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Abstract

Due to the increased number of cyber dangers in today's digitally connected world, more advanced and flexible security
measures have had to be created. Using generative artificial intelligence (Al), especially diffusion models, to find and
stop cyber threats is investigated in this study. A new type of generative models called diffusion models have shown
great promise in many areas, including picture creation and natural language processing. The purpose of this study is
to look at their use in cybersecurity, especially for finding strange patterns, predicting future threats, and stopping
attacks as they happen. The study utilized five scientific databases and a systematic search strategy to identify research
articles on PubMed, Google Scholar, Scopus, IEEE, and Science Direct relating to the topic. Furthermore, books,
dissertations, master's theses, and conference proceedings were utilized in this study. This study encompassed all
publications published until 2024. Through a thorough study of the diffusion model's structure and how it can be
applied to cybersecurity issues, we look at how these models can improve current systems for finding threats.
Additionally, we talk about their ability to add to datasets by creating fake data, which makes anomaly detection more
accurate in cyberattack cases that aren't well represented. Due to their stability and ability to predict, diffusion models
are seen as a useful tool for finding complex threats like advanced persistent threats (APTs) and zero-day attacks. Some
problems still exist, though, such as the need for a lot of computing power, models that are hard to understand, and the
fact that online threats are always changing. This article suggests avenues for future study and talks about how diffusion
models might change the way cybersecurity is done.
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1 Introduction

Transformational technologies-based generative Al algorithms could create new material based on data trends. Generic
artificial intelligence (Gupta et al, 2024) makes data instances that are very similar to real-world inputs, while
traditional machine learning models focus on categorizing or predicting outcomes. According to Ajayi et al. (2024) and
Davies et al. (2024), this skill changes the way people are creative in many areas, including art, music, literature,
medicine, and more. In parallel, traditional machine learning models have been successfully applied in scientific
domains such as health (Mudele et al., 2021a, Mudele et al., 2021b).

Generative artificial intelligence can make people more creative, make content creation easier, and improve data
synthesis, which leads to new uses and better efficiency (Al Nagbi et al.,, 2024). Differentiated data creation is what
makes diffusion models interesting as generative models. If you want to get data back from doubt, diffusion models use
a gradual noise process and a learning reverse process. Popular generative models like variational autoencoders and
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Generative Adversarial Networks (GANs) are different from this method. Along with a discriminator, a generator in a
game-theoretic framework creates accurate data and tells the difference between generated and real-world data in
GANSs (Salehi et al.,, 2020). Virtual assistants use statistical methods to store data in a hidden space for future samples.
Different uses of GANs and VAEs have shown that they work, but diffusion models are more stable and produce better
results, especially in situations with a lot of dimensions (Pandey et al., 2022).

They are therefore useful for making future generative jobs better. Growing as the digital world changes, online threats
become a major issue. With the deployment of advanced methods by hackers to exploit system and network
vulnerabilities, the frequency and severity of cyberattacks are on the rise (Jimmy, 2024). These dangers include
ransomware, hacking, DDoS attacks, and advanced persistent threats (APTs) that stay hidden and keep attacking. Al-
powered solutions that can find and stop threats in real time are in high demand because they are getting more
complicated (Obi et al., 2024,000). Because standard security measures don't always work with cybercriminals’
changing tactics, it is important to use advanced Al technologies that can learn from and respond to these changing
threats (Bécue et al., 2021).

Although online threats are getting more complicated, the problem statement stresses the need for new ways to find
and stop them. Regular security measures might not be able to keep up with how online threats change, leaving
businesses open to harm and unprotected. Some signature-based detection systems don't pick up on new attack vectors,
especially when it comes to evasion methods (Mallick and Nath, 2023) even though they can pick up on known threats.

For cybersecurity strategies to keep up with the ever-evolving threats (Sarker, 2024), they need to include creative Al.
According to this study, diffusion models, a type of generative artificial intelligence, might be able to help make defence
better. Finding and handling cyber risks can be made easier by looking into the unique features of diffusion models in
this study. This creates new ways to find anomalies, combine data, and predict threats. In this essay, we look at diffusion
models and how they can be used in cybersecurity to show how new technologies can be used to create strong security
systems that can change as cyber risks alter. By showing how important advanced creative methods are for keeping
digital assets safe in today's dangerous cyber world, it adds to the conversation about artificial intelligence in
cybersecurity.

2 Literature Search

The study utilized five scientific databases and a systematic search strategy to identify research articles on Leveraging
Generative Al for Cybersecurity: Analysing Diffusion Models in Detecting and Mitigating Cyber Threats (PubMed, Google
Scholar, Scopus, IEEE, and Science Direct) (Zhao et al., 2020). Furthermore, there were books, dissertations, master's
theses, and conference proceedings. The search terms "Cyber security" and the keywords "Generative Al” and
“Diffusion model" were inputted into the search engine. An exhaustive list of abstracts was acquired and scrutinized for
the present study; any publications meeting the inclusion criteria were thoroughly investigated. The review
encompassed all publications published until 2024.

3 Results

3.1 Whatis Generative AlI?

This kind of Al makes data that looks like data from the real world. Generative Al doesn't sort data or guess what it will
be; it makes new text, images, sounds, and videos. Bandi et al. (2023) say that this power has changed many things by
making people more creative, making things run more smoothly, and giving people useful fake data for many things. As
Al gets better, it has helped singers, artists, and designers find new ways to present their work. Users of DALL-E and
Midjourney can turn words into art, which gives them more ways to be creative. Based on Zhou and Lee (2024),
generative Al can write scripts, make songs, and make levels for video games. This helps find new ways to play games
and tell stories.

Generative Al can be used for more than just making things. It can also be used in data science and analytics. Abumalloh
et al. (2024) say that companies can train machine learning models without letting private data get out by making fake
datasets that look like real-world data patterns. This is very useful in healthcare, where it's important to keep patient
information secret. Natural language processing (NLP) is better with generative Al because it can write like a person,
translate languages, and summarize data (Obaid et al,, 2021).
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Generative Al looks for patterns in data and makes new samples based on those patterns. These models can learn the
subtleties of the input data so that they can produce statistically close results by using more than one training method.
Alwahedi et al. (2024) say that the fact that generative Al can copy makes it a powerful tool for progress and creativity
in all those areas.

3.2 Understanding Diffusion Models

Different from other creative Al methods, diffusion models create data in a uniquely different way. Models of diffusion
use probabilistic processes to create data by simulating increasing noise. In many steps, noise is slowly added to a
dataset until it can't be told apart from pure noise (Zhang et al., 2023). Training the model to make the original data
from the noisy version reverses the process of noise. This two-step process turns random noise into clear data instances,
which lets the model make new samples (Ble, 202<). You can make diffusion models with Markov chains, where each
step represents a change in the state of the data. Although the forward diffusion process messes up data, the reverse
process uses samples from a learned distribution to fix it. (Wang et al., 2024) says that this method models random
events using statistics and machine learning.

As compared to GANs and VAEs, diffusion models are better. Using GANs, a generator and a discriminator fight to make
realistic data and tell the difference between real and generated samples. For example, Sharma et al. (2024) say that
this strong adversarial training can lead to mode breakdown and generator instability with little output variety. Virtual
reality encodes information into a hidden space and then takes samples from that space to make new instances.
Achieving high precision makes VAEs less accurate when trying to fit complicated distributions.

These issues can be fixed by diffusion models that improve training stability and product quality. For richer and more
diversified outputs, diffusion models use denoising to create more detailed data (Cao et al., 2024). Dielectric models are
widely used in picture production and other fields because they are stable and good.

3.3 Applications of Diffusion Models

Diffusion models are appearing in more and more new areas, showing how flexible they are and how well they can
produce good data. Yang et al. (2023) says that one of the key uses is to make images. It's amazing how creatively and
accurately DALL-E 2 and Stable Diffusion can use diffusion methods to turn text into photorealistic images. These
models might make pictures that have their own artistic styles and look like real things, which can help people
understand difficult ideas (Patil et al., 2024).

Artificial neural networks (NLP) are testing diffusion models to see how well they can create text that makes sense and
fits the situation. These models can write creatively, make content, and react like people because they understand
language structures and semantics (Filippo et al., 2024). From these skills come chatbots, automated stories, and
content creation for marketing and social media.

Cybersecurity uses of diffusion models go beyond these uses. As cyberattacks get smarter, fake data that shows attack
routes can help find threats more quickly (La Salle, 2023). Utilizing generative cyberattack simulations, businesses can
teach their Al systems to recognize and react to unusual events. In cybersecurity, diffusion models can help make strong
training datasets that let systems learn from a wide range of situations, such as new or unusual threats (Sai et al.,, 2024).

Additionally, diffusion models are a strong and flexible creative Al technique. Their unique design, longevity, and ability
to produce high-quality data make them useful tools in both the arts and cybersecurity (Jamal, 2024). As study and
development go on, diffusion models are ready to stimulate new ideas and tackle tough digital problems (Shibeika and
Harty, 2015).

4 The Cybersecurity Landscape

4.1 Overview of Cyber Threats

Cybersecurity is getting harder to understand and more dangerous for people, businesses, and countries. There is a
different way to attack and a different effect for each type of computer threat. Admass et al. (2023) say that malware,
ransomware, scams, and DDoS attacks happen all the time.

Malware is computer software that attacks, hurts, or stops working devices, networks, and computers. Malicious

viruses, worms, Trojans, and spyware take advantage of weak spots in systems (Akinde et al., 2021). Ransomware has
recently become popular because it locks files and asks for money to unlock them. Because this attack can stop work
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and cost money, cybercriminals love it (Ryan, 2021). Phishing is another common cyber threat. It looks like real email
but is trying to steal your login information or bank information. Gururaj et al. (2024) say that social engineering that
uses psychological tricks is especially sneaky. DDoS attacks, on the other hand, send a lot of data to a target's server,
service, or network, stopping it from working and stopping services.
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Figure 1 Types of Cyber threats (Li and Liu, 2021)

As cybercriminals get smarter, they use APTs and zero-day attacks. Well-resourced adversaries start coordinated APTs
against specific organisations or industries to steal sensitive data over time (Sfetcu, 2024). Attackers use stealth to get
into systems that have been hacked without being seen. Zero-day exploits are software flaws that neither sellers nor
the public know about (Waheed et al., 2024) Because there are no fixes or defenses in place at the time of the attack,
these flaws could let attackers get in without permission and cause damage before any security measures are put in
place. To stop these computer threats from getting smarter and more varied, we need more advanced ways to find them
and stop them.

4.2  Existing Al Solutions in Cybersecurity

In cybersecurity, where risks are always changing, Al has made it much easier to find problems and deal with them. To
find bad trends, Jada and Mayayise (2023) say that deep learning and machine learning are types of Al that look at a lot
of data. More complex systems that look at past data are taking the place of rule-based models that use known threat
signatures. Anomaly detection systems are a big step forward in defence artificial intelligence, say Jada and Mayayise
(2023). They're supposed to find odd behaviour that could mean there was a breach. The algorithms used in behavioural
analytics help companies that use them find users who are acting in strange ways. Deep learning-based systems that
collect threat intelligence look at a lot of different sources of data to find new holes and ways to attack.

Defence Al models have a lot of issues, even though they can be useful. The issue of accuracy remains important, despite
the potential of artificial intelligence to lower false positives (Kaur, 2023). Bad labelling can keep threats from being
found or set off alarms when security staff are already worn out. The study by Oyinloye et al. (2024) inquires whether
Al models can adapt to new dangers. Because hackers are always changing how they do things, Al systems need to be
able to spot patterns and draw conclusions from small groups of data. To find new ways to fight threats that aren't
already known, you need to be able to adapt (Bordeanu, 2024). The fact that models of artificial intelligence can be
described makes defense even harder. In important situations, experts need to know how a model makes choices
because the wrong readings can lead to very bad outcomes (Sindiramutty et al,, 2024). Al models and deep learning
systems often behave like "black boxes," which makes it tough to understand how they decide what to do (Rudin, 2019).

4.3 Why We Need Generative Al in Cybersecurity

Generative artificial intelligence needs to be a part of cybersecurity tactics because cyberthreats are getting more
complicated. Traditional detection systems that use Al have a hard time keeping up with how quickly hacks change, so
models need to be able to adapt and generalize well. As Abdulhussein (2024) says, generative Al, especially when used
with diffusion models, might be able to solve these problems well.

Generative artificial intelligence programs make fake data that looks like real-world dangers. This feature makes it
easier to create large and detailed training sets, which can help machine learning systems recognize different attack
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paths, even ones that are new or haven't been seen before (Pezoulas et al., 2024). Generative Al models are getting
better, which helps make security better and gives organizations better tools to prepare for possible future risks. De
Azambuja et al. (2023) use to plan cyberattacks.

Artificial intelligence models that generate new ideas must be able to change to the constantly changing world of
cybersecurity. Kaur et al. (2023) say that these models can be taught to recognize and stop new attack methods, which
makes security strong and effective. The utilisation of synthetic attack data allows organisations to thoroughly assess
and confirm the effectiveness of their security systems, thereby enhancing their defensive measures and reaction
protocols (Steingartner et al,, 2023). Being that cyberthreats are so complicated, it is important to use new and flexible
ways to find them. Gupta et al. (2024) say that generative artificial intelligence could change the way cybersecurity is
done because it can create coherent data and react to different environments. Generative models allow organisations
to enhance their ability to spot and react to threats, thereby fortifying their cybersecurity frameworks in a challenging
digital landscape (Dhoni and Kumar, 2023).

5 Detecting and Mitigating Cyber Threats with Diffusion Models

5.1 How Diffusion Models Work in Detecting Cyber Threats
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Figure 2 How Cybersecurity works (Almalaq et al., 2022)

Diffusion models are changing cybersecurity, especially finding strange things. Seeing strange behaviour can be a sign
of cyber threats like unauthorized entry, data theft, or system intrusions. They can learn complex data distributions and
spot "normal” behaviour in a dataset, making diffusion models powerful (Shyaa et al., 2024).

In anomaly detection, network traffic, user behaviours, and system logs are used to train diffusion models. The model
learns to recognize complicated patterns of behaviour during training. Understanding normal operational metrics is
easier when you teach the model to make fake samples that match this trend (Veres and Moussa, 2019). As new data
comes into the model, it can check it against the rules that were already set. Security experts are aware of possible
threats when there are big changes from the norm. Furthermore, to finding problems, diffusion models can improve
datasets and create fake data (Wang etal,, 2021). Lack of data for new or rarely occurring types of attacks hurts defence.
By making new cyber threats, generational diffusion models improve threat detection algorithms and add to training
datasets. This method gets Al systems ready to find both common and unusual ways to fight (Chougule, 2024). By
making fake data that mimics both normal and abnormal behaviours, diffusion models make machine learning systems
stronger. To make detection systems work better, the model can come up with believable versions of a rare attack based
on what it knows about existing data (Truong et al., 2024). With this proactive cybersecurity method, businesses can
get ready for threats before they happen.
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5.2 Case Study: Diffusion Models in Malware Detection

In the area of malware detection, diffusion models show that they can find and deal with new types of malwares
(Elingiusti et al., 2018). As software gets smarter, and threats get more complicated, old static signature-based methods
are losing their power. Instead of using fingerprints, diffusion models look at how malware acts and can be used in
several situations (Ashawa and Morris, 2021).

It is possible for diffusion models to be taught on datasets that contain both good and bad software behaviour. By
looking at how legal applications behave and comparing them to malware patterns, the model can successfully find
malware, even new versions that may come up (Karyotis and Khouzani, 2016). For example, diffusion models can look
at the parallels and differences between a new type of ransomware and other types of malwares that are already out
there. New research suggests that diffusion models can effectively find malware that acts in strange ways. When
observed behaviours are used to make fake malware samples, an accurate training environment can be created that
helps the model understand new malware strains (Amer etal., 2021). It is possible to make malware identification faster
and more accurate by using diffusion models. The model finds patterns in how malware acts, which lets it prioritize
alerts based on how important they are. This makes incident reaction more effective (Jacob, 2022). The model can let
the officials know when a new strain of malware shows signs of being a high-risk variant. This speeds up the response
and prevention efforts.

5.3 Diffusion Models for Real-Time Threat Mitigation

The power of diffusion models to make predictions could help protect against real-time cyber threats. According to
Gonaygunta (2023), these algorithms are always looking for problems in the streams of arriving data and alerting
security staff to possible threats. Real-time deviation spotting lets businesses act quickly on new risks, often before they
do a lot of damage. Diffusion models help find dangers early and stop attacks before they happen. To keep services
running, security teams can handle, or shift network traffic spikes caused by DDoS. Because quick responses are so
important, these predictive skills help vital infrastructure and financial institutions (Islam et al., 2022).

Diffusion models can be used to guess threats and attack trends. These algorithms look at data from past attacks and
observations from the present to find trends that suggest hackers might use new attack methods (Apruzzese et al,,
2022). Businesses can improve their security and get ready for new threats when they know this. Cybersecurity systems
that use predictive analytics make it easier to find threats and make choices (Nassar and Kamal, 2021). Diffusion models
help security teams figure out the best way to send resources to high-risk areas. Threat mitigation makes security better
and more flexible so it can change to new cyber threats.

5.4 Diffusion Models in Dealing with Advanced Persistent Threats (APTs)

| oo |
=

- et Audit Stream
- y [ e
Windows *

fr—

/\ Audit Stream Causality
— .
Construction

o]
]
@

*  lsowcrnd Edge

Linux

= '©, NetCut
Audfit Stream

FreeBSD

Malickyas Edge

) 4
o~

Provenance Graph of OS-Level Operations ‘ Mo Enlly

TAI0AR19

Figure 3 An Overview of Provenance Graph-Based APT Audit Approach (Wang et al.,, 2024)



GSC Advanced Research and Reviews, 2024, 21(02), 001-014

Advanced Persistent Threats, or APTs, are a big threat to cybersecurity because they are very smart and take a long time
to target specific companies. APTs get into systems and hide for a long time by being quiet, patient, and using advanced
techniques (Sfetcu, 2024). By looking at huge amounts of data and finding trends related to APTs, diffusion models can
find and lower APT risks. To find APTs correctly, diffusion models need to be trained on datasets that are known to be
safe (Benabderrahmane et al., 2024). These models can find small signs of APT activity, like moving networks laterally,
seeing strange access patterns, and finding ways to steal data that regular security systems miss. It could lead to a review
if an employee looks at private files when they're not at work.

When looking for an APT, diffusion models may be able to pick up on network lateral motions early on. Once attackers
get into a network, they often move around it looking for information or entry permissions (Karam, 2022). By finding
the right user behaviour, training diffusion models helps security teams find lateral movement. This let’s help be given
quickly, before big problems happen (Gragg, 2003). Models of diffusion map APT TTPs. By looking at past data and
simulating attack situations, these models help companies understand APTs and build defences against them (Wang,
2020). Companies can use predictive analysis to make security measures that are resistant to APTs.

6 Challenges in Implementing Diffusion Models in Cybersecurity

6.1 Data Privacy and Security

Data security and privacy make it harder for cybersecurity diffusion ideas to work. Diffusion models need a lot of data,
such as personal information (PII), financial records, and secret information about an organization. People worry about
their privacy when it comes to these private data because leaks or unauthorized access could hurt people and businesses
(Li and Liu, 2021). Law and morality make things more difficult. The GDPR and CCPA put limits on how businesses can
use sensitive information. These rules cover things like openness, agreement, and erasure of data processing, which
could make it harder for businesses to use Al safely (Dos Santos, 2020). Because of problems with not following the
rules, companies might not want to share data used to train models and find it hard to create Al-based security solutions
(Wall, 2021).

When private data is used to train Al algorithms, it raises ethical questions. Companies need to deal with who owns the
data, getting informed agreement, and biases in the dataset. If you train diffusion models on biased or uniform data,
they might keep their biases and miss threats. So, cybersecurity groups that use diffusion models need to deal with risks
to data privacy and security (Tatineni, 2019).

6.2 Computational Resources

Cybersecurity diffusion models are hard to use because training big models is very time-consuming and computer
intensive. As Munoz (2023) says, GPUs or TPUs are needed for diffusion models that work with large datasets or
complicated designs. This system can be hard for businesses that are small or don't have a lot of money. It takes time,
energy, and tools to train a diffusion model. Li et al. (2023) say that training deep learning models takes a long time
because they need to be changed and improved a lot. Businesses might not use these advanced technologies because
they need a lot of resources, and their IT goals may not be compatible. The cloud, which can grow or shrink based on
needs, can help businesses fix these problems. Cloud-based options are hard to use because of problems with data
security, managing vendors, and following rules (Padhy, 2011). More computer resource-intensive diffusion models
need to be used in defence.

6.3 Explainability and Trust in Al Systems

Diffusion models and cybersecurity solutions that are powered by Al make it harder to understand and trust.
Interpreting model decisions is the main job. Afroogh et al. (2024) say that diffusion models and many other deep
learning systems are "black boxes," which makes it hard to understand the findings. Lack of openness can make people
less likely to trust a system, especially when mistakes could have very bad results.

Cybersecurity decision-makers must figure out what model results mean. It's not okay for security teams to follow a
model's advice if they don't know why it saw a threat or an unusual event. Al-enhanced security could be limited by a
lack of faith, which could slow down responses or reject model results (Villadiego, 2020). Organizations should
prioritize Al systems that can be explained to build trust and human control. With openness frameworks, security teams
can put model decisions in their proper context (Hamon et al, 2020). By showing model output effects, feature
importance analysis helps people trust Al-driven protection solutions more. As Binhammad et al. (2024) say, giving
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human operators knowledge that they can understand will improve how Al systems and security staff work together
and how they respond to cyber threats.

6.4 Evolving Nature of Cyber Threats

Because cyber dangers change over time, it can be hard to use cybersecurity diffusion models. According to Safitra
(2023), cybercriminals are always changing their methods, which makes it hard to use diffusion models to find and deal
with new threats. Without new data and threat intelligence, models may become useless when hackers hit without
warning. Companies need to find ways to use methods of sharing that include ongoing learning. According to Labu and
Ahammed (2024), feedback loops can teach the model again with new threat data so that it can change to new attack
patterns.

Threat intelligence streams give organizations information about flaws, exploits, and malware in real time. During
training, this information helps diffusion models find new threats and strange things. Putting together threat
intelligence data is hard because companies must make sure it is correct, up-to-date, and useful (Li and Liu, 2021).

7 Case Studies and Applications

7.1 Case Study 1: Diffusion Models in Network Intrusion Detection

The diffusion models in network intrusion detection tools have made security better. Invasions of a network include
getting in without permission, stealing data, and DDoS attacks. It's possible that old breach detection systems won't be
able to find new ways to attack. In comparison, diffusion models use data to find strange network traffic patterns (Ullah
et al,, 2024). A lot of data sets showing how networks usually act in different situations were used to train diffusion
models. The size, frequency, source and destination IP addresses, and protocol types of packets are used by this model
to learn regular traffic trends. Tang et al. (2023) says that after training, the software mimics network behavior to find
intrusions. The model was tried for port scans, DDoS attacks, and advanced invasions in a controlled setting. This
diffusion model found these dangers while limiting alerts from harmless events like normal maintenance or changes in
how users behave (Tidjon, 2020).

Alert fatigue from high false positive rates limits cybersecurity teams' ability to react to serious assaults (Mikkelsen and
Seljasen, 2024). Diffusion models make intrusion detection more accurate and efficient, so security pros can focus on
real threats instead of false alarms (Apruzzese et al., 2022). This example shows how diffusion models make networks
safer, which is why they are important for modern defence.

7.2  Case Study 2: Diffusion Models for Phishing Detection

Phishing still takes important data from businesses, but the methods used are getting smarter. Diffusion models look at
and make examples of phishing emails and websites to help with detection (Harrison etal.,, 2016). In a recent case study,
researchers used real and fake emails to train a spread model. Phishing was found with the help of language, URLs that
looked sketchy, and sender names that didn't make sense. Using fake emails, the model added new and different types
of phishing to the training set (Das, 20214).

It worked to use the diffusion model to sort emails. It was the algorithm that was better at finding phishing emails than
keyword recognition and heuristic analysis (Salloum et al., 2022). Gallo et al. (2024) say that the diffusion method looks
at email structure, metadata, and content to find phishing before people see any harmful content.

The model also worked even as hacking methods changed, the study found. The screening system stays useful even as
attackers get better thanks to the diffusion model's ability to make new phishing samples (Frauenstein and Flowerday,
2020). This feature protects people and cuts down on fake emails sent to end users, which makes the job of IT and
security experts easier (DeWitt, 2007).

8 Future of Generative Al and Diffusion Models in Cybersecurity

8.1 Emerging Trends

In the field of cybersecurity, generative Al, especially diffusion models, will grow as new technologies are developed
and threats change. These days, popular mixed models use both reinforcement learning and diffusion learning. By trying
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things out and learning from them, reinforcement learning makes it easier for diffusion models to find danger in real
time (Zhang et al,, 2021).

Diffusion models can learn from their mistakes and spot problems with the help of reinforcement learning. Using
blockchain technology, security solutions could keep data safe, handle it in a clear way, and model interactions. Khan et
al. (2021) says that decentralized blockchains can keep track of and protect diffusion model input data from being
changed.

In cybersecurity, this is important because trust in data changes how well models work. As Daah et al. (2024) say,
blockchain can protect model changes and data access, encouraging a team-based hacking approach that puts
responsibility and openness first. Putting together anomaly detection systems that look for and deal with threats using
a variety of models, such as diffusion models, is becoming more common. Figuring out how networks work with model
information helps businesses find and lower cyber threats (Dey, 2022). These improvements show that generative Al
will help make cybersecurity strategies that work better and change as needed.

8.2 The Role of Policy and Regulation

Using generative Al in defence needs rules and laws. Guidelines for ethical and legal Al use in this area need to be set up
by the government and regulated. (Humphreys et al., 2024) says that companies that sell cybersecurity solutions that
use Al must follow rules about privacy, algorithmic bias, and responsibility. To solve generative Al's problems,
lawmakers, Al researchers, and cybersecurity experts need to work together. This can encourage the use of sensible
cybersecurity diffusion models by creating best practices for model training, data handling, and risk assessment (Fui-
Hoon Nah et al,, 2023). A discussion with relevant parties can show the dangers of generative Al and suggest ways to
reduce them.

Allowing users and stakeholders to trust Al models requires that they can be explained and understood. For
cybersecurity experts to be able to analyse diffusion model results (Diaz-Rodriguez et al., 2023), Al decision-making
transparency requirements are mandatory. According to these rules, cybersecurity Al apps should be fair and not favour
some people over others. Lawmakers need to change their rules to deal with the new problems that generative Al
technology brings to this quickly changing world (Petersen et al,, 2022). To ethically use generative Al, stakeholders
must encourage creativity and ethics in cybersecurity rules.

9 Conclusion

Diffusion models can change how cyber threats are found and how they are dealt with. Cyber threats that are
complicated and broad need creative solutions. Diffusion models change the way cybercrime is stopped by using high-
quality data and real-time anomaly spotting. Generative Al, especially diffusion models, can help businesses do more
than just use signatures to find things. Even small changes in behaviour that could be signs of an attack can be picked
up by synthetic data. With a better and more data-driven method to detection accuracy and false positives, cybersecurity
teams can focus on what's important. Lastly, generative Al and diffusion models in cybersecurity start a new age of
being proactive about stopping threats. Companies can plan better and take fewer risks when they understand this
technology. If we use these new ideas, cybersecurity might get better, which would make the internet safer for people
and companies. Learning about diffusion models helps us make the future of safety more stable, flexible, and useful.
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