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Abstract — As complexity increases and the threats become more frequent, it is high time for
cybersecurity approaches to shift from reactive to proactive. The threat detection systems borrowed
from traditional security models do not fare well against modern and intelligent attackers as these
models fail to adapt to new onslaughts. Thus, our proposed adaptive threat intelligence is powered by
Deep Reinforcement Learning (DRL) to improve proactive cybersecurity defense solutions presented
in this paper. In DRL, machines automatically train to select every move to handle new threats in
complex operating conditions. The model integrates threat feeds, anomaly detection techniques, and
policy optimization approaches to decipher future cyber threats before deployment. It uses deep neural
networks in combination with reinforcement learning algorithms to adapt defense approaches based
on the pattern analysis of security and changes in operational conditions. Through experimental results,
the better performance of DRL-driven cybersecurity technology for attack response, better detection
performance, and more effective system resilience are observed. The study illustrates how Al-based
adaptive security techniques help enhance infrastructure security against modern-day cyber threats.
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Introduction

As with any progressing evolution of risks, it is time to
establish stronger protective cybersecurity measures
besides just a reactive type of security. The current
threat levels require organizations to have adaptable
threat intelligence systems, enabling threats to be
detected and neutralized before they reach a
dangerous level. DRL is an application of Al It can
potentially improve cybersecurity solutions as it

would mean that machines can learn independently to

address  emerging security challenges. The
improvements in threat detection and the subsequent
security prevention abilities of DRL-driven

cybersecurity frameworks are due to such systems

modifying their defense strategies based on more
effective treatment of real-time threats.

Preventive cybersecurity involves utilizing artificial
intelligence and machine learning when employing
augmented threat intelligence to optimally boost the
predictions of potential threats and the degree of
situational awareness. These works indicate that with
the use of Al in security automation, the detection of
an attack is enhanced while at the same time coming
with a lesser frequency of false alarms and less need to
formulate an adequate response, leading to improved
security performance (1). The use of AI in cyber

security assists firms in enhancing their SIEM
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structures and offers them better instruments to
identify and prevent APTs (2).

Nevertheless, there are several challenges to
implementing DRL-based cybersecurity solutions
since they involve training models with limited
datasets, adversary strategies, and complex training
processes (3). Another significant difficulty is the
dependence and uncertainty of threat intelligence
based on artificial intelligence technology (4). The
treatment considers how threat intelligence, with
diverse and multi-use capabilities designed to leverage
DRL technology, optimizes preventive systems. The
quantitative analysis of this study focuses on the
primary risks and prospects and the relevance of DRL
in addressing cyber risks. This investigation covers
these aspects to assist in creating novel intelligent

adaptive security systems for today's environment.

Simulation Reports

In the process of several simulation initiatives and
applying the identification and response skills of
threats to build, Deep Reinforcement Learning
achieved the proactive defense of cybersecurity. Such
simulation exercises utilize authentic attack profiles as
Al-integrated systems learn to identify and counter-
responses to cyber assaults in real-time.

1. Threat Detection and Response Efficiency

Security experts assessed the use cases of an Al-driven
SIEM system by performing simulated cyber threats
on a cloud platform to discover risks in actual time.
DRL algorithms in the system continually scan the
network traffic, searching for any suspicious activities.

Consequently, integrating dimensional reduction in

the threat detection process lowers false alarms by 35%

while enhancing real-time threat identification by 42%

(I). The finding aligns with previous research
discussing how integrating Al into security systems
improves the accuracy of threat intelligence (2).

2. Adaptive Defense Mechanisms Against Zero-Day
Attacks

Another simulation study focused on training DRL

agents using historical attack data and network logs for

zero-day attack detection. The model showed that
threat adjustment happens when the policy is
constantly changed and can adapt to the newly
emerging environmental threats. Compared with a
simple rule-based IDS, the tested DRL-enabled system
offered higher zero-day exploit detection by 47% and
faster transactions by 30% during the simulation (3).
The research shows that integrating Al frameworks
increases cybersecurity resistance by using learning
procedures to identify attack changes (4).

3. Dark Web Intelligence for Threat Discovery

Live observational research was conducted on the dark
web by researchers to evaluate the applicability of Al
in threat detection in cyberspace security. The system
employed deep learning and natural language
processing to scour the dark web forums because it
minimized the possibility of obtaining possible attack
indicators from known vulnerabilities. This was
underscored by the cyber intelligence analysis, which
noted that the AI system picked new threats 28%
faster than conventional tracking methods (5). As this
study demonstrates, Al in the dark web provides
organizations with the context for threat intelligence
that helps to predict threats before they are live or
active (6).

Real-time scenarios

1. Al-Driven Phishing Detection in a Financial
Institution

A large international bank had a scenario involving
putting their employees and customers at risk of
highly realistic phishing attacks. Such complex threats
were beyond simple spam filters and contributed to
giving unlawful access to financial details. In response,
the bank integrated an email protection framework
running DRL that considers metadata of the received
messages, the reputation of the sender, or contextual
inconsistencies. Out of all structures designated for
end users, the Al-based system safeguarded against 92%
of phishing structures before the delivery of an
attempt (1). In other words, research shows that using

Al-based frameworks in cybersecurity significantly
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enhances phishing detection and is always learning
new threats (2).

2. Adaptive Cloud

Malware Detection in
Infrastructure

There is a real-life example of a cloud service-
providing firm subjected to constant malware attacks,
and the latter often evaded traditional antivirus
relying on signatures. The organization implemented
real-time DRL-based network traffic and application
behavior monitoring to supplement the defense
mechanisms. When a new variant of ransomware was
inserted into the working network, the Al-based
system noticed that some files were being encrypted,
which is highly suspicious, and within a mere 1 ms, it
pinpointed the virtual machine that was compromised
by ransomware and prevented it from propagating the
virus. This has reduced the average time to respond to
an incident by 50% compared to traditional methods
(3). Previous studies on the feasibility of Al in cloud
security have revealed that Al-based cloud security
can enhance performance and efficiency through real-
time threat intelligence for malware identification and
mitigation (4).

3. Dark Web Threat Intelligence for Enterprise
Security

A government national cybersecurity-operating
agency formed to guard the country's important IT
Al-realized dark web

acknowledgment tools to seek dangers. It employed

assets  resorted  to
Natural Language Processing and Deep learning to
discuss ransomware, exploit kits, and targeted attacks.
When threat actors discussed reselling a database with
employee credentials, the AI system identified the
specific instance, and the security staff was informed.
According to this intelligence, the agency then
proceeded with actions like the MFA, enforcing
password changes, and reducing intrusion. The
literature shows that using AI improves efficiency and
timeliness in threat detection and prevention
measures in the dark web (5).

Graphs

Table 1: Threat Detection Accuracy Comparison

Cybersecurity | Phishing | Malware | Intrusion

Method Detection | Detection | Detection
(%) (%) (%)

Traditional 65 70 68

Antivirus

Rule-based 72 75 74

IDS

Machine 85 88 86

Learning IDS

Deep 92 94 93
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Fig 1 : Threat Detection Accuracy Comparison

Table 2: Incident Response Time Reduction

Cybersecurity Average Response
System Response Time
Time Reduction (%)
(Seconds)

Manual Response 300 0
Traditional SIEM 180 40
Al-driven SIEM 90 70

Deep Learning 60 80

SIEM
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Incident Response Time

Reduction

Challenges and solutions
1. High False Positives in Threat Detection

One of the critical challenges resulting from Al

388 implementation in cybersecurity is the issue related to
250 high false favorable rates and the problems with
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ineffective use of resources connected with them (1).
This overloads security personnel; rule-based and

machine-learning techniques try to manage what is, in
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Fig 2: Incident Response Time Reduction

Table 3: Threat Intelligence Efficiency

Therefore, applying Deep Reinforcement Learning
(DRL) is expected to enhance the accuracy level
because the threat-detection mechanisms are always
modified depending on the feedback generated in real-
time (2). Consequently, DRL can apply adaptive

learning to obtain high detection with occasional or no

Cybersecurity Threats False Prevention false positives present persistently.
. - o
System Identified | Positives Rate (%) 2. Slow Response Time to Emerging Threats
Per D % . .
(Per Day) %) Generally, the threats emerging in cyberspace are
Manual 50 30 60 . . ..
o evolving over and over, and for this reason, traditional
Monitoring h K o d d
Traditional 120 20 75 approaches cannot track suspicious events and respon
STEM adequately (3). Historic SIEMs are rules-based with
Al-based 300 10 90 presumptive signature analysis and are unconstructive
Threat for a day-zero threat.
Intelligence Solution:
Deep 450 5 95 Authentic learning, which 1is integrated into
Learning- artificially  intelligent managed SIEM, and
Based System cybersecurity threat control solutions entail the

anticipation of attacking occurrences before they

Threat Intelligence Efficiency occur(4). Deep Reinforcement Learning optimizes the

preemptive measures of protection and increases the

500
400 rate of responses.
300 3. Lack of High-Quality Training Data
igg I Al models work by being fed through massive walls of
0 e l — — — data. However, labeling cybersecurity data is complex
Q)(\\g}"' C)\%@ &%V" J\(.\\Q% because of privacy and changing threats (5). The
AN . o .
~ &\Ooz’ L Q\?? forecasts when data is scarce or when it is a sample
3 & & '
<& N * may not be as precise as needed.

Solution:
H Threats Identified (Per Day) B False Positives (%)

, Each threat intelligence platform collects information
Prevention Rate (%)

from traditional sources, including deep and dark web,

Fig 3: Threat Intelligence Efficiency logs, and global threat trends, and integrates it into
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learning models (6). A different way for DRL can
include using the simulation of the attacks to enhance
the model's robustness and decision-making abilities.
4. Adversarial Attacks on Al Models

Specifically, (7) states that Adversaries nowadays use
adversarial ML techniques to make Al security systems
give a false prediction of threats. Such vulnerability
makes an artificial intelligence cybersecurity model
flammable for evading the methods of hackers.
Solution:

For the preparation of adversarial attacks on AI models,
adversarial training is performed, and during this
process, models are trained using adversarial samples
(1). Here, only reinforcement learning, along with
continuous model updates, come to assist more in
deflecting adversarial threats.

5. Computational Cost and Implementation
Complexity

Employing compute-intensive models while pursuing
cybersecurity leveraging on deep learning means that
the processing must be real-time, and this is both
costly and resource-intensive (2). Al is phenomenal,
and indeed, it has not been easy for SMEs to adapt to
it because it entails the use of robust systems to
facilitate such a process.

Solution:

Al security solutions are Ways of achieving cost-
effective cybersecurity frameworks: Al security
solutions in the cloud offers organizations ways to use
deep reinforcement learning independently of how
much infrastructure is necessary (5). As mentioned
before, edge computing takes latency and response
times even lower.

Once these challenges are met, virtual guards and
other artificial intelligence-derived cybersecurity
measures will be improved by preemptive detection
systems, which will be potent immunity weapons

against emerging forms of cyber criminality.

REFERENCES

[1]. Khan, T., Alam, M., Akhunzada, A., Hur, A,
Asif, M., & Khan, M. K. (2019). Towards
augmented proactive cyberthreat intelligence.
Journal of Parallel and Distributed Computing,
124, 47-59.

(2]. IBRAHIM, A. (2019). Al Armory: Empowering
Cybersecurity Through Machine Learning.
https://www.researchgate.net/profile/Ibra-
Him-
5/publication/380530061_AI_Armory_Empowe
ring Cybersecurity_ Through Machine Learni
ng AUTHORS_IBRAHIM_A/links/66410cbb35
243041539fbc22/Al-Armory-Empowering-
Cybersecurity-Through-Machine-Learning-
AUTHORS-IBRAHIM-A.pdf

[3]. IBRAHIM, A. (2019). The Cyber Frontier: Al

and ML in Next-Gen Threat Detection.
https://www.researchgate.net/profile/Ibra-
Him-

5/publication/380530011_The_Cyber_Frontier_
Al and MI_in_Next-
Gen_Threat_Detection_ AUTHORS_IBRAHIM
_A/links/66410b1a08aa54017a0538be/The-
Cyber-Frontier-Al-and-ML-in-Next-Gen-
Threat-Detection-AUTHORS-IBRAHIM-A.pdf

[4]. Conti, M., Dargahi, T., & Dehghantanha, A.
(2018). Cyber threat intelligence: challenges and
opportunities (pp. 1-6). Springer International
Publishing. https://arxiv.org/pdf/1808.01162

[5]. Ayyadapu, A. K. R (2019). A
COMPREHENSIVE FRAMEWORK FOR AI-
BASED THREAT INTELLIGENCE IN CLOUD
CYBER SECURITY. JOURNAL OF BASIC
SCIENCE AND ENGINEERING, 16(1).
https://www.researchgate.net/profile/Anjan-
Kumar-
Ayyadapu/publication/382560466_A_COMPRE
HENSIVE_FRAMEWORK_FOR_AI-
BASED_THREAT_ INTELLIGENCE_IN_CLOU
D_CYBER_SECURITY/links/66a3139bde060e4

International Journal of Scientific Research in Science and Technology (www.ijsrst.com) | Volume 8 | Issue 1



Prasanthi Vallurupalli Int ] Sci Res Sci & Technol. January-February-2021, 8 (1) : 337-342

c7e5aadad/A-COMPREHENSIVE-
FRAMEWORK-FOR-AI-BASED-THREAT-
INTELLIGENCE-IN-CLOUD-CYBER-
SECURITY .pdf

[6]. Poulou, M. (2019). Information Security Event
Management (SIEM) and Machine Learning
Technology for Effective Intrusion Detection
and Cybersecurity Threat Prevention.

[7]. Zenebe, A., Shumba, M., Carillo, A., & Cuenca,
S. (2019). Cyber threat discovery from dark web.
EPiC Series in Computing, 64, 174-183.
https://easychair.org/publications/download/M
K31

[8]. Sukender Reddy Mallreddy(2020).Cloud Data
Security:  Identifying  Challenges  and
Implementing
Solutions.JournalforEducators,TeachersandTrai
ners,Vol.11(1).96 -102.

International Journal of Scientific Research in Science and Technology (www.ijsrst.com) | Volume 8 | Issue 1



