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Abstract: Wireless communication technologies have profoundly impacted the interconnectivity of
mobile users and terminals. Nevertheless, the exponential increase in the number of users poses
significant challenges, particularly in interference management, which is a major concern in wireless
communication. Machine learning (ML) approaches have emerged as powerful tools for solving
various problems in this domain. However, existing studies have not fully addressed the problem of
interference management for wireless communication using ML techniques. In this paper, we explore
the application of recurrent neural network (RNN) approaches to address co-channel interference in
wireless communication. Specifically, we investigate the effectiveness of long short-term memory
(LSTM), bidirectional LSTM (Bi-LSTM), and gated recurrent unit (GRU) network architectures in
two different network settings. The first network comprises 10 connected devices, while the second
network involves 20 devices. Our experimental results demonstrate that Bi-LSTM outperforms LSTM
and GRU in terms of mean squared error, normalized mean squared error, and sum rate. While LSTM
and GRU produce similar results, LSTM exhibits a marginal advantage over GRU. In addition, a
combined RNN approach is also studied, and it can provide better results in dense networks.

Keywords: interference management; wireless network; deep learning; recurrent neural network
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1. Introduction

Present-day wireless communication is the cornerstone of our interconnected world,
facilitating seamless connectivity and information exchange across a multitude of devices
and applications. From smartphones and tablets to Internet of Things (IoT) sensors and
autonomous vehicles, the proliferation of wireless technologies has revolutionized how
we communicate, work, and interact with our surroundings [1]. The fifth generation
(5G) communication technology allows wireless communication by employing massive
multiple-input-multiple-output (MIMO), ultra-dense network, and device-to-device com-
munication [2]. However, amidst this exponential growth in wireless connectivity and
high-density data connectivity, the efficient management of interference within wireless
networks has emerged as a paramount challenge, dictating the quality and reliability of
wireless experiences. Interference, in the context of wireless communication, refers to the
phenomenon inwhich signals from multiple devices or networks overlap and disrupt each
other, leading to signal degradation, reduced throughput, and impaired performance [3,4].
This interference can arise from various sources, including co-channel interference, adjacent
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channel interference, and inter-symbol interference, each presenting unique hurdles to
overcome in the quest for seamless wireless connectivity [4]. The escalating demand for
wireless services, coupled with the finite nature of the radio spectrum, underscores the
urgency of devising effective strategies for interference management in wireless networks.
With the advent of technologies like 5G and beyond, which promise unprecedented data
rates, ultra-low latency, and massive connectivity, the importance of mitigating interfer-
ence becomes even more pronounced [5]. Thus, next-generation networks introduce new
complexities, such as denser deployments of devices, heterogeneous architectures for
networks, and diverse quality-of-service requirements, further accentuating the need for
robust interference management solutions.

The solution to interference in wireless networks necessitates a multidisciplinary
approach, drawing upon insights from signal processing, information theory, network
optimization, and regulatory frameworks [6]. Advanced signal processing techniques,
including adaptive filtering, beamforming, and interference cancellation, play a crucial
role in mitigating interference and improving spectral efficiency [7-9]. Resource allocation
algorithms, such as dynamic spectrum access and cognitive radio, enable the efficient
utilization of available spectrum resources, minimizing interference while maximizing
network capacity [10]. Recent studies in the literature have tried to solve the interference
problem. The authors of [11] used graph representation learning for interference manage-
ment in wireless networks. An actor—critic graph representation learning algorithm was
developed to train neural networks to construct the optimal graph representing the impact
of interference in a wireless network. The study reported in [12] employed a rate-splitting
multiple-access precoding method in a multiple-antenna interference channel using deep
reinforcement learning. The authors of [13] presented a study on satellite—ground inte-
grated network resource interference management by analyzing coverage overlap and
beneficially scheduling both beam-domain and power-domain resources. A deep Q net-
work was designed using LSTM to predict the channel state information of satellite links.
Reconfigurable intelligent surface-aided proactive mobile network interference mitigation
was proposed in [14]. This study focused on developing an advantage actor—critic-based
method for the interference problem by designing action space, state space, and a reward
function. To mitigate RF channel interference, a deep learning approach was proposed
in [15]. The authors modified the VGGNet-16 by adding a new convolution layer with 1280
filters, which enhanced the performance of the wireless communication system. Moreover,
spectrum management policies and regulatory frameworks play a pivotal role in shaping
the landscape of interference management, balancing the interests of various stakeholders,
and ensuring fair and equitable access to the radio spectrum. As wireless networks con-
tinue to evolve and diversify, driven by emerging technologies like IoT, edge computing,
and machine learning (ML), the quest for effective interference management remains a
dynamic and ongoing endeavor.

In recent years, ML has been very successful in solving many complex problems across
various domains. ML can be applied efficiently in various tasks, including computer vision,
image interpretation, text classification, human behavior and identity recognition, fraud
detection, recommendation systems, drug discovery, visual art generation, and natural
language processing [16-23]. In addition, ML has significantly impacted wireless commu-
nication, revolutionizing various aspects of network operation, optimization, and man-
agement [24-26]. In particular, ML algorithms based on deep learning offer powerful
tools for extracting valuable insights from the vast amount of data generated by wireless
networks. Deep learning algorithms demonstrably outperform shallow machine learning
algorithms in various ways. Key advantages include feature learning, superior perfor-
mance on complex tasks like image and speech recognition, natural language processing,
and time series forecasting, the ability to handle increasingly large and intricate datasets
with complex relationships, and the facilitation of end-to-end learning, transfer learning,
and the efficient handling of sequential data [27]. By analyzing historical usage patterns
and real-time network conditions, ML algorithms can dynamically allocate spectrum re-
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sources, optimize transmission parameters, and mitigate interference, thereby enhancing
spectral efficiency and network capacity [28,29]. Moreover, ML techniques enable intelli-
gent predictive maintenance and fault detection, allowing network operators to proactively
identify and address potential issues before they affect service quality [30]. Additionally,
ML-based approaches facilitate the design of adaptive and self-optimizing networks that
can autonomously reconfigure themselves to adapt to changing environmental conditions
and user requirements. ML offers an efficient and autonomous approach to determine the
nonlinear mapping relationship between fatigue life and numerous variables, leveraging
available experimental data [31]. Overall, the integration of machine learning techniques
into wireless communication holds immense promise for improving network performance,
reliability, and user experience [32]. A class of neural networks known as recurrent neural
networks (RNNs) was created to process sequential input efficiently by preserving memory
over time steps [33]. Unlike traditional feed-forward neural networks, RNNs possess
feedback connections that allow information to persist and flow through the network’s
hidden states. This inherent memory capability makes RNNs particularly well-suited for
tasks involving sequential data, such as natural language processing, time series analysis,
and speech recognition [34]. The architecture of an RNN consists of recurrent connections
between neurons, enabling the network to capture dependencies and temporal patterns
within sequences. However, traditional RNNs suffer from the vanishing gradient problem,
limiting their ability to capture long-term dependencies. To solve this problem, various
extensions of RNNs have been proposed, including long short-term memory (LSTM),
bidirectional LSTM, and gated recurrent unit (GRU) networks. These variants incorporate
sophisticated gating mechanisms that regulate the flow of information through the network,
allowing them to effectively capture and propagate information over long sequences. RNNs
have demonstrated remarkable success in a wide range of applications, including language
modeling, time series prediction, machine translation, and sentiment analysis [35,36]. Their
ability to model sequential data dynamics and capture contextual information makes them
indispensable tools in the field of deep learning.

ML techniques have already been widely adopted in previous studies to address
interference-related problems in wireless communication. For instance, the authors of [37]
applied a convolutional neural network (CNN) and LSTM to form a convolutional LSTM
autoencoder to retrieve corrupted data. The proposed model demonstrated improved
symbol error rate performance in interference-affected signals after neural network training.
Similarly, [38] utilized field-programmable gate arrays (FPGAs) as wireless receivers and
employed a neural-network-based model for data demodulation. In [39], a CNN-based
interference reduction method was introduced to classify received signals, achieving a high
true positive rate with the deployment of two convolutional layers. Two convolutional
layers were deployed to classify the signal label with a good true positive rate. Moreover,
promising results were reported in [40] regarding CNN-based techniques for denoising and
interference mitigation in radar processing. The study experimented with three models,
one with three layers and the other two with a bottleneck-based structure, which reduces
the number of channels. To mitigate interference in radar signals, another CNN approach
was proposed in [41], in which a single convolutional layer and two batch normalization
layers were utilized to create the model. A single convolutional layer and two batch
normalization layers were used to create the model. Additionally, RNN-based approaches
have been explored in previous research. In Ref. [42], the authors applied a multi-layer
GRU-based model, demonstrating high performance under various interference conditions
with low processing time. Moreover, Ref. [43] utilized a derivative-free Kalman filter-
based RNN to examine interference reduction methods for the global positioning system
(GPS). An adaptive unscented Kalman filter-based RNN (UKF-RNN) was used to lessen
pulsed, swept, continuous wave interference (CWI), and multi-tone CWI. Furthermore,
Ref. [42] suggested an RNN with self-attention to reduce radar interference caused by
frequency-modulated continuous waveforms (FMCWs) and orthogonal frequency-division
multiplexing (OFDM). Previous studies in the literature focused on diverse problems in
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wireless communication, and only a few studies considered the mitigation of interference
for wireless communication. Additionally, the results produced by previous studies can
be improved by applying new machine learning approaches. RNNs can be a promising
candidate for examining and reducing interference in the channel. There is a research gap
in considering the performance of the RNN techniques in interference management, and
this gap needs further research.

In this paper, we model a co-channel interference network and simulate a real-time
environment for data extraction. We utilize RNN machine learning approaches to measure
the performance of the channel under interference. Each of the techniques, LSTM, BiLSTM,
GRU, and a combined approach are employed to enhance the performance of interference-
based communication.

The remainder of the paper is organized as follows: Section 2 details the wireless
network interference structure, Section 3 describes RNN approaches, Section 4 outlines the
research results and discussion, and Section 5 provides concluding remarks.

2. Wireless Network Interference

In any network system, the communication system is susceptible to signal or noise
interference. Figure 1 depicts a typical wireless communication scenario. As shown in the
figure, region A contains numerous users, while region B has fewer users. This discrepancy
suggests the potential for interference in region A, which could diminish the user experience.

Figure 1. Interference example in a typical network between the base station and mobile users, where
interference is prominent in region A and less interference in region B.

To solve the interference problem, we can consider the following optimization problem:

minimize p(e;z), )
subjectto e € E
where e : R" — R is a continuous nonconvex objective function, e is the problem parameter,
E € R" is the feasible region, and z € R" is a vector of the problem parameter. The
original signal, which is received by the receiver, is added with other signals that cause
signal interference. The communication links between different users and the base station



Mathematics 2024, 12, 1755

50f 17

cause interference. The throughput expression using Shannon’s formula can be expressed
as follows:
T; = Blog, (1 + SINR;) (2)

where T; is the throughput for the i-th pair of communication, B is the bandwidth of the
channel, and SINR,; is the signal-to-interference-plus-noise ratio. Again, the SNIR; can be
expressed as follows [44]:

i) *pi
Yizj |hijlpj + 67

where h;; € C is the direct channel between transmitter i and receiver i, h;; € C is the
interference channel from transmitter i to receiver j, p; is the power of the transmitter, p; is

SINR; = 3)

the other transmitter power in the network, and 67 is the noise power at the receiver. Our
goal is to retrieve the original signal from the corrupted signal by interference and solve
Equation (1).

3. Method with RNN for Interference Management
3.1. Dataset Generation

We consider a network with N devices, each connected to a base station. The total sig-
nal received by a device is the sum of the direct signal and the interference signal. Initially,
we calculate the direct signal using the diagonal parts of the channel matrix. Subsequently,
the interference signal is determined by computing the cross channel, excluding the diago-
nal parts of the channel matrix. In the training data, we apply the interference signal to
reveal the original signal; in turn, this can minimize interference. To simulate interference,
we conducted experiments using two different network sizes. The first network comprised
10 devices operating simultaneously, while the second network involved 20 devices op-
erating concurrently. We opted for these network sizes to mitigate network complexity.
Initially, a simple RNN structure was employed, which can later be scaled up for a larger
number of devices. Each device generated 20,000 samples, with a noise variance assumed
to be 1 for this experiment. Additionally, each device generated 20 different feature values,
which served as input for the RNN algorithm. Furthermore, each device had a unique
label for classification purposes. The input data dimensions for the training sets were
20,000 samples x 10 features x 20 dimensions per feature (for the 10-device network) and
20,000 samples x 20 features x 20 dimensions per feature (for the 20-device network).
To evaluate the models, we generated separate test sets of 2000 samples each, maintaining
the same network configurations (10 or 20 features, 20 dimensions per feature) as the
training data. The parameters for the considered network are listed in Table 1. After the
data are received through the channel, they are utilized for training purposes. Algorithm 1
outlines the process of data generation for training and testing.

Table 1. Parameter list for data generation.

Parameter Value

Number of devices 20, 10

Training samples 20,000
Noise variance 1
Feature of each device 20

Label for each device 1
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Algorithm 1 Training Data Generation Process

1: Initialize data: number of users N, number of features g, number of labels for each
user s, total number of data generation ¢.

2: Calculate h;; and h;j; for each user.

3: Employing simulated channel the training data is passed. y = xh;; + xh;; + n.

4: The received data y is saved for training.

5: Separate data is generated for testing process.

3.2. Details of RNN Models

In this section, we describe the RNN models considered for inference reduction.
After generating the training data, we employ the models for training.

3.2.1. LSTM

LSTM networks incorporate specialized memory cells with gating mechanisms, allow-
ing them to selectively store, update, and retrieve information over extended sequences.
This unique architecture enables LSTM networks to overcome the limitations of standard
RNN s by facilitating the learning of complex temporal patterns and dependencies. The key
components of an LSTM unit include the input gate, forget gate, output gate, and cell
state, which are each responsible for controlling the flow of information and preserving
relevant information over multiple time steps. By effectively managing the flow of in-
formation through the network, LSTM networks can capture intricate dependencies and
context within sequential data, making them powerful tools for tasks requiring long-range
temporal modeling and prediction. The gates of LSTM can be expressed as follows:

it = o(Wyixt + Wiiht—1 + Weicr—1 + bj) (4)
ft = c(Wypxt + Wighi 1 + Weper 1 + by) ()
gt = tanh(Wayext + Wyohy 1 + bg) (6)
a=fiOc1+itOg )

0r = 0(WroXt + Wiohi—1 + Weoct + by) (8)
hy = 0y © tanh(cy), &)

where x; is the input at time stop t, h;_1 is the hidden state from the previous time step, ¢;_1
is the cell state from the previous time step, i; is the input gate vector, f; is the forget gate
vector, g; is the update gate vector, o; is the output gate vector, ¢ is the sigmoid activation
function, ® represents element-wise multiplication, W is the weight matrix, and b is bias
vector. The architecture of the LSTM-based machine learning model is depicted in Figure 2.
The LSTM layer is connected to the input layer, after which the data pass through a dropout
layer and a fully connected layer. Finally, a classification layer is utilized to predict the
correct class of the input data. This architecture allows the model to effectively process
sequential data, extract relevant features, and make accurate predictions.
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Figure 2. Model architecture for training data; (a) LSTM ML model architecture for interference
reduction; (b) the BILSTM ML model architecture for interference reduction; (c) the GRU ML model
architecture for interference reduction.

3.2.2. BiILSTM

BiLSTM networks are an extension of the traditional LSTM architecture, designed to
capture dependencies in both the forward and backward directions within sequential data.
Unlike standard LSTMs, which process input sequences sequentially from past to future,
BiLSTMs incorporate two separate LSTM layers: one processing the input sequence in the
forward direction and the other processing it in the backward direction. This bidirectional
processing allows the network to capture contextual information from both past and future
contexts, enabling a more comprehensive understanding of the input sequence. In a BiL-
STM, the output of each LSTM layer is concatenated at each time step, effectively merging
information from both directions. This concatenated representation contains information
about the input sequence as a whole, incorporating both past and future contexts. BiLSTMs
are particularly effective in tasks where context from both directions is crucial, such as
part-of-speech tagging, named entity recognition, and sentiment analysis. The bidirectional
nature of BILSTMs makes them powerful tools for capturing long-range dependencies and
contextual information, leading to improved performance in various sequence modeling
tasks. However, it is worth noting that BILSTMs may introduce additional computational
complexity due to the need to process input sequences in both directions. Nonetheless,
their ability to leverage bidirectional context makes them a popular choice in many natural
language processing and sequence prediction applications. The mathematical expression
of BiLSTM can be expressed as follows [45]:

= a(WfSt + tht—l + bf)/ (10)

i
T = o (W, Ss + Wyhyq + b)), (11)
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where ¢ is the activation function, the time steps of forward and backward represent t — 1
and t + 1, 5; is the transmitted signal, the hidden state of previous and the next are /;_4
and h;. 1, the weights and learnable bias of both directions are Wf and Wr and bf and br,
and hf — and h3r < are the forward- and backward-direction LSTM network outputs,
respectively. The model architecture for BILSTM to tackle interference is illustrated in
Figure 2b. The input data are fed into the BiLSTM layer, followed by a dropout layer.
Subsequently, a fully connected layer and a classification layer are employed to classify the
input data. This architecture enables the model to capture both past and future context
information, thus enhancing its ability to mitigate interference effectively.

3.2.3. GRU

GRU is a type of RNN architecture that addresses some limitations of traditional RNNs,
such as the vanishing gradient problem and the inability to capture long-term dependencies
effectively. GRUs are designed to selectively update and reset their internal state, allowing
them to retain relevant information over longer sequences while avoiding unnecessary
memory consumption. The GRU architecture consists of several key components, including
the update gate and the reset gate. These gates regulate the flow of information through the
network, determining which information to retain and which to discard at each time step.
GRUs also feature a candidate state computation step, which generates a new candidate
state based on the current input and the reset gate. This candidate state is then combined
with the update gate’s output to produce the final hidden state for the current time step.
One of the key advantages of GRUs over traditional RNNSs is their ability to capture long-
term dependencies more effectively while requiring fewer parameters. This makes GRUs
particularly well suited for tasks involving sequential data, such as language modeling,
machine translation, and time series prediction. Additionally, GRUs are generally faster
to train than LSTMSs due to their simpler architecture, making them a popular choice in
many applications requiring recurrent neural networks. The GRU computation procedure
is explained using the formulas as follows [46]:

Uy =0 (WyX; 4+ ViyH,_1 + by) (12)
R; =0 (WgrX; 4+ VRH;_q + bg) (13)
H; = tanh(Wy X; 4+ Vi (R @ Hy_1) + by) (14)
Hy =(1-U;) ® Hy_q + Uy @ Hy, (15)

where the biases are by, bg, and by. The gate activation function is calculated using the
sigmoid function as o(c) = (1 + e_c)_l. Again, Wy, Wgr, Wy, Vg, Vg, and Vi are weight
matrices. While the input state X; and the output of the hidden layer at the previous
instant are merged to generate Hj, the output of the hidden layer at the current instant
is represented by H;. The hyperbolic tangent function known as (tanh) is in charge of
calculating the state activation function. As depicted in Figure 2¢, the GRU-based machine
learning model architecture is connected to the input data. The same architecture is
followed as previously used in LSTM and BiLSTM for the sake of the best comparison. This
consistency allows for a fair evaluation of the performance of different RNN approaches in
interference management.

4. Experiment Result and Discussion
4.1. Training and Testing of the Models

We have selected two different network sizes to test various RNN approaches. The first
network comprises 20 active devices, while the second network has 10 active devices.
The parameter list for machine learning is provided in Table 2. To minimize model com-
plexity, we opted for a single hidden layer in each RNN architecture. To determine the
optimal number of hidden layers for each approach, we started with 10 hidden units
and gradually increased this number to 100. However, for hidden units below 50, we
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observed significant fluctuations in validation accuracy and loss, leading to unstable results.
Conversely, when the number of hidden units exceeded 50, validation accuracy began
to decrease. Consequently, 50 hidden units were chosen as they provided stable results
along with high validation accuracy. Additionally, we only considered one optimizer and
one loss function for the experiment. To describe the internal structure and complexity of
LSTM, BiLSTM, and GRU, we can refer to their formulations. The complexity of LSTM is
expressed as (ts X t, x (4t; + 4t +3)) [46,47], where t; represents the number of features in
the input vector, ¢; denotes the size of the input time sequence, and #;, indicates the number
of hidden units. For BiLSTM, the complexity is represented as (fs x t, x 2(4t; + 4t;, + 3)).
Similarly, the complexity of GRU is expressed as (ts x t;, X (3t; + 3t;, + 3)).

Table 2. Parameter list for machine learning.

Parameter Value
RNN approach LSTM, BiLSTM, GNN, Combied
Layers Single layer
Hidden units LSTM 50
Hidden units BiLSTM 50
Hidden units GRU 50
Training epochs 150
Learning rate 0.001
Number of iterations 200
Learning rate decay None
Optimizer Adam
Loss function Mean squared error

Figure 3 illustrates the training and validation accuracy, as well as loss, for different
RNN approaches. Specifically, Figure 3a displays the performance of LSTM for the 10-
device network. The training accuracy for the LSTM algorithm reaches 81.74%, with a
validation accuracy of 80.28%. Additionally, the training loss decreases to 0.089, and the
validation loss reaches 0.1041 after 150 episodes. The proposed LSTM network’s training
is completed in 150 episodes, after which the model’s learning accuracy converges and
remains stable. Therefore, the training episodes were kept at 150 for all algorithms to
ensure a fair comparison. Figure 3b depicts the training accuracy and loss for BiLSTM
in the 10-device network. The training accuracy for BiLSTM reaches 86.12%, and the
validation accuracy reaches 82.62%. In contrast, the training loss reduces to 0.053, and the
validation loss decreases to 0.1040. This indicates that BILSTM has a higher performance
in terms of both accuracy and loss reduction compared to LSTM. BiLSTM demonstrates
slightly better performance in training accuracy compared to LSTM in terms of validation
accuracy. In the case of GRU, the training accuracy and loss are presented in Figure 3c.
GRU has shown a training accuracy of 81.31% and a validation accuracy of 79.79% after
150 episodes. The training loss for GRU is 0.093, and the validation loss is 0.1051, indicating
a lower performance compared to BILSTM and LSTM. In the subsequent phase, a 20-device
network was considered for training. Figure 3d illustrates the training progress of LSTM,
where both the accuracy and loss converge after 20 episodes. The training accuracy for
the 20-device network is 79.35%, and the validation accuracy is 78.14% after 150 episodes.
The training loss for the LSTM in the 20-device network is 0.087, and the validation loss
is 0.096. Similarly, in the case of BiLSTM, as shown in Figure 3e, the training accuracy
reaches 81.18% and the validation accuracy is 78.48% after 150 episodes. The training loss
for BILSTM decreases to 0.0723, and the validation loss is 0.0958 at the end of 150 episodes.
For GRU, the training accuracy is 78.79% and the validation accuracy is 77.99%, as depicted
in Figure 3f. Additionally, the training loss for GRU is 0.091 and the validation loss is 0.0966
at the end of training.
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Figure 3. Accuracy and loss curve for different RNN techniques during model training; (a) LSTM
training accuracy and loss with 10-device network; (b) BiLSTM training accuracy and loss with
10-device network; (c¢) GRU training accuracy and loss with 10-device network; (d) LSTM training
accuracy and loss with 20-device network; (e) BILSTM training accuracy and loss with a 20-device
network; and (f) GRU training accuracy and loss with 20-device network.

4.2. Model Performance in Wireless Network

After passing the data through a noisy channel, we recovered the data using the
RNN approach. To evaluate the quality of the received signal, we calculated the mean
squared error (MSE) and normalized mean squared error (NMSE) in the initial phase.
Subsequently, in the next phase, we calculated the sum rate for the received signal to assess
the performance of each of the RNN algorithms. Initially, we analyzed the results of the
mean squared error for the three RNN approaches across two different network sizes.

Figure 4 displays the MSE for BiLSTM, LSTM, and GRU against the episode number
during training for the 10-device network. The MSE for LSTM decreases as the number of
episodes increases, with a mean and standard deviation of 0.00522 £ 0.0007. GRU shows a
similar trend to LSTM with a slightly higher MSE, with a mean and standard deviation of
0.00534 + 0.00063. BiLSTM exhibits better performance compared to both LSTM and GRU,
with a mean and standard deviation for MSE of 0.0043 + 0.00067. BiLSTM outperforms
LSTM and GRU, having the lowest mean value among the three and showing a consistent
downward curve in MSE, as illustrated in Figure 4.

Figure 5 illustrates the MSE performance for the 20-device network. Here, all ap-
proaches exhibit a decreasing trend in MSE as the number of episodes increases. LSTM
achieves a mean and standard deviation of 0.00488 + 0.0062, with a slight upward trend
towards the end of the episodes. GRU demonstrates a similar trend to LSTM, with a slightly
larger mean MSE of 0.00523 £ 0.000989. According to the results presented in Figure 5,
the MSE mean and standard deviation for BILSTM are 0.00469 + 0.000563. For the 20-device
network, the MSE trend is similar for all three approaches, but BiLSTM exhibits compara-
tively better results than LSTM and GRU, as shown in Figure 5. Although the difference in
MSE values is small, it can have a performance impact in delay-sensitive networks.
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Figure 5. Mean squared error for 20-device network.

Additionally, we calculated the NMSE for both networks. The NMSE is calculated
as follows:

NMSE =

(Zf\il yestimated(i) - ydesired(i) )2 (16)
Zf\il ydesired(i)

where Yestimated () is the i-th estimation from the ML model and y/,s;4 (i) is the ground truth.

The corresponding results are depicted in Figure 6 for the 10-device network. In the
case of NMSE, LSTM and GRU show similar results, as depicted in Figure 6. The mean
and standard deviation for the NMSE of LSTM are 0.278 + 0.037. For GRU, the mean and
standard deviation are 0.279 4 0.033, which are similar to those of LSTM. However, BiILSTM
exhibits better performance than LSTM and GRU, as indicated by its curve being closer to
the lowest NMSE value. For BiLSTM, the mean and standard deviation are 0.231 & 0.036.
Thus, for the 10-device network, BILSTM demonstrates the best performance among the
three approaches, as shown in Figure 6.

Figure 7 shows the NMSE results for the 20-device network. In this case, the mean and
standard deviation for LSTM are 0.4156 & 0.52 and for GRU are 0.4452 £ 0.0828. BiLSTM
again shows better performance, with a mean and standard deviation of 0.4010 =+ 0.04673.
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For the 20-device network, BILSTM shows overall better results compared to GRU and
LSTM, as shown in Figure 7. While LSTM and GRU exhibit similar results, LSTM has
slightly higher performance. In both the 10-device and 20-device network sizes, the NMSE
exhibits a trend similar to that of MSE, reinforcing the superior performance of BiLSTM in
reducing the error in interference-prone wireless communication channels.

0.60 1 T —»— LSTM
BiLSTM
0.55 1 ~»— GRU

Normalized mean squared error
o o o o o
W w IS IS 0
o o ) o o
! ! ! | L
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Figure 6. Normalized mean squared error for the 10-device network.
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Figure 7. Normalized mean squared error for the 20-device network.

To assess the performance of complex RNN structures, we designed a model incor-
porating an LSTM layer, a GRU layer, and a BiLSTM layer. The input data first undergo
processing by the LSTM layer, followed by a dropout layer with a retention rate of 85%
(1-0.15). Similarly, the output from the LSTM layer feeds into the GRU layer, again followed
by a dropout layer. Finally, the BILSTM layer receives the processed data from the GRU
layer, with another dropout layer applied. The output of the final dropout layer connects to
a fully connected layer. As illustrated in Figure 8, for the 10-device network, the combined
approach outperforms both the single-LSTM and -GRU models. However, the BILSTM
model still achieves superior performance compared to the combined model. Interestingly,
when the number of devices in the network increases, the combined approach demonstrates
significant improvement, surpassing the performance of single-layer models in terms of
MSE, as shown in Figure 9.
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Figure 8. MSE performance comparison of a combined model (LSTM + GRU + BILSTM) with a
single-layer model for the 10-device network.
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Figure 9. MSE performance comparison of a combined model (LSTM + GRU + BILSTM) with a
single-layer model for the 20-device network.

Figure 10 presents the maximum achievable sum rate for the 10-device network. It
is evident from the figure that BILSTM achieves a higher sum rate compared to the other
two approaches, while LSTM and GRU demonstrate similar sum rates. Specifically, LSTM
slightly outperforms GRU, with mean sum rates of 1.7289 and 1.7264, respectively. In the
case of the 20-device network shown in Figure 11, the overall performance of all approaches
improves, and each approach approaches the maximum sum rate. In this experiment, we
observed the better performance of BiLSTM, as it is closer to the maximum sum rate. LSTM
secures the second position, with its curve being above that of GRU.
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Figure 11. Sum rate achieved by different RNN approaches for the 20-device network.

Figure 12 compares the MSE of the proposed RNN approach with the study conducted
in [44,48]. In the study by Sun et al. [44], deep neural networks were adopted to reduce
interference in the wireless channel. Additionally, Chun et al. [48] proposed a deep learning
model based on successive interference cancellation. The comparison reveals that the
proposed RNN approach achieves a lower MSE in the validation set compared to the
approaches described in [44,48].
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Figure 12. MSE comparison of different RNN approaches and other methods [44,48].

5. Conclusions

In this paper, we investigated the application of recurrent neural networks, specifically
LSTM, BiLSTM, and GRU, to mitigate the effects of co-channel interference in wireless
communication channels. We modeled two network scenarios: one with 10 devices and
another with 20 devices. Data from each network were transmitted with controlled in-
terference, and the received, corrupted data were used to train the RNN models. Our
experiments revealed that BILSTM achieved superior performance compared to LSTM and
GRU, likely due to its enhanced ability to extract relevant features from the training data.
Notably, LSTM and GRU exhibited similar results across both network sizes. However,
a key limitation of this study is the potential performance degradation when the number
of devices increased significantly. This may be attributed to the growing complexity of
the interference environment and the limitations of the training data size. Future research
directions can explore various avenues. As the number of devices in a network is expected
to grow exponentially, the investigation of the performance of these RNN models with a
massive swarm of devices would be valuable. Additionally, real-world communication
channels experience dynamic interference due to environmental factors. Therefore, the in-
corporation of the dynamic changes in the interference into the training data could enhance
the model’s robustness. Furthermore, exploring more complex interference structures and
new wireless communication channel models, such as intelligent reflecting surface-based
communication and massive MIMO, could provide promising avenues for future research
on interference mitigation using RNNs.
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