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Abstract: Recurrent neural networks (RNNs) have significantly advanced the field of machine learn-
ing (ML) by enabling the effective processing of sequential data. This paper provides a comprehensive
review of RNNs and their applications, highlighting advancements in architectures, such as long
short-term memory (LSTM) networks, gated recurrent units (GRUs), bidirectional LSTM (BiLSTM),
echo state networks (ESNs), peephole LSTM, and stacked LSTM. The study examines the application
of RNN:ss to different domains, including natural language processing (NLP), speech recognition, time
series forecasting, autonomous vehicles, and anomaly detection. Additionally, the study discusses
recent innovations, such as the integration of attention mechanisms and the development of hybrid
models that combine RNNs with convolutional neural networks (CNNs) and transformer architec-
tures. This review aims to provide ML researchers and practitioners with a comprehensive overview
of the current state and future directions of RNN research.

Keywords: deep learning; GRU; LSTM; machine learning; NLP; RNN

1. Introduction

Deep learning (DL) has reshaped the field of artificial intelligence (Al), driving ad-
vancements in a wide array of applications, from image recognition and natural language
processing (NLP) to autonomous driving and medical diagnostics [1-5]. This rapid growth
is fueled by the increasing availability of big data, advancements in computing power, and
the development of sophisticated algorithms [6-9]. As DL models continue to evolve, they
are increasingly being deployed in critical sectors, demonstrating their ability to outperform
traditional machine learning (ML) techniques in handling complex tasks.

Recurrent neural networks (RNNs) are a class of deep learning models that are funda-
mentally designed to handle sequential data [10,11]. Unlike feedforward neural networks,
RNN s possess the unique feature of maintaining a memory of previous inputs by using
their internal state (memory) to process sequences of inputs [12]. This makes them ideally
suited for applications such as natural language processing, speech recognition, and time
series forecasting, where context and the order of data points are crucial.

The inception of RNNs dates back to the 1970s, with foundational work by Werbos [13],
which introduced the concept of backpropagation through time (BPTT) that laid the foun-
dation for training recurrent neural networks. However, RNNs struggled with practical
applications due to the vanishing gradient problem, where gradients either grow or shrink
exponentially during backpropagation [14]. Meanwhile, the introduction of Long Short-
Term Memory (LSTM) networks by Hochreiter and Schmidhuber [15] was a turning point
for RNNs, allowing for the learning of dependencies over much longer periods. Addi-
tionally, gated recurrent units (GRUs), proposed by Cho et al. [16], offered a simplified
alternative to LSTM while maintaining comparable performance.
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Over the years, these RNN architectures have been applied in different fields, achieving
excellent performance [17-19]. Despite their advancements and adoption in various fields,
RNNSs have continued to evolve. Specifically, the increasing complexity of data and tasks in
recent years has driven continuous innovations in RNN architectures and variants. These
developments have expanded the application of RNNs from simple sequence prediction to
complex tasks such as multimodal learning and real-time decision-making systems.

Recent studies and reviews have highlighted the significant progress made in the
field of RNNs. For example, Lipton et al. [20] provided an overview of the theoretical
foundations and applications of RNNs, while Yu et al. [21] focused on the LSTM cell
and different variants. Additionally, Tarwani et al. [22] reviewed the application and role
of RNNSs in natural language processing. However, many of these reviews do not fully
capture the latest advancements and applications, given the rapid pace of innovation in
this field. Additionally, there remains a gap in the literature that comprehensively covers
the latest advancements in RNN architectures and their applications across a broader range
of fields. Therefore, this paper aims to fill that gap by providing a comprehensive review of
RNNSs, assessing their theoretical advancements and practical implementations, as well as
cutting-edge applications, thus helping shape future research on neural networks.

The rest of this paper is organized as follows: Section 2 reviews related works.
Section 3 covers the fundamentals of RNNs, including basic architecture and components.
Section 4 explores advanced RNN variants, such as LSTM and GRU. Section 5 highlights
innovations in RNN architectures and training methodologies. Section 6 presents some
publicly available datasets used for RNN studies. Section 7 discusses various applications
of RNNSs in the literature. Section 8 addresses challenges and future research directions.
Finally, Section 9 concludes the study.

2. Related Works

RNNSs have been applied in different applications, achieving state-of-the-art perfor-
mance, especially in time-series applications. Early developments in RNNs, including
locally recurrent, globally feedforward networks, as reviewed by Tsoi and Back [23], and the
block-diagonal recurrent neural networks proposed by Mastorocostas and Theocharis [24],
laid important groundwork for understanding complex sequence modeling.

Several reviews have been conducted on RNNs and their applications, each contribut-
ing to the understanding and development of the field. For instance, Dutta et al. [25]
provided a comprehensive overview of the theoretical foundations of RNNs and their
applications in sequence learning. Their review highlighted the challenges associated
with training RNNSs, particularly the vanishing gradient problem, and discussed the ad-
vancements in LSTM and GRU architectures. However, the review primarily focused
on the theoretical aspects and applications of RNNs and did not extensively cover the
latest innovations and practical applications in emerging fields such as bioinformatics and
autonomous systems. Quradaa et al. [26] presented a start-of-the-art review of RNNSs,
covering the core architectures with a focus on applications in code clones.

Similarly, the review by Tarwani et al. [22] provided an in-depth analysis of RNNs
in the context of NLP. While this review offered valuable insights into the advancements
in NLDP, it lacked a broader perspective on other application domains and recent architec-
tural innovations. Another significant review by Goodfellow et al. [27] focused on the
fundamentals of deep learning, including RNNs, and discussed their applications across
various domains. This review provided a solid foundation but did not delve deeply into
the specific advancements in RNN architectures and their specialized applications.

Greff et al. [28] conducted an extensive study comparing various LSTM variants
to determine their effectiveness in different applications. While this review provided a
thorough comparison, it primarily focused on LSTM architectures and did not address
other RNN variants or the latest hybrid models. In similar research, Al-Selwi et al. [29]
reviewed LSTM applications in the literature, covering articles from the 2018-2023 time
period. Zaremba et al. [30] reviewed the use of RNNs in language modeling, highlighting
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significant achievements and the ongoing challenges in this field. Their work offered
valuable insights into the application of RNNs in NLP but was limited to language modeling
and did not explore other potential applications. Bai et al. [31] provided a critical review of
RNNSs and their variants, comparing them with other sequence modeling techniques like
CNNs and attention-based models. Che et al. [32] focused on the application of RNNs in
healthcare, particularly for electronic health records (EHRs) analysis and disease prediction.
This review highlighted the potential of RNNs in medical applications.

Furthermore, more recent studies have explored various new aspects and applications
of RNNs. For example, Chung et al. [33] explored the advancements in RNN architectures
over the past decade, focusing on improvements in training techniques, optimization
methods, and new architectural innovations. This review provided an extensive survey of
recent developments and their implications for future research. Badawy et al. [34] provided
a comprehensive overview of the use of RNNs in healthcare, particularly for predictive
analytics and patient monitoring. They discussed the integration of RNNs with other ML
techniques and the challenges in deploying these models in clinical settings.

Ismaeel et al. [35] examined the application of RNNs in smart city technologies, includ-
ing traffic prediction, energy management, and urban planning. Their review discussed the
potential and limitations of RNNs in these areas and suggested avenues for future research.
Meanwhile, Mers et al. [36] reviewed the applications of RNNs in pavement performance
forecasting and conducted a comprehensive performance comparison of the various RNN
models, including simple RNNs, LSTM, GRU, and hybrid LSTM-fully connected neural
networks (LSTM-FCNNs).

Chen et al. [37] focused on the use of RNNs in environmental monitoring and climate
modeling, discussing their effectiveness in predicting environmental changes and managing
natural resources. They also highlighted the challenges in modeling complex environmental
systems with RNNs. Linardos et al. [38] investigated the advancements in RNNs for
natural disaster prediction and management, highlighting the successes and challenges
in using RNNs for early warning systems, disaster response, and recovery planning.
Zhang et al. [39] discussed RNN applications in robotics, particularly focusing on path
planning, motion control, and human-robot interaction. They discussed the integration of
RNNs with other DL techniques in robotics. The different related studies are tabulated in
Table 1, including their main contributions.

This research addresses the limitations in the existing literature by providing a more
comprehensive review that includes the latest developments in RNN architectures, such as
hybrid models and neural architecture search, as well as their applications across a wider
range of domains. Additionally, this review contributes to a more holistic understanding
of the current state and future directions of RNN research by integrating discussions on
scalability, robustness, and interoperability.

Table 1. Summary of related reviews on RNNs.

Reference Year Description
Zaremba et al. [30] 2014 Insights into RNNs in language modeling
Chung et al. [33] 2014 Survey of advancements in RNN training, optimiza-

tion, and architectures
Goodfellow et al. [27] 2016 Review on deep learning, including RNN5s

Greff et al. [28] 2016 Extensive comparison of LSTM variants

Tarwani et al. [22] 2017 In-depth analysis of RNNs in NLP

Chen et al. [37] 2018 Effectiveness of RNNs in environmental monitoring
and climate modeling

Bai et al. [31] 2018 Comparison of RNNs with other sequence modeling

techniques like CNNs and attention mechanisms
Che et al. [32] 2018 Potential of RNNs in medical applications
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Table 1. Cont.

Reference Year Description

Zhang et al. [39] 2020 RNN applications in robotics, including path plan-
ning, motion control, and human-robot interaction

Dutta et al. [25] 2022 Overview of RNNSs, challenges in training, and ad-
vancements in LSTM and GRU for sequence learning

Linardos et al. [38] 2022 RNNs for early warning systems, disaster response,
and recovery planning in natural disaster prediction

Badawy et al. [34] 2023 Integration of RNNs with other ML techniques for pre-
dictive analytics and patient monitoring in healthcare

Ismaeel et al. [35] 2023 Application of RNNs in smart city technologies, in-

cluding traffic prediction, energy management, and
urban planning

Mers et al. [36] 2023 Performance comparison of various RNN models in
pavement performance forecasting

Quradaa et al. [26] 2024 Start-of-the-art review of RNNs, covering core archi-
tectures with a focus on applications in code clones

Al-Selwi et al. [29] 2024 Review of LSTM applications from 2018 to 2023

3. Fundamentals of RNNs
3.1. Basic Architecture and Working Principle of Standard RNNs

RNNSs are designed to process sequential data by maintaining a hidden state that
captures information about previous inputs [40]. The basic architecture consists of an input
layer, a hidden layer, and an output layer. Unlike feedforward neural networks, RNNs
have recurrent connections, as shown in Figure 1, allowing information to cycle within the
networks. At each time step, t, the RNN takes an input vector, x;, and updates its hidden
state, h;, using the following equation:

h; = 0, (Wy,x¢ + Wyhy_1 +by), 1)

where W, is the weight matrix between the input and hidden layer, Wy, is the weight
matrix for the recurrent connection, by, is the bias vector, and 0y, is the activation function,
typically the hyperbolic tangent function (tanh) or the rectified linear unit [41,42]. The
output at each time step, ¢, is given by the following:

yt = oy(Wpyhe +by), )

where Wy, is the weight matrix between the hidden and output layers, by, is the bias vector,
and 0y, is the activation function for the output layer.

Prediction

@@@ @
@@@ @

lnput

Figure 1. Basic RNN architecture.
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3.2. Activation Functions

The core of RNN operations involves the recurrent computation of the hidden state,
which integrates the current input with the previous hidden state [43]. This recurrent
computation allows RNNs to exhibit dynamic temporal behavior. The choice of activation
function ¢y, plays a crucial role in the behavior of the network, introducing non-linearity
that enables the network to learn and represent complex patterns in the data [44,45]. One
commonly used activation function in RNNSs is the hyperbolic tangent (tanh). The tanh
function squashes the input values to the range of [—1, 1], making it zero-centered and
suitable for modeling sequences with both positive and negative values [46]. The tanh is
represented mathematically as follows:

ef—e’*
0y(z) = tanh(z) = e 3)
Another widely used activation function is the rectified linear unit (ReLU). The ReLU
function outputs the input directly if it is positive; otherwise, it outputs zero [47]. This
simplicity helps mitigate the vanishing gradient problem to some extent by allowing gradients
to flow through the network more effectively. Furthermore, the Leaky ReLU is a variant of the
ReLU designed to address the “dying ReLU” problem, where neurons can become inactive
and stop learning [48]. The leaky ReLU allows a small, non-zero gradient when the input
is negative, thus keeping the neurons active during the training process. Additionally, the
exponential linear unit (ELU) is another variant designed to bring the mean activation closer
to zero, which speeds up learning by reducing bias shifts [49]. The ELU tends to improve
learning characteristics over the ReLU by allowing the activations to take on negative values
when the input is negative. These activation functions are represented as follows:

0,(z) = max(0,z) 4)
z ifz>0
= 5
ou(z) {ucz otherwise ©
z ifz>0
= 6
7n(2) {uc(ez —1) otherwise ©)

where « is a small constant, typically 0.01. Meanwhile, the sigmoid function squashes
the input values to the range [0,1]. It is similar to tanh but outputs values in a differ-
ent range, making it useful for problems where the output needs to be interpreted as
probabilities [50-52]. Similarly, the softmax function is commonly used in the output layer
of classification networks to convert raw scores into probabilities [53]. It is particularly
useful in multi-class classification problems. The sigmoid and softmax functions are repre-
sented mathematically as follows:

1
on(z) = Trez @)
(=) = Foz ®
]

where z; is the i-th element of the input vector z. Each of these activation functions has its
advantages and is chosen based on the specific requirements of the task at hand. Meanwhile,
the hidden state update in RNNSs can be seen as a function, hy = f(x¢, h;_1), which captures
the dependencies between the input sequence and the recurrent connections. The choice of
o0y, significantly affects how well the network learns these dependencies and generalizes to
new data.
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3.3. The Vanishing and Exploding Gradient Problems

Training RNNs presents significant challenges due to the vanishing and exploding
gradient problems. During the training process, the BPTT algorithm is used to compute the
gradients of the loss function with respect to the weights [54]. As the gradients are propa-
gated backwards in time, they can either diminish (vanish) or grow exponentially (explode),
making it difficult for the network to learn long-term dependencies or causing instability
during training. Mathematically, the hidden state at time step ¢ can be expanded as follows:

h; = 03, (W, xt + Wiyp,03 (W Xe—1 + Wihy o +by,) +by,). 9)

When calculating the gradients, we encounter terms involving the product of many
Jacobian matrices:

aht _ t—1
aht—n - H ]k/ (10)

k=t—n

where Jj is the Jacobian matrix of the hidden state at time step k. If the eigenvalues of
Ji are less than 1, the product of these matrices will tend to zero as # increases, leading
to vanishing gradients [55,56]. Conversely, if the eigenvalues of J; are greater than 1, the
gradients can grow exponentially, leading to exploding gradients, which can cause the
model parameters to become unstable and result in numerical overflow during training.
The vanishing gradient problem prevents the network from effectively learning long-term
dependencies, as the gradient signal becomes too weak to update the weights meaningfully
for earlier layers. On the other hand, the exploding gradient problem can cause the model
to converge too quickly to a poor local minimum or make the training process fail entirely
due to excessively large updates.

To mitigate these problems, various RNN variants have been developed, such as
LSTM and GRUs. These architectures introduce gating mechanisms that regulate the flow
of information and gradients through the network, allowing for the better handling of
long-term dependencies. Additionally, gradient clipping is a common technique used to
prevent exploding gradients by capping the gradients at a maximum threshold during
backpropagation, ensuring that they do not grow uncontrollably [57,58].

3.4. Bidirectional RNNs

Bidirectional RNNs (BiRNNs) enhance the architecture by processing the sequence in
both forward and backward directions. This allows the network to have access to future
context, as well as past context, improving its performance in tasks for which understanding
both the preceding and succeeding elements is crucial [43,59]. In BiRNNs, two hidden

states are maintained: one for the forward pass ( h ;) and one for the backward pass (it):

- -
hi=0,(Wyxi + Wy, he_1+by), (11)
— —
h i = 0, (Wypxt + Wy, h g +by). (12)

The output y; is then computed by concatenating the forward and backward hidden states:

—
yt = oy(Wyy[h; hy] +by), (13)

where [;] denotes concatenation. Furthermore, BiIRNNs are effective for tasks such as
named entity recognition, machine translation, and speech recognition, where context from
both directions improves the model’s performance [60,61]. Through accessing information
from both the past and future, BIRNNs can provide a more comprehensive understanding
of the input sequence. For instance, in language modeling, understanding the surrounding
words can significantly enhance the accuracy of predicting the next word [62,63]. In
machine translation, knowing the entire sentence allows the network to translate words
more accurately, considering the entire context. Additionally, BIRNNSs are also used in
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various time series applications, such as stock price prediction and medical diagnosis, where
understanding the temporal dependencies in both directions is beneficial [64]. However,
BiRNNs require more computational resources than unidirectional RNNs due to the need
to process the sequence twice (forward and backwards) [59,65].

3.5. Deep RNNs

Deep RNNSs extend the basic architecture by stacking multiple RNN layers on top of
each other, which allows the network to learn more complex representations [66]. Each
layer’s hidden state serves as the input to the subsequent layer, enhancing the model’s
capacity to capture hierarchical features. For a deep RNN with L layers, the hidden states
at layer | and time step ¢ are updated as follows:

1-1)

h" = g, WR!™ L wiln® b, (14)

where hgo) = x; represents the input at the first layer. The output at the topmost layer is
then computed using the same procedure as in basic RNNss:

yi = 0y (Wi, h!" +by). (15)

Deep RNNs can model more complex sequences and capture longer dependencies
than shallow RNNs [67]. However, they are also more prone to the vanishing gradient
problem, which can be mitigated by using advanced variants like LSTM or GRUs. Deep
RNNSs have been successfully applied in various domains, including natural language
processing, speech recognition, and video analysis. In NLP, deep RNNs can model com-
plex linguistic structures and capture long-range dependencies, improving tasks such as
machine translation and text generation. However, training deep RNNs can be challenging
due to the increased complexity and the risk of overfitting [68,69]. Techniques such as
dropout, layer normalization, and residual connections are often employed to improve the
training process and generalization of deep RNNs [70-72]. Dropout helps prevent overfit-
ting by randomly setting a fraction of the units to zero during training, which encourages
the network to learn more robust features, while batch normalization helps stabilize and
accelerate training by normalizing the inputs to each layer [73]. Residual connections,
which add shortcut connections that bypass one or more layers, help mitigate the vanishing
gradient problem in very deep networks [74].

4. Advanced Variants of RNNs

RNN architectures can vary significantly, with some featuring internal recurrence
within neurons and others having external recurrence between layers. These variations
impact the network’s ability to learn and process sequences, influencing their application
to specific tasks.

4.1. Long Short-Term Memory Networks

LSTM networks were introduced by Hochreiter and Schmidhuber [15] to address the
vanishing gradient problem inherent to basic RNNs. The key innovation in LSTM is the use
of gating mechanisms to control the flow of information through the network. This allows
LSTM networks to maintain and update their internal state over long periods, making
them effective for tasks requiring the modeling of long-term dependencies. Each LSTM cell
contains three gates: the input gate, forget gate, and output gate, which regulate the cell
state ¢; and hidden state h; [75]. These gates determine how much of the input to consider,
how much of the previous state to forget, and how much of the cell state to output. The
LSTM update equations are as follows:

it = 0(Wyixt + Wphi_1 +b;), (16)
f; = O'(foxt +Wyehe g + bf), (17)
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0 = O'(onxt + whoht—l + bo), (18)

gt = tanh(Wxgxt + Whghtfl + bg), (19)

=50 1+itOg, (20)

h; = o; ® tanh(¢;), (21)

where i; is the input gate, {; is the forget gate, o; is the output gate, g; is the cell input,
¢t is the cell state, h; is the hidden state, o represents the sigmoid function, tanh is the
hyperbolic tangent function, and ® denotes element-wise multiplication [75].

Figure 2 illustrates the internal architecture of an LSTM cell, which effectively manages
long-term dependencies in sequence data by employing three crucial gating mechanisms:
the input gate (it), forget gate (f;), and output gate (o;). Each of these gates plays a distinct
role in controlling the flow of information through the cell. The input gate controls how
much of the new input x; is written to the cell state ¢;. The forget gate decides how much
of the previous cell state ¢;_; should be retained. The output gate determines how much of
the cell state ¢; is used to compute the hidden state h;. The cell input g; is a candidate value
that is added to the cell state after being modulated via the input gate. The use of these
gating mechanisms allows LSTM networks to selectively remember or forget information,
enabling them to handle long-term dependencies more effectively than traditional RNNs.

The internal recurrence within the LSTM cell is managed through the cell state ¢,
which acts as a conveyor belt, transferring relevant information across different time steps.
This recurrence mechanism allows the LSTM to maintain and update its memory over long
sequences, effectively capturing long-term dependencies. Additionally, the element-wise
multiplication operations between the gates and their respective inputs ensure that the
interactions between different components of the LSTM are smooth and efficient. This
enables the LSTM to perform complex transformations on the input data while maintaining
the stability of the learning process. Meanwhile, LSTM networks utilize internal recurrence
within each cell to manage long-term dependencies, with the recurrence happening through
the cell state as information is passed from one time step to the next [21]. Other LSTM
variants include bidirectional LSTM (BiLSTM) and stacked LSTM.

N\ o

\ 4

ht

A\ 4

Figure 2. Architecture of the LSTM network [41].

4.2. Bidirectional LSTM

Bidirectional LSTM, shown in Figure 3, extends the standard LSTM architecture by
processing the sequence in both forward and backward directions, similar to BIRNNs [76].
This approach allows the network to capture context from both the past and the future,
enhancing its ability to understand dependencies in the sequence more comprehensively.
In BiLSTM, two separate hidden states are maintained for each time step: one for the
forward pass (ﬁt) and one for the backward pass (it). These hidden states are computed
as described in Equations (11) and (12). BILSTM features external recurrence between layers
as they process the input sequence in both forward and backward directions, maintaining
separate hidden states for each direction.
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Figure 3. Architecture of BiLSTM network [41].

Stacked LSTM

Stacked LSTM involves stacking multiple LSTM layers, in which the output of one
LSTM layer serves as the input to the next, as shown in Figure 4. This deep architecture
allows the network to capture more complex patterns and dependencies in the data by
learning hierarchical representations at different levels of abstraction. For a stacked LSTM
with L layers, the hidden states at layer / and time step t are updated as described in
Equations (14) and (15). Stacked LSTM incorporates external recurrence by connecting
multiple LSTM layers, in which each layer passes its output as input to the next, allowing
the network to capture more complex temporal patterns.

[ Input H LSTM H LSTM H Dense HOutput]

Figure 4. A stacked LSTM [41].

Stacking LSTM layers allows the network to learn increasingly complex features and
representations. The lower layers can capture local patterns and short-term dependencies,
while the higher layers can capture more abstract features and long-term dependencies [21].
This hierarchical learning is advantageous for tasks such as language modeling, where different
levels of syntactic and semantic information need to be captured, or for video analysis, where
temporal dependencies at different time scales must be understood. While stacked LSTM offers
improved modeling capabilities, they also come with increased computational complexity and
a higher risk of overfitting.

4.3. Gated Recurrent Units

Gated recurrent units are another variant designed to address the vanishing gradient
problem while simplifying the LSTM architecture. Introduced by Cho et al. [16], GRUs
combine the forget and input gates into a single update gate and merge the cell state and
hidden state, reducing the number of gates and parameters and thus simplifying the model
and making it computationally more efficient. The GRU architecture consists of two gates:
the update gate, z;, and the reset gate, r; [77]. Figure 5 shows the GRU architecture. The
gates control the flow of information to ensure that relevant information is retained and
irrelevant information is discarded. Similar to LSTM, GRUs rely on internal recurrence
within each unit as they maintain and update the hidden state across time steps to capture
temporal dependencies. The updated equations for GRUs are as follows:

2t = (WXt + Wy hy 1 +b2), (22)
1r = 0(Warxt + Wy, hy 1 +by), (23)
;f = tanh(Wy,x; +1: © (Wpph_1) +by), (24)

hy=(1-2)®h_1+2zOhj, (25)
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where z; is the update gate, r; is the reset gate, and h} is the candidate hidden state. The
update gate z; determines how much of the previous hidden state h;_; should be carried
forward to the current hidden state h;, while the reset gate, r;, controls how much of the
previous hidden state to forget [75]. The candidate hidden state h} represents the new
content to be added to the current hidden state, modulated via the reset gate. Furthermore,
the simplified architecture of GRUs allows them to be computationally more efficient than
LSTM while still addressing the vanishing gradient problem. This efficiency makes GRUs
well-suited for tasks where computational resources are limited or when training needs to
be faster. GRUs have been successfully applied in various sequence modeling tasks. Their
ability to capture long-term dependencies with fewer parameters makes them a popular
choice in many applications. Additionally, studies have shown that GRUs can achieve
performance comparable to LSTM [78-80], making them an attractive alternative for many
use cases.

h,
ha [ o——L»
~
g -~
" z, Q h,
Lo ] [ o] tanh
-
( |
-l J
xr

Figure 5. Architecture of the GRU network.

Comparison with LSTM

GRUs have fewer parameters compared to LSTM due to the absence of a separate cell
state and combined gating mechanisms [81]. This often leads to faster training times and
comparable performance to LSTM in many tasks. However, despite their advantages, the
choice between GRUs and LSTM often depends on the specific task and dataset. Some
tasks may benefit more from the additional complexity and gating mechanisms of LSTM,
while others may perform equally well with the simpler GRU architecture.

4.4. Other Notable Variants

While LSTM and GRUs are the most widely used RNN variants, other architectures
like peephole LSTM, echo state networks, and independently recurrent neural networks
offer unique advantages for specific applications.

4.4.1. Peephole LSTM

Peephole LSTM, introduced by Gers and Schmidhuber [82], enhances standard LSTM
by allowing the gates to have access to the cell state through peephole connections. This
additional connection enables the LSTM to better regulate the gating mechanisms based on
the current cell state, improving timing decisions in applications such as speech recognition
and financial time series prediction [83]. In the following equations, the input gate (i¢),
forget gate (f;), and output gate (o) are enhanced with peephole connections:

it = o(Wyxt + Wpihy 1 +Weici 1 +b;), (26)

where i; is the input gate, and W; is the peephole weight connecting the cell state ¢;_; to
the input gate.
fr = o(Wypxi + Wyehy 1 + Wepe, 1 +by), (27)
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where f; is the forget gate, and W is the peephole weight connecting the cell state ¢; 1 to
the forget gate.
0 = O'(onxt + Wiohi 1 + Weocr + bo)/ (28)

where o; is the output gate, and W, is the peephole weight connecting the cell state ¢; to
the output gate.

4.4.2. Echo State Networks

Echo state networks (ESNs), proposed by Jaeger [84], represent a class of RNNs in
which the hidden layer, also known as the reservoir, is fixed and randomly connected,
while only the output layer is trained. This architecture significantly simplifies the training
process, making ESNs particularly suitable for real-time signal processing, time series
prediction, and adaptive control systems. The state update and output computation in
ESNs are achieved through the following equations:

h; = tanh(Winxt + wreshtfl)/ (29)

where h; is the hidden state, W;,, is the input weight matrix, and Wy is the fixed, randomly
initialized reservoir weight matrix. When it is assumed that W,,; is the trained output
weight matrix, the output of the network can be represented as follows:

vyt = Wourthy, (30)

ESNs have gained significant attention due to their ability to handle complex tem-
poral dynamics with a relatively simple and efficient training process [85,86]. However,
traditional ESNs are limited due to the fixed nature of the reservoir, which can restrict their
adaptability and performance in more complex tasks. To address these limitations, several
advancements have been proposed:

*  Deep Echo-State Networks: Recent research has extended the ESN architecture to
deeper variants, known as deep echo-state networks (DeepESNs). In DeepESNs, multi-
ple reservoir layers are stacked, allowing the network to capture hierarchical temporal
features across different timescales [87]. Each layer in a DeepESN processes the output
from the previous layer’s reservoir, enabling the model to learn more abstract and
complex representations of the input data. The state update for a DeepESN can be
generalized as follows:

h! = tanh(W}, hl=t + Wl h!_)), (31)

res

where I denotes the layer number, h! is the hidden state at layer I, an is the in-
put weight matrix for layer I/, and hifl is the hidden state from the previous layer.
DeepESNs have demonstrated improved performance in tasks requiring the mod-
eling of complex temporal patterns, such as speech recognition and financial time
series forecasting [88].

¢  Ensemble Deep ESNs: In ensemble deep ESNs, multiple DeepESNs are trained in-
dependently, and their outputs are combined to form the final prediction [89]. This
ensemble approach leverages the diversity of the reservoirs and the deep architecture
to improve robustness and accuracy, particularly in time series forecasting applica-
tions. For instance, Gao et al. [90] demonstrated the effectiveness of Deep ESN en-
sembles in predicting significant wave heights, where the ensemble approach helped
mitigate the impact of reservoir initialization variability and improved the model’s
generalization ability.

¢ Input Processing with Signal Decomposition: Another critical aspect of effectively
utilizing RNNs and ESNss is the preprocessing of input signals. Given the complex
and often noisy nature of real-world time series data, signal decomposition techniques
such as the empirical wavelet transform (EWT) have been employed to enhance the
input to ESNs [91]. The EWT decomposes the input signal into different frequency
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components, allowing the ESN to process each component separately and improve
the model’s ability to capture underlying patterns. The combination of the EWT
with ESNs has shown promising results in various applications, including time series
forecasting, where it helps reduce noise and enhance the predictive performance of
the model.

4.4.3. Independently Recurrent Neural Network

Most recently, independently recurrent neural networks (IndRNNSs), proposed
by Li et al. [92], have used independent recurrent units to address the gradient vanish-
ing and exploding problems, making it easier to train very deep RNNs. This architecture is
useful for long sequence tasks such as video sequence analysis and long text generation.
When it is assumed that h; is the hidden state, W, is the input weight matrix, and u is a
vector of recurrent weights. The state update equation for IndRNN is as follows:

hi = c(Wyx; +u®h;q), (32)

The various RNN architectures are summarized in Table 2.

Table 2. Comparative overview of RNN architectures.

RNN Type Key Features Gradient Stability Typical Applications
. Simple structure with High risk of vanishing Simple sequence tasks like

Basic RNN . .
short-term memory gradients text generation
Long-term memory . .

LSV wilhmpat, g and Sl s sl anguoge ol
output gates 58 p &

GRU Simplified LSTM with iSStﬁilﬁe, ifirilgrl\ii e‘f]faercl: Tasks requiring faster
fewer gates &8 training than LSTM

tively

Processes data in both

Bidirectional forward and backward

RNN

directions for better
context understanding

Medium stability, de-
pends on depth

Speech recognition and
sentiment analysis

Deep RNN

Multiple RNN layers
are stacked to learn hi-
erarchical features

Variable, and the risk
of vanishing gradients
increases with depth

Complex sequence model-
ing like video processing

ESN

Fixed hidden layer
weights, trained only
at the output

Not applicable as train-
ing bypasses typical
gradient issues

Time series prediction and
system control

Peephole
LSTM

Adds peephole connec-
tions to LSTM gates

Stable and similar to
LSTM

Recognition of complex
temporal patterns like mu-
sical notation

IndRNN

Allows training of
deeper networks by
maintaining indepen-
dence between time
steps

Reduces risk of vanish-
ing and exploding gra-
dients

Very long sequences, such
as in video processing or
long text generation

5. Innovations in RNN Architectures and Training Methodologies

In recent years, there have been significant innovations in RNN architectures and train-
ing methodologies aimed at enhancing performance and addressing existing limitations.
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5.1. Hybrid Architectures

Combining RNNs with other neural network architectures has led to hybrid models
that leverage the strengths of each component. For example, integrating CNNs with RNNs
has proven effective in video analysis, where CNNs handle spatial features while RNNs
capture temporal dynamics [93,93]. This approach allows the model to process both spatial
and temporal information, enhancing its ability to recognize patterns and make predictions.
Furthermore, incorporating attention mechanisms into RNNs has also improved their
ability to model long-range dependencies. Attention mechanisms enable the network to
focus on relevant parts of the input sequence, which is useful in tasks such as machine
translation and text summarization. The attention mechanism can be described as follows:

a; = softmax(uy), (33)
T

¢ =Y ah, (34)
i=1

where a; is the attention weight, u; is the score function, and c¢; is the context vector.

5.2. Neural Architecture Search

Neural architecture search (NAS) has automated the design of RNN architectures,
enabling the discovery of more efficient and powerful models [94,95]. NAS techniques, such
as those pioneered by Zoph and Le [96], explore various combinations of layers, activation
functions, and hyperparameters to find optimal configurations that outperform manually
designed architectures. The NAS process can be formulated as an optimization problem:

A* = A A), 35
arg max ccuracy(A) (35)

where A represents an architecture, S is the search space, and A* is the optimal architecture.

5.3. Advanced Optimization Techniques

Advanced optimization techniques have been developed to improve the training
efficiency and stability of RNNs. Gradient clipping is a technique used to prevent the
gradients from becoming too large, which can destabilize training [58,97].

B¢ — T 36)
max(1, *21)
where g is the gradient, and 7 is the threshold value. Furthermore, adaptive learning
rates, such as those used in the Adam optimizer, adjust the learning rate during training to
accelerate convergence and improve performance [98]. The Adam optimizer updates the
parameters using the following:

m; = Bim_q + (1 — B1)gt, (37)
vi = Bovi_1+ (1 - B2)g?, (38)

N m; N Vi
i = , V=, (39)

SR
h;

0 =01 —a—, 40
¢ t—1 St e (40)

where m; and v; are the first- and second-moment estimates, 1 and j are the decay rates, «
is the learning rate, and € is a small constant [98]. Also, second-order optimization methods,
such as the Hessian-free optimizer, have also been explored to improve the convergence
speed and stability of training deep networks.
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5.4. RNNs with Attention Mechanisms

Integrating attention mechanisms into RNNs allows these networks to selectively
focus on important parts of the input sequence, addressing the limitations of traditional
RNNSs in modeling long-term dependencies [99-101]. This hybrid approach combines the
strengths of RNNs and attention mechanisms, enhancing their capability to handle complex
sequence tasks. Attention-enhanced RNNs have shown significant improvements in tasks
such as speech recognition and text summarization. For example, Bahdanau et al. [102]
demonstrated the use of attention mechanisms in neural machine translation, which al-
lowed RNNS to focus on relevant words in the source sentence, improving translation
accuracy. Similarly, Luong et al. [103] proposed global and local attention mechanisms,
further enhancing the performance of RNNs in various sequence-to-sequence tasks.

5.5. RNNs Integrated with Transformer Models

Transformers, introduced by Vaswani et al. [104] in 2017, employ self-attention mecha-
nisms and have proven to be highly effective in capturing long-range dependencies. Unlike
RNNSs, transformers process sequences in parallel, which can lead to better performance on
long sequences. The self-attention mechanism is defined as follows:

Attention(Q, K, V) = softmax oK~ V, (41)
Vi

where Q, K, and V are the query, key, and value matrices, respectively, and dj is the
dimension of the keys. Considering that both transformer and RNN architecture have
limitations, studies have integrated both methods to obtain robust models, as shown
in the recent literature [104]. Therefore, researchers can develop more powerful and
efficient models for a wide range of applications by leveraging the sequential processing
capabilities of RNNs and the parallel, attention-based mechanisms of transformers. This
integrated approach addresses the limitations of each architecture and enhances the overall
performance in sequence modeling tasks.

6. Public Datasets for RNN Research

This section provides an overview of publicly available datasets that are commonly
used in the study and evaluation of RNNs. These datasets cover a variety of applications,
ranging from natural language processing to time series forecasting, reflecting the diverse
capabilities of RNNs. Each of these datasets provides a unique challenge for RNNS,
allowing researchers to explore the strengths and limitations of different RNN architectures
across various real-world tasks. Table 3 summarizes the publicly available datasets for
RNN research.

Table 3. Public datasets for studying RNNs.

Dataset Name  Application Description

A corpus of English sentences annotated for
Penn Natural part-of-speech tagging, parsing, and named en-
Treebank [105]  language processing tity recognition; widely used for language mod-

eling with RNNs

A dataset of movie reviews used for binary sen-
IMDB timent classification; suitable for studying the

Sentiment analysis effectiveness of RNNs in text sentiment classifi-

cation tasks

A version of the MNIST dataset formatted as
Image recognition ~ sequences for studying sequence-to-sequence
learning with RNNs

Reviews [106]

MNIST
Sequential [107]
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Table 3. Cont.

Dataset Name  Application

Description

TIMIT Speech

Corpus [108] Speech recognition

An annotated speech database used for auto-
matic speech recognition systems

Reuters-21578

A collection of newswire articles that is a com-

Text o Text categorization ~ mon benchmark for text categorization and NLP
Categorization tasks with RNNs
Collection [109]
UCI ML Reposi- Contains various time series datasets, including
tory: Time Series Time series analysis stock prices and weather data, ideal for forecast-
Data [110] ing with RNNs.

Used for continuous object recognition, ideal
CORe50 for RNN models dealing with video input se-

Object Recognition

Dataset [111] quences where object persistence and temporal

context are important

7. Applications of RNNs in Peer-Reviewed Literature

RNNs and their variants have been extensively studied and applied across various
domains in the peer-reviewed literature. This section provides a comprehensive review of
these applications.

7.1. Natural Language Processing

RNNSs have transformed the field of NLP by enabling more sophisticated and context-
aware models. Several studies have demonstrated the effectiveness of RNNs in various
NLP tasks.

7.1.1. Text Generation

RNNSs have been used extensively for text-generation tasks. Souri et al. [112] demon-
strated the use of RNNs to generate coherent and contextually relevant Arabic text. Their
model was trained on a large corpus of text data, allowing it to learn the probability distribu-
tion of word sequences, which proved effective in generating human-like text. Meanwhile,
several researchers have proposed novel approaches to enhancing the performance of
RNNSs in text generation. For instance, Islam [113] introduced a sequence-to-sequence
framework that improved the generation quality using LSTM. This method allowed the
network to handle longer sequences and maintain coherence over extended text.

Gajendran et al. [114] demonstrated the effectiveness of RNNs in generating character-
level text. Their work showed that BILSTM could capture a wide range of patterns, from
character-level dependencies to higher-level syntactic structures, making them versatile
for different text generation tasks, including the generation of code, literature, and poetry.
More recently, advancements in RNN-based text generation have focused on improving the
diversity and coherence of generated text. Hu et al. [115] proposed the use of variational
autoencoders (VAEs) combined with RNNs to enhance the creativity of text generation.
Their approach enabled the generation of diverse and contextually rich sentences by
learning a latent space representation of the text.

Meanwhile, Holtzman et al. [116] introduced the concept of “controlled text generation”
using RNNs, which allowed users to influence the style and content of the generated text.
This method provided more flexibility and control over the text generation process, making
it useful for applications such as creative writing and personalized content generation.
Additionally, with the advent of more sophisticated models like transformers, RNN-based
text generation has evolved to incorporate attention mechanisms.

Yin et al. [117] proposed an approach combining RNN with an attention mechanism,
which allows the model to focus on relevant parts of the input sequence during the genera-

7
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tion process. This significantly improved the quality and coherence of the generated text by
dynamically adjusting the focus of the model based on the context. Hussein and Savas [118]
employed LSTM for text generation. Similarly, Baskaran et al. [119] employed LSTM for text
generation, achieving excellent performance. These studies showed that LSTM networks
are capable of generating texts that are contextually relevant and linguistically accurate.

Furthermore, studies have continued to explore and enhance the capabilities of RNNs
in text generation. Keskar et al. [120] introduced a large-scale language model known as
Conditional Transformer Language (CTRL), which can be conditioned on specific control
codes to generate text in various styles and domains. This work highlights the growing
trend of combining RNNs with transformer architectures to leverage their strengths in
sequence modeling and text generation. Additionally, Guo [121] explored the integra-
tion of reinforcement learning with RNNs for text generation. The approach aimed to
optimize the generation process by rewarding the model for producing high-quality, con-
textually appropriate text, thereby improving both the coherence and relevance of the
generated content.

In text generation tasks, the LSTM networks have proven to be the most effective
among RNN architectures. The LSTM’s ability to manage long-term dependencies through
its gating mechanisms makes it well-suited for generating coherent and contextually rel-
evant text over extended sequences. Studies such as those by Souri et al. [112] and
Gajendran et al. [114] highlight the versatility of LSTM in handling both word-level and
character-level text generation tasks, respectively. While more recent models, such as
those incorporating transformers, have gained popularity, LSTM-based models continue
to be preferred for scenarios requiring robust sequence modeling with fewer computa-
tional resources, especially when dealing with smaller datasets where the complexity of
transformers might not be necessary.

7.1.2. Sentiment Analysis

In sentiment analysis, RNNs have been shown to outperform traditional models
by capturing the context and details of sentiment expressed in text. Yadav et al. [122]
used LSTM-based models to analyze customer reviews and social media posts, achiev-
ing notable improvements in accuracy over conventional methods. Building on this,
Abimbola et al. [123] proposed a hybrid LSTM-CNN model for document-level sentiment
classification, which first captures the sentiment of individual sentences and then aggre-
gates them to determine the overall sentiment of the document. This hierarchical approach
allows for a more detailed understanding of sentiment, especially in long and complex texts.
Zulqgarnain et al. [124] utilized the concept of attention mechanisms and GRU to enhance
sentiment analysis. By allowing the model to focus on specific parts of the input text that
are most indicative of sentiment, attention mechanisms significantly improved the inter-
pretability and performance of sentiment analysis models. This advancement enabled the
models to highlight which words or phrases contribute the most to sentiment prediction.

Additionally, several studies have explored the integration of RNNs with CNNs to
leverage the strengths of both architectures. For instance, Pujari et al. [125] combined CNNs
and RNNSs to capture both local features and long-range dependencies in text, resulting
in a hybrid model that achieved state-of-the-art performance in sentiment classification
tasks. Meanwhile, Wankhade et al. [126] employed the fusion of CNN and BiLSTM
with an attention mechanism, leading to enhanced sentiment classification. Furthermore,
Sangeetha and Kumaran [127] utilized BiLSTM to enhance the sentiment analysis capability
by processing text in both forward and backward directions. This approach captures the
context from both past and future words, providing a more comprehensive understanding
of the sentiment expressed in the text.

In addition to these architectural innovations, there has been a focus on improving the
robustness of RNN-based sentiment analysis models. For example, He and McAuley [128]
developed an adversarial training framework that enhances the model’s ability to handle
noisy and adversarial text inputs, thereby improving its generalization to real-world data.
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Also, the use of transfer learning and pre-trained language models, such as BERT and GPT,
has been increasingly popular in sentiment analysis [129-131]. These models, fine-tuned for
sentiment classification tasks, have demonstrated exceptional performance by leveraging
large-scale pre-training on diverse text corpora and then adapting to specific sentiment
analysis datasets.

Furthermore, BILSTM can be considered the most effective variant of RNNs in senti-
ment analysis due to their ability to process text in both forward and backward directions.
This bidirectional processing allows the model to capture the full context of a sentence,
making it effective in understanding intrinsic sentiment expressed in text. Studies by
Sangeetha and Kumaran [127] demonstrate the superiority of BILSTM in achieving higher
accuracy in sentiment classification tasks. The ability of BILSTM to integrate with attention
mechanisms, as shown in work by Wankhade et al. [126], further enhances their perfor-
mance by allowing the model to focus on the most relevant parts of the text, thus improving
interpretability and classification accuracy.

7.1.3. Machine Translation

To address the challenge of translating long sentences, Wu et al. [132] introduced the
concept of deep RNNs with multiple layers in both the encoder and decoder. Their model,
known as Google Neural Machine Translation (GNMT), improved translation accuracy
and fluency by capturing more complex patterns and dependencies within the text. GNMT
became a major achievement in neural machine translation, setting a new benchmark for
translation systems. Sennrich et al. [133] presented a method for incorporating subword
units into RNN-based translation models. This approach, known as Byte-Pair Encoding
(BPE), enabled the translation models to handle rare and out-of-vocabulary words more
effectively by splitting them into smaller, more frequent subword units. This method
improved the robustness and generalization of the translation models.

With the advent of transformer models, Vaswani et al. [104] revolutionized the field
of machine translation by introducing a fully attention-based architecture that eliminated
the need for recurrence entirely. Transformers demonstrated superior performance in
translation tasks by allowing for parallel processing of sequences and capturing long-range
dependencies more efficiently. Despite this shift, RNN-based models with attention mecha-
nisms continued to be relevant, particularly in scenarios where computational resources
were limited or sequential processing was preferred. For example, Kang et al. [134] com-
bined RNN with an attention mechanism to obtain a bilingual attention-based machine
translation model. While Zulqarnain et al. [124] utilized GRU in a multi-stage feature
attention mechanism model.

Several studies have also combined RNNs with transformer models to utilize the
strengths of both architectures. For instance, Yang et al. [135] proposed a hybrid model that
integrates RNNs into the transformer architecture to enhance its ability to capture sequential
dependencies while maintaining the efficiency of parallel processing. This hybrid approach
achieved state-of-the-art performance in several translation benchmarks. Meanwhile,
more recent studies have explored the integration of pre-trained language models like
BERT and GPT into machine translation systems. Song et al. [136] demonstrated that
incorporating BERT into the encoder of a translation model enhanced its understanding of
the source language, leading to more accurate and fluent translations. Table 4 summarizes
the discussed applications of RNNs in natural language processing.

Hybrid models that combine the strengths of RNNs, particularly LSTM, with trans-
former architectures are considered the best approach to machine translation. While
transformers have set new benchmarks in translation accuracy due to their parallel pro-
cessing capabilities and efficient handling of long-range dependencies, integrating RINNs
with attention mechanisms, as seen in studies by Yang et al. [135] and Song et al. [136],
has shown that these hybrid models can outperform purely transformer-based approaches
in certain scenarios. This is especially true in resource-constrained environments where
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the sequential processing of RNNs, enhanced by attention mechanisms, can lead to more
accurate and computationally efficient translations.

Table 4. Summary of applications of RNNs in natural language processing.

Application Domain Reference Year Methods and Application
Text generation Souri et al. [112] 2018 RNNS for generating coherent and contextually relevant
Arabic text
Holtzman et al. [116] 2019 Controlled text generation using RNNs for style and
content control
Hu et al. [115] 2020 VAEs Comblned with RNNs to enhance creativity in
text generation
Gajendran et al. [114] 2020 Character-level text generation using BiLSTM for various tasks
Hussein and Savas [118] 2024 LSTM for text generation
Baskaran et al. [119] 2024 LSTM for text generation, achieving excellent performance
Islam [113] 2019 Sequenc‘e-to-seq'uence framework using LSTM for improved text
generation quality
Yin et al. [117] 2018 Attegnon mechanisms with RNNs for improved text generation
quality
Guo [121] 2015 Integration . of reinforcement learning with RNNs for
text generation
Keskar et al. [120] 2019 Cor}dlhonal Transformer Language (CTRL) for generating text in
various styles
Sentiment analysis He and McAuley [125] 2016 aAnci\l/;;s:rlal training framework for robustness in sentiment
Pujari et al. [125] 2024 Hybrid CNN-RNN model for sentiment classification
Wankhade et al. [126] 2024 Fusion of CNN and BiLSTM with attention mechanism for senti-

Sangeetha and Kumaran [127] 2023

ment classification

BiLSTM for sentiment analysis by processing text in
both directions

LSTM-based models for sentiment analysis in customer reviews

Yadav et al. [122] 2023 . .
and social media posts
Zulgarnain et al. [124] 2024  Attention mechanisms and GRU for enhanced sentiment analysis
Samir et al. [129] 2021  Use of pre-trained models like BERT for sentiment analysis
Prottasha et al. [130] 2022  Transfer learning with BERT and GPT for sentiment analysis
Abimbola et al. [123] 2024 HybI.'lfjl LSTM-CNN model for document-level sentiment
classification
Mujahid et al. [131] 2023 Anal.y.zmg sentiment with pre-trained models fine-tuned for
specific tasks
Machine Translation Sennrich et al. [133] 2015 Byte-Pair Encoding for handling rare words in translation models
W et al. [132] 2016 Google Neural Machine Translation with deep RNNs for im-
proved accuracy
Vaswani et al. [104] 2017 Fully attention-based transformer models for superior translation
performance
Yang et al. [135] 2017  Hybrid model integrating RNNs into the transformer architecture
Song et al. [136] 2019 Incorporatmg BERT into translation models for enhanced under-
standing and fluency
Bilingual attention-based machine translation model combining
Kang etal. [134] 2023 RNN with attention
Zulqgarnain et al. [124] 2024 Multi-stage feature attention mechanism model using GRU

7.2. Speech Recognition

RNNSs have also made significant contributions to the field of speech recognition,
leading to more accurate and efficient systems. Hinton et al. [137] explored the use of deep
neural networks, including RNNS, for speech-to-text systems. Their research showed that
RNNSs could capture the temporal dependencies in speech signals, leading to significant
improvements in transcription accuracy compared to previous methods.
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Hannun et al. [138] introduced DeepSpeech, a state-of-the-art speech recognition
system based on RNNs. DeepSpeech employed a deep LSTM network trained on a vast
amount of labeled speech data, thereby improving transcription accuracy. This system was
designed to handle noisy environments and diverse accents, making it robust for various
real-world applications. Similarly, Amodei et al. [139] presented DeepSpeech2, which
extended the capabilities of the original DeepSpeech model by incorporating bidirectional
RNNSs and a more extensive dataset. DeepSpeech? achieved notable performance improve-
ments, demonstrating that RNNs could effectively handle variations in speech patterns
and accents.

Meanwhile, Chiu et al. [140] proposed the use of RNN-transducer (RNN-T) models for
end-to-end speech recognition. RNN-T models integrate both acoustic and language models
into a single RNN framework, allowing for more efficient and accurate transcription. This
integration reduced the complexity and latency of real-time speech recognition systems,
making them more practical for deployment in real-world applications. Furthermore,
Zhang et al. [141] proposed the use of convolutional recurrent neural networks (CRNNs)
for speech recognition. CRNNs combine the strengths of CNNs for feature extraction
and RNNSs for sequence modeling, resulting in a hybrid architecture that is robust in both
accuracy and computational efficiency. Specifically, this model was effective in handling
long audio sequences and varying speech rates.

Recently, Dong et al. [142] introduced the Speech-Transformer, a model that lever-
ages the self-attention mechanism to process audio sequences in parallel, improving both
speed and accuracy. This model demonstrated that transformer-based architectures could
effectively handle the sequential nature of speech data, providing a competitive alterna-
tive to traditional RNN-based models. Bhaskar and Thasleema [143] developed a speech
recognition model using LSTM. The model achieved visual speech recognition using fa-
cial expressions. Other studies that explored the use of different RNN variants in speech
recognition include [144-147].

In the field of speech recognition, LSTM networks have been consistently recognized
as the most effective RNN variant due to their ability to capture long-range dependencies
in sequential data. LSTM, as utilized in systems like DeepSpeech by Hannun et al. [138],
has demonstrated superior performance in handling the temporal dependencies inherent
in speech signals. This capability is particularly crucial for maintaining context over long
audio sequences, which directly translates to improved transcription accuracy. While
newer models like the Speech-Transformer [142] leverage attention mechanisms for faster
processing, LSTM networks remain a cornerstone in speech recognition due to their proven
robustness and ability to handle complex variations in speech patterns. This makes them
the preferred choice in scenarios where maintaining sequential order and context is critical,
despite the growing popularity of transformer-based architectures.

7.3. Time Series Forecasting

RNNSs have been extensively used in time series prediction due to their ability to model
temporal dependencies and trends in sequential data. In financial forecasting, Fischer and
Krauss [148] conducted a comprehensive study using deep RNNs to predict stock returns.
Their results indicated that RNNs could outperform traditional ML models, such as support
vector machines and random forests, in financial forecasting tasks. The study demonstrated
that deep RNNSs could learn intricate patterns in stock price movements, contributing to
better forecasting accuracy.

With the advancement of deep learning techniques, Nelson et al. [149] proposed a
model combining CNNs and RNNs for stock price prediction. The CNN component
extracted local features from historical price data, while the RNN component captured the
temporal dependencies. This hybrid model showed significant improvements in prediction
performance, suggesting that integrating different neural network architectures could
enhance financial forecasting. Also, attention mechanisms have been integrated into RNNs
to improve financial forecasting.
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Luo et al. [150] used an attention-based CNN-BiLSTM model that focused on relevant
time steps in the input sequence, enhancing the model’s ability to capture important
patterns in financial data. This approach allowed for more accurate predictions of stock
prices and market trends by dynamically weighting the significance of past observations.
Furthermore, Bao et al. [151] employed a novel deep learning framework combining LSTM
with stacked autoencoders for financial time series forecasting. Their model utilized stacked
autoencoders to reduce the dimensionality of input data and LSTM to model temporal
dependencies. This method improved the model’s ability to predict future stock prices by
effectively capturing both feature representations and sequential patterns.

Feng et al. [152] explored the use of transfer learning for financial forecasting. They
proposed a model that pre-trained an RNN on a large corpus of financial data and fine-
tuned it on specific stock datasets. This approach employed the knowledge gained from
broader market data to improve predictions on individual stocks, which demonstrates
the potential of transfer learning in financial forecasting. Meanwhile, the application
of reinforcement learning in conjunction with RNNs has gained attention in financial
forecasting. Rundo [153] combined RL with LSTM to develop a trading strategy that
maximizes returns. Their model learned optimal trading actions through interactions with
the market environment, resulting in a robust and adaptive financial forecasting system.

Beyond financial applications, RNNs have shown effectiveness in other domains,
such as weather forecasting and renewable energy predictions, where modeling temporal
dependencies is critical for accurate forecasts. In weather forecasting, Devi et al. [154]
developed an RNN-based model specifically for weather prediction, which demonstrated
superior performance in both short-term and long-term forecasting compared to traditional
statistical methods. This model effectively captures the sequential dependencies in meteo-
rological data, such as temperature, humidity, and atmospheric pressure, enabling more
accurate and reliable forecasts. Additionally, Anshuka et al. [155] showed the effective-
ness of using LSTM networks in predicting extreme weather events by learning complex
temporal patterns in historical weather data. Furthermore, Lin et al. [100] proposed a
model that integrates the attention mechanism with LSTM, which further improved the
ability of RNNS, especially as the attention mechanism ensures the model focuses on critical
features within the large dataset, thereby enhancing the accuracy of predictions in complex
weather scenarios.

In the field of renewable energy, RNNs have been extensively applied to forecast energy
generation from renewable sources such as wind and solar power. Marulanda et al. [156]
utilized an LSTM-based model for short-term wind power forecasting, which showed signifi-
cant improvements in prediction accuracy by capturing the non-linear and time-dependent
characteristics of wind speed data. Similarly, Chen et al. [157] developed an advanced DL
approach combining a bidirectional GRU with temporal convolutional networks (TCNs) for
energy time series forecasting. This hybrid model was particularly effective in capturing both
short-term fluctuations and long-term trends, leading to more reliable predictions. Moreover,
RNN’s have also been used to forecast energy demand in smart grids, where their ability
to model temporal dependencies helps in optimizing the integration of renewable energy
sources into the grid and improving overall energy management [158,159].

Furthermore, RNNs have been applied to predict consumer demand patterns for goods
and services, allowing businesses to optimize their supply chain management and reduce
costs. For instance, Yildiz et al. [160] proposed a hybrid RNN model that combines LSTM
with CNN to accurately predict electricity demand in urban areas, showing significant
improvements over traditional forecasting techniques.

Meanwhile, ESNs have also shown promise in weather forecasting and renewable
energy predictions due to their ability to handle non-linear and chaotic time series data.
For instance, Anshuka et al. [155] applied ESNs to model and predict extreme weather
events, demonstrating the network’s ability to capture complex temporal patterns from
historical weather data. Similarly, Marulanda et al. [156] used an ESN-based approach for
short-term wind power forecasting, which effectively captured the non-linear dynamics of
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wind speed and improved prediction accuracy compared to conventional methods. These
studies highlight the versatility and robustness of ESNs in handling diverse time series
forecasting tasks across different domains.

Additionally, Gao et al. [90] proposed a dynamic ensemble deep ESN specifically
designed for wave height forecasting. This model adjusts reservoir weights dynamically,
allowing it to model the complex and non-linear patterns often found in time series more
effectively than traditional methods. Additionally, Bhambu et al. [161] introduced a re-
current ensemble deep random vector functional link neural network for financial time
series forecasting. This model integrates the strengths of both ESNs and recurrent net-
works, providing superior performance in predicting financial market volatility and trends.
Table 5 provides a summary of the RNN applications in both speech recognition and time
series forecasting.

Among the various RNN architectures, LSTM networks stand out as the most effective for
time series forecasting, especially in financial applications [162]. LSTM’s gating mechanisms
allow it to maintain and utilize long-term dependencies, which are crucial for accurately
predicting future trends based on historical data. The ability of LSTM to capture complex
temporal patterns makes it particularly well-suited for financial markets, where long-range
dependencies and intricate patterns in data are common. Meanwhile, when LSTM is combined
with other techniques, such as CNNs for feature extraction or attention mechanisms for
focusing on critical time steps, the models’ forecasting performance improves even further.
This combination of adaptability, robustness, and precision demonstrates why LSTM is
frequently considered the best RNN variant for time series-forecasting tasks.

Table 5. Summary of RNNs in speech recognition and time series forecasting.

Application Domain

Speech recognition

Reference Year Methods and Application
Hinton et al. [137] 2012 Deep neural networks, including RNNs, for speech-to-text
systems
Hannun et al. [138] 2014 DeepSpeech: LSTM-based speech recognition system
. DeepSpeech2: Enhanced LSTM-based speech recognition with

Amodei et al. [139] 2016 bidirectional RNNs

Zhang et al. [141] 2017  Convolutional RNN for robust speech recognition

Chiu et al. [140] 2018 RNN-transducer models for end-to-end speech recognition

Dong et al. [142] 2018 Speech-Transformer: Leveraging self-attention for better pro-

cessing of audio sequences

Bhaskar and Thasleema [143] 2023 LSTM for visual speech recognition using facial expressions

Daouad et al. [144] 2023  Various RNN variants for automatic speech recognition
Nasr et al. [146] 2023  End-to-end speech recognition using RNNs
Kumar et al. [147] 2023 Performance evaluation of RNNs in speech recognition tasks
Dhanjal et al. [145] 2024 Cpmprehen51ve study of different RNN models for speech recog-
nition
Time series forecasting Nelson et al. [149] 2017 Hybrid CNN-RNN model for stock price prediction
Bao et al. [151] 2017 Combining LSTM with stacked autoencoders for financial time

Fischer and Krauss [148] 2018

series forecasting
Deep RNN:Ss for predicting stock returns, outperforming tradi-

tional ML models
Feng et al. [152] 2019  Transfer learning with RNNs for stock prediction
Rundo [153] 2019 Combining reinforcement learning with LSTM for trading strat-
egy development
Devi et al. [154] 2004 RNN-.based model .for. weather pre(?hctlon and capturing se-
quential dependencies in meteorological data
Anshuka et al. [155] 2022 LSTM networks for predicting extreme weather events by learn-

ing complex temporal patterns
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Table 5. Cont.

Application Domain

Reference Year Methods and Application

Lin et al. [100] 2022

Marulanda et al. [156] 2023

Bhambu et al. [161] 2024

Integrating attention mechanisms with LSTM for enhanced weather fore-
casting accuracy
LSTM model for short-term wind power forecasting and improving pre-
diction accuracy

Chen et al. [157] 2024  Bidirectional GRU with TCNs for energy time series forecasting
Hasanat et al. [158] 2024

RNNSs for forecasting energy demand in smart grids and optimizing
renewable energy integration

Asiri et al. [159] 2024  Short-term renewable energy predictions using RNN-based models
Yildiz et al. [160] 2024

Hybrid model of LSTM with CNN for accurate electricity demand predic-

tion
Luo et al. [150] 2024  Attention-based CNN-BiLSTM model for improved financial forecasting
Gao et al. [90] 2023 Dynamic ensemble deep ESN for wave height forecasting

Recurrent ensemble deep random vector functional link neural network
for financial time series forecasting

7.4. Signal Processing

RNNS, particularly ESNs, have seen significant applications in various signal-processing
tasks due to their efficient training and robust performance in handling time-dependent
data. One key area of application is physiological signal processing. Mastoi et al. [163] de-
veloped an ESN-based approach for the real-time monitoring and prediction of heart
rate variability. Their approach outperformed traditional methods in terms of accu-
racy and computational efficiency, demonstrating ESNs’ potential in real-time health
monitoring systems.

ESNs have also been extensively used in speech-processing tasks. Valin et al. [164]
proposed an ESN architecture specifically designed for speech signal enhancement. This
model demonstrated improved noise reduction and speech intelligibility in noisy envi-
ronments, which is critical for applications such as hearing aids and speech recognition
systems. The model’s ability to handle temporal dependencies in speech signals made it
particularly effective in enhancing audio quality under challenging conditions.

Additionally, ESNs have been applied in the preprocessing and analysis of non-
stationary and noisy time series data. Gao et al. [91] integrated the empirical wavelet
transform (EWT) with ESNs to enhance performance in time series forecasting. This hybrid
approach demonstrated that combining the EWT’s ability to decompose complex signals
with the robust modeling capabilities of ESNs leads to superior performance, particularly
in scenarios where data is noisy or exhibits non-stationary behavior. This integration
demonstrates the adaptability of ESNs to a wide range of signal processing challenges,
reinforcing their utility in domains requiring accurate and efficient time series analysis.

7.5. Bioinformatics

In bioinformatics, RNNs have been used to analyze biological sequences such as
DNA, RNA, and proteins. Li et al. [165] employed RNNSs for gene prediction and protein
structure prediction, demonstrating the ability of RNNs to capture dependencies within
biological sequences and providing insights into genetic information and biological pro-
cesses. Zhang et al. [166] used bidirectional LSTM in predicting DNA-binding protein
sequences. Their model, called DeepSite, leveraged the sequential nature of biological data,
achieving higher accuracy in identifying binding sites compared to traditional methods.
This application demonstrated the potential of RNNs to enhance our understanding of
protein-DNA interactions.

In the field of proteomics, RNNs have been used for protein structure prediction and
function annotation. Xu et al. [167] developed an RNN-based model to predict protein
secondary structures, showing that RNNs could effectively captures the sequential depen-
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dencies in amino acid sequences. This application provided significant advancements in
protein structure prediction, which is essential for drug discovery and disease research.

More recently, researchers have explored the integration of RNNs with other neural
network architectures for bioinformatics applications. For example, Yadav et al. [168]
combined BiLSTM with CNNs to analyze protein sequences. Their model extracted local
features and captured long-range dependencies with BiLSTM, resulting in improved per-
formance in protein classification tasks. Additionally, the use of ensemble deep learning
has enhanced the performance of RNNs in bioinformatics. Aybey et al. [169] introduced an
ensemble model for predicting protein—protein interactions using RNNs, GRUs, and CNNSs.
The model improves the accuracy of interaction predictions. This approach highlighted
the potential of ensemble deep learning to enhance the interpretability and performance of
RNNSs in bioinformatics.

In bioinformatics, RNNs, specifically LSTM networks and GRUs, have established
themselves as the best models for analyzing biological sequences due to their ability to
process long sequences and maintain information over long distances, crucial for under-
standing complex biological structures and functions. Bidirectional LSTM, used by Zhang
et al. [166] in predicting DNA-binding protein sequences, is particularly effective, as it
processes sequences in both forward and backward directions, providing a better context
and significantly improving prediction accuracy over unidirectional approaches. This
capability makes it preferable for tasks where understanding the full context of a sequence
is essential, such as gene prediction, protein folding, and other complex bioinformatics
applications involving sequential data.

7.6. Autonomous Vehicles

RNNSs play an important role in autonomous vehicles by processing sequential data
from sensors to make driving decisions. Li et al. [170] used RNNss for path planning, object
detection, and trajectory prediction, enabling autonomous vehicles to navigate complex
environments and make real-time decisions. Following this foundational work, researchers
have continued to explore and enhance the use of RNNs in autonomous driving. For
instance, Lee et al. [171] developed a deep learning framework that integrates LSTM with
CNN for end-to-end driving. Their model utilized CNN to extract spatial features from
camera images and LSTM to capture temporal dependencies, which improved the accuracy
and robustness of driving decisions in dynamic environments.

Codevilla et al. [172] introduced a conditional imitation learning approach that com-
bined RNNs with imitation learning for autonomous driving. The model learned from
human driving demonstrations and used RNNs to predict future actions based on past
observations. This approach allowed the vehicle to adapt to various driving conditions and
make safer decisions in complex scenarios. Additionally, researchers have explored the use
of LSTM for trajectory prediction in autonomous vehicles. Altché and de La Fortelle [173]
proposed an LSTM-based model that predicts the future trajectories of surrounding vehi-
cles. This model leverages the sequential nature of traffic data to anticipate the movements
of other road users, enabling more accurate and proactive path planning for autonomous
vehicles. Meanwhile, attention mechanisms have been integrated into RNN models to
enhance their performance in autonomous driving tasks. Li et al. [174] introduced an
attention-based LSTM model that focuses on relevant parts of the data, improving the
detection and tracking of video objects.

Researchers have also explored the use of RNNs for behavior prediction in autonomous
driving. Li et al. [175] proposed a model that combines RNNs with CNN to predict the
intentions of other drivers. Their approach used sequential data to learn the behavioral
patterns of surrounding vehicles, enabling the autonomous vehicle to anticipate potential
hazards and respond accordingly. In addition, researchers have investigated the use of
RNNSs for decision-making in autonomous vehicles. Liu and Diao [176] introduced a deep
reinforcement learning framework that incorporates GRU for decision-making in complex
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traffic scenarios. Their model used RNNs to process sequential observations and make
real-time decisions, achieving state-of-the-art performance in various driving tasks.

Furthermore, the integration of LSTM with CNNs seems to represent the best approach
in autonomous vehicle applications, as demonstrated by Lee et al. [171]. This combination
leverages LSTM'’s ability to understand temporal dynamics and CNNs’ strength in spatial
feature extraction, making it robust for real-time applications like driving, where both
spatial and temporal understandings are crucial for decision-making. The hybrid nature of
these models allows for a better understanding and processing of the vast amounts of data
from various sensors, ensuring better performance in navigation and real-time decision
making in dynamic environments.

7.7. Anomaly Detection

RNNs are used in anomaly detection across different fields, such as cybersecurity,
industrial monitoring, and healthcare. Altindal et al. [177] demonstrated the use of LSTM
networks for anomaly detection in time series data, showing that RNNs could effectively
model normal behavior patterns and identify deviations indicative of anomalies. Sim-
ilarly, Matar et al. [178] proposed a model for anomaly detection in multivariate time
series. Their model utilized BiLSTM to learn temporal dependencies and to detect devia-
tions from normal patterns. This approach was effective in industrial applications where
monitoring the health of machinery and predicting failures is critical. In cybersecurity,
Kumaresan et al. [179] applied RNNs to detect anomalies in network traffic. Their model
analyzed sequential data to identify unusual patterns that could indicate security breaches
or malicious activities. The use of RNNs allowed for real-time detection and response to
potential threats, enhancing the security of network systems.

Furthermore, Li et al. [180] explored the application of RNNs for anomaly detection in
manufacturing processes. They developed a model combining RNNs with transfer learning
to capture both temporal dependencies and feature representations. This method improved
the detection of anomalies in complex industrial processes, contributing to the optimization
of production efficiency and quality control. In healthcare, researchers have utilized
RNNs for detecting anomalies in physiological signals. For instance, Mini et al. [181]
employed RNNs to detect abnormal patterns in electrocardiogram (ECG) signals. Their
model accurately identified deviations indicative of cardiac arrhythmias, demonstrating
the potential of RNNs to assist in the early diagnosis and monitoring of heart conditions.

Moreover, advances in unsupervised learning have further enhanced the capabilities
of RNNs in anomaly detection. Zhou and Paffenroth [182] introduced a robust deep au-
toencoder model that leverages RNNs for unsupervised anomaly detection. This approach
effectively captured the underlying structure of the data, identifying anomalies without
requiring labeled training data. Ren et al. [183] proposed an attention-based RNN model
that focuses on relevant time steps in the data, improving the accuracy and interpretabil-
ity of anomaly detection. This approach allowed for the more precise identification of
anomalies by dynamically weighting the importance of different parts of the sequence. Ad-
ditionally, hybrid models combining RNNs with other neural network architectures have
also been employed in anomaly detection. Munir et al. [184] developed a hybrid model
that integrates CNNs and RNNs to detect anomalies in multivariate time series data. The
CNN component extracted local features, while the RNN component captured temporal
dependencies, resulting in improved performance in various anomaly detection tasks.

The BiLSTM model stands out as the best RNN architecture in anomaly detection,
especially in multivariate time series data, where understanding the influence of past and
future input contexts is crucial. Matar et al. [178] demonstrated that BILSTM effectively
capture temporal dependencies in both directions, which is critical in anomaly detection
scenarios where anomalies may be contextually linked to events in both the past and
the future. This bidirectional processing capability allows for more robust detection of
anomalies across various applications, from industrial monitoring to cybersecurity, making
it the most suitable RNN model for these tasks.
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A summary of RNN applications in bioinformatics, autonomous vehicles, and anomaly
detection is shown in Table 6.

Table 6. Summary of RNNs in signal processing, bioinformatics, autonomous vehicles, and anomaly

detection.
Application Domain Reference Year Methods and Application
Signal processing Mastoi et al. [163] 2019  ESNs for real-time heart rate variability monitoring
Valin et al. [164] 2021  ESNs for speech signal enhancement in noisy environments
Gao et al. [91] 2021 EWT integrated with ESNs for enhanced time series forecasting
Bioinformatics Lietal. [165] 2019 RNNs for gene prediction and protein-structure prediction
Zhang et al. [166] 2020 Bidirectional LSTM for predicting DNA-binding protein
sequences
Xu et al. [167] 2021 RNN-based model for predicting protein secondary structures
Yadav et al. [168] 2019 Combining BiLSTM with CNNSs for protein sequence analysis
Aybey et al. [169] 2023 Ensemble model for predicting protein—protein interactions
Autonomous vehicles  Altché and de La Fortelle [173] 2017 LSTM for predicting the future trajectories of vehicles
Codevilla et al. [172] 2018 RNNs with imitation learning for autonomous driving
Lietal. [170] 2020 RNN:s for path planning and object detection
Lee et al. [171] 2020 In’Fegratmg LSTM with CNN for end-to-end autonomous
driving
Lietal. [174] 2024  Attention-based LSTM for video object tracking
Liu and Diao [176] 2024 GRU with deep reinforcement learning for decision-making

Anomaly detection

Zhou and Paffenroth [182] 2017

RNNs in unsupervised anomaly detection with deep

autoencoders
Munir et al. [184] 2018 Hybrid CNN-RNN model for anomaly detection in time series
Ren et al. [183] 2019  Attention-based RNN model for anomaly detection
Li et al. [180] 2023 RNNs with Transfer learning for anomaly detection in
manufacturing
Mini et al. [181] 2023 RNNs for detecting anomalies in ECG signals
Matar et al. [178] 2023 BiLSTM for anomaly detection in multivariate time series
Kumaresan et al. [179] 2024 RNN:s for detecting network traffic anomalies
Altindal et al. [177] 2024 LSTM for anomaly detection in time series data

8. Challenges and Future Research Directions

Despite significant advancements, several unresolved problems are encountered when
applying RNNs. Addressing these issues is crucial for further improving the performance
and usage of RNNS.

8.1. Scalability and Efficiency

Training RNNs on large datasets with long sequences remains computationally inten-
sive and time-consuming [185-187]. Although techniques like gradient checkpointing and
hardware accelerators have provided improvements, the sequential nature of RNNs contin-
ues to limit their scalability compared to parallelizable architectures like transformers [188].
Future research could focus on developing more efficient training algorithms and exploring
asynchronous and parallel training methods to distribute the computational load more
effectively. Additionally, hybrid architectures that combine RNNs with other models, such
as integrating RNNs with attention mechanisms or convolutional layers, could provide new
solutions. These hybrid models have the potential to reduce training times and improve
scalability while maintaining the performance advantages of RNNs [104].

8.2. Interpretability and Explainability

RNNSs are often perceived as “black-box” models due to their complex internal dy-
namics, making it challenging to interpret their decisions [189,190]. Although attention
mechanisms and post hoc explanation techniques like Local Interpretable Model-Agnostic
Explanations (LIMEs) and Shapley Addictive Explanations (SHAPs) have been proposed
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to improve interpretability, these methods can still be improved to further provide more
comprehensive explanations [191]. Therefore, future research should aim to develop inher-
ently interpretable RNN architectures and hierarchical models that offer structured insights
into the model’s decision-making process. Additionally, integrating domain knowledge
into RNN models can help align their behavior with human reasoning, enhancing both
interpretability and performance in specialized applications.

8.3. Bias and Fairness

RNNSs can inadvertently learn and propagate biases present in the training data, lead-
ing to unfair predictions. While various bias detection and mitigation techniques have been
developed, such as fairness-aware algorithms and adversarial training, these methods need
further refinement to ensure fairness across diverse applications and datasets [192-194].
Research should continue to focus on developing robust bias detection techniques and
fair training algorithms that explicitly incorporate fairness constraints. Additionally, trans-
parency and accountability frameworks, including external audits and impact assessments,
are essential for ensuring that RNNs are developed and deployed responsibly.

8.4. Data Dependency and Quality

RNNs require large amounts of high-quality, labeled sequential data for effective
training [195]. In many real-world scenarios, such data may be scarce, noisy, or incomplete.
Although data augmentation, transfer learning, and semi-supervised learning techniques
have been explored, these methods require further refinement to handle diverse data
challenges more effectively. Future research should focus on enhancing these techniques to
improve the robustness of RNNs when trained on limited or imperfect data. Additionally,
developing new methods for utilizing unlabeled data and integrating domain-specific
knowledge can further improve the performance of RNNs in data-scarce environments.

8.5. Ovetfitting and Generalization

RNN:S, particularly deep architectures, are prone to overfitting, especially when trained
on small datasets [196]. Ensuring that RNN models generalize well to unseen data without
overfitting remains a significant challenge. While regularization techniques like dropout
and L2 regularization are commonly used, more robust methods for improving general-
ization are needed. Future research can explore advanced regularization techniques, such
as adversarial training and ensemble methods, to enhance the generalization capabilities
of RNNs. Additionally, applying data augmentation and transfer learning can help RNN
models learn more robust features, improving their ability to generalize to new data.

9. Conclusions

RNNSs have demonstrated a remarkable ability to model sequential data, making them
indispensable in numerous ML applications such as natural language processing, speech
recognition, time series prediction, bioinformatics, and autonomous systems. This paper
provided a comprehensive overview of RNNs and their variants, covering fundamental
architectures like basic RNNs, LSTM networks, and GRUs, as well as advanced variants,
including bidirectional RNNSs, peephole LSTM, ESNs, and IndRNNSs. This study has
provided a detailed and comprehensive review of RNNs, as well as their architectures,
applications, and challenges. The paper will be a valuable resource for researchers and
practitioners in the field of machine learning, helping to guide future developments and
applications of RNNs.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial intelligence
ANN Artificial neural network
BiLSTM  Bidirectional long short-term memory

CNN Convolutional neural network
DL Deep learning

GRU Gated recurrent unit

LSTM Long short-term memory

ML Machine learning

NAS Neural architecture search
NLP Natural language processing
RNN Recurrent neural network

RL Reinforcement learning
SHAPs  Shapley Additive Explanations
TPU Tensor processing unit

VAE Variational autoencoder
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