSED METHOD

In this section, the proposed method is illustrated. The goal
is to improve the Homotopy algorithm to achieve lower bit
error rate.

As the first suggestion, we use the trainable channel matrix
derived from the MMNet algorithm [7] so that at each time
the network parameters are trained to realize the new channel
matrix. Therefore, for 10,000 samples per 1000 epochs, we
have a new channel matrix for 10 iterations. As a result, by
optimizing the network parameters each time, we achieve a
more realistic channel matrix and the network performance
is improved in terms of error reduction. This process is done
in the first iterative relation of (11) where Θ

(1)
k is the N ×

M channel matrix to be trained and xk, and xk−1 are the
transmitted signals in kth,(k − 1)th iterations.

As the second modification, the hyperbolic tangent is used
to map the signal to +1,−1 similar to the TPGNet algorithm
[11] and ξk is used to control the smoothness of the projection.
The hyperbolic tangent is used as a nonlinear denoiser to
reduce the complexity of noise removal process in the training
phase and make a soft decision of output signal. Therefore,
more accurate information can be obtained from the estimated
signal. Also, in order to impose the divergence-free property
on the algorithm, the parameter Φk is continuously trained
similar to the OAMPNet-2 technique [7]. This process is
shown in the second relation of the (11). Thus, the modified
homotopy algorithm is as:

vk = xk + αkΘ
(1)
k (xk − xk−1)

zk = Φk

(
tanh

(
ξkvk

))
xk+1 = Π(zk − βkHTHzk + ωkHTy + γkxk)

(11)
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Furthermore, the loss function of the proposed method is the
hyperbolic cosine logarithm which is adopted to smoothen the
overall function and reduce the error resultantly:

L
(
xoriginal,x

k
)

=

K∑
k=1

log cosh(k)
‖xoriginal − xk‖22
‖xoriginal‖22

(12)

The proposed signal detection scheme is provided in Algo-
rithm 1.

Algorithm 1 The proposed algorithm

1: input:
2: Receiver vector y ∈ C2N×1 and channel matrix H ∈
C2N×2M

3: output:
4: x ∈ C2M×1

5: Initialization:
6: x0 ← 02M×1

7: z0 ← max(min (y, 1),−1)
8: The proposed algorithm:
9: for k=0:L-1 do

10: vk ← xk + αkΘ
(1)
k (xk − xk−1)

11: zk ← Φk

(
tanh

(
ξkvk

))
12: xk+1 ← Π(zk−βkHTHzk +βkHTy +ωkHTy +γkxk)
13: end for

V. NUMERICAL RESULTS

In this section, the simulation results are reported. The
Homotopy algorithm [9], the MMNet [7], and ZF [4] have
been compared with the proposed method in terms of Bit Error
Rate (BER). In the simulations, the number of transmitter and
receiver antennas are equal and the modulation is QPSK. The
MIMO channel matrix is generated from Gaussian ditribution.
It is assumed that the channel matrix has been estimated
beforehand and the full channel state information (CSI) is
available in the receiver side. The simulations are conducted
on a PC with Intel(R) Core i7-7500U CPU @ 2.70GHz 2.90
GHz in the TensorFlow environment.

For minimizing the loss function, the Adam optimizer [12]
has been applied. We set M = 40, N = 40, and L = 30
which is the total number of layers or iterations in deep neural
network in all of these algorithms. Also, in the Homotopy
algorithm, the initial values are: β0 = 0.01 , ω0 = 0.01, α0 =
0.5 , γ0 = 0.001. For the proposed method, the initial values
are Φ0 = 1, ξ0 = 1.0 [9]. The training data of size 10K is
used in the training phase.

Figure 1 shows the Bit Error Rate (BER) versus SNR curves
for ZF, MMNet, Homotopy, and the proposed methods for
M = N = 40.

We employ 10K iterations and the training batch size is
250. For the training phase, the SNR is set to 40dB and for
the testing phase, the SNR has been selected in the range of
0dB to 40dB. Also, the BER versus SNR curves of all the
methods for M = N = 30 have been depicted in Figure 2.
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Fig. 1: The BER versus SNR curves of all the methods for
M = N = 40.
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Fig. 2: The BER versus SNR curves of all the methods for
M = N = 30.

It is observed that the proposed method has acheived lower
BER compared to its rivals. Also, it can be seen that the
error performance in MMNet algorithm is not good when the
number of transmitter and receiver antennas is large.

Figure 3 compares the error performance of the two modes
with different number of layers and batch sizes (L = 30 ,
B = 180 and L = 35 , B = 250) in the Homotopy algorithm
and the proposed method.

It can be seen that by simultaneously increasing the number
of layers and batch size, the error performance has been
reasonably improved in both of the algorithms.

At higher SNR, by increasing the number of network layers
in the proposed method from 20 to 30, the error performance
is greatly improved at the expense of complexity increase.

Figure 4 shows the average run time over a batch versus
SNR for various batch sizes in the test phase.
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Fig. 3: The BER versus SNR curves for the proposed method
and the Homotopy algorithm with different number of layers,
L = 30 ,L = 35, and different number of batch sizes, B =
180, B = 250.
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Fig. 4: The average run time over a batch versus SNR in the
test phase of the proposed method.

By increasing the batch size, the average run time over a
batch size in the test phase is reduced.

VI. CONCLUSION

In this paper, a new method based on the Homotopy
algorithm is suggested. A more realistic channel training
relation has been added to the Homotopy algorithm. Also,
the hyperbolic tangent map has been adopted to smoothen
the mapping of the signals. Some more trainable parameters
are added to provide more efficient iterative relations. The
loss function has also been modified which is minimized
using the Adam optimizer. The simulation results indicate that
the proposed method offers more accurate signal detection
compared to its counterparts.
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