Pre prints.org

Article Not peer-reviewed version

Deep Learning in Finance: A Survey of
Applications and Technigues

Ebikella Mienye , Nobert Jere , George Obaido , Ibomoiye Domor Mienye : , Kehinde Aruleba

Posted Date: 20 August 2024
doi: 10.20944/preprints202408.1365.v1

Keywords: CNN; Deep Learning; Finance; GRU; LSTM; Machine learning; RNN

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/2706375
https://sciprofiles.com/profile/728964
https://sciprofiles.com/profile/2028165

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 August 2024 d0i:10.20944/preprints202408.1365.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
Deep Learning in Finance: A Survey of Applications
and Techniques

Ebikella Mienye ', Nobert Jere 2%, George Obaido >*, Ibomoiye Domor Mienye %*

and Kehinde Aruleba 5t

1 College of Business and Economics, University of Johannesburg, Johannesburg 2003, South Africa;

219105099@student.uj.ac.za
Department of Computer Science, University of Fort Hare, Alice Campus, Alice, Eastern Cape South Africa; njere@ufh.ac.za
Center for Human-Compatible Artificial Intelligence (CHAI), Berkeley Institute for Data Science (BIDS), University of
California, Berkeley, Berkeley, California, 94720, USA; gobaido@berkeley.edu
Institute for Intelligent Systems, University of Johannesburg, Johannesburg 2006, South Africa
School of Computing and Mathematical Sciences, University of Leicester, Leicester LE1 7RH, United Kingdom;
ka388@leicester.ac.uk
*  Correspondence: ibomoiyem@uj.ac.za

These authors contributed equally to this work.

Abstract: Machine learning (ML) has transformed the financial industry by enabling advanced applications such
as credit scoring, fraud detection, and market forecasting. At the core of this transformation is deep learning
(DL), a subset of ML that is robust at processing and analyzing complex and large datasets. This paper provides
a concise overview of key deep learning models, including Convolutional Neural Networks (CNNs), Long
Short-Term Memory networks (LSTMs), Deep Belief Networks (DBNs), Transformers, Generative Adversarial
Networks (GANSs), and Deep Reinforcement Learning (Deep RL). The study examines their learning processes,
mathematical foundations, and practical applications in finance. It also explores recent advances and emerging
trends in the financial industry alongside critical challenges such as data quality, model interpretability, and
computational complexity, offering insights into future research directions that can guide the development of

more robust and explainable financial models.

Keywords: CNN; deep learning; finance; GRU; LSTM; machine learning; RNN

1. Introduction

The integration of artificial intelligence (AI), particularly deep learning (DL), into financial systems
has significantly transformed the finance industry. Deep learning’s ability to process and analyze
vast arrays of data has led to breakthroughs in areas such as credit scoring, fraud detection, and
algorithmic trading [1-3]. These advancements have improved accuracy and enabled the development
of more sophisticated financial tools and services. Despite these advancements, the deployment of
deep learning in finance is not without its challenges, such as the interpretability of DL models, their
demand for large amounts of data, and the need for high computational power [4-6].

Recent reviews have explored various aspects of Al in finance; however, they have often focused
broadly on machine learning (ML) without delving deep into the specific applications and intricacies
of DL models. For example, the reviews by Ahmed et al. [7] and Goodell et al. [8] explored the
applications of ML in finance, covering financial fraud, bankruptcy prediction, stock price prediction,
and portfolio management. Furthermore, some studies have addressed the technical capabilities and
applications of deep learning in specific financial applications. For example, Mienye and Jere [6]
reviewed the application of DL architectures in credit card fraud detection, including the challenges
encountered in deploying these models in real-world applications. Similarly, Gunnarsson et al. [9]
reviewed deep learning with application to credit scoring, suggesting best practices to ensure optimal
utilization of DL models. Other deep learning reviews include those applied to stock market prediction
[10-12] and algorithmic trading [13].

Over the years, there have been numerous advances in deep learning architectures, such as
advancements in Transformer architectures, generative adversarial networks (GANs), and deep rein-
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forcement learning models [14,15]. These methods have played vital roles in various technological
advancements and have been applied in different financial applications. For instance, Transformer
models have revolutionized natural language processing tasks, which are critical in sentiment anal-
ysis and financial document analysis [16]. GANs have been effectively used in generating synthetic
financial data, thereby enhancing the robustness of models trained on limited datasets [17]. Deep
reinforcement learning, on the other hand, has shown promise in optimizing trading strategies and
portfolio management [18]. Due to these recent advances, there is a need for an up-to-date review
that consolidates these developments and critically examines their implications and potential in the
financial sector.

Therefore, this paper provides a comprehensive review of deep learning and its applications in the
financial industry. The study aims to critically assess the inner workings of different DL architectures
and their effectiveness and explore the challenges they present in financial contexts. The goal of this
review is to provide a robust analysis that highlights the current state of deep learning in finance
and identifies areas where further research and development are needed. This will be beneficial to
both deep learning researchers and industry professionals amining to harness these technologies for
financial applications.

The remainder of this paper is organized as follows: Section 2 reviews related works, highlighting
their contributions and limitations. Sections 3 and 4 discuss the various deep learning models used in
finance and their applications, respectively. Section 5 presents recent advances and emerging trends in
deep learning. Section 6 discusses challenges limiting deep learning applications in finance. Section 7
highlights future research directions, while Section 8 concludes the study.

2. Related Works

Recently, there have been significant advancements in the application of deep learning within
financial data modeling. For example, Wang et al. [19] highlighted the effectiveness of sequence-to-
sequence models for predicting market movements, offering sophisticated tools for algorithmic trading.
Risk management is another critical area where deep learning has made a substantial impact. Meng et
al. [20] explored the application of CNNs in identifying high-risk patterns, thus aiding preemptive
measures against financial instability. These models are well-suited for analyzing large volumes of
unstructured data, which is common in financial datasets.

Credit scoring has also benefited from deep learning. Khandani et al. [21] demonstrated how
deep learning could enhance the precision of credit scoring systems, essential for evaluating the
creditworthiness of potential borrowers. Similarly, Esenegho et al. [22] employed a deep learning
ensemble for credit risk and fraud detection. The study used the LSTM network as the base learner
in the adaptive boosting (AdaBoost) implementation, achieving excellent performance. Mienye and
Sun [23] proposed a deep ensemble learning method for credit card fraud detection using LSTM
and GRU as base learners and MLP as the meta-learner, achieving classification performance that
outperformed benchmark models.

Additionally, Sezer and Ozbayoglu [24] provided a comprehensive review of deep learning
applications in finance, covering areas such as fraud detection, algorithmic trading, and portfolio
management. Their study illustrates the adaptability of DL models and their potential to transform
many aspects of the financial industry. However, their review primarily focused on established deep
learning techniques like CNN, LSTM, and deep belief networks, with limited coverage of the latest
advancements such as Transformer models, GANs, and Deep Reinforcement Learning, which have
shown great promise in recent years. Another notable review by Lim et al. [25] focused on deep
learning’s role in time series forecasting, such as financial markets. While their analysis was thorough
in the context of traditional ML and DL, it did not explore recent DL architectures.

Moreover, a study by Goodell et al. [8] provided an extensive overview of Al applications in
finance, including ML and DL. The study grouped all Al and ML methods together without a specific
focus on the unique contributions and challenges of deep learning in finance. As a result, the review
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did not adequately cover the intricacies of deep learning models nor the specific advancements in
architectures like GANs and Deep RL, which are crucial for understanding the current deep learning
in finance.

Recent work by Mienye and Jere [6] concentrated on the challenges and applications of DL
in credit card fraud detection. Although the study provided valuable insights into the practical
deployment of deep learning models, it was narrowly focused on a specific application, leaving out a
broader discussion of other emerging deep learning techniques and their implications for the financial
industry as a whole.

Given these limitations in the existing literature, there is a gap in comprehensive reviews that
not only cover traditional DL applications in finance but also explore the recent advances in DL
architectures, such as Transformers, GANs, and Deep RL. These modern techniques have begun
to reshape the financial industry, offering new methods for analyzing complex datasets, predicting
market movements, and managing financial risk. Therefore, this paper aims to bridge this gap by
providing an up-to-date review of deep learning applications in the financial industry, focusing on the
latest advancements and how they can address current challenges in finance. This review is timely,
given the rapid evolution of DL technologies and their increasing impact on financial systems, and it
seeks to guide future research and development in this dynamic field.

3. Deep Learning Architectures

Deep learning models have significantly impacted financial data modelling, offering advanced
solutions for analyzing and predicting financial variables. These DL models are discussed in this
section.

3.1. Feedforward Neural Networks

Feedforward Neural Networks (FNNs), also known as Multilayer Perceptron (MLP), are the most
basic type of artificial neural networks. They consist of an input layer, one or more hidden layers, and
an output layer, with each node in one layer connected only to nodes in the subsequent layer [26].
This unidirectional flow of data—from the input layer to the output layer—distinguishes FNNSs from
other types of neural networks that may have connections cycling back to previous layers. In an FNN,
each node (or neuron) in a layer computes a weighted sum of its inputs, adds a bias term, and then
applies an activation function to produce its output. Mathematically, the output y of a neuron can be
expressed as:

y=0c(Wx+b) 1)

where x represents the input vector, W is the weight matrix, b is the bias vector, and ¢ is the activation
function (commonly a ReLU or sigmoid function) [26,27]. The activation function introduces non-
linearity into the model, allowing the network to learn complex patterns within the data [28]. FNNs
are very useful in finance for tasks such as credit scoring, bankruptcy prediction, and customer
segmentation, where the relationships between input variables and the output can be learned through
straightforward mapping. Their simplicity and efficiency make them suitable for these applications,
especially when the goal is to classify or predict outcomes based on historical financial data. The
training process of an FNN involves adjusting the weights W and biases b to minimize a loss function,
typically using a method like stochastic gradient descent (SGD). Algorithm 1 outlines the key steps in
the training process of an FNN:

3.2. Simple Recurrent Neural Networks

RNNs s are a type of neural network designed to process sequential data by maintaining a hidden
state that captures information from previous elements in the sequence [29]. Unlike feedforward neural
networks, RNNs have recurrent connections that allow them to remember past inputs, making them
effective for tasks involving time-dependent data such as stock price forecasting, natural language
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Algorithm 1 Training a Feedforward Neural Network

1: Input: Training dataset { (x(),y())}N

2: Initialize: Weights W and biases b randomly
3: for each epoch do

4: for each training sample (x(l), y(l)) do

5: Forward Pass:

6: Compute the input to each neuron in the hidden layers and the output layer: a() =
WO x(=1) 4 p(0)

7: Apply activation function: 1) = o(al!))

8: Compute output of the network yPred = poutput

9: Backpropagation:

10: Compute the loss L(yPred, y(1)

11: Compute gradients VW) and Vb(") using backpropagation

12: Update weights and biases: W) « W) — 3y YW, 51 « p() — 4 vp()

13: end for

14: end for

processing, and algorithmic trading [30]. The RNN architecture is shown in Figure 1. At each time step
t, an RNN takes the current input x; and the hidden state from the previous time step h;_; to compute
the current hidden state h;. The hidden state is updated using the following equation:

hy = o (Wiexe + Wyphi—q1 + by,) 2)

where Wy, and Wy, are weight matrices, by, is the bias, and ¢ is a non-linear activation function,
such as the hyperbolic tangent (tanh) or Rectified Linear Unit (ReLU). The hidden state /; serves
as a summary of all past inputs up to time ¢, allowing the RNN to model temporal dependencies
in the data [29,31]. This capability is crucial in financial applications where the value of an asset is
influenced by its past behavior and other sequential factors. Meanwhile, despite their effectiveness,
the simple RNN face a significant challenge known as the vanishing gradient problem, which arises
during backpropagation. When training on long sequences, the gradients of the loss function with
respect to the network parameters can diminish to near zero, hindering the model’s ability to learn
long-term dependencies [32]. This limitation reduces the RNN'’s effectiveness in capturing extended
patterns in data, which is critical in many financial tasks. However, there are more advanced RNN
architectures like Long Short-Term Memory (LSTM) networks and Gated Recurrent Units (GRUs),
which are specifically designed to retain information over longer sequences.

Prediction

@@ @

@ h :— ) noaﬁ

@@@ @

lnput
Figure 1. RNN architecture [6].
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3.3. Long Short-Term Memory Networks

LSTMs are designed to overcome the vanishing gradient problem that can occur in traditional
RNNSs by incorporating gates that regulate the flow of information [33]. These gates ensure that
the network can maintain long-term dependencies in the data, which is critical for applications like
sequential prediction where context from far back in the sequence is important. The LSTM unit, shown
in Figure 2, includes input, forget, and output gates, together with a cell state that carries information
across time steps [22]. The equations governing these components are:

ir = oc(Wyixt + Wyihe_1 +b;), 3)

fr = o(Wypxi + Wyehy 1 +by), 4)
0o = 0(Wyoxt + Wyohy 1+ by), (5)
gt = tanh(Wyext + Wychy 1 +by), (6)
=fO0c¢q1+irOg, 7)

h; = o; ©® tanh(¢;), (8)

where i, f;, and o; are the input, forget, and output gates, respectively, and c¢; represents the cell state
at time t. The term ¢ denotes the sigmoid activation function, which squashes the input values to a
range between 0 and 1, determining the extent to which information should be allowed through each
gate. The cell state ¢; acts as the memory of the network, carrying forward relevant information across
time steps. The operator © represents the element-wise (Hadamard) product, which controls how
much of the past information is retained in the cell state [23]. This gating mechanism allows LSTMs
to effectively manage long-term dependencies in sequential data, making them highly effective for
financial time series analysis, anomaly detection in transaction data, and complex decision-making
processes.

Cia 4 - - NG

w

f

v

Q,
Figure 2. LSTM architecture [34].

3.4. Gated Recurrent Units

GRUs simplify the LSTM design by combining the forget and input gates into a single update
gate and by merging the cell state and hidden state into one [35]. This reduction in complexity can
lead to faster training times without a significant drop in performance, making GRUs a popular choice
for tasks where efficiency is crucial. The architecture of a GRU is shown in Figure 3. Meanwhile, the
GRU uses the following set of update equations:

Zt = U(szxt + Wy h 1+ bz)/ )
Iy = U(wxrxt + Wh,,ht,1 + br)r (10)
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hy = tanh(W,,x; +1: © (Wyhi_1 + by)), (11)
hy=(1-2)®h_; +26h, (12)

where z; is the update gate, determining how much of the previous hidden state h;_; is carried
forward to the current hidden state h;. The reset gate r; controls how much of the previous hidden
state contributes to the candidate hidden state h;. The term ¢ represents the sigmoid activation
function, which outputs values between 0 and 1, controlling the influence of previous states. The
candidate hidden state h; is a potential new state influenced by the reset gate and the input at time ,
while the final hidden state h; is a combination of the previous hidden state and the candidate hidden
state, modulated by the update gate. The operator © denotes the element-wise product [35,36].

GRUs have proven effective in various financial applications, including predictive analytics for
stock prices, loan default likelihood, and identifying patterns in high-frequency trading data [37,38].
Their simplified architecture makes them suitable for scenarios where computational efficiency is
crucial without compromising accuracy. For instance, in stock price prediction, GRUs can capture and
model temporal dependencies within financial time series data, allowing for more accurate forecasts.
The reset and update gates help the model maintain relevant historical information while discarding
noise, which is valuable in volatile markets where only certain past events may be predictive of future
price movements. With respect to credit risk assessment, GRUs can be used to predict loan defaults by
analyzing the sequential behaviour of borrowers, such as payment histories and transaction patterns.
The efficiency of GRUs allows them to be trained on large datasets, ensuring that they can process and
learn from vast amounts of borrower information quickly. This capability is essential for real-time risk
assessment, where decisions must be made rapidly based on the latest available data.

Figure 3. GRU architecture [6].

3.5. Convolutional Neural Networks

CNN:s are a class of deep learning models originally designed for processing grid-like data, such as
images and videos. The architecture of CNNs is particularly effective for tasks that involve identifying
spatial hierarchies in data through the application of convolutional layers [39,40]. Although CNNs are
most commonly associated with image processing, their powerful pattern recognition capabilities have
made them highly suitable for various financial applications, especially in areas like anomaly detection,
fraud detection, and financial time series analysis. The CNN architecture is shown in Figure 4. The
fundamental building block of a CNN is the convolutional layer, where the convolution operation is
performed. The convolution operation involves sliding a filter (also known as a kernel) across the input
data to produce feature maps [41]. The mathematical operation for a convolution in one dimension is
defined as:
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Figure 4. CNN Architecture [42].

k
z= U(Z Wi - Xisjgn—1 + b) (13)
i=1

where W; represents the weight of the filter, x;.;,,_1 is the segment of the input data over which the
filter is applied, b is the bias term, and ¢ denotes the activation function, typically a ReLU [43]. The
result of the convolution operation is the feature map z, which highlights specific patterns in the input
data based on the learned filter weights. Meanwhile, the pooling layers perform down-sampling
operations to reduce the dimensionality of the feature maps, thereby focusing on the most critical
features and reducing the computational load [44]. The pooling operation is usually defined as:

Zpool = max(xi:z#nfl) (14)

In the case of max pooling, the operation selects the maximum value from a segment of the feature
map. This helps in making the model more robust to small changes in the input, which is crucial in
financial applications where noise and minor fluctuations are common in the data [45]. Furthermore,
the fully connected layer is typically added after several convolutional and pooling layers. These layers
integrate the features extracted by the convolutional layers to perform tasks such as classification
(e.g., determining whether a transaction is fraudulent) or regression (e.g., predicting the likelihood of
default). The output from the fully connected layer can be given by:

y= O-(ch * Zflattened T bfc) (15)

whereWy, and b rc are the weights and biases of the fully connected layer, and z441eneq represents
the flattened output from the previous layer, which is a one-dimensional vector. The applications of
CNN s in the financial domain extend beyond anomaly detection and fraud detection. CNNs have
been employed in algorithmic trading to analyze market data, including order book data, where the
model learns to predict price movements by identifying patterns in the order flow [46]. CNNs are also
used in credit scoring systems, where they can process large volumes of borrower data to identify risk
factors and make accurate predictions about creditworthiness [47].

3.6. Transformers and Attention Mechanisms

Transformers are a powerful class of DL models that have significantly impacted various domains,
mostly natural language processing (NLP), due to their ability to efficiently handle large sets of time-
dependent data [48,49]. The core innovation of transformers is in their use of attention mechanisms,
which allow the model to dynamically weigh the importance of different parts of the input data,
enabling the capture of long-range dependencies without the need for sequential processing, as
required by RNNs [50]. The attention mechanism, a fundamental component of transformers, can be
mathematically described as:

Attention(Q,K, V) = softmax(QKT) 174 (16)
o Vg


https://doi.org/10.20944/preprints202408.1365.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 August 2024 d0i:10.20944/preprints202408.1365.v1

8 0f23

where Q (queries), K (keys), and V (values) are linear projections of the input data, with Q = W, X,
K = WX, and V = W, X, where W;, Wi, and W, are learned weight matrices. The dot product
QKT calculates the similarity between queries and keys, and the softmax function normalizes these
into attention weights, allowing the model to focus on the most relevant parts of the input [50,51].
Algorithm 2 summarizes the key steps in the transformer model.

Algorithm 2 Training a Transformer Model

: Input: Sequence of data points X = {x1,xp,...,x7}

: Initialize: Parameters W, Wy, Wy, and other model weights

: for each layer in the transformer do
Compute queries Q = W, X, keys K = W; X, and values V = W, X
Compute attention scores: A = softmax (QKT>

Vi

Compute weighted values: Z = AV
Pass Z through feedforward network layers

end for

: Output: Predicted output based on final transformer layer

o A

o X N U

Furthermore, a major advantage of this architecture is its parallelizability, making it highly
scalable and efficient for processing large datasets, which is advantageous in financial applications
such as market movement prediction, risk assessment, and sentiment analysis. For example, in market
movement prediction, transformers can analyze sequences of historical price data, economic indicators,
and textual data from news articles or social media [52]. The flexibility of transformers also extends
to other financial tasks such as sentiment analysis, where they analyze textual data to gauge market
sentiment [53], and portfolio optimization [54], where their ability to capture dependencies across
multiple time periods ensures more informed investment strategies.

3.7. Generative Adversarial Networks

GAN s are a class of DL models that consist of two neural networks: a generator and a discrimina-
tor. These networks are trained simultaneously in a competitive setting, where the generator aims to
create realistic data instances while the discriminator attempts to distinguish between real data (from
the actual dataset) and fake data (produced by the generator) [55,56]. The adversarial nature of this
training process forces the generator to produce increasingly realistic data over time. Meanwhile, the
generator takes a random noise vector z from a latent space (usually sampled from a standard normal
distribution) and transforms it into a data instance G(z) that resembles the real data. The goal of the
generator is to fool the discriminator by producing data that is indistinguishable from the real data.
Whereas the discriminator receives both real data x and generated data G(z). It outputs a probability
D(x) or D(G(z)), indicating whether the input data is real or fake [55]. The discriminator is trained to
correctly classify the real data as "real" and the generated data as "fake."

The objective of the GAN is expressed as a minimax game, where the generator and discriminator
are pitted against each other [57]. The generator tries to minimize the probability that the discriminator
correctly classifies its outputs as fake, while the discriminator tries to maximize this probability. The
overall objective function V (D, G) is given by:

rncin mgx V(D/ G) = Exwpdm(x) [log D(x)] + IE‘ZNpZ(z) [log(l - D(G(Z)))] (17)

where pa1,(x) is the distribution of the real data, and p.(z) is the distribution of the noise input to the
generator. The steps in Algorithm 3 describe the training procedure of a GAN:

GANSs have proven to be highly effective in various financial applications due to their ability to
generate realistic synthetic data and model complex distributions. One prominent application is in the
generation of synthetic financial datasets [58]. Financial data, especially in areas like credit scoring or
market transactions, is often scarce or imbalanced. GANSs can generate additional synthetic data points
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Algorithm 3 Training a Generative Adversarial Network (GAN)

1: Initialize generator G and discriminator D with random weights.

2: while not converged do

3: for each training step do

Sample a minibatch of m noise samples {z),..., 2"} from the noise prior p;(z).

Sample a minibatch of m real data samples {x(1),...,x(")} from the data distribution

Pdata (x)

6: Compute the discriminator loss:
Lp = — L V" [log D(x™) + log(1 — D(G(z)
p=—_) |logD(x") +log(1-D(G(z")))
i=1
7: Update the discriminator by performing a gradient ascent step on Lp.
8: Compute the generator loss:
1 & ;
Lg = —-- ) log(D(G(z")))
i=1
9: Update the generator by performing a gradient descent step on L.
10: end for

11: end while

that resemble the original dataset, which can be used to augment training datasets, thus reducing the
risk of overfitting and improving model robustness. For example, in credit risk modelling, GANs
can generate synthetic borrower profiles that maintain the statistical properties of the original dataset.
Similarly, in portfolio management, GANs have been used to simulate various market scenarios,
helping investors to assess the robustness of different investment strategies under different market
conditions [59]. GANs have also been applied to enhance algorithmic trading strategies [60].

3.8. Deep Reinforcement Learning

Deep reinforcement learning (Deep RL) combines the principles of reinforcement learning with
deep learning to tackle complex decision-making problems, particularly in environments with large
state or action spaces [61]. In Deep RL, DNNs are employed as function approximators to represent
the policy or value functions, enabling the agent to learn optimal strategies even in high-dimensional
spaces, such as those found in financial markets. Deep RL has been effective in optimizing trading
strategies, portfolio management, and risk management [62]. Unlike traditional RL, where simpler
function approximators like tables or linear models might be used, Deep RL leverages the representa-
tional power of DNNs to model complex relationships within data. Meanwhile, Deep RL problems are
often modelled as Markov decision processes (MDPs), defined by the tuple (S, A, P, R, ), where:

* S represents the set of possible states the agent can be in, such as different market conditions.

¢ A represents the set of possible actions the agent can take, such as buying, selling, or holding
assets.

* P is the state transition probability, which defines the probability of moving from one state to
another given an action.

* R is the reward function, which assigns a reward to each state-action pair, reflecting the prof-
itability of an action in a given state.

* 7 is the discount factor, which determines the importance of future rewards.

The agent’s goal is to learn a policy 7r that maximizes the expected cumulative reward, defined as:
o0

Gi=E|Y YRiips1 | S =5 A =a|, (18)
k=0
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where G; is the return at time step ¢, and 77 is the policy that maps states to actions. The policy 7 or value
function V (s) is typically represented by a deep neural network, which is trained using algorithms
like Deep Q-Networks (DQN), Proximal Policy Optimization (PPO), or Actor-Critic methods.

3.9. Deep Belief Networks

Deep Belief Networks (DBNs) are a class of generative DL models composed of multiple layers of
stochastic, latent variables. These layers are typically Restricted Boltzmann Machines (RBMs), where
each layer serves as a feature detector for the layer above it [63]. DBNs are trained in a layer-wise
manner, where each RBM is trained to model the data distribution of the inputs it receives. Once
trained, these layers can be stacked to form a deep network that captures complex patterns in the data.
The architecture of a DBN begins with a visible layer, which directly interacts with the input data, and
is followed by one or more hidden layers that learn hierarchical representations of the data [64,65].
The main advantage of DBNss is in their ability to pre-train each layer as an RBM before fine-tuning the
entire network using backpropagation [66]. This pre-training assists in overcoming issues such as poor
initialization and vanishing gradients, which can hinder the performance of deep neural networks.
Meanwhile, an RBM is a type of Markov Random Field that consists of a visible layer v and a hidden
layer h, where the joint distribution P(v, h) is defined as:

1
P(v,h) = 7 exp(—E(v,h)), (19)
where E(v, h) is the energy function, and Z is the partition function. The energy function for an RBM
is typically defined as:
E(v,h) = —vIWh —bTv — ¢'h, (20)

where W is the weight matrix between the visible and hidden layers, b is the bias vector for the visible
layer, and c is the bias vector for the hidden layer [67]. DBNs have been successfully applied in various
financial applications, particularly in tasks that require the modelling of complex, high-dimensional
data distributions. For example, DBNs can be used for credit risk assessment, where they model
the underlying patterns in borrower behaviour and financial histories. By learning a hierarchical
representation of the data, DBNs can capture subtle patterns that traditional models might miss, leading
to more accurate predictions of creditworthiness. Despite their powerful modelling capabilities, DBNs
are not without challenges. One of the main difficulties is in the training process, which can be
computationally expensive, especially when dealing with very deep networks. Additionally, while
DBNs can model complex data distributions, they may still suffer from issues related to scalability and
overfitting, particularly when applied to large financial datasets [68,69].

4. Applications of Deep Learning in Finance

Deep learning has found numerous applications in finance, providing innovative solutions across
various aspects of the financial sector. This section explores some of the key applications where deep
learning has made a significant impact.

4.1. Algorithmic Trading

Algorithmic trading involves the use of computer algorithms to execute trading orders based
on predefined criteria [70]. Deep learning models, specifically those utilizing RNNs like LSTM and
GRU, have been increasingly applied to enhance algorithmic trading strategies. These models are
capable of analyzing vast amounts of historical and real-time data to identify patterns and predict
market movements with greater accuracy. The ability to process and interpret sequential data allows
these models to adapt to changing market conditions, offering traders a competitive edge in executing
trades efficiently.

Recent studies have demonstrated the effectiveness of deep learning models in algorithmic
trading. For instance, Ozbayoglu et al. [71] applied an LSTM-based model to forecast stock prices and
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subsequently generate trading signals. The proposed LSTM obtained a classification accuracy of 91.5%,
which outperformed traditional moving average strategies. Similarly, Wang et al. [19] employed a
sequence-to-sequence model, which is an extension of RNNs, to predict market trends and optimize
trading algorithms. Their model achieved a prediction accuracy of 85%, leading to more profitable
trades.

In addition, Sirignano and Cont [72] proposed a universal DL model using CNNs to predict price
changes in limit order books. Their approach demonstrated an accuracy improvement of 5-10% over
traditional methods, significantly enhancing trading strategy performance. Moreover, the model’s
ability to generalize across different market conditions indicates its robustness and adaptability, making
it a valuable tool in volatile trading environments.

The use of reinforcement learning (RL) in algorithmic trading has also gained traction. For instance,
Huang et al. [73] developed a deep reinforcement learning model that learns optimal trading strategies
by interacting with the market environment. Their model outperformed conventional strategies by
achieving a higher cumulative return and a precision of 92%, which indicates the potential of RL in
creating autonomous trading agents that can continuously adapt to market dynamics without the need
for manual intervention.

4.2. Risk Management and Credit Scoring

Risk management and credit scoring are crucial components of the financial industry, where
accurate assessment of risk is essential for maintaining financial stability. Deep learning models,
including feedforward neural networks and autoencoders, have been applied to enhance the accuracy
of risk assessments and credit scoring systems. These models are capable of identifying complex,
non-linear relationships within financial data that traditional statistical methods may overlook. In
credit scoring, deep learning has been used to analyze borrower profiles, predict default risks, and
improve the overall decision-making process. For example, Khandani et al. [21] utilized a deep learning
model to predict consumer credit risk, achieving a 15% improvement in predictive accuracy over
logistic regression models. Their model was effective in identifying high-risk borrowers, with an
AUC of 0.89, thereby enabling financial institutions to take preemptive measures to minimize losses.
Furthermore, autoencoders have been used to detect anomalies in credit transactions, which often
indicate potential risks [74]. The ability of these models to learn from unlabeled data makes them
invaluable for identifying patterns that might otherwise go unnoticed.

Furthermore, Xiao et al. [75] proposed a deep neural network for credit scoring that outperformed
traditional scoring methods such as FICO scores by up to 20% in terms of predictive accuracy, achieving
an AUC of 0.92. The DNN model was able to account for non-linear interactions between variables,
providing a more detailed understanding of creditworthiness. This has significant implications for
improving access to credit and reducing the likelihood of defaults, especially in underserved markets.
Yang et al. [76] developed a DL model that predicts market risks by analyzing historical data and
market indicators. Their model achieved a lower prediction error rate compared to conventional risk
assessment models, enabling better-informed decision-making regarding asset allocation and risk
mitigation.

4.3. Fraud Detection

Fraud detection is another critical area where deep learning has been effectively applied. Financial
institutions face significant challenges in detecting and preventing fraudulent activities, such as
unauthorized transactions and money laundering. CNN and other DL architectures have been utilized
to analyze transaction data, detect anomalies, and identify fraudulent patterns in real time [77]. These
models can process large volumes of data, including unstructured and semi-structured data, to uncover
subtle patterns that might indicate fraud.

Jurgovsky et al. [78] employed LSTM networks to detect fraudulent credit card transactions. Their
model achieved an F1-score of 0.93, significantly outperforming traditional ML models such as random
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forests and logistic regression, which had F1-scores of 0.85. The LSTM’s ability to capture temporal
dependencies in transaction sequences was crucial in identifying suspicious patterns that evolve over
time. Another study by Gandhar et al. [79] used a deep learning model to detect anomalies in financial
transactions. The model was able to reduce false positives, which is critical in minimizing the impact
of fraud detection on legitimate transactions.

In addition to supervised learning approaches, unsupervised deep learning methods have also
been explored for fraud detection. For example, Raj and Kumar [80] developed an unsupervised DL
model using autoencoders to detect fraudulent patterns in banking transactions without the need for
labelled data. Their model achieved a high detection rate of 95% with minimal manual intervention,
making it a scalable solution for large financial institutions. Meanwhile, deep reinforcement learning
has shown promise in dynamic fraud detection systems. Qayoom et al. [81] proposed a deep Q-learning
model for real-time fraud detection that adapts to changing fraud patterns. The model achieved a
high detection rate, demonstrating the potential of reinforcement learning in continuously evolving
financial environments.

4.4. Market Forecasting

Market forecasting involves predicting future market movements and trends based on historical
data. Deep learning models, such as transformers and attention mechanisms, have shown considerable
promise in improving the accuracy of market forecasts. These models can analyze vast datasets,
including price movements, economic indicators, and market sentiment, to generate predictions that
inform investment strategies [82]. The ability of deep learning models to capture complex temporal
dependencies and nonlinear relationships within the data allows for more precise and timely forecasts,
which are essential for making informed investment decisions in dynamic market environments.

In recent years, transformers have been increasingly used in market forecasting. For instance, Zeng
et al. [83] applied a transformer-based model to forecast stock prices, achieving a higher prediction than
traditional RNN-based models. The attention mechanism inherent in transformers allowed the model
to focus on the most relevant historical data points, thereby improving the quality of predictions. This
approach is useful in financial markets, where certain events or periods may have a disproportionate
impact on future prices. Another approach to market forecasting involves the use of ensemble deep
learning methods. Li et al. [84] combined multiple DL models, including CNNs and LSTMs, to forecast
market indices. The ensemble approach mitigates the weaknesses of individual models by leveraging
their complementary strengths, leading to more robust and reliable market predictions.

Sentiment analysis combined with deep learning has also been explored for market forecasting.
lin et al. [85] developed a hybrid model that integrates sentiment analysis from social media with
LSTM networks to predict stock market movements. Their model outperformed traditional sentiment
analysis methods, highlighting the value of incorporating unstructured data into financial forecasts.
Additionally, the application of generative models in market forecasting has gained attention. Vuletic
et al. [86] used GANSs to simulate future market scenarios based on historical data. Their model
provided valuable insights into potential market trends, achieving a superior performance compared
to traditional forecasting models. The use of GANs in market forecasting is still in its early stages, but
it shows promise as a tool for stress-testing investment strategies under various market conditions.

4.5. Portfolio Management

Portfolio management requires the optimization of asset allocation to achieve desired financial
objectives, such as maximizing returns or minimizing risk [87]. Deep learning models have been
applied to develop more sophisticated portfolio management strategies that account for a broader
range of variables and market conditions. Techniques such as reinforcement learning and GANs
have been explored to optimize portfolio allocations dynamically, considering factors such as market
volatility, investor preferences, and risk tolerance. Ye et al. [88] developed a reinforcement learning-
based model for portfolio management that adapts to changing market conditions by learning from
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historical data. The reinforcement learning approach allows the model to continuously adjust the
portfolio in response to market changes, thereby providing a more dynamic and responsive investment
strategy.

Another application of deep learning in portfolio management involves the use of GANS. Jiang et
al. [89] applied a GAN-based model to optimize cryptocurrency portfolios, which are characterized
by high volatility and non-linear market behavior. Their model outperformed traditional portfolio
optimization methods. The use of GANSs allows for the generation of synthetic market scenarios,
enabling the model to explore a wider range of potential market conditions and optimize the portfolio
accordingly. Deep learning models have also been used to personalize portfolio management strategies.
Shi et al. [90] proposed a deep learning-based framework that tailors investment strategies to individual
investor preferences and risk tolerance. Their model integrates reinforcement learning with DL to
optimize asset allocation in real time. This approach demonstrates the potential of DL in creating more
personalized and effective investment solutions.

Furthermore, DL models have been employed to enhance portfolio diversification strategies.
Zhang et al. [91] utilized a deep learning model to analyze the correlation structure of assets in a
portfolio, improving diversification by identifying non-obvious correlations that traditional methods
might miss. Also, the integration of deep learning with traditional quantitative models has been
explored to enhance portfolio management. Lin et al. [92] proposed a hybrid approach that combines
deep learning with factor models to optimize asset allocation. This hybrid approach employs the
strengths of both deep learning and traditional financial theories, providing a balanced and effective
portfolio management strategy.

4.6. Customer Segmentation

Customer segmentation is a critical task in the financial industry, enabling personalised marketing,
targeted product offerings, and improved customer service. It involves dividing a broad customer
base into smaller, more manageable groups based on shared characteristics. These characteristics
can include behavioural patterns, financial habits, and transaction histories. Customer segmentation
has traditionally relied on clustering techniques like k-means [93], hierarchical clustering [94], and
Gaussian mixture models [95], which are effective but often limited by their reliance on predefined
features and linear relationships. The shift towards deep learning in recent years has addressed these
limitations by leveraging the ability of neural networks to model complex, non-linear relationships
and learn feature representations automatically.

Wang [96] proposed a novel unsupervised deep learning approach for customer segmentation.
A Modified Social Spider Optimization algorithm is employed for feature selection, identifying
relevant customer behaviours. These selected features are then used to cluster customers using a
Self-Organizing Neural Network. Finally, a Deep Neural Network classifies customers based on these
clusters. The proposed model achieves high segmentation accuracy (98.67%), outperforming traditional
methods. Despite the recent improvement in customer segmentation, there have been challenges in
understanding the reason behind the need for segmentation. This is because the task is subjective and
may depend on the analyst’s perspective. To address this, Mousaeirad [97] proposes a novel customer
segmentation approach using a neural embedding framework called Customer2Vec. The approach
leverages feature engineering to identify important customer characteristics and combines supervised
and unsupervised learning techniques to embed customers into a vector space. This allows for a better
understanding of customer similarities and improves the quality of segmentation, as demonstrated in
a banking sector case study.

4.7. Financial Document Analysis and Information Extraction

Financial document analysis and information extraction are vital components in the financial
industry, facilitating tasks such as risk assessment, compliance monitoring, and decision-making.
The process involves automatically identifying, extracting, and interpreting relevant data from vast
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amounts of unstructured financial documents, including invoices, contracts, reports, and transaction
records. Traditionally, rule-based systems and natural language processing (NLP) techniques, such
as named entity recognition (NER) [98-100], have been employed for these tasks. However, these
methods often struggle with the complexity and variability of financial documents, especially when
dealing with ambiguous language, varying formats, and domain-specific terminologies.

Recent advancements in machine learning, particularly in deep learning, have significantly
enhanced the capabilities of financial document analysis. Models, such as Bidirectional Encoder
Representations from Transformers (BERT) [101,102] and its domain-specific variants such as FinBERT
[103-105] have revolutionized the extraction of information from financial texts by capturing contextual
meanings and domain-specific nuances. These models excel in tasks such as sentiment analysis, entity
recognition, and document classification, thereby improving the accuracy and efficiency of information
extraction in financial contexts.

Melus [106] introduced an automated framework that combines a fine-tuned BERT with Optical
Character Recognition (OCR) for analyzing scanned financial documents. The OCR component
converts scanned images into machine-readable text, which is then processed by the BERT model to
extract relevant information. This approach is particularly useful in scenarios where documents are not
originally in digital format, ensuring that even legacy paper documents can be included in automated
workflows. In addition, Yang et al. [104] developed FinBERT, a pre-trained language model specifically
tailored for financial sentiment analysis. By fine-tuning BERT on a large corpus of financial texts,
FinBERT outperforms general-purpose models in tasks such as sentiment classification and named
entity recognition within financial documents, making it a powerful tool for tasks like market sentiment
analysis and risk assessment. Another significant contribution by Montariol et al. [107] proposed a
multi-task learning framework using BERT for financial annual report feature extraction. This model
simultaneously performs multiple related tasks, such as sentiment detection, objectivity extraction,
and Environmental, Social and Governance classification, by leveraging the shared representations
learned by BERT. The multi-task approach not only improves the performance of individual tasks but
also enhances the model’s ability to generalize across different types of feature extraction in financial
report. Similarly, Moirangthem and Lee [108] explored the use of GRUs for financial text classification,
utilizing a hierarchical structure to better capture the document’s contextual information. The GRUs
in their model effectively processed sequential data, enabling the extraction of meaningful sentence-
level and document-level representations. Through incorporating a hierarchical attention mechanism,
the model could assign varying levels of importance to different sentences and words, leading to
improved accuracy in classifying financial texts. This approach demonstrated the effectiveness of
GRUs in handling complex financial documents, such as earnings reports and financial news articles,
by emphasizing the most relevant content within the text.

Further advancements by Cheng et al. [109] introduced a GNN based approach for financial
fraud detection. By representing financial transactions as graphs, where nodes represent entities and
edges represent transactions, the GNN model effectively captures complex relationships and patterns
indicative of fraudulent behavior. This approach is particularly effective in detecting fraudulent
activities that traditional machine learning models might miss due to the intricate and often non-
linear relationships within the data. Lastly, Bao et al. [110] developed a deep learning framework for
predicting financial distress using LSTM networks. LSTM networks are well-suited for modeling
time-series data, making them ideal for predicting financial distress based on historical financial ratios
and market indicators. This model’s ability to capture temporal dependencies and long-term trends
results in more accurate and timely predictions, providing valuable insights for risk management and
decision-making.

While these advancements have significantly improved the state of financial document analysis,
challenges remain, particularly in the areas of interpretability and the handling of noisy or incomplete
data. To address these issues, recent research has focused on hybrid models that combine deep
learning with rule-based approaches to balance the flexibility of machine learning with the precision
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of expert systems. For example, Kotios et al. [111] propose a hybrid model that integrates a rule-based
system with a deep learning model for enhanced accuracy in extracting key financial metrics from
complex reports. This approach not only improves the extraction accuracy but also provides better
interpretability by allowing domain experts to understand and validate the extracted information.

5. Recent Advances and Emerging Trends

The field of deep learning in finance is rapidly evolving, driven by both technological advance-
ments and the growing availability of data. This section explores recent developments and emerging
trends that are shaping the future of this domain.

1. Explainable Al and Model Transparency: One of the most significant recent advances in the field
has been the development of Explainable AI (XAI) techniques. These methods aim to make the
decision-making processes of DL models more transparent and understandable to human users.
This is important in finance, where stakeholders need to trust and comprehend the reasoning
behind model predictions, especially in high-stakes environments such as credit scoring, fraud
detection, and trading. Techniques such as SHapley Additive exPlanations (SHAP) and Local
Interpretable Model-agnostic Explanations (LIME) are increasingly being adopted to enhance
model transparency [112].

2. Transfer Learning and Pretrained Models: Transfer learning is a powerful technique in deep
learning, allowing models trained on one task to be repurposed for another related task [113].
This approach is beneficial in financial applications, where labelled data is often scarce or
expensive to obtain. By leveraging pre-trained models on large datasets (e.g., language models
for sentiment analysis), financial institutions can achieve high performance with limited data.
This trend has also led to the development of financial-specific pre-trained models, which can be
fine-tuned for specific applications such as market prediction or risk assessment [113].

3. Federated Learning and Data Privacy: With increasing concerns about data privacy, federated
learning has gained traction as a solution that allows for collaborative model training without
the need to share raw data across institutions. In federated learning, models are trained across
decentralized devices or servers, where data remains local, and only the model updates are
shared. This approach is advantageous in finance since data privacy is paramount, enabling
institutions to benefit from collective learning while maintaining data security and compliance
with regulations like GDPR [114].

4. Reinforcement Learning in Financial Markets: Reinforcement learning has seen a surge of interest
as a method for optimizing decision-making processes in financial markets. Unlike supervised
learning, where models learn from labelled data, RL involves learning from the environment
through trial and error, making it highly suitable for dynamic environments like trading. RL
models are being used to develop autonomous trading agents, optimize portfolio management
strategies, and improve algorithmic trading systems by adapting to changing market conditions
[115].

5. Quantum Computing and Quantum Machine Learning: Quantum computing, though still in its
infancy, is an emerging trend that holds the potential to revolutionize DL and financial modelling.
Quantum ML leverages quantum computer’s ability to process information at speeds far beyond
classical computers, offering the promise of solving complex optimization problems in finance
more efficiently. While practical applications are still limited, ongoing research and development
in quantum algorithms for financial modelling suggest that this technology could become a
significant technology in the future of finance [116].

6. Ethical Al and Fairness As Al technologies become more embedded in financial systems, there is
a growing emphasis on ensuring that these systems operate fairly and ethically. Recent advances
have focused on developing methods to detect and mitigate biases in Al models, ensuring that
financial services are accessible and equitable. This trend is driving the adoption of fairness-
aware machine learning techniques and the integration of ethical considerations into the Al
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development lifecycle. The financial industry is increasingly prioritizing these concerns to
maintain public trust and comply with evolving regulatory standards [117].

6. Challenges and Limitations

Applying deep learning in the financial sector presents several notable challenges that can hinder
effectiveness and practical deployment, and they are discussed in this section.

6.1. Data Quality and Availability

One of the fundamental challenges in applying deep learning to financial data is the quality and
availability of the data itself. Financial datasets often contain a high degree of noise and are subject to
issues such as missing values, outliers, and inconsistencies. Moreover, the sensitive nature of financial
information means that much data is not publicly available, and where it is available, it often comes
with stringent usage restrictions [86]. These factors can significantly impede the training and validation
of robust DL models, which require large, diverse, and representative datasets to function optimally.

6.2. Overfitting and Model Interpretability

Deep learning models, mainly those with many layers and parameters, are prone to overfitting,
especially when trained on financial data that inherently exhibits high volatility and non-stationarity.
Overfitting leads to models that perform well on training data but fail to generalize to unseen data.
Additionally, the "black-box" nature of many deep learning models poses significant challenges in terms
of interpretability [112]. Financial stakeholders typically require clear explanations for decisions made
by automated systems, mostly in scenarios involving investments, lending, and risk management,
where accountability is crucial.

6.3. Computational Complexity

The training of DL models often requires substantial computational resources, which can be a
barrier, especially for smaller institutions or startups. The complexity and size of models necessary to
capture the intricacies of financial data mean that significant investment in hardware and software is
needed [118]. Furthermore, the energy consumption associated with training and maintaining these
models can be considerable, adding to operational costs and environmental impact.

6.4. Ethical and Regulatory Concerns

Deep learning applications in finance must navigate a complex domain of ethical and regulatory
issues. This includes ensuring that models comply with laws governing data privacy, such as the
General Data Protection Regulation (GDPR) in Europe, and regulations related to financial reporting
and conduct [119]. There is also a growing concern over the ethical implications of automated decision-
making systems, which can exacerbate existing inequalities if not carefully managed.

6.5. Bias and Fairness

Bias in ML models is a significant issue, with the potential to lead to unfair outcomes when applied
to financial services. Algorithmic biases can result from skewed training data or flawed assumptions
embedded in the algorithm design [120]. In finance, this can result in discriminatory practices, such
as biased credit scoring and investment advising, disproportionately affecting marginalized groups.
Ensuring fairness in Al applications is essential to maintaining trust and legality in financial practices.

7. Future Research Directions

The ongoing evolution of deep learning in the financial industry presents numerous avenues for
future research. One critical area is enhancing the interpretability and explainability of DL models. As
these models grow in complexity, there is a pressing need to develop new techniques that can provide
transparent and actionable insights, especially in financial contexts where understanding the rationale
behind model predictions is crucial. While XAI has made significant strides, further research could
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focus on integrating domain-specific knowledge and creating more intuitive visualization tools that
bridge the gap between technical complexity and practical usability, a challenge that remains largely
unmet.

In addition to interpretability, improving data quality and addressing data scarcity continue to
be significant challenges. Financial data often suffers from issues such as noise, missing values, and
non-stationarity, which can undermine the reliability of DL models. Research into more sophisticated
data preprocessing methods and techniques for augmenting scarce datasets, such as the generation of
synthetic data using GANSs, could greatly enhance the robustness of financial models. Furthermore,
exploring federated learning as a solution to data scarcity and privacy concerns offers a promising
research direction, especially in contexts where data sharing is restricted by regulatory or competitive
concerns.

Addressing bias and ensuring fairness in Al systems is another critical area that requires further
investigation. Bias in financial models can lead to unfair and discriminatory outcomes, which is con-
cerning in areas such as credit scoring and lending. While some progress has been made in developing
fairness-aware algorithms, there remains a substantial gap in research on how to systematically detect
and mitigate bias throughout the model lifecycle, especially in the dynamic environments typical of
financial markets. Future research could focus on creating comprehensive frameworks that monitor
and correct biases as models are deployed in real-world scenarios, which is an essential step toward
ensuring that financial Al systems operate ethically.

Reinforcement learning in financial applications, though promising, is still in its early stages and
presents numerous opportunities for further research. While RL has shown potential in optimizing
trading strategies and portfolio management, more work is needed to refine these approaches in order
to develop risk-sensitive RL models and hybrid systems that combine RL with traditional financial
techniques. This research could lead to more robust and adaptable financial decision-making systems
capable of operating

8. Conclusions

Deep learning algorithms have become integral to numerous financial applications, including
credit scoring, fraud detection, algorithmic trading, and market forecasting. This paper provides a
concise yet comprehensive overview of key DL models, such as CNNs, LSTMs, GANs, and Deep
RL. The study also addresses critical challenges associated with deploying these models in finance,
including data quality, model interpretability, and computational demands. This paper is essential for
researchers and practitioners looking to understand the current field of deep learning in finance and
the potential future directions in this rapidly evolving field.
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Al Artificial Intelligence

AdaBoost Adaptive Boosting

CNN Convolutional Neural Network
DNN Deep Neural Network

DL Deep Learning

FNN Feedforward Neural Network
GAN Generative Adversarial Network
GDPR General Data Protection Regulation
GRU Gated Recurrent Unit

LSTM Long Short-Term Memory

ML Machine Learning

NLP Natural Language Processing
ReLU Rectified Linear Unit

RNN Recurrent Neural Network

RL Reinforcement Learning

Tanh Hyperbolic Tangent

XAI Explainable Artificial Intelligence

XGBoost  Extreme Gradient Boosting
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