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Introduction: The escalating sophistication and volume of cyber threats necessitate a paradigm shift beyond
traditional, signature-based security measures (Buczak & Guven, 2015). Artificial Intelligence (Al) and Machine
Learning (ML) have emerged as pivotal technologies, offering proactive, adaptive, and scalable capabilities for
cyber defense. This paper provides a comprehensive analysis of the role of Al and ML in modern cybersecurity,
grounded in rigorous mathematical formalisms and empirical validation.

Objectives: To establish a theoretical framework that formalizes key cybersecurity problems, including anomaly
detection as a statistical distance minimization problem (Zhang & Zulkernine, 2006), adversarial robustness as an
optimization under perturbation constraints (Rudd, Rozsa, Giinther, & Boult, 2016), and adaptive defense as a
Markov Decision Process (Macas & Wu, 2020). Through systematic evaluation of multiple ML paradigms
including supervised learning (Support Vector Machines) (Ahmad, Basheri, Igbal, & Rahim, 2018), deep learning
(Convolutional Neural Networks) (Liu, Lang, Liu, & Yan, 2019), and reinforcement learning on benchmark
intrusion detection datasets.

Methods: Our experimental methodology involved comprehensive data preprocessing, feature engineering, and
rigorous validation across three cybersecurity tasks (Sarker, et al., 2020). We implemented and tested three core
ML architectures (SVM, CNN, RL), evaluating them on standardized metrics while accounting for real-world
constraints (Kumar, 2014). Detailed experimental procedures and configurations are provided for each model.
The mathematical formulations were validated through empirical experiments, confirming theoretical predictions
about model behavior, robustness limits, and performance trade-offs.

Results: We demonstrate that deep learning models achieve superior performance with 95.6% accuracy and 1.8%
false positive rate (Xin, et al., 2018). The CNN model demonstrated the best overall performance, with statistical
significance confirmed through paired t-tests (p <0.001). Theoretical predictions were validated through empirical
experiments on benchmark datasets.

Conclusions: The paper further investigates pressing challenges, including adversarial vulnerability (Rudd,
Rozsa, Glinther, & Boult, 2016), data privacy concerns (Sadeghi, Wachsmann, & Waidner, 2015), and the
"blackbox" problem (Zhang, Al Hamadi, Damiani, Yeun, & Taher, 2022), providing theoretical insights into
mitigation strategies. Our findings demonstrate that while AI/ML offers transformative potential for cybersecurity,
successful deployment requires careful consideration of theoretical limitations, operational constraints, and ethical
implications (Li, 2018) (Sarker, et al., 2020).

Keywords: Artificial Intelligence, Machine Learning, Cybersecurity, Adversarial Robustness, Anomaly
Detection, Mathematical Formulation, Intrusion Detection, Empirical Evaluation.

INTRODUCTION

The digital transformation of global infrastructure has been paralleled by an exponential increase in the
complexity, scale, and impact of cyber threats. From simple viruses to advanced persistent threats (APTs) and
sophisticated ransomware campaigns, the adversarial landscape continuously evolves, often outpacing static, rule-
based security mechanisms (Buczak & Guven, 2015). Traditional cybersecurity systems, which rely primarily on
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signature-based detection and predefined heuristics, exhibit fundamental limitations against zero-day exploits,
polymorphic malware, and insider threats (Zhang & Zulkernine, 2006). Industry reports show Al-powered attacks
increasing 300% in 2021 (Ponemon Institute, 2021) while security teams struggle with alert fatigue and skill
shortages (SANS Institute, 2021).

The annual cost of cybercrime is projected to reach $10.5 trillion by 2025 (Cybersecurity Ventures, 2021),
underscoring the urgent need for more adaptive, intelligent defense mechanisms. This challenge is compounded
by several factors: (1) the increasing attack surface due to IoT proliferation (Sadeghi, Wachsmann, & Waidner,
2015), (2) the growing sophistication of attack techniques incorporating AI (Rudd, Rozsa, Giinther, & Boult,
2016), and (3) the shortage of skilled cybersecurity professionals (Sarker, et al., 2020).

Artificial Intelligence and Machine Learning offer transformative potential for cybersecurity by enabling systems
that can learn from data, adapt to new threats, and automate complex decision-making processes (Xin, et al.,
2018). Modern deep learning architectures (Goodfellow, Bengio, & Courville, 2016) and reinforcement learning
frameworks (Sutton & Barto, 2018) provide the mathematical foundation for adaptive security systems that can
learn from evolving threats (Sommer & Paxson, 2010). Unlike traditional approaches, ML models can identify
subtle patterns indicative of malicious activity, predict emerging threats through temporal analysis, and orchestrate
coordinated responses across distributed systems (Yin, Zhu, Fei, & He, 2017). However, the effective deployment
of AI/ML in cybersecurity requires not only algorithmic innovation but also rigorous theoretical foundations and
comprehensive empirical validation (Li, 2018). These systems face fundamental security challenges including
adversarial vulnerability (Papernot, McDaniel, Sinha, & Wellman, 2018), data privacy concerns, and the inherent
trade-off between model complexity and interpretability (Berman, Buczak, Chavis, & Corbett, 2019).

RESEARCH OBJECTIVE

Several Al and ML techniques are currently being applied in cybersecurity, each offering unique benefits (Sarker,
et al., 2020) (Xin, et al., 2018):

. Anomaly Detection: Current Al models are capable of identifying specific profiles of users’ behaviors
that may, in fact, be correlated with an ongoing cyber-attack. This is especially valuable in detecting unknown
threats, such as zero-day exploits and malicious insiders, which are usually not detectable by other means of
security intelligence (Zhang & Zulkernine, 2006).

. Predictive Analytics: Historical data can also be analyzed through Al and ML to identify threats and
the weak areas that the attackers may exploit which can be prevented in advance. This is a very proactive approach
which must be taken in order to be able to counter the actions of these hackers (Buczak & Guven, 2015).

. Automated Response Systems: Machine learning-based fabrications can answer particular classes of
dangers and this minimizes the time taken in counteracting and or managing an attack. This automation is
important, especially when a company needs to address some issue that may cause much harm in a short span of
time (Macas & Wu, 2020).

While the benefits of Al and ML in cybersecurity are significant, there are also several challenges associated with
their implementation:

. Data Privacy: For an Al or an ML system to work properly, it has to be fed a large amount of data.
However, the process of collecting and processing this data may arise a number of issues of privacy, particularly
if the data collected is of sensitive nature (Sadeghi, Wachsmann, & Waidner, 2015).

. Algorithmic Bias: Al and ML algorithms can inadvertently reflect biases present in the data they are
trained on, leading to unfair or inaccurate outcomes. In the context of cybersecurity, this could result in certain
types of threats being overlooked or misclassified (Sarker, et al., 2020).

. Continuous Learning: Technological crime is ever-changing, and as a result, Al and ML need to be
updated and retrained from time to time. This process of continual learning that occurs might thus be costly and
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is likely to call for constant investment in some cases (Rudd, Rozsa, Giinther, & Boult, 2016) (Yin, Zhu, Fei, &
He, 2017).

It can, therefore, be posited that with the ever-advancing waves of cyber threats, the applicability of Al and ML
in the sphere of cybersecurity will only increase further. Those organizations that do not implement these
technologies expose their systems to more advanced attacks. The use of Al and ML must help organizations
improve their abilities to identify and mitigate threats, thus protecting their assets in a dynamic threat environment.
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Figure 1: AI and ML in Cybersecurity
FRAMEWORK

This section establishes the rigorous mathematical foundation for applying machine learning to cybersecurity
problems. By formalizing key cybersecurity challenges as well-defined mathematical problems, we create a
structured framework for algorithm development, theoretical analysis, and empirical validation. These
formulations bridge the gap between abstract cybersecurity concepts and concrete machine learning
implementations, a methodological approach supported by contemporary cybersecurity data science research
(Sarker, et al., 2020).

1 Formalizing Cybersecurity Problems with ML

The transformation of cybersecurity challenges into mathematical formalisms enables precise problem definition,
facilitates algorithm selection, and provides metrics for performance evaluation. This formalization is essential

for developing robust, theoretically-grounded solutions that can be systematically analyzed and improved (Li,
2018).
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1.1. Anomaly Detection as Density Estimation

Anomaly detection in cybersecurity can be rigorously formulated as a density estimation problem, where normal
system behavior is modeled as a probability distribution, and deviations from this distribution are flagged as
potential threats. This approach is particularly valuable for detecting zero-day attacks and sophisticated intrusions
that evade signature-based detection systems (Zhang & Zulkernine, 2006). The use of probabilistic models like
GMMs aligns with established practices in unsupervised learning for cybersecurity (Buczak & Guven, 2015).

The mathematical foundation begins with the assumption that normal network traffic, user behavior, or system
operations follow specific statistical patterns that can be learned from historical data. Let x€R"d represent a
feature vector capturing relevant system characteristics (e.g., network packet features, system call sequences, user
activity metrics). The probability density function of normal behavior is estimated as:

p(X) =X m N (x| py, 2 (1)
where:

m;are mixture weights satisfying Y5 ,m; = 1andm; = 0

N (x| u;, X;) denotes a multivariate Gaussian distribution with mean vector y; and covariance matrix
z;

k represents the number of mixture components, capturing multiple modes of normal behavior

The Gaussian Mixture Model (GMM) formulation in Equation provides flexibility to model complex, multi-modal
normal behavior patterns commonly observed in cybersecurity contexts. The parameters {ni' up T are
typically estimated using the Expectation-Maximization (EM) algorithm from historical normal data.

An observation X, classified as anomalous based on its log-probability under the learned model:
nomaly Score(Xpey,) = —log p(Xpew) ()

A decision threshold 7 is established such that if —log p(X,.,) > T The observation is flagged as anomalous.
This threshold can be determined using statistical methods (e.g., percentile-based approaches) or optimized based
on the trade-off between detection rate and false positive rate (Kumar, 2014).

The theoretical advantage of this formulation lies in its probabilistic foundation, which naturally handles
uncertainty and provides confidence measures for detection decisions. However, its effectiveness depends
critically on the quality of the normal behavior model and its ability to generalize to new but legitimate system
states.

1.2. Adversarial Robustness as Optimization

The vulnerability of machine learning models to carefully crafted adversarial examples represents a critical
challenge for cybersecurity applications. Adversarial attacks can be formalized as optimization problems where
an attacker seeks minimal perturbations to input data that cause misclassification while remaining imperceptible
or feasible within system constraints (Rudd, Rozsa, Giinther, & Boult, 2016). This formalization is central to
understanding and mitigating threats in adversarial ML, a growing subfield of cybersecurity (Xin, et al., 2018).

Consider a classifier f: X — Y that maps input features x € X € R to class labels y € Y. For a given input x
with true label y, an adversarial example X' = x + & satisfies f(x') # y while & is constrained to be small
according to some norm and feasible within the input domain.

The adversarial crafting problem can be expressed as:
m(isn Il &1, subjecttof (x +8) #y,x+ 6 € X 3)
where:
Il 8 Il,, denotes the L,-norm of the perturbation (commonly L; or L)

X represents the feasible input domain (e.g., valid network packet structures, permissible system calls)

119



J. Electrical Systems 18-3 (2022): 116-130

The constraint f(x + §) # y ensures the attack causes misclassification

This formulation captures various attack scenarios relevant to cybersecurity, including evasion, poisoning, and
exploratory attacks, which have been extensively documented in the literature (Rudd, Rozsa, Giinther, & Boult,
2016):

Evasion Attacks: Attackers modify malicious samples to evade detection || & Il represents perturbation
magnitude)

Poisoning Attacks: Attackers inject carefully crafted samples during training to degrade model
performance

Exploratory Attacks: Attackers probe the model to understand its decision boundaries

The dual problem—defending against adversarial attacks—can be formulated as optimizing the model's
robustness:

max Ey).p [min L(fo(x+8),y) 4)

18llpse

where 0 represents model parameters, D is the data distribution, L is the loss function, and € bounds permissible
perturbations. This min-max formulation underpins adversarial training approaches that enhance model
robustness by exposing it to adversarial examples during training.

The theoretical significance of this formulation lies in its explicit acknowledgment of the adversarial nature of
cybersecurity, where attackers actively attempt to subvert defense mechanisms. By formalizing attacks as
optimization problems, we can develop systematic defense strategies and quantify robustness guarantees.

1.3. Adaptive Defense as a Markov Decision Process (MDP)

Cybersecurity defense in dynamic environments requires sequential decision-making under uncertainty, where
current actions affect future system states and threat landscapes. This can be rigorously formalized as a Markov
Decision Process (MDP), providing a mathematical framework for developing adaptive, policy-based defense
systems (Macas & Wu, 2020).

An MDP for cybersecurity is defined by the tuple (S’ A P R y):

State Space (§): The set of all possible system configurations, including network status, active
connections, resource utilization, and threat indicators. Each state s, € § at time t captures the complete relevant
information for decision-making.

Action Space (A): The set of  available defense actions, such as

{"allow","block","quarantine","investigate""deceive"}. Actions a_tEA represent defensive responses to perceived
threats.

Transition Probability (P): The probability P (s;41 | S¢, a;) of transitioning to state s;,; given current
state s; and action a,. This captures system dynamics and uncertainty about attack evolution.

Reward Function (R): The immediate reward R(s;, a;, S;4+1) received after taking action a, in state s;
and transitioning to S;,. In cybersecurity, rewards typically penalize security breaches and resource consumption
while rewarding successful threat mitigation.

Discount Factor (y € [0,1]): Determines the present value of future rewards, balancing immediate versus
long-term security outcomes.

The objective is to find an optimal policy m*: § = A that maximizes the expected cumulative discounted reward:
m* = arg max En[ztzoytﬁ(st, as, St+1)] (%)

where the expectation is taken over state-action sequences generated by following policy 7.
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This optimization can be approached through value-based methods, where we estimate the value function V™ (s) =
]E,T[Z:;O Y¥ Rk | s, = s] or the action-value function Q(s,a) = IE,T[Z:;O YR | s¢ = s,a, = a]. The

optimal Q-function satisfies the Bellman optimality equation:
Q*(s,a) =Ey_p [R(s, a,s") + ymax Q*(s’,a’)] (6)

In practice, this is often solved approximately using Reinforcement Learning algorithms. For high-dimensional
state spaces common in cybersecurity, Deep Reinforcement Learning approaches employ neural networks to
approximate Q (s, a; 8) with parameters 8, optimizing the loss:

£0O) = Eggarary-n |(r + ymax 06,507 - 0. 0)) | )
where D is an experience replay buffer and 6~ are parameters of a target network.
The MDP formulation provides several theoretical advantages for cybersecurity:
Explicit Handling of Sequentiality: Recognizes that defense decisions have long-term consequences
Adaptability: Policies can adjust to changing threat environments and system states

Trade-off Optimization: Balances immediate actions (e.g., blocking traffic) against long-term objectives
(e.g., maintaining service availability)

Uncertainty Incorporation: Naturally handles partial observability and stochastic environments through
the transition probability function

This formalization bridges theoretical decision theory with practical cybersecurity operations, enabling the
development of mathematically-grounded adaptive defense systems that can learn optimal response strategies
through interaction with their environment.

2. Integration

These three formalizations—density estimation for anomaly detection, optimization for adversarial robustness,
and MDPs for adaptive defense—provide complementary perspectives on cybersecurity challenges. Together,
they form a comprehensive theoretical framework that addresses:

Detection (What is anomalous?)
Robustness (How reliable is detection under attack?)
Response (What should be done when threats are detected?)

The integration of these formalisms enables the development of holistic cybersecurity systems that not only detect
threats but do so reliably in adversarial settings and respond appropriately to minimize damage. This theoretical
foundation informs the experimental methodology in Section 4, where each formalism is implemented and
evaluated empirically to validate its practical utility and identify limitations for real-world deployment.

The mathematical rigor of these formulations also facilitates theoretical analysis of security properties, such as
provable bounds on detection rates under specific attack models or convergence guarantees for adaptive defense
policies. Such analysis is essential for building trustworthy Al-driven cybersecurity systems that can be deployed
in critical infrastructure with confidence in their performance and reliability.

EXPERIMENT
1. Research Design and Approach

This research employed a mixed-methods approach combining theoretical analysis with empirical validation. The
experimental design followed a three-phase methodology consistent with contemporary cybersecurity data science
practices (Sarker, et al., 2020):
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Phase 1: Theoretical Formulation - Developing mathematical frameworks for cybersecurity problems
(Rudd, Rozsa, Giinther, & Boult, 2016) (Macas & Wu, 2020).

Phase 2: Algorithm Implementation - Implementing three core ML models (SVM, CNN, RL) with
rigorous validation protocols (Ahmad, Basheri, Igbal, & Rahim, 2018) (Liu, Lang, Liu, & Yan, 2019).

Phase 3: Empirical Evaluation - Testing models on benchmark datasets with statistical analysis (Kumar,
2014) (Xin, et al., 2018).

2. Data Collection and Preprocessing
2.1. Datasets Description

Two benchmark cybersecurity datasets for intrusion detection were employed, aligning with established practices
in ML cybersecurity research (Zuech, Khoshgoftaar, & Wald, 2015):

Dataset Size Features Classes Train/Test
CICIDS2017 2,830,743 78 15 70/30
UNSW-NB15 2,540,044 49 10 70/30

Table 1: Comprehensive Dataset Specifications.

All datasets are publicly available and widely used in cybersecurity research. CICIDS2017 includes realistic
background traffic and up-to-date attacks (Xin, et al., 2018).

2.2. Data Preprocessing Pipeline

We implemented a comprehensive preprocessing pipeline following established methodologies for cybersecurity
data (Sarker, et al., 2020):

Data Cleaning: Removed duplicate entries, handled missing values using k-NN imputation (k=5), and
filtered out corrupted records.

Normalization: Applied min-max scaling for neural networks and standardization (z-score) for SVM:

x—min (x) x—

— —XH
Xnorm = max (x)-min (x)’ Xsud [ (8)

Feature Engineering: Created derived features including temporal features (time since last connection),
statistical features (mean, variance of packet sizes), and protocol-specific features.

Class Balancing: Applied SMOTE (Synthetic Minority Over-sampling Technique) for minority attack
classes to address class imbalance common in cybersecurity datasets (Zuech et al., 2015).

Train-Test Split: Stratified split preserving class distributions: 70% training, 15% validation, 15%
testing.

3. Experimental Procedure for Implemented Models
3.1. Supervised Learning: Support Vector Machine (SVM) Experiment

Objective: Binary and multi-class classification for intrusion detection, building on established SVM
applications in cybersecurity (Ahmad, Basheri, Igbal, & Rahim, 2018).

Mathematical Formulation: The primal optimization problem for an SVM with slack variables ¢&; is:
min 2 Il w I+ C XL, & ©)
Subject to:
yiw-¢x) +b)=21-¢,¢ = 0vi

where w is the weight vector, b the bias, , C > 0 the regularization parameter, and ¢(x;) a feature mapping
function. The dual form used in practice is:
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1 n
max Y & =3 E . 12?:1 a; a;y;y;iK(x;,x;)  (10)
i

Subjectto 0 < a; < Cand X7 a;y; = 0.
Experimental Configuration:
Kernel: Radial Basis Function (RBF): K(x;,X;) = exp (—y I X; — X; 12).

1
Hyperparameters: C = 1.0,y = )’
Implementation: Scikit-learn's SVC with probability estimates enabled.
Training Algorithm: Sequential Minimal Optimization (SMO).

Procedure: The preprocessed feature vectors were used to train the SVM. The model was trained to
output a decision function function f(x) = sign (X, a; y;K(x;,X) + b) for classification.

3.2. Deep Learning: Convolutional Neural Network (CNN) Experiment

Objective: Spatial pattern recognition in structured network traffic data for intrusion classification,
leveraging CNN architectures proven effective for payload analysis (Liu, Lang, Liu, & Yan, 2019) (Xin, et al.,
2018) (Vinayakumar, Soman, & Poornachandran, 2017).

Mathematical Formulation: The core operation in a CNN layer is the convolution:
h® = o (WO« n(-1) 1 p©) (11)
where h® is the feature map at layer 1, o is the activation function (ReLU), WO are convolutional filters, *
denotes convolution, and b® are bias terms.
Experimental Configuration:

Architecture: Three convolutional layers (32, 64, 128 filters) with 3x1 kernels, each followed by max-
pooling and ReL.U activation. Flattened output fed into two fully connected layers (128 and 64 units).

Final Layer: Softmax activation for multi-class classification: § = softmax (W(L)h(L_l) +b®).
Optimizer: Adam optimizer with a learning rate of 0.001.
Loss Function: Categorical Cross-Entropy.

Procedure: Network traffic features were reshaped into a 2D grid (where applicable) to serve as input.
The model was trained for 50 epochs with a batch size of 64, using the validation set for early stopping.

3.3 Reinforcement Learning (RL) Experiment for Adaptive Defense

Objective: To train an agent for automated, adaptive response in a simulated network environment,
exploring RL applications in autonomous cybersecurity (Macas & Wu, 2020) (Rudd, Rozsa, Giinther, & Boult,
2016).

Mathematical Formulation: Formalized as a Markov Decision Process (MDP) with state space S,
action space A, transition probability P(s' | s, a), reward function R(s, a, s"), and discount factor y. We employed
Q-learning with the update rule:

Q(s,@) « Q(s,a@) +a[r +ymax Q(s",a’) —Q(s,a)]  (12)
where o is the learning rate and r the immediate reward.
3.4 Experimental Configuration:
State Representation: A feature vector of current network metrics (e.g., connection count, etrror rate).

Action Space: Discrete actions {allow, block, quarantine, alert}.
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Reward Function: Designed as: +10 for correctly blocking an attack, -10 for allowing an attack, -2 for
false positive block, +1 for correct allowance.

Algorithm: Deep Q-Network (DQN) with experience replay. The loss function for the Q-network with
parameters 0 is:

L(8) = E(sa5)~pl(r + ymax Q(s',a’;67) = Q(s,;6))*] (13)
where 6~ are the target network parameters and D is the replay buffer.

Procedure: The agent interacted with a simulated network environment built on the dataset episodes. It
was trained over 10,000 episodes, following an e-greedy policy (€ decayed from 1.0 to 0.01).

4. Evaluation Metrics

All models were evaluated using standard metrics for intrusion detection systems:

TP+TN .. TP TP
Accuracy = ——————, Precision = ,Recall = (14)
TP+TN+FP+FN TP+FP TP+FN

2XPrecisionXRecall . FP
F1-Score = ———————, False Positive Rate (FPR) = (15)
Precision+Recall FP+TN

RESULTS AND ANALYSIS

This section presents the empirical evaluation of three machine learning paradigms—Supervised Learning
(Support Vector Machine), Deep Learning (Convolutional Neural Network), and Reinforcement Learning (Deep
Q-Network)—for cybersecurity applications, primarily intrusion detection. The assessment focuses on standard
performance metrics including accuracy, precision, recall, F1-score, detection rates, and false positive rates to
comprehensively evaluate each model's effectiveness in identifying cyber threats.

1. Model Performance in Intrusion Detection

The three models were evaluated on benchmark intrusion detection datasets (CICIDS2017 and UNSW-NBIS5)
using a standardized 70/30 train-test split with comprehensive preprocessing as described in Section 3.2. The
quantitative performance metrics, averaged across both datasets, are presented in Table 2

. Accuracy: The percentage of correctly classified instances out of the total instances.
. Precision: The ratio of true positives to the sum of true positives and false positives.
. Recall (Detection Rate): The ratio of true positives to the sum of true positives and false negatives.
. F1-Score: The harmonic mean of precision and recall.
. False Positive Rate: The proportion of false positives among all negative instances.
Metric Supervised Deep Learning Reinforcement Qualitative
Learning (SVM) (CNN) Learning (DQN) Assessment
Detection 92.4% 95.6% 91.2% CNN > SVM >
Accuracy RL
Precision 91.7% 94.8% 90.1% CNN > SVM >
RL
Recall 89.2% 93.1% 88.5% CNN > SVM >
(Detection RL
Rate)
F1-Score 90.4% 93.9% 89.3% CNN > SVM >
RL
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False Positive  2.3% 1.8% 2.7% CNN < SVM <

Rate RL

Training Time  Fast (65 min) Slow (245 min) Moderate (180 min) SVM >RL >
CNN

Interpretability High Low Moderate SVM > RL >
CNN

Adaptability Low Moderate High RL > CNN >
SVM

Resource Low High Moderate SVM <RL <

Requirements CNN

Overall Good Best Lowest CNN > SVM >

Performance RL

Table 2: Model Performance Metrics for Intrusion Detection (averaged across datasets).

The Deep Learning (CNN) model demonstrated superior performance across all metrics, achieving the highest
accuracy (95.6%), precision (94.8%), recall (93.1%), and F1-score (93.9%), while maintaining the lowest false
positive rate (1.8%). This performance advantage was statistically significant (paired t-test, p < 0.001) when
compared to both the SVM and DQN models.

The Supervised Learning (SVM) model provided balanced performance with 92.4% accuracy and a 2.3% false
positive rate, representing a practical balance between detection capability and operational feasibility. The
Reinforcement Learning (DQN) approach, while achieving respectable accuracy (91.2%), exhibited the highest
false positive rate (2.7%) among the three models, which has important implications for its deployment in
production environments where false alarms can burden security analysts.
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Figure 3: Model Performance Metrics for Intrusion Detection
2. Performance Across Multiple Cybersecurity Tasks

To assess the generalizability of each approach beyond intrusion detection, the models were also evaluated on
malware analysis and anomaly detection tasks using appropriately adapted architectures. Table 3 presents the
accuracy metrics across these three cybersecurity applications.
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Task Supervised Deep Learning Reinforcement
Learning (SVM (CNN) L

Intrusion Detection 92.4% 95.6% 91.2%

Malware Analysis 90.1% 93.8% 89.5%

Anomaly Detection 88.7% 91.9% 87.2%

Table 3: Performance Comparison Across Cybersecurity Tasks (Accuracy %)
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Figure 3: Model Performance for different tasks

The CNN model maintained its performance advantage across all three tasks, consistently achieving the highest
accuracy rates. This consistency suggests that deep learning's automated feature extraction capability provides
robustness across different cybersecurity problem domains. The performance gap between CNN and SVM
widened slightly in anomaly detection (3.2 percentage points) compared to intrusion detection (3.2 percentage
points), indicating that deep learning approaches may offer greater advantages in tasks requiring the detection of
subtle deviations from normal patterns.

3. Qualitative Analysis and Model Characteristics

Beyond quantitative metrics, each model exhibited distinct qualitative characteristics that influence their
practical deployment:

Supervised Learning (SVM): The SVM implementation demonstrated excellent operational efficiency, with
training times approximately 65% shorter than the CNN model. Its decision boundaries, while effective for well-
defined attack patterns, showed limitations in capturing highly non-linear relationships in complex attack vectors,
particularly zero-day exploits and sophisticated multi-stage attacks. The model's interpretability—a key advantage
in security operations—allowed for reasonable explanation of classification decisions based on support vectors
and feature weights.

Deep Learning (CNN): The CNN architecture excelled at automatically learning hierarchical feature
representations from network traffic data, eliminating the need for extensive manual feature engineering. This
capability proved particularly valuable for detecting novel attack patterns that lacked clear signatures in the
training data. However, this performance came with substantial computational requirements, with training times
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approximately 3.8 times longer than the SVM model. Additionally, the model's "black-box" nature presented
challenges for security analysts requiring explainable decisions for incident response and forensic analysis.

Reinforcement Learning (DQN): The DQN implementation demonstrated unique adaptive capabilities,
successfully adjusting its policy in response to changing attack patterns during the simulation phase. While its
static classification performance was lower than both supervised and deep learning approaches, its strength
emerged in dynamic environments where the model could learn optimal response sequences over time. The agent
successfully learned to minimize long-term damage by balancing immediate detection with appropriate response
actions, though this came at the cost of higher initial false positive rates during the learning phase.

4. Trade-offs and Practical Considerations

The evaluation revealed several important trade-offs that inform model selection for different cybersecurity
contexts:

Accuracy vs. Explainability: The CNN's superior detection accuracy (95.6%) contrasts with its limited
interpretability, while the SVM offers reasonable accuracy (92.4%) with substantially better explainability—a
critical consideration in regulated industries or when human analysts must validate automated decisions.
Performance vs. Resource Requirements: The CNN model required approximately 4.2 times more
computational resources during inference compared to the SVM, highlighting the infrastructure implications of
deploying deep learning models in resource-constrained environments or at network scale.

Static Detection vs. Adaptive Response: While the DQN showed lower traditional classification metrics, its
ability to learn response policies rather than merely classification labels represents a fundamentally different
approach to cybersecurity—one that may prove more valuable in dynamic threat environments despite its initial
performance limitations.

False Positive Management: The CNN's lower false positive rate (1.8%) represents a significant operational
advantage, as each false alarm typically requires human investigation. At scale, even small differences in false
positive rates can substantially impact security operations center workloads.

Rank Accuracy Precision Recall F1-Score False Overall
Positive
Rate
Ist CNN CNN CNN CNN CNN CNN
(95.6%) (94.8%) (93.1%) (93.9%) (1.8%)
2nd SVM SVM SVM SVM SVM SVM
(92.4%) (91.7%) (89.2%) (90.4%) (2.3%)
3rd RL(91.2%) RL(90.1%) RL(88.5%) RL(89.3%) RL (2.7%) RL
Performance  CNN leads CNN leads CNNleads CNNleads CNNis CNN
Gap by 3.2% by 3.1% by 3.9% by 3.5% 0.5% better consistently
superior

Table 3: Performance Ranking for different modles

5. Alignment with Theoretical Predictions

The empirical results largely validate the theoretical formulations. The CNN's superior performance aligns with
its capacity for learning complex, hierarchical representations from high-dimensional data, as formalized in
Equation (11). The SVM's balanced performance with reasonable computational requirements reflects the
mathematical properties of its maximum-margin optimization formalized in Equations (9-10). The DQN's
adaptive capabilities, though at the cost of initial accuracy, demonstrate the practical implementation of the
Markov Decision Process framework for cybersecurity formalized in Equations (5-6) and (12-13).
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These results provide empirical validation of the theoretical advantages and limitations of each approach,
confirming that model selection must consider not only detection performance but also operational constraints,
explainability requirements, and the specific characteristics of the threat environment.

CHALLENGES, LIMITATIONS, FUTURE WORK

The study acknowledges key challenges identified in the broader research landscape (Buczak & Guven, 2015)
(Sarker, et al., 2020):

Adversarial Vulnerability: All tested models are susceptible to carefully crafted adversarial inputs, as formalized
in Eq. (3), which is a critical concern for deploying ML in adversarial settings (Rudd, Rozsa, Giinther, & Boult,
2016).

Data Dependence & Bias: Model performance and fairness are tied to the quality, volume, and representativeness
of training data, a well-documented issue in cybersecurity ML (Sarker, et al., 2020) (Zuech, Khoshgoftaar, &
Wald, 2015).

Interpretability: The high performance of deep learning comes at the cost of transparency, which is a critical
barrier in security-sensitive deployments and a major focus of Explainable Al (XAI) research in cybersecurity
(Capuano, Fenza, Loia, & Stanzione, 2022) (Zhang, Al Hamadi, Damiani, Yeun, & Taher, 2022) (Hariharan,
Velicheti, Anagha, Thomas, & Balakrishnan, 2021) (Mirsky, Doitshman, Elovici, & Shabtai, 2018) (Yan, Wen,
Nepal, Paris, & Xiang, 2022).

Computational Overhead: Training and deploying complex models like CNNs and DQNs require significant
resources, which can limit their practicality in resource-constrained environments (Yin, Zhu, Fei, & He, 2017)
(Xin, et al., 2018).

Future Research Directions informed by current surveys include: developing more robust models against
adversarial attacks, integrating explainable Al (XAI) techniques for deep learning models (Capuano, Fenza, Loia,
& Stanzione, 2022) (Molnar, 2020), exploring federated learning for privacy-preserving model training, and
creating more realistic simulation environments for reinforcement learning (Macas & Wu, 2020). These are active
and necessary avenues for progress in the field (Li, 2018) (Buczak & Guven, 2015).

CONCLUSION

The incorporation of Al and ML in cybersecurity is, therefore, a highly groundbreaking approach that is causing
arevolution in the cybersecurity policies of organizations. As shown in this work, AI/ML models, including deep
learning, improve the identification and investigation of cyber threats by embracing ML. With the use of these
models’ capacity to analyze big data and learn from them, organizations can enhance their means of identifying
refined attacks, decreasing false positive results, and automating the management of incidents. The comparison
of such AI/ML methods as supervised learning, deep learning, and reinforcement learning shows the advantages
and disadvantages of their usage in the cybersecurity context, so it gives valuable insights into the practical usage
of AI/ML. Despite the fact that deep learning models can smoothly work with numerous and intricate threat
patterns, the reinforcement learning methods are suitable for environments that need constant updating.

However, the study also points to the various risks that are associated with the application of AI/ML security. The
main challenges for these technologies include data quality and amounts, explainability of operations, and
vulnerability to adversarial settings. The fact that some Al models are intricate elevates some key worries in areas
where transparency and trust are vital. Also, the application of more sophisticated AI/ML models may be
hampered by the computational requirements involved in such cases. With the aid of these challenges, the
advantages of applying AI/ML in improving cybersecurity are obvious. Following that, further study and
development should be directed towards the elimination of these limitations, increasing the model’s stability and
explainability, and introducing Al into existing cybersecurity systems as an addition in order to enhance the
cybersecurity environment. Hence, even though AI/ML is not the silver bullet that solves all cybersecurity
problems, it remains a mandatory tool that, when integrated following best practices, enhances an organization’s
capability to counter contemporary cyber threats.
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