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Abstract. Multiple Input Multiple Output (MIMO) technology is
widely applied in various wireless communication systems, significantly
improving communication efficiency and reliability. Signal detection is
critical for MIMO systems. However, with the increasing integration of
deep learning into MIMO signal detection algorithms, challenges such as
high complexity and limited interpretability have emerged. To address
this, this paper proposes a model driven trainable approximate message
passing (AMP) algorithm that combines the iterative process of AMP
with deep learning techniques. By introducing trainable parameters and
optimizing them through training, and incorporating an attention mech-
anism to enhance channel feature extraction, the detection accuracy is
improved, and the algorithm’s generalization capability is enhanced. Sim-
ulation results demonstrate that AMP Attention Net achieves lower bit
error rates compared to traditional detection algorithms. Furthermore,
the proposed algorithm exhibits robust performance under different con-
figurations of transmitting and receiving antennas.
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1 Introduction

MIMO technology holds an important position in modern wireless communica-
tions [1,2]. It utilizes multiple transmitting and receiving antennas to achieve
higher data transmission rates without increasing the spectral bandwidth,
thereby meeting the growing demand for data. Signal detection is crucial for the
stable operation and efficient transmission of MIMO communication systems.

Maximum Likelihood (ML) detection is a commonly used algorithm [3]. Its
basic principle is to select the most likely transmitted symbol combination from
the received signal, which has the highest likelihood, as the final detection result.
However, Maximum Likelihood algorithms require enumerating all possible sym-
bol combinations, resulting in exponentially increasing computational complex-
ity as the number of antennas and modulation symbols in the MIMO system
increases, making it impractical for real world applications. Zero Forcing (ZF)
detection is a common linear detection algorithm that eliminates interference
through linear transformations to accurately detect the transmitted symbols [4],
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While simple and easy to implement, it is highly susceptible to noise. The Mini-
mum Mean Square Error (MMSE) detection algorithm improves the quality and
performance of received signals by minimizing the mean square error between
the received and estimated signals [5,6]. However, it involves complex matrix
inversion, leading to high complexity.

Data driven neural networks are often referred to as black boxes due to their
complex structures and highly nonlinear mapping relationships. This character-
istic implies that while the model can make predictions based on input data,
its internal structure is often inexplicable or difficult to understand [7,8]. Model
driven deep learning can reduce training volume and provide stronger inter-
pretability, becoming a research hotspot. In [9], the authors use the Orthog-
onal Approximate Message Passing (OAMP) algorithm as a detector proto-
type, replacing matrix inversion with the Conjugate Gradient method to reduce
OAMP complexity, further extending the Conjugate Gradient based OAMP
algorithm into a network and enhancing detection performance through deep
learning. In [10], the authors combine the OAMP algorithm with sparse con-
nected neural networks (ScNet) to form a trainable network structure, propos-
ing the ScNet OAMP network to enhance the detection capability of the MMSE
estimator in the OAMP process, improving detection accuracy.

Inspired by the aforementioned work, a new network model, AMP Attention
Net, is proposed for signal detection. Specifically, the AMP iterative process is
improved by adding several trainable parameters to enhance the accuracy of
signal detection, reducing the network complexity and making it easier to imple-
ment. Additionally, an attention mechanism is incorporated to extract channel
features, thereby enhancing the network’s generalization capability.

2 System Model

This paper considers a single cell massive MIMO communication system with
N transmitting antennas and V,- receiving antennas. The received signal vector
7 € CNr can be expressed as:

y=Hz+n (1)

where H € CNr*Nt is the channel gain matrix, 7 ~ CN (O7 O'QINT) is Gaus-

sian white noise, o is noise variance, Z € CN* represents the transmitted signal.

Since the vectors and matrices in (1) are complex numbers, they can be
converted to real numbers for easier processing in deep learning;:

Specifically expressed as: yo e (2)
-[30) = [3F v - [20] - E8)] @

Here the real and imaginary parts of a complex matrix or vector are tabulated
by R (-) and 3(-), respectively.
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3 Model Driven for Signal Detection
3.1 Approximate Message Passing

The core idea of the AMP is to approximate the posterior probability distribution
through iterative message updates, with low computational complexity and good
convergence. It is widely used in signal detection.

Assume the signal © = [z1, 2o, - - ~,:CN]T € R" the Gaussian random obser-
vation matrix A € RM*¥ then the measurement vector can be expressed as:

y=Azr+w 4)

where w € RM represents noise. The algorithm initializes with the recon-
structed vector 2 = Ay and residual vector 271 = y. The ¢ (¢ > 0)-th iteration
can be expressed as:

2=y — Azt + bt ! (5)

l‘H—l _ nt(xt + ATZt; )\t) (6)

where z? is the reconstructed vector after the t-th iteration, and b;2z*~! is the
Onsager correction term.b; = NLTthHO, At = \/LNfTHthQ,a is an adjustable value

related to the sparsity and the observation vector. The existence of the Onsager
correction term allows the AMP to converge quickly (Table1).

Table 1. Approximate message passing algorithm

Input: y, A, Output: z‘**

Initialize: 2° = ATy, z L=y, t =1
2t =y — Azt + b2t !
ot =zt + AT25 )

Condition met, exit iteration

3.2 Channel Attention Mechanism

In the signal detection task, the channel information is often complex and
changeable. By introducing an attention mechanism, the network can dynami-
cally adjust its attention to different channels, enabling it to pay more attention
to the channel information that is critical to the detection task. A channel atten-
tion mechanism (CAM) is commonly used in deep learning, and its structure is
shown in Fig. 1.

First, apply global max pooling and global average pooling along the spatial
dimensions to the input features of size H x W x C' | resulting in two 1 x 1 x C'
feature maps. This step compresses the spatial dimensions, making it easier to
learn the channel features in subsequent steps. Next, feed the results of global
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Fig. 1. The structure of channel attention mechanism.

max pooling and global average pooling into a shared multi layer perceptron
(MLP) to learn, resulting in two 1 x 1 x C feature maps. Finally, perform an
element wise addition on the outputs of the multi-layer perceptron, followed by a
Sigmoid activation function to map the results, ultimately obtaining the channel
attention weight matrix.The specific calculation process is expressed as:

M. =0 (MLP (AvgPool (F)) + MLP (MaxPool (F))) (7)
=0 (Wl (WO (Fac'ug)) + Wl (WO (Frf'lax)))

3.3 Amp Attention Net

Due to the significant influence of parameters on the convergence speed and
accuracy of the AMP algorithm, and the complex and variable channel informa-
tion in communication environments, these issues are addressed by unfolding the
AMP detector and adding several trainable parameters. Additionally, an atten-
tion mechanism is incorporated to extract channel information features, thereby
improving the generalization of the detection algorithm. The specific network
structure is shown in Fig. 2. For the overall network, the input is the received
signal y and the signal matrix H, and the output is the estimated input sig-
nal z. For the t + 1-th layer of the network, the input is the estimated signal
x; from the ¢-th layer, and the network at this layer performs an iteration to
obtain the output x;y1. Compared to the Approximate Message Passing algo-
rithm, AMP NET adds trainable parameters wy, ;. Each layer of the network
has the same structure but different learnable parameters. The iterative process
can be expressed as:

2=y — At + w2t (8)
2=y (af + AT ) (9)

Adding a learnable parameter w; is to provide a more suitable step size for
the update of the residual 2%, while adding parameter 1; dynamically selects the
threshold. Thus, the MIMO detection problem is transformed into finding the
most suitable learnable parameters through deep learning to reduce the error
rate.

During the training of the parameters, the gradient descent algorithm is used,
and its convergence behavior and performance depend on the appropriate step
size for moving to the search point. The optimal step size w; can be learned from
the data for updating the residual, and ¢, follows the same training process.
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Fig. 2. The network structure of the algorithm that combines the AMP algorithm with
deep learning.

4 Simulation Analysis
4.1 Parameter Settings

In practical applications, the dataset used to train the model and the data distri-
bution faced by the model during actual deployment or testing may not match.
This mismatch can be caused by various factors, such as the time varying nature
of communication channels, changes in noise levels, and differences in hardware
devices. To maintain the generalization ability of the model, various experiments
are conducted for research.

The wireless communication simulation parameters and network model
parameters are shown in Table 2. The number of antennas at the system’s trans-
mitter is set to 48, and at the receiver, it is set to 64. The channel model is set
to a Rayleigh fading channel, and QPSK modulation is used. A total of 125,000
simulation experiments are conducted. For the network model parameters, 3/5
of the data obtained from the wireless communication simulation is set as the
training set, 1/5 as the validation set (used to select the best network during the
training phase), and the remaining 1/5 as the test set (used to test the network
model). The Adam optimizer and gradient descent method are used for train-
ing the network, with the learning rate set to 0.001. The initial values of the
variables w; and 1, are set to 1, and the batch size is set to 100. The optimizer
chosen is the gradient descent method, and the loss function is set to the square
of the difference between the predicted values and the true values.
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Table 2. Simulation Parameters and Network Model Parameters

Parameter Name Parameter Value

Number of Transmit Antennas/48

Number of Receive Antennas |64

Learning Rate 0.001

Loss Function MSE

Batch Size 100

Optimizer Gradient Descent

Number of Training Iterations 500
Training Set Size 7500
Validation Set Size 2500

4.2 Complexity Analysis

For algorithms, the standard measure of complexity generally uses real multipli-
cations. However, the complexity of signal detection algorithms also depends on
parameters such as the number of transmit antennas MT', receive antennas M R,
modulation order M, and the number of iterations iter. ZF and MMSE detec-
tion algorithms require matrix inversion operations on the signal matrix. The
main complexity of ML algorithm arises from enumerating all possible transmit-
ted symbols and comparing them with the received vector. In cases where the
number of transmit and receive antennas is large, the complexity of these three
algorithms becomes extremely high, making practical implementation difficult.

The main complexity of the AMP algorithm comes from iterative processing
of the channel matrix. In contrast, the complexity of Amp Attention Net mainly
depends on the dimensions of matrices and iterations, especially the input matrix
and the dimensions of hidden layer variables. Generally, in practical application
scenarios, the complexity of Amp Attention Net remains within acceptable lim-
its. Specific complexities are detailed in Table 3.

Table 3. Algorithm Complexity

MIMO Detection Algorithm|Complexity

ZF O (MR?)

MMSE O (MR + MT?)

ML O (MM* x MT x MR)
AMP O (iter x MT x MR)
AMP Attention Net 0] (M2 x N + iter x M2)
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4.3 Performance Analysis

To determine the detection effectiveness of different unfolded layers, the Amp
Attention Net with different layers was validated on the validation set, and their
bit error rate (BER) were compared. The specific results are shown in Fig. 3.
From Fig. 3, it is evident that when the network has 1 layer, the BER on the
validation set is significantly higher than that of networks with more layers.
When the network has 2 or 3 layers, the BER decreases significantly compared
to the 1-layer network but still lags behind networks with more layers. As the
number of unfolded layers continues to increase, the overall difference in BER is
not substantial. Therefore, considering overfitting and training complexity, the
optimal number of unfolded layers is set to 4.
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0443 — —+ — - AMP-Attention-Net-i=2
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——>—— AMP-Attention-Net-i=4
—&— AMP-Attention-Net-i=5

AMP-Attention-Net-i=7
—7— AMP-Attention-Net-i=9

0.35F

0.3

= 0.25F

0.2

0.15F

0.1

0.051

6
SNR (dB)

Fig. 3. Comparison of BER for Different Layers of AMP Attention Net.

Figure4 compares the BER performance of the 3-layer Amp Attention Net
with the AMP, MMSE, and ZF algorithms. Overall, the ZF algorithm performs
the worst. At low SNRs, the performance of MMSE, AMP, OAMP and Amp
Attention Net is similar, but as the SNR increases, the BER of Amp Attention
Net becomes significantly lower than that of the other algorithms. When the
BER is 0.17, Amp Attention Net achieves approximately 1.8dB performance
gain compared to AMP, about 0.3dB performance gain compared to OAMP,
and about 0.5dB performance gain compared to MMSE. This demonstrates that
Amp Attention Net can significantly improve the performance of AMP detection
and has strong detection capabilities in MIMO signal detection.

Figure5 shows the BER of Amp Attention Net for different antenna con-
figurations 64 x 64and 128 x 128. The results show that although the antenna
configuration is different in the simulation, the overall bit error rate is about
the same, which shows that the algorithm has strong detection performance and
good generalization ability.



Model-Driven Deep Learning for MIMO Signal Detection 253

0.7
—+— MMSE
4 —4—ZF
0.6 —Oo— AMP
—>— OAMP
—7— AMP-Attention-Net

Fig. 4. Comparison of BER for MMSE, ZF, AMP, OAMP and AMP Attention Net
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Fig. 5. Comparison of BER Under Different Numbers of Antennas

5 Analysis

This paper conducts research on signal detection algorithms and proposes a
model driven Amp Attention Net signal detection algorithm based on the AMP
detection algorithm. This algorithm unfolds the iterative process of the AMP
algorithm, adds trainable parameters, and introduces an attention mechanism
to enhance the extraction of channel features. By training to obtain the optimal
parameters, the accuracy of signal detection is improved. Simulation results indi-
cate that the proposed algorithm has a lower error rate compared to traditional
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detection algorithms, and it performs well with different numbers of transmit
and receive antennas. Additionally, the algorithm model proposed in this paper
is relatively easy to implement and has low cost.
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