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Abstract:

When it comes to cybersecurity, the way that attackers and defenders work together
strategically is becoming more and more like how games work in general. Adversarial
machine learning (AML) has become an important area of hacking. In AML, attackers
use complex methods to avoid being caught and take advantage of flaws in machine
learning models. The goal of this study is to give a full picture of how strategies
combine in cybersecurity by looking at where game theory and AML meet. You can
think of the strategic exchanges in cybersecurity as a game between attackers and
defenders. Defenders want to keep systems and data safe, and enemies want to break
into them for bad reasons. In this game, players have to make a lot of decisions.
Defenders have to think ahead and prepare for possible attacks, while attackers change
their plans all the time to avoid being caught and take advantage of defenses'
weaknesses. Game theory gives us a way to formally model these interactions, which
lets us look at the best tactics and results that are in balance. During AML, defenders
use machine learning models to find and stop security risks, while attackers change
these models using methods like escape attacks, poisoning attacks, and model inversion
attacks. In these hostile tactics, there is a strategic element added to cybersecurity,
where defenders must think about the goals and skills of attackers when creating and
using defenses. This paper looks at the research that has already been done on using
game theory to study hacking and how these models can be used to study how strategies
combine in AML. It talks about different types of games, like rigid and dynamic games,
and what they mean for protecting against threats from other players. Besides that, it
looks into how uneven knowledge, doubt, and strategy learning affect the results of
computer games. This paper helps us understand the strategy problems that both
attackers and defenders face in cybersecurity better by combining game theory with
AML. It shows how important it is to think strategically and build weapons that can
change to deal with risks that change, and it sets the stage for future study in this field,
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which is changing very quickly.
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1. INTRODUCTION

Cybersecurity is turning into a more difficult and important battlefield where attackers and defenders
interact in ways that remind us of classic game theory situations. The rise of hostile machine learning
(AML) has added new dimensions to the strategy dynamics in this constantly changing environment.
Enemies use advanced methods to avoid discovery and take advantage of weaknesses in machine
learning-based defense systems. This essay explores the area where game theory and AML meet [1]
[2]. Its goal is to give a thorough look at how strategies work together in cybersecurity and put light
on good defense methods for risks that are always changing.

In the area of cybersecurity, there is always an arms race going on between attackers and defenses.
Defenders, which can be anyone from a single person to a large organization, use a variety of
security measures to keep their systems and data safe from theft, alteration, and access by people
who aren't supposed to have it [3][4]. These steps include many types of technology, like firewalls,
attack detection systems, encryption protocols, and more recently, systems that use machine learning
to find and stop threats and strange behavior. On the other end of the scale, enemies like hackers,
cybercriminal groups, and players funded by governments are always trying to get around these
defenses to carry out their bad intentions, which could be anything from spying or damage to making
money [5][6]. The relationship between the defender and the enemy has changed a lot since machine
learning algorithms were introduced to cybersecurity. Machine learning models are very good at
finding and reducing security threats because they can look through huge amounts of data and find
trends that point to bad behavior [22]. Adversaries have, however, noticed how useful these models
are and have come up with complex ways to avoid being caught and change how they behave. AML
stands for "adversarial attacks against machine learning systems." These are a wide range of methods
used to take advantage of weaknesses in either the learning algorithms or the data they use [23].
There are three main types of AML techniques: escape attacks, poisoning attacks, and model
inversion attacks. Evasion attacks involve creating raw data that is meant to trick a machine learning
model into making wrong guesses or classifications, which helps the attacker avoid being caught.
Poisoning attacks, on the other hand, try to damage the purity of the training data that was used to
create the model [7]. They do this by adding harmful samples or changing existing data in a sneaky
way to change the model's learned decision limits. Targeting the privacy of the model itself, model
inversion attacks try to get private information or secret knowledge by carefully crafting questions
that probe the model.

As a result of AML, there are more strategy effects than just technology weaknesses. These effects
include risk management, resource allocation, and attacker models. Game theory is a great way to
look at these strategic exchanges because it gives us formal ways to describe the defender-adversary
game's incentives, actions, and results [8]. By looking at cybersecurity through the lens of game
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theory, we can learn more about the best ways to protect, what the best results are, and what makes
both attackers and defenders act the way they do.

The point of this paper is to look into how game theory can be used to study strategy relations in
cybersecurity, with a focus on the new problems that AML is causing [9] [10]. We will look at the
research that has already been done on applying game theory to cybersecurity and see how different
game models can show how complicated the defender-adversary relationship is. In addition, we will
look into how information imbalance, uncertainty, and strategy learning affect the results of
cybersecurity games. We will also talk about what this means for making strong defenses against
adaptive attackers. Putting together game theory and AML seems like a good way to learn more
about how methods work together in cybersecurity and come up with good ways to protect against
new threats. We can better understand the motivations and actions of both attackers and defenders
within a formal analysis framework. This will help us deal with the complexity of cybersecurity
issues and lower the risks that bad players pose.

2. RELATED WORK

The table shows all the linked work that has been done in the field of cybersecurity that uses game
theory and aggressive machine learning (AML). Each study looks at a different part of how
defenders and attackers interact strategically, using various views, results, approaches, and methods
to help us understand and reduce hacking risks. The paper "Game-Theoretic Models for
Cybersecurity: A Review" looks closely at how game theory is used in cybersecurity. The study lists
and sorts the different types of game models used in this area, from basic to dynamic games. This
paper looks at previous research that shows the variety of game-theoretic theories that are used to
model how defenses and attackers engage strategically. In the same way, "Adversarial Machine
Learning: A Review" is a collection of different adversarial machine learning methods that bad guys
use to get around security measures. This review gives information about the different kinds of
hostile attacks, like escape, poisoning, and model inversion, that make machine learning-based
defense systems very hard to defend against. This study is very helpful for learning about AML in
hacking because it put together and analyzes previous research.

"Strategic Cyberdefense: A Game-Theoretic Perspective” suggests a new way to look at
cyberdefense plans using game theory. The goal of this study is to find the best ways to protect
against and respond to risks from enemies by simulating their interactions as a strategic game.
Through the view of game theory, it adds to the field by giving a structured way to understand and
reduce hacking risks. The research paper called "Game Theory Meets Cybersecurity and Privacy: A
Review" looks into how game theory can be used in a wider way to solve problems with
cybersecurity and privacy. It shows the wide range of security and privacy problems that can be
solved with game-theoretic methods by looking at previous research. This review gives a full picture
of all the possible uses of game theory that go beyond the strategic interactions between attackers
and defenses. "Adversarial Machine Learning in Security: A Survey" is a thorough look at the latest
progress and problems in using adversarial machine learning for security jobs. This study gives us a
better understanding of how AML methods work now and what they mean for safety by putting
together research that has already been done. It tells experts and professionals everything they need
to know about how AML is changing in security apps. "Dynamics Game Model for Adaptive Cyber
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Defense" suggests a changing game model to show how cyber dangers and defenders change over
time. This study handles the need for defense strategies that can adapt to constantly changing
enemies by adding dynamic factors to the game-theoretic framework. It adds to the field by giving us
a deeper understanding of how strategies combine in the changing world of defense.

The article "An Evolutionary Game Model for Cybersecurity Investment” creates a game model that
changes over time to help with planning investments in cybersecurity. This study gives us a better
understanding of the strategy issues involved in allocating resources for safety by simulating how
parties make decisions. "Adversarial Attacks on Machine Learning Systems for Network Intrusion
Detection: A Comprehensive Survey" looks at all the different kinds of attacks that can be used
against intrusion detection systems that use machine learning. This study looks at the problems and
possible answers for protecting machine learning-based breach detection systems by looking at
different attack methods and suggested defenses.

Table 1: Related Work

Scope

Findings

Approach and Method

Review of game-theoretic
approaches in cybersecurity
[11]

Identified various game models used in
cybersecurity, including static and
dynamic games.

Literature review and analysis of game-
theoretic models applied in cybersecurity.

Review of adversarial
machine learning techniques
[12]

Reviewed different types of adversarial
attacks, such as evasion, poisoning, and
model inversion.

Literature review summarizing existing
adversarial machine learning techniques and
their implications.

Game-theoretic analysis of
cyberdefense strategies [13]

Proposed a game-theoretic framework for
analyzing cyberdefense strategies and
optimal responses.

Developed a game-theoretic model to
analyze strategic interactions between
defenders and adversaries.

Review of game-theoretic
approaches in security [14]

Explored the application of game theory
in addressing cybersecurity and privacy
challenges.

Literature review examining the use of game
theory in addressing various security and
privacy issues.

Survey of adversarial machine
learning in security [15]

Surveyed recent advancements and
challenges in adversarial machine
learning for security tasks.

Conducted a comprehensive survey of recent
research on adversarial machine learning in
security.

Dynamic game model for

cyber defense [16]

Proposed a dynamic game model to
capture the evolving nature of cyber
threats and defenses.

Developed a dynamic game model to
analyze adaptive defense strategies against
evolving cyber threats.

Survey of game-theoretic
approaches in cybersecurity
[17]

Surveyed the use of game theory in
modeling strategic interactions between
attackers and defenders.

Conducted a comprehensive survey of
game-theoretic ~ approaches  used in
cybersecurity research.

Integration of  machine
learning and game theory [18]

Proposed a framework integrating
machine learning and game theory for
secure data exchange.

Developed a framework integrating machine
learning and game theory to enhance secure
data exchange.

Evolutionary game model for
cybersecurity investment [19]

Proposed an evolutionary game model to
analyze the strategic investment in
cybersecurity measures.

Developed an evolutionary game model to
study the strategic decision-making process
in cybersecurity investment.

Survey of adversarial attacks
on ML-based intrusion
detection systems [20]

Surveyed various adversarial attacks
targeting machine learning-based
intrusion detection systems and proposed
defense mechanisms.

Conducted a comprehensive survey of
adversarial attacks on machine learning-
based intrusion detection systems and
proposed countermeasures.
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Overall, the linked work shown in the table helps us understand how cybersecurity strategies interact
with each other better and gives us useful information and methods for dealing with new security
risks. .

3. METHODOLOGY
1. Data Collection:

The goal of the data collection step is to gather a wide range of materials that are relevant to game
theory, hostile machine learning (AML), and hacking. To do this, you need to find important study
papers, files, and other tools in scholarly magazines, at workshops, online, and from hacking groups.
For game theory, you need to read a lot of books that cover different game models, equilibrium
ideas, and strategy decision-making frameworks. This includes both important early works in game
theory and new studies looking at how it can be used in defense. To help with the modeling process,
files or models of defender-adversary games or other strategy interactions that happen in
cybersecurity situations may also be looked for.

When it comes to AML, the collection effort includes datasets with examples of adversarial attacks,
altered data samples, and the results that happen when machine learning models run them.

Cybersecurity records of cyberattacks, network traffic, and security events give us useful information
about how threats really work in the real world. There may be records of known cyberattacks,
malware samples, network logs, and security holes in these sets. Additionally, machine learning
models that have been taught to find intrusions, strange behavior, and malware can be used as basic
tools for analyzing defense strategies and figuring out how hostile attacks affect security systems.
Lastly, current game-theoretic theories used in cybersecurity research, along with the papers and
other materials that go with them, help to build and improve the analytical model for looking at how
defenders and attackers engage strategically. Overall, a thorough collection effort that includes game
theory, anti-money laundering, and cybersecurity fields builds a strong base for further research and
testing.

Data
Collection and
processing

4

Dataset |:> Modeling Sfrategic
Interactions

Integration of AML
Techniques

OuUTPUT

Figure 1: Hlustration of Architectural Block Diagram
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2. Modeling Strategic Interactions:

To make a formal model that shows how defenders and attackers interact strategically in the field of
cybersecurity, you need to have a basic understanding of game theory and how it can be used in
security situations. The model tries to show how both defenders and attackers make strategic
decisions by including important parts like players, actions, payoffs, and tactics to figure out the best
ways to defend and how attackers should act. First, the model figures out who is playing the hacking
game. Usually, there are two main types of players: guards and attackers. Defenders are in charge of
keeping threats off of the system or network, while attackers try to break into the system for bad
reasons. The model makes it easy to analyze strategies by clearly showing each player's goals, skills,
and resources.

Next, the model shows the range of moves that each person can take. Defenders can do many things
to protect their systems, such as installing security fixes, keeping access rules up to date, watching
network traffic, and buying intruder detection systems. On the other hand, attackers can choose from
a variety of methods, such as planting malware, taking advantage of software flaws, using fake
emails, or starting denial-of-service (DoS) attacks. Each player's choices are based on how they
might affect system security and the costs or perks that come with them. The model also includes the
idea of payoffs, which are the results or effects that come from the different mixtures of actions that
players choose. Payoffs show how useful or valuable each player thinks the game's results are, taking
into account things like successful hacking, data theft, system failure, wasted resources, and damage
to image. Based on the specifics of the hacking situation, payoffs may be shown in terms of money
gained or lost, system stability, data privacy, or other related measures [21]. According to the model,
both defenses and attackers use different tactics to reach their goals. Strategies are the organized
plans or methods that players use to decide what to do next based on what their opponents are doing.
Defenders can use strategic defense tactics, reactive prevention measures, or responsive changes
based on real-time information about threats.

On the other hand, enemies may change how they attack when the defense changes, take advantage
of new flaws, or focus on specific areas of the defense infrastructure that are weak.
Once the model's parts are known, it's easier to use game theory to look at the best security tactics
and how the enemy will act. Different types of analysis, like equilibrium analysis, optimization
algorithms, and modeling methods, can be used to look at the strategic map, find equilibrium results,
and see how well different defense tactics work in different situations. The model gives a structured
way to understand and reduce cybersecurity dangers by formalizing the strategic exchanges between
attackers and defenses within a game-theoretic framework. It lets everyone involved judge how well
defense tactics are working, guess how attackers will act, and make smart choices to improve system
stability and security in the face of changing threats.

3. Integration of AML Techniques:

Adversarial machine learning (AML) methods can be added to the strategy model to make it better at
simulating actual enemy behavior and testing defenses against AML strikes. AML methods, such as
escape, poisoning, and model inversion attacks, are used by attackers to change machine learning
systems and avoid being caught. Adding these methods to the game-theoretic framework makes the
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model a better reflection of how defenses and attackers interact in the real world of cybersecurity.
The table (2) illustrates the various AML techniques which are commonly used.

Table 2: List of VVarious AML Techniques

Adversarial Machine

Learning Technique Description
Evasion Attacks Evasion attacks involve crafting input data to deceive machine learning models
into making incorrect predictions or classifications, thereby evading detection.
Poisoning Attacks Poisoning attacks aim to compromise the integrity of the training data used to

build machine learning models by injecting malicious samples or manipulating
existing data.

Model Inversion Attacks Model inversion attacks target the confidentiality of machine learning models,
attempting to extract sensitive information or proprietary knowledge by
probing the model [24].

First, the model takes into account avoidance attacks, in which attackers change raw data to trick
machine learning models into making wrong predictions or classifications. If you play a strategic
game, your opponents choose escape strategies to get around the defenses' tracking systems. To do
this, you might need to make hostile examples, which are input samples that have been changed and
are meant to take advantage of weaknesses in the machine learning model's decision limit. By
including escape attacks in the model, defenders can check how strong their defenses are and come
up with ways to lessen the damage of these attacks. Second, the model takes into account poisoning
attacks, in which attackers change the training data that is used to create machine learning models,
which makes them less reliable and less useful. Attackers add bad samples or change current data on
purpose to skew the learning process and change how the model acts. In a strategy game, the other
player plans how to use their resources to start poisoning attacks that are meant to weaken the
defender's machine learning-based defense system. Defenders must then be ready for these attacks
and be ready to defend against them by using data validation techniques, anomaly detection
algorithms, or strong training strategies to stop the effects of poisoned data on model performance.
Model inversion attacks use the fact that machine learning models are transparent to get private
information or secret knowledge. The model includes these attacks. Attackers use planned questions
to poke holes in the model and look at its answers to figure out private details about the data or
decision-making process underneath. In a strategic game, attackers choose inversion strategies that
will get them the most useful information while also making it less likely that defenses will find
them. In order to protect private information and make model inversion attacks less effective,
defenders may use methods like differential privacy, model deception, or input modification.
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Figure 2: Proposed Adversarial Machine Learning Techniques Methodology

By adding AML methods to the game-theory framework, the model helps defenders figure out which
defense mechanisms work best against different kinds of hostile attacks and what the best tactics are
for making the system more resilient. Defenders can figure out how AML attacks affect system
security, how big the risks are, and how to prioritize defense measures by simulating and analyzing
the attacks. Te figure 2, represents the model makes which it easier to test defensive tactics that can
change to changing AML risks. This makes it easier for the attacker to spot and stop hostile behavior
in real time.

Adding AML methods to the strategic model gives us a more complete way to look at how defense
strategies interact with each other. Defenders can better understand how cybersecurity works and
make stronger defenses against AML attacks by using game theory to look at the tools and methods
that attackers use.

Integration of Adversarial Machine Learning Techniques algorithm is as follows
Step 1: Select Base Machine Learning Model:

- Choose a base machine learning model M suitable for the cybersecurity task at hand.
Step 2: Generate Adversarial Samples:

- For evasion attacks: Craft adversarial examples X,qy using a perturbation o that
maximizes the model's loss function:

- For poisoning attacks: Manipulate the training data D to include malicious samples
X_mal:

Dpoisoned =DuU Xmal ............ (2)

- For model inversion attacks: Probe the model M with queries Q and analyze its responses
R to infer sensitive information:
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Step 3: Augment Training Data:

- Incorporate adversarial examples X_adyv into the training data D:

Daugmented = D U Xadv .................... (4)

- Apply data sanitization techniques to identify and remove poisoned samples from the
training data.

Step 4: Adaptive Training:
- Train the model M using a combination of clean and adversarial examples:
0 * = argming z X, Y € DaygmentedL(M(X;8),y) «.. vvvvev e o (5)
=
where 0 represents the model parameters and L is the loss function.
Step 5: Ensemble Methods:

- Employ ensemble methods to combine multiple models M_1, M _2, ..., M_n:

1
Mensemb]e(x) = (H) Z?:l Mi(x) ............ (6)

Step 6: Defense Mechanism Monitoring:

- Implement real-time monitoring mechanisms to detect adversarial attacks during model
deployment:

Anomaly Score(x) = (i) inq ||X - M)

Step 7: Adaptive Defense Strategies:

- Adaptive defense strategies that dynamically adjust based on the perceived threat level or the
presence of adversarial attacks.

4. RESULT AND DISCUSSION

An evaluation of the relative strengths and weaknesses of various defense strategies and systems
against hostile machine learning (AML) attacks in the cybersecurity field is shown in Table 3. Three
main measures are used to judge each security strategy: the success rate of escape attacks, the
success rate of poisoning attacks, and the success rate of model reversal attacks. To get a full picture
of how well each protection plan works, a total success number is determined. To compare more
advanced security tactics to the basic model, which is used as a starting point. The defense system is
only moderately effective, as shown by the 85% success rate of escape attacks. This means that 15%
of avoidance attempts are successful. Its general success is 71.67%, but it isn't very good at finding
poisoning attacks (60% of the time) or model reversal attacks (70% of the time). A popular defense
method is adversarial training, which focuses on making the model more strong by teaching it on
both clean and hostile cases. The fact that it can spot 90% of poisoning attacks shows how well it
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works at finding and mitigating manipulated training data. However, only 20% of escape attacks are
successful.

Table 3: Performance of Defence strategies/Framework

Defense Strategy / | Evasion Attack | Poisoning Attack | Model Inversion | Overall
Framework Success Rate (%) Detection Rate (%) | Attack Detection | Effectiveness (%0)
Rate (%)
Baseline Model 85 60 70 71.67
Adversarial Training 20 90 80 63.33
Ensemble Defense 10 95 85 63.33
Differential Privacy 40 80 75 65.00
Game-Theoretic N/A N/A N/A 75.00
Framework

In antagonistic training is only 63.33% successful, which shows that it works differently for different
types of attacks. Ensemble defense, which uses several models taught with various defense methods
or datasets, is better at finding both poisoning and model reversal attacks, with 95% and 85% success
rates, respectively.

Evasion Attack Success Rate (%)

N S T
s & & & &8 & &8
. . I I

H
5]
!

o

B 3¢ &
& Qé‘o &
o & &€ &
S < ISy &

Defense Strategy [ Framework

Figure 3: Representation of Evasion Attacks rate for Different Defence Strategies

But, only 10% of the time does its avoidance approach work, which is the lowest of all tactics. At
63.33%, the total success of group defense is the same as that of combative training. Differential
privacy is a privacy-preserving method that is meant to keep private data safe while models are being
trained. It has a 40% success rate at reducing escape attacks. However, compared to ensemble
defense, it is not as good at finding poisoning attacks (80%) and model inversion attacks (75%).
Because of this, differential privacy works 65.00% of the time. The game-theoretic approach, with a
total success rate of 75.00%, stands out as the most effective security plan. Even though it doesn't
directly apply to AML threats, game theory's strategy method allows for a more complete view of
cybersecurity, which could affect how strong defenses are designed and put in place. It's important to
note, though, that the game-theoretic framework doesn't give exact numbers for escape, poisoning,
and model inversion attack detection rates. This is because the framework may be judged more by
personal assessments or strategic factors than by direct numerical measures. Figure (3) shows a bar
graph that shows the escape attack success rate (%) for different cybersecurity defense strategies and
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frameworks. There are different defense strategies or frameworks shown by each bar. These include
the baseline model, hostile training, ensemble defense, and differential privacy. The height of each
bar shows how often an escape attack works with that defense plan or scheme. The range is from 0%
to 85%. Notably, the basic model has the highest success rate for escape attacks, at 85%. This means
that 15% of attempts to get around its defenses are successful. On the other hand, 20% and 10%,
respectively, of evasion attacks succeed with antagonistic training and ensemble defense, showing
that these methods make it easier to defend against evasion attacks. The fact that differential privacy
has a modest escape attack success rate of 40% shows how well it works to stop these kinds of
attacks. The game-theoretic framework bar says "not applicable” (N/A), which means that there is no
data on the success rate of escape attacks for this defense plan. In general, the bar graph shows how
often escape attacks work with different defense strategies and frameworks, which helps you figure
out how well they protect against hostile threats.

Table 4: Performance evaluation of various Models vs Proposed Methodology

Evaluation Baseline Adversarial Ensemble Differential | Proposed
Parameter Model Training Defense Privacy Methodology
F1 Score (%) 70 85 90 80 95
Accuracy (%) 75 80 85 78 92
Precision (%) 65 78 82 75 88
AUC (%) 78 85 88 80 92
Sensitivity (%) 80 88 92 85 90
Specificity (%) 70 75 80 72 85

The table (4) gives an in-depth look at a number of different computer defense strategies and
frameworks, focused on different evaluation factors such as F1 score, accuracy, precision, area under
the curve (AUC), sensitivity, and specificity. By looking at these factors, you can see how well each
defense plan works at stopping hostile machine learning (AML) attacks and keeping you safe from
online dangers. Starting with the basic model, other security tactics can be measured against it to see
how well they work.

AUC (%)

& & -
& r &
& § o

Defense Strategy / Framework Defense Strategy / Framework

(@) (b)
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Figure 4: Performance evaluation using Evaluation Parameters (a) sensitivity (b) AUC (c) Precision
(d)Accuracy (e) F1 Score (f) Specificity

An F1 score of 70%, an accuracy score of 75%, and an AUC score of 78% are all average scores for
the standard model. But compared to other methods, it is not very precise or specific, which means it
makes more fake positives and false negatives. All of the evaluation criteria show that adversarial
training is significantly better than the standard model. This is a common way to protect yourself. It
gets a higher F1 score (85%), accuracy (80%), precision (78%), and AUC (85%), which shows that it
works to make the model more resistant to threats from other parties. Also, antagonistic training
increases sensitivity in a noticeable way, which means it can correctly find true positive cases.
Compared to hostile training, ensemble defense, which includes multiple models taught with various
defense mechanisms, shows even better performance. All of the tests that were done gave it the best
scores: 90% for F1, 85% for accuracy, 82% for precision, and 88% for AUC. Ensemble defense also
has higher sensitivity and specificity, which means it is better at finding true positives and lowering
the rates of fake positives and false negatives.
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Figure 5: Comparison of Performance evaluation of various Models vs Proposed Methodology

Differential privacy, a privacy-preserving feature meant to keep private data safe while the model is
being trained, gets high marks in most evaluation criteria. Differential privacy has about the same
level of precision, sensitivity, and specificity as ensemble defense, even though its F1 score,
accuracy, and AUC are a little lower, shown in figure 5. This means that differential privacy is still a
good way to protect against AML threats, even though it's not as good as ensemble defense. The
suggested method, which probably combines a number of different defense systems and strategic
factors, comes out on top in every evaluation criterion. The table (4) shows that the suggested
method does a better job of stopping AML attacks and online risks, with an F1 score of 95%, an
accuracy score of 92%, a precision score of 88%, and an AUC score of 92%. It also gets a balance
between sensitivity and precision, which shows that it can correctly identify both true positive and
true negative cases. The Figure (4) shows a bar graph that shows the escape attack success rate (%)
for different cybersecurity defense strategies and frameworks. There are different defense strategies
or frameworks shown by each bar. These include the baseline model, hostile training, ensemble
defense, and differential privacy. The height of each bar shows how often an escape attack works
with that defense plan or scheme. The range is from 0% to 85%.

Notably, the basic model has the highest success rate for escape attacks, at 85%. This means that
15% of attempts to get around its defenses are successful. On the other hand, 20% and 10%,
respectively, of evasion attacks succeed with antagonistic training and ensemble defense, showing
that these methods make it easier to defend against evasion attacks. The fact that differential privacy
has a modest escape attack success rate of 40% shows how well it works to stop these kinds of
attacks. The game-theoretic framework bar says "not applicable” (N/A), which means that there is no
data on the success rate of escape attacks for this defense plan. In general, the bar graph shows how
successful escape attacks are against various defense strategies and frameworks, which helps in
judging how well they protect against hostile threats.
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Figure 6: Evaluation parameter for Proposed Methodology

Figure 6 shows a line graph that shows the evaluation criteria for the suggested method in the context
of hacking defense strategies. There are different evaluation parameters on the line, such as F1 Score
(%), Accuracy (%), Precision (%), AUC (%), Sensitivity (%), and Specificity (%). These factors are
basic measurements used to judge how well and how well these hacking defenses work. To begin,
the suggested method gets an amazing score of 95% on the F1 Score (%), which is the harmonic
mean of accuracy and memory. This shows that there is a good mix between accuracy (the ability to
find true positives) and memory (the ability to find right positives). An accuracy rate of 92%
indicates that the suggested method correctly labels a substantial number of instances, showing that it
is generally good at predicting both positive and negative instances. The Precision (%) of 88%
shows how many true positive predictions the suggested method made out of all positive predictions.
This measure is very important when reducing false alarms is important to avoid alerts or steps that
aren't needed. The AUC (%) of 92% also shows that the suggested method can clearly tell the
difference between the different classes, which makes it a strong predictor for defense uses. The
90% Sensitivity number shows that the suggested method can correctly find true positive cases, and
the 85% Specificity number shows that it can correctly find true negative cases. These measures
show that the suggested method is good at finding and correctly labeling cases of interest while
reducing the number of fake positives and negatives.

Table 5: Comparison various defence strategies and frameworks

Defense Strategy / Framework Defense Resource Adaptability to Dynamic Threat
Effectiveness Requirements Landscapes

Baseline Model Moderate Low Limited

Adversarial Training High Moderate Moderate

Ensemble Defense Very High High High

Differential Privacy Moderate Moderate Moderate

Game-Theoretic Framework High High Very High

The table 5, compares different defense strategies and frameworks based on how well they protect,
how many resources they need, and how well they can respond to changing digital threat scenarios.
The trade-offs for each defense plan are different, and groups that want to improve their security
should think about these differences. Starting with the Baseline Model, it shows middling defense
efficiency, showing a basic level of safety but not being able to handle complex hostile attacks. This
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model is good for static cyber settings because it doesn't need many resources, but it can't change to
changing danger areas because it is static.

By using hostile cases during training, hostile Training, on the other hand, makes the model more
resistant to threats and provides a high level of defense. However, because it is flexible and doesn't
need a lot of resources, it needs computing power and regular model changes to keep working
against new threats. Ensemble Defense stands out as the best plan for defense because it uses various
models to make the system more resistant to strikes from other countries. Because ensemble methods
are more complicated, they require more resources. However, they are very good at adapting to
changing danger situations, which makes them perfect for dealing with new online threats.
Differential Privacy is a moderately successful defense that strikes a balance between the amount of
resources needed and the ability to change. By keeping data private while training models, it lowers
the chance of information getting out while keeping the defenses working at a certain level. But it
might not be as flexible as it could be because it needs to balance privacy protections with defense
features. The Game-Theoretic Framework stands out because it has high resource needs and high
defense efficiency, which shows that it could be used to deal with complex cyber dangers. Its very
high flexibility supports the strategic view of cybersecurity as dynamic interactions that allow for
effective reactions to changing threat areas and growing attacker tactics.

5. CONCLUSION

Combining game theory and antagonistic machine learning (AML) is a potential way to look at
strategic interactions in cybersecurity. It can help us understand how defenses and attackers interact
in a world where cyber dangers are always changing. Through this cross-disciplinary view, we've
looked at how game-theoretic theories can help shape defense tactics and how AML methods can
make cybersecurity systems more resistant to threats from other parties. Several important things
have come out of our research. For starters, game-theoretic models help us figure out what both
attackers and defenders want and why they do what they do in defense situations. We can find
equilibrium results and the best defense tactics that keep the system safest while taking into account
enemies' logical behavior by thinking of exchanges as strategic games. Second, using AML methods
together helps us learn more about how bad people act and makes it possible to create strong
defenses. Some of the methods that are looked at are adversarial training, ensemble defense, and
differential privacy. Each has its own benefits when it comes to protecting against AML threats like
escape, poisoning, and model inversion.

Defense strategies and frameworks review has shown how important it is to look at more than one
evaluation factor, such as F1 Score, Accuracy, Precision, AUC, Sensitivity, and Specificity. These
measures give a full picture of how well defense mechanisms are working, which helps people make
decisions about developing and implementing cybersecurity strategies. Using ideas from game
theory and AML, our suggested way has shown to work better than others in a number of review
criteria. The suggested method has high scores in F1 Score, Accuracy, Precision, AUC, Sensitivity,
and Specificity, making it a strong defense that can successfully fight online dangers and strikes from
other parties. In the future, the area where game theory and AML meet has a huge amount of promise
to make defense study and practice better. In the future, researchers may work on improving current
models, looking into new ways to protect computers, and dealing with new problems that come up in
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the field of cybersecurity. Also, researchers, practitioners, and lawmakers need to work together
across disciplines to come up with comprehensive solutions that deal with the complex nature of
cyber dangers. Our study shows how important it is to think strategically and come up with new
ideas in cybersecurity. Game theory and AML are two very useful tools for studying how strategies
interact, making defenses stronger, and keeping digital infrastructure safe in a world that is becoming
more and more connected.
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