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Cyber-attacks become manifested as a series of behavioral patterns, but not as an event, and many
current security regimes stay based upon a static detection and fixed trust implementation. Such
incongruence restricts their capability to act in a dependable manner in fluctuating and
unpredictable threat situations. The existing artificial intelligence-based cybersecurity products
mainly focus on the detection performance. Due to this, such systems will still be vulnerable to
false positives, erratic reactions, and degradation of performance over time. This paper proposes a
behavior-sensitive cybersecurity model that brings together sequential behavioral modelling, risk-
adaptive cryptography implementation, and integrity-guaranteed learning in an architecture with
closed loops. The temporally structured patterns of activity are considered as behavioral risk, which

Sequential behavior modelling
Secure learning systems
Intelligent threat response

allows making proportional, not binary, trust decisions. Cryptographic policies are adaptively
changed based on the inferenced risk, whereas learning updates are explicitly secured to maintain
the model reliability as time goes by. The experimental findings indicate that the proposed
framework can obtain a detection accuracy of 96.7% and F 1-score of 96.0, as well as a false
positive rate decreased to 3.1%. Moreover, the adaptive response latency is also decreased by a
factor of about 20-30% relative to the representative baselines and also enhanced stability in
response to adversarial noise. These results indicate behavior-based intelligence.

© 2026 by the authors; licensee Growing Science, Canada.

1. Introduction

Cybersecurity has emerged as an ingredient requirement of contemporary digital infrastructure as vital services grow more
and more based on interconnected and data-driven infrastructures. The swift increased amount of cloud computing, Internet
of Things surroundings, and intelligent automation has greatly increased the attack surface, allowing the adversaries to
implement adaptable and behavior-driven attacks. Modern cyber threats are seldom static, they are dynamic, and change as
the system defenses and the operational environment change, revealing the ineffectiveness of the conventional rule-based and
signature-driven security systems. Artificial intelligence is an excellent way to discover methods of learning about how Al
can find complex threat patterns and assist in proactive defense. However, the area where Al becomes the most exposed during
deployment is the security of data and models. Also, due to a number of factors indicated above, it is necessary to establish
security solutions for Al that are sensitive to the behavior of the user. This means that solutions should include a combination
of behavior-sensitive cybersecurity solutions and cryptographic intelligence to provide resilience and credible security to Al-
based services.

Another reason that Al-focused security solutions are rapidly moving from the edges of technical issues to becoming a core
part of our modern digital society is that Al provides new opportunities for cybersecurity challenges that can be solved with
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enhanced services in industries like healthcare, finance, and smart transportation that are critical to our society. Cyber Attacks
Disrupt Trust, Economic Security, and Safety. The emergence of cloud computing, Internet of Things (IoT), and cyber-physical
systems has expanded the attack surface and enables attackers to operate more quickly, automatically and strategically
(Mohsin, 2025; Abdulateef et al., 2025). The previous types of security that were thought to provide adequate protection now
face difficulties mitigating the threats posed by the increasing number, magnitude, and complexity of emerging threats.
Another area where cyber-attacks create greater difficulty in analyzing this landscape is through the behavioral aspect of the
threat agents. The modern-day attacks are not always single-dimensional and single-stage. Instead, it is possible to define
them as the process of active adaptation, which depends on the selection of attackers, the responses of the system, and on the
evolving objectives (Hoseini et al., 2024). Virus mutates, the ways of intrusion vary throughout the process of action, and the
attacks are actively explored by attackers to discover the vulnerabilities (Cano Garcia et al., 2024). This type of dynamic back
and forth game between the attackers and the defenders requires a security mechanism that is not only able to identify known
signatures or rulings set. One of the promising facilitators in this direction has been identified as artificial intelligence (AI).
The Al-based security solutions have the potential to be more accurate in their detection and can react quicker because they
learn trends based on the information and adjust to a new environment. Intelligence however does not make one resilient.
Even the most sophisticated Al-based systems will be susceptible to data manipulation, model poisoning, and illegal access
without a solid cryptographic background (Frade et al., 2024). The intersection of behavioral intelligence and cryptographic
protection is hence a decisive edge in research on cybersecurity. The past few years have been characterized by the blistering
development of Al-based methods of cybersecurity. The application of machine learning models is becoming more popular
in the detection of anomalies, malware, insider threats, and network intrusion detection (Sankaram et al., 2024). The deep
learning structures, specifically the recurrent and the graph structures, have been demonstrated to be highly effective at
learning both temporal and structural correlations among attack patterns. Adaptive defense strategies have also received
interest in reinforcement learning, which allows systems to optimize their responses to uncertainty (Yousuf et al., 2024).
Cryptographic intelligence has emerged in accordance with all these advances to outshine conventional encryption.
Lightweight cryptography, homomorphic encryption, secure multiparty computation and post-quantum cryptographic
architecture are being explored in order to provide integrity and confidentiality of data in data resource-constrained and future-
resilient applications (Satar et al., 2025). Cryptographic schemes to allow safe Al functionality like encrypted inference and
model updates that preserve privacy are also of more and more interest. The other interesting trends are the trend of behavior-
sensitive security paradigms. In place of only paying attention to the static signs of compromise, scholars are progressively
examining behavioral hints like access techniques, order sequences, mishandling of protocols and subsequent lateral mobility
traits (Radhi et al., 2025). The subsequent strategies will need to detect malicious intent instead of a single anomaly, which
will allow detection of threats in time and with greater accuracy. Although these developments have occurred, the majority of
solutions that exist develop in parallel fashion and not in coordination (Albinhamad et al., 2025). Detection and cryptographic
enforcement based on Al technologies are commonly considered distinct layers, which are at best lightly integrated. Such
partitioning restricts the capacity of systems to react integrally to smart adaptive opposing sides (Jaafar et al., 2026). One of
the most notable gaps in the existing literature is the lack of integration between the models of behavioral Al and cryptographic
intelligence. Although many studies suggest Al-based detection frameworks, most of them use unprotected data pipelines and
assume trustful environments (Karunamurthy & Kiruthivasan, 2023). These assumptions are becoming unrealistic especially
with distributed and adversarial settings. The other weakness is related to behavior depth. Most security systems that are based
on learning attach themselves to shallow characteristics of the traffic, like traffic volume or packet statistics, without
attempting to model long-term behavioral dependencies or adaptive behavior of attackers (McDonald et al., 2024).
Consequently, such systems can be effective at identifying the known patterns but cannot effectively deal with low and slow
attacks, which replicate normal behavior. Also, cryptographic mechanisms are usually used consistently, in the absence of
contextual risk and dynamics of behavior. This may result in poor use of resources, high latency as well as poor scalability
particularly in real time systems (Sulaiman & Khraisat, 2025) and (Pallakonda et al., 2025). The lack of dynamic cryptographic
measures that adapt to the changing pattern of threats is also quite a limitation. Lastly, the common evaluation practices focus
on identifying accuracy and ignore resilience, interpretability, and invariance to adversarial examples. Very little research
investigates the behavior of Al-based security systems in the case of an attacker who intentionally tries to shun or poison
training (Xu et al., 2024). The essence of the issue covered in this paper is that there has never been a unified cybersecurity
framework that comprehends the behavior of the attackers, at the same time dynamically evolves with the changing threat and
implements a high level of cryptographic protection without undermining the efficiency of the system. The current systems
are either successful in detecting without guaranteeing the data reliability or offer cryptographic security that is not aware of
their behavior. This disintegration exposes the modern systems to advanced, behavioral cyber-attacks (Al-Mukhtar, 2024).
The current study is inspired by this vision. The existing cybersecurity tools are not adequate due to a number of reasons.
Object signature systems are also unable to handle zero-day attacks. Such AI models are susceptible to adversarial
manipulation when they are deployed without cryptographic protection. On the other hand, cryptographic schemes that do not
provide contextual awareness can secure data without being aware of abuse (Falowo et al., 2024). It is evident that there is a
need to have a coordinated strategy where behavioral intelligence is used in making cryptographic decisions, with these
cryptographic schemes in place enhancing the credibility of Al-based intelligence. Lack of this synergy will keep security
systems abreast with the changing threat environments.

This research has the following key objectives:
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e To develop a behavior-sensitive cyberspace security system based on modeling attacker and cyber-system behavior
with artificial intelligence.

e To integrate adaptive cryptographic intelligence to guarantee data integrity, confidentiality and model trust.

e To establish a single architecture that has the ability to detect threats in real-time and respond to them in a secure
manner.

e To test the suggested method in a variety of attack and adversarial situations (Ali et al., 2025).

The paper is devoted to network and distributed digital space, such as enterprise networks, IoT ecosystem, and cloud-based
infrastructures. The areas covered are behavioral modelling of cyber activity, threat detection based on Al and cryptographic
defense systems. The framework can be generalized however, the focus is on practical deplorability and computational
efficiency (Mohamed, 2025).

What is new in this piece of work is its close integration of behavioral Al and cryptographic intelligence (Almaayah &
Sulaiman, 2024; Pujari, 2025; Ali et al., 2025). The proposed framework is capable of reinforcing these components mutually
as opposed to the previous studies where these components are considered separately. Behavioral insights are dynamically
applied to cryptographic enforcement, whereas cryptographic protection ensures integrity of behavioral learning processes.
This two-way integration is a change of direction as compared to the layered security models and a shift towards behavior-
focused, intelligence-driven security paradigm. On a higher scale, the proposed method is based on Al models that learn
behavioral patterns on multi-source data of cybersecurity, such as temporal and contextual relationships. These observations
motivate a cryptographic layer of intelligence that varies the encryption, authentication and access control instruments with
regard to the perceived risk levels. The framework will be applied as a closed-loop that will continuously regenerate behavioral
models and cryptographic policies. The estimated significance of this research spans the research and practice areas. The
contribution made by this work to the design of future-ready and resilient cybersecurity systems is that it demonstrates the
way Al and cryptography can be used to act synergistically. In practice, the framework will help minimize false alarms,
quicken the response to attacks, and increase the level of confidence in intelligent security provisions (Ejeofobiri et al., 2024;
Alotaibi et al., 2026; Mukasa et al., 2025).

The rest of the paper is structured in the following way. Section II is a review of related work in Al-based cybersecurity and
cryptographic intelligence. Part III introduces the suggested behavior-aware architecture and its architectural elements.
Section IV elaborates the evaluation procedure and experimentation design. Results and comparative analysis is discussed in
section V. Lastly, Section VI will conclude the paper and provide the directions on the future research.

2. Literature Review

The research concerning cybersecurity has been described by the gradual shift of the defensive mechanisms, which can be
defined as stationary, to the adaptive and data-driven and intelligent approaches to defense. Early security systems were mostly
rule-based and signature match systems that were only applicable to known attacks (Jana et al., 2024; Thapaliya, 2025;
Aljumaiah et al., 2025; Edim et al., 2025). The cyber-attacks were increasingly becoming more tricky and untraceable and
hence, researchers began to explore the potential of machine learning in identifying malicious trends that were not defined by
rules prior (Karunamurthy & Kiruthivasan, 2023; Xu et al., 2024). The approaches were an important step forward however,
they also generated new issues related to quality of the data, model generalization, and adversarial resistance.

Intrusion detection systems based on machine learning have been extensively examined on the network, host, and application
layers (Al-E’mari et al., 2025; Mamodiya et al., 2025). Supervised learning models were shown to be promising in terms of
accuracy when it was trained over labeled data, especially in the case of malware detection and traffic classification tasks
(Almaiah & Kadel, 2025; Czaja et al., 2025). But comparatively these approaches tend to fail in real-life implementations
where there are limited labeled data available and the nature of attack changes quickly. This weakness encouraged the use of
unsupervised and semi-supervised learning methods which do not aim at classifying but detecting anomalies. Although these
systems are good at detecting abnormal behavior, in dynamic situations the systems are often characterized by high false
positive rates. The emergence of deep learning also enlarged the power of Al-led cybersecurity. Convolutional neural networks
and recurrent neural networks allowed learning features more expressively on raw data, including spatial and temporal
relationships between attacks (Jones, 2025; Alshinwan et al., 2025). These models improved the functionality of the
sophisticated threats such as advanced persistent attacks and polymorphic malware. Nevertheless, deep learning systems
remain not transparent, and it is difficult to justify the decisions among security analysts or determine the actions undertaken
to create alerts. This transparency issue increases the issues of accountability and trust in the operation area.

The recent literature has been focusing more on behavior-sensitive security models. These methods examine a series of
activities, access trends, and system dynamics in the long term as opposed to considering cyber-attacks as one-time
occurrences (Sharma, 2025). Behavioral modeling has been found to be effective with regards to identifying insider threat,
lateral movement as well as stealthy reconnaissance. However, even nowadays, most behavior-based systems are centralized
learning-based and make an assumption of trusted data sources, which cannot be assumed to be true in adversarial settings.
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In line with the development of Al, cryptographic studies have persisted to consolidate the principles of secure communication
and data protection. Conventional cryptographic solutions, which are useful in terms of confidentiality and integrity, were not
developed to engage with intelligent learning systems. Due to this fact, cryptography and Al have frequently developed
separately (Almasabi et al., 2024; Ang et al., 2026). This isolation has created secure architectures where encrypted data has
to be decrypted prior to analysis exposing sensitive data and expanding attack surfaces. These procedures enable calculation
on encrypted data, and decrease leakage of information. But due to the high computation cost, they cannot be used in real
time applications of cybersecurity. Cryptographic tools that are lightweight have also been suggested to be used in resource-
constrained systems like the IoT networks, although they tend to lack flexibility or scalability (Mohamed, 2024). The other
concern that is appearing is the susceptibility of Al models. Such studies have demonstrated that adversarial examples, data
poisoning, and model inversion attacks can be used to attack machine learning-based security systems (Muniswamy & Rathi,
2024; Al-Quayed et al., 2024). These threats render Al-based defenses less reliable and reveal a fatal vulnerability of existing
cybersecurity systems. Nevertheless, most existing solutions assume that Al models are a trusted element, and there is no
adequate cryptographic protection or integrity checking system.

Recently, it has been demonstrated that reinforcement learning can be used to empower adaptive and autonomous cyber
defense. Reinforcement learning agents are able to learn the best response strategies in the event of uncertainty by framing
security as a sequential decision-making problem (Asiri et al., 2024; Gracious, 2025). The strategies are promising in dynamic
conditions, but need to be designed carefully to give rewards, and are susceptible to manipulation where learning signals may
be corrupted. Unless there are safe enforcement measures, intelligent enemies can deceive or take advantage of adaptive
agents. A number of studies have tried to combine Al with security orchestration and automated response systems. These
frameworks are seeking to bridge the gap between detection and mitigation to minimize the reaction time and human
intervention (Al-Na’amneh et al., 2025). Although automation enhances efficiency, the effects of mistakes also increase
because, in this case, decisions are made using unreliable or fake data. This reiterates the importance of cryptographic
intelligence, which can authenticate inputs, model protection and trust.

Cybersecurity frameworks that are behavior-aware have been suggested as one way of bridging some of these gaps. These
systems are interested in the intent, context, and long-standing behavior as opposed to individual indicators (Suryotrisongko
et al., 2022; Edim et al., 2025). Nevertheless, the majority of the current considerations focus on detection precision and pay
less attention to secure data processing, encrypted learning, or cryptographic flexibility. Consequently, they are exposed to

vulnerability at both data and model levels.

Table 1

Comparative Literature Gap Analysis of Al- and Cryptography-Driven Cybersecurity Frameworks.

Author

Title / Focus
Area

Methodology / Tools Used

Key Findings

Limitations / Gaps Identified

Relevance to the Current Study

Hoseini et
al. (2024)

Cano Garcia
et al. (2024)

Mcdonald &
Al Mallah
(2024)

Pallakonda,
et al. (2025)

Almasabi et
al. (2024)

Asiri et al.
(2024)

Mutambik
(2025)

Ishtaiwi et
al. (2022)

Threat modeling
for AI/ML using
Attack Trees

Cryptographic
techniques to
secure Al systems
(confidentiality +
integrity)
Autonomous
cyber operations
via competitive
reinforcement
learning
Al-driven
detection +
cryptographic
privacy protection
for Industrial
Control Systems

ML-based threat
detection and data
protection for IoT

Blockchain-based
access
management +
deep learning
threat modeling
for IoT
TRIM-SEC:
adaptive malware
detection +
lightweight
encryption in [oT

Behavioral
malware variant
detection using
deep ensembles

Attack-tree based threat
modeling; structured risk
decomposition for AI/ML

assets
Survey/overview of
cryptographic protections
for Al pipelines; integrity
and confidentiality
mechanisms

Competitive RL for security
policy optimization;
adversarial-style decision
learning

Al-based attack detection;
cryptographic privacy-
preserving layer (ICS
context)

ML threat detection
framework for IoT; data
protection mechanisms

Blockchain access control;
deep learning threat
modeling; IoT ecosystem
security

Adaptive malware
detection; lightweight
encryption for IoT
constraints

Deep-ensemble learning;
behavioral feature fusion for
malware variant detection

Provides a clear way to
enumerate threat paths against
AI/ML components and map
attack surfaces systematically

Highlights how cryptography

can protect Al data, models,

and inference pipelines from
tampering and leakage

Demonstrates policy learning
under competing agents,
aligning with attacker—
defender dynamics

Shows feasibility of
combining detection and
privacy protection in cyber-
resilient industrial
environments

Offers a practical [oT security
view where data protection
matters alongside detection

Emphasizes access governance
with learning-driven threat
modeling

Shows practical coupling of
detection and lightweight
crypto in constrained devices

Improves robustness of
malware detection by
capturing behavioral

characteristics across variants

Mostly focuses on modeling (what can go
wrong), not on runtime behavior learning
or cryptographic enforcement; limited
operational pipeline

Strong cryptographic view, but does not
tightly connect crypto choices to
behavior-driven risk signals; limited
adaptive policy design

Often abstracted from real operational
constraints; weak linkage to secure
telemetry and cryptographic trust controls

Domain-specific to ICS; integration may
be more layered than truly co-designed;
limited emphasis on long-horizon
behavior modeling

Behavior modeling is often coarse
(anomaly-level); cryptographic
intelligence is not deeply adaptive or
context-aware

Blockchain adds overhead; behavior
awareness is not always explicit at
sequence/intent level; cryptography used
more for access than adaptive intelligence

Typically focuses on malware +
encryption, but may not model attacker
behavior across stages (recon — lateral —
exfiltration)

Concentrated on malware family/variant
behavior; does not integrate cryptographic
trust, secure telemetry, or policy
enforcement

Useful for defining the threat model layer in a
behavior-aware security system and mapping
attack behaviors to defensive controls

Direct foundation for the “cryptographic
intelligence” part—supports secure learning,
trusted inference, and integrity-preserving
pipelines

Supports the behavior-aware “decision layer,”
especially adaptive defense actions based on
evolving attacker behavior

Highly aligned with your theme: AI +
cryptographic protection. Good reference
point to position your framework as more

behavior-aware and adaptive

Useful to justify the need for behavior-aware
security beyond basic IoT anomaly detection
and to motivate crypto-aware pipelines

Helps situate your work: you go beyond
access control by adding behavior-intent
analytics and crypto decisions driven by risk
behavior

Strong baseline for “Al + crypto” in IoT; your
work can extend it by adding behavioral
intent modeling and cryptographic policy

adaptation

Highly relevant for your “behavior-aware”
detection component; your novelty is
connecting this behavior intelligence to
cryptographic intelligence and trusted
execution

The recent literature has started to admit the critical role of the co-design of Al and cryptographic mechanisms. Secure
federated learning is covered in some works related to distributed security analytics, and others study cryptographic access
control related to behavioral risk assessment (Gharibi, 2025; Gampel & Eveleigh, 2025; Palakurti, 2024). Despite these
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attempts, which are indeed a positive step, they are frequently constrained to particular applications and do not have a coherent
architectural point of view (Abu Laila, 2025; He et al., 2025).

Evaluation methodology is another weakness. Most of the studies use fixed datasets and controlled experiments, which are
not likely to mimic real-life adversarial behavior (Addula et al., 2025; Mishra et al., 2025; Mutambik, 2025). Standing hard,
the capacity to be malleable and brawny in the face of assault are not usually considered in a wholesome way. This raises a
question mark on the viability of proposed solutions.

To position systematically the proposed study within the current research, a narrow literature gap analysis is provided in Table
1. A set of representative works was chosen, based on a wider range of recent and high-impact papers, to discuss artificial
intelligence-based cybersecurity, cryptographic protection schemes, and the new behavior-sensitive defense systems. The
comparison shows the methodological trends, important contributions and current limitations in general and the level of
behavioral intelligence, cryptographic integration and adaptability to emerging threats, in particular. In this analysis, it is
evident that there exist major gaps in integrated models that collectively model attacker behavior and impose cryptographic
trust, hence the proposed behavior-aware model of cybersecurity is incentivized. (Bondhala, 2025; Almarshood & Rahman,
2025; Alshuaibi et al., 2025) All in all, the literature depicts a disjointed terrain. Al-based detection systems are highly effective
to detect patterns but do not have guarantees of trust. Cryptographic schemes provide security properties, which are mostly
behavior-independent. The efforts to merge the two are still at an infantile level and in many cases are loosely integrated
(Ishtaiwi et al., 2024; Mohsin, 2025; Al-Mukhtar, 2024). It is evident that there is a need to have a unified framework where
the behavior modeling and cryptographic enforcement are seen as interdependent elements instead of separate layers.

3. Methodology

The suggested study approach is expected to address the greater vulnerability of current cybersecurity environments to the so-
called Band-Aid solution, i.e., the absence of concern between the behavioral intelligence and the implementation of
cryptographic trust. Although currently implemented strategies generally focus on either machine learning-based detection or
on mitigation using static cryptographic protection, they hardly design these mechanisms to co-evolve with the changing
behavior of attackers. This design takes a behavior-conscious approach to design; whereby sequential behavioral learning is
paralleled with adaptive cryptographic intelligence to allow risk-commensurate security decisions. The choice of sequential
learning methods instead of the static classifier is based on the need to capture the intent of time, as well as a multi-stage
attack, whereas adaptive cryptography mechanisms are used to balance the security strength with the system overhead in the
face of dynamically changing threat conditions. The resulting methodology can be explained by its capability to work in real
time, adversarial resistance, and trust in both data and acquired intelligence, which are hard to attain with traditional,
disconnected security measures.

3.1 Design Philosophy and Methodological Overview

The rationale behind the proposed methodology is that the current cyber threats are behavioral, adaptive and becoming more
and more efficient to exploit fixed trust assumptions built in security systems. Traditional cybersecurity designs, in which
intelligent detection and cryptographic enforcement are often separated, do not respond well to such changing attack patterns.
In order to overcome this weakness, the current work takes a behavior-conscious and risk-responsive design philosophy in
which artificial intelligence and cryptography are co-design as mutually dependent elements. Simultaneously, cryptographic
controls are considered dynamic controls instead of defensive ones, so that trust enforcement policies can be automatically
scaled in line with perceived risk of behavior.

Systematically, the methodology is designed in the manner of a closed-loop architecture, which has behavioral data
acquisition, risk estimation, cryptographic policy adaptation, and response orchestration. The feedback at these stages is
continuous so that the intelligence and trust mechanisms will be dynamically developed in reaction to the observed system
behavior, but it is essential to protect against the manipulation of data and models.

Sequential Risk Inference
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Fig. 1. Overall architecture of the proposed behavior-aware cybersecurity framework integrating behavioral intelligence with
adaptive cryptographic control.
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As Fig. 1 shows, behavioral intelligence has a direct effect on the choice of cryptographic policies and reaction, whereas
cryptographic protection maintains integrity and reliability of the learning process.

3.2 Behavioral Data Acquisition and Feature Structuring

The framework proposed views cybersecurity telemetry as the continuous behavioral trace instead of the set of independent
alerts. To ensure that the trace has deep enough contextual information, we request data on several, complementary sources
as network flow records, host logs, process logs, authentication and authorization logs, and application-level or API access
logs. Each of the sources provides a different behavioral view: network flows reveal regularities in communication and burst
dynamics, host logs and authentication logs show transitions of privileges, attempts of persistence and identity abuse. This is
achieved by a first harmonization of all incoming events by temporal alignment and schema normalization to conform to
heterogeneous sources. Suppose the uncooked event stream is represented Eq. (1):

X ={x1,%3, ..., Xy} (1)

where x; denotes the i-th observed event and N is the total number of events collected within the monitoring interval. A
normalization function maps each of the events into a representation of the event in a standard form in Eq. (2):

zi = 1 (xi) 2

where zi is the normalized event record and y(-) resolves heterogencous attributes (e.g., [P addresses, ports, user identifiers,
process identifiers, and timestamps) to a single unified form understandable to behavioral analysis. Normalized events are put
into sliding windows which overlap each other to indicate the time component of cyber activity. The t-th window is given by
Eq. (3) when the window size is w.

Wy = {24, 2¢ 41, - Z¢ w1} €)

where Wt captures short-term behavioral dynamics while preserving continuity across windows. Behavior-oriented features
are obtained in each window with the help of an aggregation function (4):

Fe = o(W) “

Besides enabling easy learning, this type of structuring also supports post-hoc interpretability that reduces the possibility of
spurious correlations in subsequent models.

Table 2
Behavioral feature groups, representative variables, and security interpretation used for behavior-aware modeling
Fé::;)e Representative Behavioral Features Description and Security Interpretation
Frequency— . . Capture abnormal surges or sustained activity levels that may indicate scanning, brute-
. Connection rate, request burst size, .. . . L. . X
Intensity . force attempts, or automated exploitation behavior. Persistent high intensity often signals
command execution frequency L
Features non-human or malicious intent.
gte;;ﬁ?tral Session duration variance, inter-event Reflect how consistent or irregular behavior is over time. Malicious actors often exhibit
Feature}s, timing regularity, access periodicity structured timing patterns or unusually long dwell times compared to legitimate users.
Con?ex.tual o deV.ICC usage, unfamlhe.lr Measure deviation from established behavioral baselines. Sudden contextual shifts may
Deviation geolocation, rare API endpoints, . . X .
indicate credential compromise or lateral movement across system boundaries.
Features abnormal protocol usage
Privilegeand  Privilege eSCﬁlat.IO.Il attftmpts, sensitive Represent direct indicators of attack progression and potential system impact. These
Impact file access, administrative command . T . b S .
. - features are critical for distinguishing benign anomalies from high-risk behavior.
Features invocation
Interaction Host-.to-host.communlgatlon LTI, Capture structural changes in system interactions. Expansion in interaction scope often
Topology peer interaction diversity, lateral . . .
. precedes coordinated attacks or internal propagation phases.
Features connection spread
Behavioral U . . . . L . L
Consistenc Feature entropy, behavior similarity Quantify how consistently behavior deviates from historical norms. Sustained deviation
Metrics y scores, deviation persistence over multiple windows strengthens confidence in malicious intent inference.

The behavioral feature groups outlined in Table 2 are meant to represent intent-based attributes like persistence, contextual
deviation and impact potential and no single statistical abnormalities. and contextual deviation attributes reflect atypical usage
patterns of locations, devices or applications. In order to avoid the influence of high-magnitude variables, as well as to enhance
numerical stability, feature vectors are normalized before forming sequences given in Eq. (5):

I ORT 5)
FeG) = ————

O'j + €
where F~t(j) is the normalized value of the j-th feature, 1j and oj denote the mean and standard deviation estimated from
training data, and €\epsilone is a small constant to avoid division instability. Finally, to enable sequential behavior modeling
in the subsequent stage, normalized feature vectors are stacked into ordered sequences of fixed length L:
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By ={F 41 F} (©)

where Bt represents the behavioral sequence used for temporal risk inference. This sequence-level representation is critical,
as many advanced threats remain low-intensity at the event level yet become distinguishable when viewed as coherent
trajectories over time.

Beh;\ss::elsbata Event Normalization Windowing Aggregation

Standardization & Encodmg Sliding Window Buffer Frequency Behavioral Sequence
;;L =0 Wi | . ,
User Activity Network Traﬁ(ﬂ Request LR > - +’ ! - . -
‘ s o T e . B3
ress > X, X, Xy
ZH [—]E Feature Vector 12, "x2,
- [ mm - ==
1 Q—‘,, ‘ User ID > 0 3 6 7 9 ‘ X1, X2, X
e raffic System Logs “—— Event Type e e - | > (X, X3, .., X3
B Malicious Event -«-
8 Benign Event

\ 1

Fig. 2. Behavioral data acquisition and feature structuring pipeline, illustrating event normalization, windowing,
aggregation, and sequence formation.

As shown in Fig. 2, the acquisition and structuring pipeline transforms raw, heterogeneous telemetry into semantically
grounded behavioral sequences, providing a stable and interpretable input for the sequential risk modeling stage described in
the next section.

3.3 Sequential Behavior Modeling and Risk Estimation

Cyber-attacks rarely manifest as single, isolated actions. They rather develop in systematic series of actions that slowly
identify purpose, perseverance and tactical adjustments. In order to model these dynamics, the proposed framework views
cybersecurity behavior as a time-dependent process, with risk being deduced as a relationship between a sequence of
structured behavioral features as opposed to an event. Denote the normalized behavioral feature vectors obtained in Section
3.2 as denoted as FeR,. This is done to maintain temporal dependencies in these vectors, which are arranged into fixed-

length sequences given in Eq. (7):

B, :{szul,[?‘,,uz,...,]?,} (7)

where L represents the sequence length and Bt captures the recent behavioral history up to time t. This is a formulation that
enables the model to note both short-term adjustment and the long-term behavioral adjustment. The behavioral risk is
estimated by using a sequential learning function that uses Eq. (8):

R =/ (B;9)- ®)

Here, R€[0,1] denotes the instantaneous behavioral risk score at time t, f(-) represents the learned temporal mapping function,
and ® denotes the model parameters. The larger the values of R,, the greater the evidence of some malicious intent. The same
reason leads to the introduction of a temporal smoothing mechanism to highlight a sustained behavioral deviation because the
transient anomalies can create temporal spikes of risk without necessarily implying an actual attack. The smoothed risk score

R, is computed as given in Eq. (9):
R =aR +(1-a)Re ©)

where a€ (0, 1) controls the sensitivity of the system to recent behavior. Smaller values of o promote long-term growth
whereas larger ones allow quick response to sudden variations. In order to further differentiate the benign irregularities and
the attack behavior, a persistence-aware adjustment is provided. Let kt denote the number of consecutive windows for which
R. exceeds a predefined baseline threshold t. A persistence-weighted risk score is then defined to be as Eq. (10):

=Eblog(1+k1) (10)

This can be most effective when the risk is high in the long term and the deviations are brief but this raises confidence in
malicious inference and lowers false positives, as short-term deviations do not lead to false positives.
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Fig. 3. Temporal evolution of behavioral risk scores illustrating transient anomalies versus sustained malicious behavior.

Both benign and malicious behavior can also result in a sharp rise of risk which quickly decays away, but benign behavior
can also result in a gradual rise which does not fade away, causing the levels of R, to stabilize at value R., as illustrated in
Fig. 3. To achieve consistency of the decisions, the last risk signal is normalized and capped in Eq. (11):

R; = min(1,max(0, R.)) (11)

where R’ is the initial estimation of behavior-related risk sent to the cryptographic intelligence and response orchestration
modules. The high classification accuracy is not the goal of the sequential risk modeling step; but is the ability to offer reliable
intent inference in changing conditions. The proposed approach prioritizes behavioral continuity and robustness by performing
the combination of temporal sequencing, smoothing, and persistence weighting, which is necessary to make sure that security
decisions are based on meaningful behavioral patterns instead of single statistical anomalies.

3.4 Cryptographic Intelligence and Adaptive Trust Control

The cryptographic setups are abstract classes of standardized symmetric and asymmetric primitives which make it adapt policy
without relying on a particular implementation of the algorithm. Cryptographic enforcement which is statical i.e. the same
security policies are enforced in all behavioral contexts is prone to inefficiency and slow reaction. To deal with this drawback,
the proposed framework proposes cryptographic intelligence, where the encryption strength, the authentication rigor, and the
access restrictions are dynamically adjusted according to the behavior inferred risk. Let the final behavioral risk signal
obtained from Section 3.3 be denoted as R’ €[0,1]. This value directly determines the level of trust of a continuing session or

entity. An inverse function of behavioral risk is referred to as the trust state Tt in Eq. (12):
T, =1—-R; (12)

where the larger Tt, the more confident is the behavior of benignity, and the lower the values, the higher the suspicion. The
framework maintains a finite set of cryptographic configurations given in Eq. (13):

C ={Cy,Cy,...,Cx} (13)

Every configuration Ck corresponds to a particular choice of encryption strength, authentication strictness and access control
policy. The mapping function which operates as a risk-sensitive function at the time t determines the choice of the active
cryptographic policy at time given by Eq. (14):

C,=arg g:leré (O(Ck) | Rf < &%) (14)
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where O(Cy) is the operational overhead of configuration Cy, and 8 is the maximum risk that should be allowed by such a
configuration. Such a formulation will guarantee that the system is using the minimal restrictive cryptographic policy that
meets the level of security that is required.

Table 3
Risk-aware cryptographic configurations and trust enforcement policies.
Behavioral Risk
Range Trust Level Cryptographic Security Enforcement . .
(R) Interpretation Configuration (Cy) Characteristics Design Rationale
t
. . 1 . Standard encryption, minimal Avoids unnecessary overhead
0.00< R: <0.25 Az tmst oz (Co): L!ghtwelght authentication checks, full access during normal operation while
behavior) protection .. .o . .
privileges maintaining baseline security.
(C»): Enhanced Stronger encryption, periodic re- Introduces precautionary controls
0.25< R’ <0.50 Moderate trust P authentication, limited access when early behavioral deviations
verification .
monitoring emerge.
. .. . . . Mitigates risk escalation by
0.50< R’ <0.75 Low trust (Cap Ittt Lo G T O AT T tightening trust as malicious intent

0.75< R’ <1.00

Critical risk

security

(C4): Maximum
enforcement

authentication, restricted access scope

Maximum encryption strength,
continuous authentication, isolation or
quarantine

becomes more evident.

Ensures containment and damage
limitation under sustained or high-
confidence attack behavior.

With low-risk behavior, Table 3 summarizes that very lightweight cryptography mechanisms are employed to maintain system
responsiveness whereas sustained or high-risk behavior results in stronger encryption, stronger authentication and lower
access privileges. This relative reaction shuns the performance penalties which come with a consistent high security
configuration. In order to measure the extent of cryptographic adaptation, an enforcement cost function of trust is specified in

Eq. (15):
Je=2,-0(C) + 2, Ry 15)

where A; and X, balance operational overhead against residual risk. Minimizing J, makes the framework keep high security in
the presence of a threat without further cryptographic enhancement of security when the threat is absent. The current approach
of cryptographically deciding directly on the behavioral risk loop is what makes the proposed methodology make enforcement
of trust neither static nor reactive. Rather, cryptographic intelligence emerges as a context sensitive feedback control
mechanism, which is a continuous process that co-evolves with perceived behavior. This close linkage between behavioral
inference and trust control constitutes an essential point of connection between detection and the safe functioning of a system.

3.5 Secure Learning and Model Integrity Protection

The credibility of the behavior-sensitive cybersecurity highly relies on the credibility of the learning pipeline itself. Attackers
in adversarial settings could seek to corrupt training data, manipulate model updates, or extract sensitive information about
learned parameters. Such threats when unaddressed may quietly and silently reduce the accuracy of detection or be misguided
by adaptive decision processes. In order to alleviate these risks, the suggested framework includes clear security measures of
learning and model development so that behavioral intelligence is consistent during system run. Every batch of data to be
utilized in training or to make a new update is also checked against integrity before being accepted into the learning process.
Let D, denote the behavioral data batch collected at time ¢, and let o, represent its associated cryptographic signature.
Differentiating the authenticity of data is verified as given in Eq. (16):

(1, if the signature is valid (16)
V(De,00) = {O, Otherwise

Only batches satisfying V(Dy, 6¢)=1 are permitted to influence model updates. This is to ensure that inputs that are poisoned
or tampered do not spread into behavioral risk model. The model updates are done in steps in order to achieve real-time
adaptation and maintain stability. Let ®; denote the model parameters at time . The update rule is defined as Eq. (17):

) _{@f—"_A@t'V(Dt'O-f) =1 (17)
1 e, V(D 01) =0
These A®; are only updates on the parameters using validated data. Such a discriminatory updating plan will ensure that the
learning will be grounded in the credible evidence of behavior only. In order to reduce the susceptibility to attacks of stealthy

poisoning even further, the framework explores the model drifting over time. The measure of stability meets the deviation of
the parameters is given in Eq. (18):

A =1 Oppq — O¢ (18)
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where extreme deviation can be an indication of abnormal learning behavior. If tAt exceeds a predefined stability threshold,
and an update is postponed respectively to avoid sudden and possibly malicious changes in model behavior. Besides the
protection of training data and updates, inference integrity is also imposed and allows risk estimates to be distorted by direct
model access without permission. Invocation requests are modeled by cryptographic authentication and the results of inference
are bound to their context of origin by secure hashing. This avoids repetition attacks and inappropriate reuse of intelligence
learnt in one session to a different session.
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Fig. 4. Secure learning pipeline illustrating data verification, controlled model updates, and integrity monitoring.

Cryptographic verification and controlled updates as well as stability monitoring, as shown in Fig. 4, are collectively known
as a protective envelope around the learning process. The methodology openly provides complete protection to every phase
of intelligence generation instead of assuming the Al model as a trusted black box. The proposed framework provides a
remedy to a key vulnerability in current Al-oriented cybersecurity frameworks by ensuring that the security of the integrity of
the behavioral learning process itself is embedded in it. Thus, the Adaptive Intelligence infrastructure has been designed in
such a way that it will provide a reliable and effective means for supporting the establishment of a sound learning environment
for the continued evolution of adaptive security dating back to the inception of Cyber Intelligence Frameworks, and it is
feasible to develop additional sound cryptographic methods for the development of Adaptive Al in the future.

3.6 Adaptive Decision and Response Orchestration

The only way that behavioral risk estimation and cryptographic trust control can work is when it results in timely and
proportionate system actions. In line with that, the suggested framework integrates an adaptive decision and response
orchestration layer that is a transformation of inferred risk and trust states into tangible security measures. This layer does not
have rigid rule-based response engines but graded intervention, where the system can respond in a graded manner with
increasing behavioral evidence. And suppose that the final behavioral risk score calculated in Section 3.3 is denoted by Rt,
and the active cryptographic configuration calculated in Section 3.4 is denoted by Ct. At is the response decision at time t and
is given as given in Eq. (19):

a=n(r,c) (19)

where n(+) is a policy function that takes risk-trust context into a system action that is suitable. The action space will consist
of monitoring, alerting, access control, session termination and isolation. The response policy has been made proportional by
integrating the security gain and the impact on operation. A response utility functional is determined as given in Eq. (20):

UtZB'Gt—y'Dt (20)

where Gt denotes the expected security gain achieved by executing action At,Dt represents the associated operational
disruption, and B and y are weighting factors controlling their relative importance. The choice of actions is determined to
maximize Ut so that aggressive responses are only provoked when it is substantiated by persistent risk.
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Table 4
Risk-aware response actions and operational intent
Behavioral Risk
Level (R') Response Action (A_t) System-Level Effect Rationale
Low Passive monitoring No disruption to service  Avoids unnecessary intervention for benign deviations
Moderate Alert generation and logging Analyst awareness Supports early investigation without affecting availability
Elevated Access throttling or privilege Limited operational Restricts attacker maneuverability while preserving core
reduction impact services
High .SeSSI(.)n termination and Strong containment Prevents escalation and lateral movement
isolation
Critical Quarantine and forensic capture  Full containment Ensures damage control and evidence preservation

Behavioral confidence, but not single stimuli, drives response actions to increase, as summarized in Table 4. This design
minimizes false positives and is not responsive to false threats. In order to avoid oscillatory motion between response states,
hysteresis constraint is added in Eq. (21):

[A;—Ar_11=7 2n

With 1) that constrains sudden changes of responses across time steps. This stabilizing mechanism helps avoid high occurrence
of escalation-de-escalation cycles that may interfere with the operation of the system. Lastly, the results of the response are
reinforced back into the learning behavior process to make subsequent decisions. Effective containment strengthens
interpretations of risks whereas false alarms will play a role in calibration of models. This feedback completes the control
loop such that detection, enforcement of trust and response are all maintained in line with time. With the proposed framework,
which incorporates the concept of adaptive orchestration within the fundamental methodology, the state of community
policing ceases to be detection-centric security and instead becomes a coordinated approach to cyber defense, driven by
intelligence. This is necessary so that it can work effectively even under the conditions in which threats keep changing and
the strategy of response cannot be held constant.

3.7 Algorithmic Workflow of the Proposed Framework

In order to integrate the methodological elements mentioned in Sections 3.1-3.6, this section provides the end-to-end
algorithmic blueprint of the proposed behavior-aware cybersecurity model. The workflow operationalizes the engagement
among behavioral information gathering, progressive risk forecasting, cryptographic adaption, secure learning and response
coordination as a single operation cycle.

The algorithm is a continuous process against streaming cybersecurity telemetry. New events observed at every step are
organized into behavior sequences and assessed in terms of risk and mapped onto adaptive trust and response behaviors.
Notably, integrity checking is applied prior to any learning update, which guarantees the behavioral intelligence only develops
based on known inputs. This design will maintain flexibility, as well as strength, within hostile systems. The entire process of
the proposed framework is summed up in Algorithm 1, which formalizes the co-adaptive process of behavioral risk inference,
cryptographic trust enforcement and secure learning.

Algorithm 1. Adaptive Cryptographic Intelligence of Behavior-Aware Cybersecurity

Input:
Continuous event stream X
Window size w, sequence length L
Risk thresholds {tl1, 12, 13}
Cryptographic policy set C
Initial model parameters ®0
Output:
Adaptive security actions At
Cryptographic enforcement of linksCt
. Initialize:
0 —060
R«0
. Active policy C «— Cl1
. Loop (for each incoming time step t):
1: Acquire raw event xt from X
2: Normalize event:
. 7t «— y(xt)

PN R WD

Pkt ke ke \O
N N N

19. 3: Update sliding window:
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20. Wt «— {zt-w+1, ..., zt}
21. 4: Extract behavior-oriented features:
22. Ft— o(Wt)
23. 5: Normalize features and form behavior sequence:
24. Bt « {Ft-L+1, ..., Ft}
25. 6: Estimate instantaneous behavioral risk:
26. Rt — f(Bt; ©)
27. 7: Smooth and stabilize risk signal:
28. R—a -Rt+(I—-0) R
29. 8: Assess behavioral persistence:
30. if R >l for k windows satisfythen
a. R* <« R -log(l +k)

31. else
a. R¥*—R
32. end if

33. 9: Select cryptographic policy:
34. Ct « argminCkeC { Overhead(Ck) | R* <3k }
35. 10: Determine adaptive response action:
36. At «— m(R*, Ct)
37. 11: Verify integrity of learning data batch Dt:
38. if Verify(Dt) = TRUE then

a. O«—0+A6t

39. else
40. discard update
41. end if

42. 12: Enforce cryptographic controls Ct
43. 13: Execute response action At
44. End Loop

3.7.1 Algorithmic Interpretation and Workflow Description

The logic of operation of the proposed behavior-aware cybersecurity framework is achieved by the flow of an algorithm in
Algorithm 1 and defined as the iterative flow of continuous and closed flow, in which the intelligence, trust, and response are
developed jointly. The algorithm combines the behavioral risk estimation, cryptographic adaptation and secure learning within
a single execution cycle as compared to the norm of executing detection and protection as discrete functions. A multiplicity
of behavioral evidence helps in a sequence modeling, which allows risk to develop over a span of time as opposed to being
triggered by a single anomaly. This risk-indicating signal is directly involved in the control of cryptographic enforcement and
response measures that make sure that proportional intervention is applied. Notably, updates in learning are cryptographically
controlled and this ensures that no compromised data can affect model development. Such design allows the framework to be
flexible without losing trust in the layers of intelligence and implementing them.
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Fig. 5. Workflow of the proposed behavior-aware cybersecurity algorithm showing closed-loop interaction between
behavioral modeling, cryptographic adaptation, secure learning, and response orchestration.
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As Fig. 5 depicts, raw telemetry ingestion starts the workflow and it gradually converts data into sequence of behavior, risk
estimation, adaptive trust control, and system response. The feedback paths provide that the response action outcomes and
integrity checks affect the further learning and decision-making, which stabilizes the system in adversarial circumstances.

3.7.2 Ablation Logic and Module-Level Significance

There are four major components of the framework, each of which has a specific function. These four functions are behavioral
sequence modelling, risk persistence weighting, cryptographic intelligence, and secure learning control. Shaving off
sequential behavior modeling brings the system down to event level anomaly detection that increases false positives greatly
on benign variability. Omission of persistence weighting causes an early exponential growth to response to short term
deviations crippling operational stability. Cryptographic adaptation is turned off and the framework becomes lossy on
proportional trust enforcement and instead turns to static security policy, which causes unwarranted overhead when used in
benign operation and failure to protect when attacked. Lastly, the model will be vulnerable to poisoning and integrity attacks
because the secure learning controls have been removed, which worsens long-term reliability. This is an ablation logic that
indicates that every module has a specific and non-redundant contribution and the structure of the whole becomes resilient
through the interactions among these modules and not through the effort of any one component alone.

3.7.3 Hyperparameter Considerations

The proposed algorithm has a number of hyper parameters that affect its conduct and reactiveness. Granularity of the short-
term behavioral aggregation is given by the size of the sliding window www, and the retention of historical context to make
risk inferences is given by the sequence length L. The smoothing factor a\alphaa balances sensitivity to abrupt behavioral
changes against robustness to noise, with lower values favoring stability and higher values enabling rapid reaction. Risk
thresholds {tk} define transition points for persistence-aware escalation and cryptographic policy selection. These parameters
are determined by validation so that the system is decisive to persistent attacker behavior and, at the same time, tolerant to the
normal variability in system operation. Notably, the algorithm is not sensitive to the values of the specific parameters because
of risk accumulation and adaptation to trust of various time steps instead of decisions.

3.7.4 Algorithm-Level Novelty

The new element of the Algorithm 1 is that it is a co-adaptive factor: not only does behavioral intelligence and cryptographic
trust co-exist but they are also governing one another. Unlike in the case of traditional cybersecurity operations, where
cryptography is executed in the same way and Al models are considered to be trustworthy black boxes, the proposed algorithm
is actively adaptively conducted by regulating a cryptography enforcement based on the changing behavioral risk and at the
same time securing the learning process itself. A risk weighting is made persistent and cost sensitive cryptographic selection
and integrity gated learning updates are provided to offer a unified control loop to balance the accuracy of detection, and the
implementation of trust and system stability. This metamorphosis of the layered security architectures into the behavior-based,
intelligence-based cyberspace security is this algorithmic coupling.

3.8 Experimental Setup and Evaluation Metrics

In this section, the experimental configuration, which is taken to test the effectiveness, robustness, and practical viability of
the proposed behavior-aware cybersecurity framework, is described. The configuration is made to emulate realistic operational
situations so that the performance improvements can be associated with behavioral intelligence and adaptive cryptographic
control as opposed to performance improvements due to dataset-specific artifacts or overly restricted assumptions. The
experimental appraisal will cover three major purposes that will form the core of the suggested approach. First, it looks at
whether sequential behavior modeling is better than event-level and static analysis methods in detecting threats based on the
attack conditions at low intensity and in a multi-stage attack. Second, it assesses the performance of adaptive cryptographic
intelligence in setting the trade-off between the strength of security and the overheads of operation, such that cryptographic
enforcement increases with behavioral risk, but has no constant enforcement. Third, it evaluates the resilience of learning that
is safeguarded by integrity by measuring the stability of models over the long-term and consistency during adversarial
susceptibility, such as noisy inputs and exposure to attacks. Collectively, these goals will guarantee that the test does not focus
on the detection accuracy only but also the system resilience, versatility, and feasibility to be deployed in the actual hacking
context.

3.8.1 Experimental Environment and Data Configuration

The experiments are undertaken on a secure testbed which is controlled and realistic and approximates the networks deployed
by an enterprise. Environment incorporates both network traffic monitoring tools, host-level logging agents, authentication
facilities and application-layer event collectors together facilitating multi-source telemetry retrieval in line with the framework
architecture outlined in Section 3.2. The behavioral data are produced due to benign operational loading and scripted attack
loading. Some of the benign activities involve normal access by users, service to service communication, and periodic
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maintenance. The introduction of malicious behavior is carried out by the multi-stage attack traces that involve
reconnaissance, privilege escalation, lateral movement, and data access attempts. Such a mix enables assessing both short-
term abnormalities and long-term aggressive actions. The assessment dataset will consist of a number of thousand, labeled
behavior streams, based on continuous event streams. Each dataset is sequenced in time in order to maintain continuity of
behavior. The data is divided into training, validation and testing time to prevent any information leakage over time.
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Fig. 6. Experimental testbed and data flow configuration used for evaluating the proposed framework.

Fig. 6 shows that the telemetry streams are real-time ingested through the behavior modeling and cryptographic adaptation
pipeline and checked against the ground-truth attack labels in order to measure the performance. Figure 6 provides the testbed
and data flow architecture to be applied to test the proposed behavior-aware cybersecurity framework. The configuration
combines heterogeneous telemetry data, both network traffic and system and application logs, authentication events, and cloud
service interactions, which is a representation of a realistic enterprise environment. Normalized data collected are streamed
into the behavioral modeling layer where sequential analysis and estimation of risks are conducted. The risk scores generated
lead to the adaptive cryptographic enforcement, orchestration of response, and model updates with integrity-checked data are
provided by verified integrity. An integrated feedback loop will make sure that the results of learning and decisions to trust
have a continuous impact on the next analysis. To conduct an evaluation of a multi-dimensional assessment of a detection
system's ability to perform in conditions that are both realistic and controlled, these features will be assessed using the
capability of the detection system, the ability to operate stably over time, as well as the efficiency of the cryptography used in
the detection system.

Data Description and Generation Strategy

The cybersecurity telemetry is the foundation of the experimental test of the suggested framework due to its reflection of real
working conditions, yet it allows the analysis of attack behavior to be controlled. Instead of a fixed benchmark dataset, the
study uses heterogeneous event data produced by multiple layers of the system, which is in line with the monitoring facilities
of the enterprise and cloud systems. This design decision will make the methodology as generalized and applicable to a variety
of deployment scenarios.

The data are time-ordered streams of events generated by network monitoring systems, host and operating system logs,
authentication systems and application-level log systems. All these sources form patterns of communication, execution
behavior, use of identity, and access to resources, all of which are vital in behavior-aware modelling. Benign activity traces
are normal system operation such as normal user interactions, service-to-service interaction as well as background processes.
Unruly behavior is provided with some controlled, scripted multi-stage attack questions which replicate typical adversarial
phases e.g., reconnaissance, credential misuse, privilege escalation, lateral movement, and unauthorized access to sensitive
resources.
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The data is stored in their natural sequence in time so that behavior continuity occurs. Event labels are also made at the
sequence level where known attack timelines are considered as opposed to isolated events, which is directly consistent with
the sequential risk estimation approach used in the proposed framework. Notably, the framework is data-source independent
as such; it uses structured behavioral characteristics and can be applied to other datasets or live monitoring streams without
changing its underlying composition.

Sample Behavioral Data Representation
As an example of the structure of the gathered telemetry before the aggregation of features and their formation of sequences,

Table 5 presents a sample of raw event records. The table shows how the heterogeneous events of the various layers of the
system are not only combined into a general behavioral model.

Table 5
Sample cybersecurity event records used for behavioral sequence construction.
. Entity . . . Sequence
Timestamp Data Source Identifier Event Category Context Attribute Behavioral Indicator Label
Network Flow External Previously unseen . .
t Monitor Host-A Connection destination IP Elevated connection frequency Benign
t Authentlcatlon User—X Login Attempt Atypical geograp hic Repeated authentication failure Benign
Service location
t Host Operating Process—P1 Pr1v1lege Request fgr F:levated Unauthoqzed privilege Suspicious
System Log Operation permissions escalation attempt
t Network Flow Host_B Internal Network ~ Multiple internal targets Lateral movement behavior Malicious
Monitor Scan accessed
ts Application Service_S Resource Access Restricted apphcatlon Unauthorized data access Malicious
Access Log endpoint attempt

Individual events can be harmless or unclear on their own as reflected in Table 6. In the long run and when put together in the
form of behavioral sequences, however, such events exhibit tendencies pointing to intent and progression of attacks. This
sequential representation is the basis of feature structuring and risk modeling that is the subject of Section 3.2.

3.8.2 Baseline Methods for Comparison

The suggested framework is analyzed in relation to the representative baseline methods that are typically implemented in the
cybersecurity systems to get the context of performance. These are event-level aggregated anomaly detection models,
behavior-aware detection models, and unaggregated cryptographic enforcement models with traditional intrusion detection.
To compare baselines fairly, recommended parameter settings are used to configure baselines. Such a choice makes it possible
to evaluate the extent of the obtained improvement under the influence of sequential behavior modeling, the weighting of
risks, the cryptography intelligence, and secure learning controls.

3.8.3 Evaluation Metrics

The accuracy of detection, robustness and operational efficiency measures are used to assess performance. Where TP, FP, TN,
and FN represent true positives, false positives, true negatives and false negative respectively. The precision of detection can
be defined as given in Eq. (22):

TP (22)

P .. -
recision TP + FP

Recall is used to evaluate how the framework is able to identify malicious behavior given in Eq. (23):

TP (23)
Recall = m
To balance precision and recall, the F1-score is computed as given in Eq. (24):

2 - Precision - Recall (24)
Precision + Recall

F1 — score =

False positive rate (FPR) which is an essential measure of operational deployment is given in Eq. (25):

FP (25)

FPR=rp TN
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In addition to measures of detection, response efficiency is measured by average response latency, which is defined as the
time interval between the interception of the risk threshold and the execution of an action. The measurement of cryptographic
overhead is based on the increase in cost in additional computing and latency due to adaptive enforcement of trust.

In Egs. (22-25), TP is the number of malicious instances detected, FP is the benign instances that are incorrectly detected, TN
is the benign instances that are correctly detected, and FN is the malicious instances that are not detected. These are calculated
on the test dataset and they form the foundation of analyzing the detection accuracy, reliability and workability of the proposed
framework. Table 6 shows the collection of evaluation formulas that can evaluate the proposed system of behavior-aware
cybersecurity in several perspectives that are complementary to each other. Besides the traditional detection performance
metrics, the adopted metrics also clearly represent the operational stability, response timeliness, cryptographic overhead, and
learning robustness that are required in the deployment to a real-life environment. A multi-dimensional assessment plan will
ensure that the total increase in the detection accuracy is not achieved at the cost of an increase in the false alarm rate, an
increase in the security overhead and the overall untrustworthy operation of the system.

Table 6
Evaluation metrics and their role in assessing the proposed framework
Metric Category Metric Name Definition / Measurement Evaluation Objective
Detection Precision Ratio of correctly detected malicious sequences to all Measures reliability of alerts and resistance
Accuracy detected sequences to false alarms
Detection Recall Ratio of correctly detected malicious sequences to total Assesses ability to identify stealthy and
Coverage malicious sequences multi-stage attacks
Balanced . .. Evaluates trade-off between detection
F1-score Harmonic mean of precision and recall
Performance accuracy and coverage

Operational False Positive Rate Fraction of benign sequences misclassified as malicious Indicates deployability in real-world

Stability (FPR) environments
Resp.onse Response Latency LIRS threshqld RO Measures timeliness of adaptive response
Efficiency execution
Cryptographic Computation & Additional overhead due to adaptive cryptographic Evaluates efficiency of risk-proportional
Overhead latency cost enforcement security
I RS §tab111ty Variance of risk scores under benign workloads Assesses resilience to noise and model drift
Robustness variance

3.8.4 Robustness and Stability Evaluation

In order to measure robustness, the experiments are used to add noise, partial loss of data and delaying event delivery which
approximate real-world monitoring flaws. The stability is considered by checking the deviation in behavior risk estimates on
benign workloads, as well as observing the oscillations in responding to varying patterns of activity. Secondly, experiments
of long horizons are done to study whether the secure learning mechanism can be, after some time, preserved in model integrity
even when it is repeatedly subjected to adversarial behavior.

3.8.5 Reproducibility and Experimental Transparency

Among the main aspects of implementation and assessment of the proposed framework is reproducibility. Fixed time data
splits, well defined groups of behavioral features and explicitly reported hyperparameters are used to do all experiments in
such a way that they can be independently checked. Behavioral feature aggregation involves the use of a sliding window of
size w=20 events with a step size of 5 events whereas sequential behavior modeling involves a fixed sequence length of L=10
windows. Sensitivity to sudden behavior changes versus the strength against temporary noise Risk smoothing factor would
be set to a=0.3. Persistence-aware escalation risk thresholds are selected empirically as t1=0.3, 12=0.5, and t3=0.75 indicating
different levels of confidence of malicious intent. Behavioral modeling, risk estimation, cryptographic adaptation, and
response orchestration aspects are deployed in the form of a modular unit, allowing controlled replication and specific ablation
of a single unit. Random seeds get fixed at the time of model init and training to reduce stochastic variation between
experimental runs and all evaluation metrics are calculated in a standardized way that is used consistently across baseline
methods. Besides this, the details of the implementation such as the algorithmic workflow, parameter ranges, system
configurations and decision policies are documented, to enable transparent reproduction and reasonable comparison in the
future studies. The list of consolidated hyperparameters is given in Appendix A.

4. Results and Discussion

This part is a holistic analysis of the behavior-aware cybersecurity architecture in terms of detection capability, stability of
operation, cryptographic efficiency and resilience in the presence of adversaries. Results are compared to known Al-based
and cryptography-based cybersecurity strategies described in the recent literature, which implies that the performance
improvements would be placed in perspective of the existing state of the art.
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4.1 Detection Performance under Behavior-Driven Attacks

Any metrics reported are averaged across several runs with fixed seeds and the improvements observed were also similar
across the runs. The initial group of experiments tests the detection rates of the proposed framework against both mixed
benevolent and malaise workloads which encompass multi-stage and low-intensity attacks. These are precision, recall, F1-
score and false positive rate which are used to measure detection performance, as defined in Section 3.8.3.

Table 7
Comparative detection performance of the proposed framework and baseline approaches.
Precision Recall F1-score FPR

Method (%) (%) (%) (%) Reference

Static ML-based IDS 91.2 88.5 89.8 6.7 Pallakonda, et al., 2025; Xu et al., 2024
Behavior-aware detection (no crypto adaptation) 934 91.6 92.5 5.4 Al-Na’amneh et al., 2025

Al + static cryptographic protection 94.1 92.3 93.2 4.9 Albinhamad et al., 2025; Ali et al., 2025
Reinforcement learning—based security policy 94.8 93.1 93.9 4.6 Radhi et al., 2025

Proposed framework 96.7 954 96 3.1 —

As indicated in Table 7, the proposed framework performs better and significantly than the base methods in all the detection
measures. The increase is most significant with respect to recall and false positive rate, which means the greater sensitivity to
multi-stage attacks, being stealthy, and at the same time does not affect the reliability of the operations. The proposed approach
has the advantage of sequence behavior modeling over event-level anomaly detectors because an early warning of malicious
intent can be detected even though each of the distinct events are not dangerous. Such findings are consistent with those found
in behavior-oriented works, including (Ishtaiwi et al., 2024), but with cryptography trust adaptation.

4.2 Impact of Sequential Behavior Modeling

In order to separate the role of temporal behavior modeling, more experiments are conducted to compare event-level detection
and sequence-aware risk inference. Event level models have high false alarms in cases of benign variability especially during
peak operational periods. Conversely, the suggested persistence-based risk estimation piles up evidence with time and
minimizes the premature escalations.

(a) Event-Level Detection (b) Sequence-Aware Modeling
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High Event-Level Detection
Critical
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Fig. 7. Temporal risk evolution comparing event-level detection and sequence-aware behavioral modeling.

As shown in Fig. 7, event-level detection generates steep spikes of risk, but sequence-based modeling generates more smooth
risk curves that indicate chronic behavioral aberration. This difference is essential in the operational contexts where the false
positives may reduce the trust in automated security systems. The value of the sequential modeling that has been implemented
in snapshot-based detection has been observed in survey studies like (Mishra et al., 2025) and (Ali et al., 2025), and it supports
the existence of similar constraints in snapshot-based detection.

4.3 Cryptographic Adaptation and Operational Overhead

In addition to detection accuracy, the framework is tested based on cryptographic efficiency. Many types of Al-cryptography
integration have emphasized cryptographic enforcement as being of minimal threat while operating from a benign source
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(Mohsin, 2025; Hoseini et al., 2024). The results of previous studies of this type suggests that one way to lessen the risk of
this occurrence is to use a risk-conscious cryptographic intelligence.

(a) Static Enforcement: 3D Risk-Cost Surface (b) Overhead Comparison Across Risk Levels
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Fig. 8. Cryptographic overhead comparison between static and adaptive enforcement strategies.

In Fig. 8, it is seen that there is a significant reduction in computational overhead in average and yet an increase in security
strength in high-risk periods through the application of adaptive cryptographic enforcement method in the low-risk condition.
In comparison with the types of the static encryption techniques described in (Mohsin, 2025), as well as, the hybrid detection-
encryption frameworks in study by (Jaafar et al., 2026), the suggested structure has a more appropriate level of balance of the
security rigor in the system and responsiveness. The proportionality is especially relevant in real time and resource limited
environments.

4.4 Response Effectiveness and Stability
Adaptive response orchestration is assessed by the latency of the response and oscillatory behavior to respond to changing

workloads. Fixed response thresholds make the baseline systems prone to frequent escalation-de-escalation cycles which
causes instability in its functioning.

Table 8
Response latency and stability comparison across different frameworks.
Oscillation
Framework Avg. Response Latency (ms) Incidents Reference
Rule-based response 420 High Karunamurthy & Kiruthivasan, 2023
AI-ng.en response (no risk 360 Moderate Falowo et al., 2024
smoothing)
RL-based adaptive response 310 Moderate Radhi et al., 2025
Proposed framework 240 Low —

As indicated in Table 8, the suggested framework will give the lowest response latency and a stable behavior. The decision
logic that is aware of hysteresis does not allow the sudden change of response, minimizing disturbance in the case of benign
variability. This stability benefit is rather implicitly covered in most current Al-based cybersecurity models (Yousuf et al.,
2024), which is why it is an especially significant contribution of the current work.

4.5 Robustness and Secure Learning Evaluation
Along with the accuracy of detection and response efficiency, the long-term reliability of an intelligent cybersecurity

framework is also determined by the resilience of its learning process. To measure this aspect, a series of experiments were
run in adversarial and imperfect operating conditions such as the existence of corrupted telemetry, the loss of partial data, and
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intentional effort to inject corrupted behavioral updates. These are typical of real-life situations where data of monitoring may
not always be deemed clean or reliable.

The strength of the suggested framework is tested through the stability of behavioral risks estimates and detection performance
over a long time of operation. In the case of integrity verification and controlled learning updates being disabled, a system
based on baseline learning shows slow reduction in accuracy in risk estimation. This degradation can be characterized as
inflated false positives on benign workloads and latency on persistent attacks, which is in line with the vulnerabilities observed
in previous works on unsecured Al-based cybersecurity systems (Hoseini et al., 2024). Conversely, the proposed framework
ensures the stability of performance because of the integrity gated learning mechanism. Batches of behavioral data are
cryptographically authenticated and only after that, they are allowed to flow into the learning pipeline, such that poisoned or
manipulated behavioral data does not affect model parameters. Consequently, risk estimation can continue to be consistent
even in the case of adversarial noise.
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Fig. 9. Long-horizon stability of behavioral risk estimation under adversarial noise, comparing integrity-protected learning
with unsecured learning.

Fig. 9 observes that the unsecured learning models show a progressively growing variance in the behavior risk score with
time, which means that these models lose calibration and are vulnerable to manipulation. Compared to it, the risk trajectories
of the proposed framework are narrow in both the benign and adversarial scenarios. This stability directly converts to more
sound response decisions and less oscillates response especially when it comes to long term deployment. In order to further
measure robustness of learning, detection performance is measured across evaluation windows. Baseline models that use only
behavioral learning without protecting integrity show the measurable reduction in F1-score in case of prolonged exposure to
attack. The suggested framework, nonetheless, does not compromise the consistency of detection accuracy, which proves that
effective system implementation depends on the security of learning controls.

These results bring out the dimension of Al-driven cybersecurity systems that is overlooked most times. Although much of
the currently existing approaches focus on the detection performance at a single point in time (Yousuf et al., 2024), fewer of
them focus on the behavior of learning systems under the long-term adversarial pressure. The proposed framework fills this
gap by explicitly defending the very process of learning, and it opens the suggested framework to take more than just the
system, but also the intelligence, under attack.

4.7 Comparative Analysis with Existing Approaches

In this subsection, the comparison between the offered framework and the state-of-the-art cybersecurity solutions as reflected
in the recent literature is consolidated. The comparison is not only done based on detection performance but also on behavioral
awareness, cryptographic adaptability, learning robustness, and operational stability- these are dimensions that have been
considered separately in previous research. Current Al-based cybersecurity systems mainly focus on event-based or short-
horizon anomaly detection, with high accuracy in a controlled environment but with drawbacks faced in the face of multi-
stage or low-intensity attacks (Xu et al., 2024; Al-Mukhtar, 2024). Behavior-aware of the detection models enhance sensitivity
to the progression of an attack through the modeling of time patterns; though, most of such methods do not directly respond
to changes in the confidence of threats based on the changes in cryptographic protection, which is a fixed layer (Ishtaiwi et
al., 2024). Cryptography-strengthened systems, on the other hand, are aimed at confidentiality and integrity assurances but
generally have no behavioral context, which means that the rules are enforced in a consistent manner that incurs an
unwarranted overhead during benign behavior (Mohsin, 2025; Hoseini et al., 2024). Table 9 is a summary of the differences
between the proposed framework and representative baselines, both qualitative and quantitative.
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Table 9
Comparative analysis of the proposed framework and existing cybersecurity approaches.
Behavioral Adaptive Secure Operational .
Approach Category Awareness Cryptography Learning Stability Representative References
Event-level ML-based IDS Low No No Moderate ;%;Zt iR L e
Behavior-aware detection Moderate No No Moderate Ishtaiwi et al., 2024
Al St?tlc cryptographic Low Limited No Low—Moderate Mobhsin, 2025
protection
RL-based adaptive security Moderate Limited No Moderate Radhi et al., 2025
Proposed framework High Yes Yes High —

The proposed framework, as indicated in Table 9, is the only method that can be used to integrate behavior-aware modeling,
adaptive cryptographic enforcement, and integrity-protected learning into a single control loop. The combination then
translates into an increased detection reliability, a reduced false positive rate and a constant long-term operation. Notably, the
benefits are not limited to accuracy indicators but to deployability and resilience, which cover the gap identified in recent
surveys and analytical research (Mishra et al., 2025) and (Palakurti, 2024).

4.8 Ablation Study: Module-Wise Quantitative Impact

In order to measure the contribution of individual parts, an ablation study is done where significant modules of the offered
framework are temporarily shut down. The research reveals the effect on detection accuracy, false positive rate, response
latency, and risk stability, which gives an understanding of each of the modules and the overall system performance. Four
variants are tested through the use of ablation: (i) the sequential modeling of behavior is ablated, (ii) the persistence-based
risk weighting is ablated, (iii) the adaptive cryptography is replaced with static enforcement, and (iv) elimination of learning
with integrity protection.

Table 10

Ablation study results showing quantitative impact of individual framework components.
Framework Variant F1-score (%) FPR (%) Avg. Response Latency (ms) Risk Variance
Full framework 96 3.1 240 Low
Sequential behavior modeling 91.8 6.9 255 Moderate
Risk persistence weighting 93.2 5.8 245 High
Adaptive cryptography 94 4.9 315 Moderate
Secure learning protection 92.5 6.3 260 High

The Table 10 results show that every single module has a unique non-redundant role. Eliminating sequential behavior
modeling leads to the sharpest decrease in the accuracy of detection, which supports the significance of the temporal context
in detecting stealthy and multi-stage attacks. The shutting off of persistence-sensitive risk weighting raises false positive and
risk volatility, which means that it is responding to temporary anomalies too early.

The fact that adaptive cryptography can be replaced by static enforcement adds a considerable amount of response time and
operational overhead to this argument, which confirms that risk-proportional protection measures are crucial to efficiency.
Lastly, the elimination of secure learning protection causes an increase in the risk variance and the deterioration of detection
reliability with time, which is consistent with the robustness results presented in Section 4.5. Together, the existence of the
ablation study proves that the performance improvement of the given framework is the resultant effect of the combined activity
of the components instead of the particular technique. This supports the main design idea of the work: the resilience of
cybersecurity is created not by single progress in the area of detection or encryption, but rather by a close correlation of
behavioral intelligence, cryptographic adaptation, and protected learning.

In general, the findings prove the effectiveness of the suggested behavior-aware cybersecurity framework in terms of
providing quantifiable advantages in terms of detection accuracy, false positives mitigation, cryptographic efficiency, and
stability. The proposed method stands out as the only framework that unites behavioral intelligence and cryptographic trust in
a single control loop as compared to the current Al-driven detection systems (Mohamed, 2025), cryptography-enhanced
frameworks (Mohsin, 2025), and adaptive policy approaches (McDonald et al., 2024). The research results confirm the main
hypothesis of the work: the effectiveness of cybersecurity does not arise due to isolated improvements in Al or cryptography,
but rather due to the behavioral integration of these elements. The wisdom may be likened to the larger tendencies which were
identified in more recent surveys (Mishra et al., 2025) and (Palakurti, 2024), and has a framework which can be experimentally
tested and verified as practical.
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5. Discussion

The results, which not only confirm the trends exceeding the monetary benefits but also directly refer to the primary hypothesis
of the study that the success of cybersecurity can be promoted when behavioral intelligence, the cryptographic control, and
learning integrity are not discussed at the levels but within the same adaptive system. The steady increase in false positives
and stability of risk curves indicate that malicious intent is best represented by behavioral persistence as opposed to the
independent anomaly score. That is why, the suggested framework reacts later than event-level detectors in certain instances,
but with a higher confidence level and less unnecessary interventions. The system is, in essence, trained on what not to be
acted on and this is as important as detecting attacks per se in a working environment.

The contrasts are more evident when it is compared with the current work. The current Al-based cybersecurity systems largely
focus on improving the efficiency of detectors that have sophisticated models or ensembles, typically on snapshot data or
short horizons (Mohamed, 2025). Despite the good performance of these approaches where they are applied in controlled
settings, they cannot deal with behavioral ambiguity and operational noise. Similarly, the models that are based on
cryptography emphasize more on confidentiality and integrity but mostly employ unchanging policy that is not responsive to
the varying threat confidence (Mohsin, 2025). The proposed solution on the other hand ushers in a behavior-directed control
circuit in which cryptographic protection is linearly related to deduced threat, and a more suitable security stance is being
enacted. Reinforcement-based security policies (McDonald et al., 2024) are moving in the direction of flexibility, although
they rarely combine secure learning constraints, leaving the intelligence layer itself at stake.

Beyond the performance measures, the framework has practical outputs to the deployments, namely cloud and enterprise
environments where security decisions must be sought after depending on protection, latency and availability. In usual
working conditions, risk-proportional cryptographic adaptation would help in reduction of the redundant overheads, and high
security levels are maintained in case of incessant threat. Surprisingly, yet also convenient to mention the stabilizing effect of
learning with integrity gates, namely, integrity-gated learning prevents not only poisoning but will also indirectly boost
response consistency as the effect of oscillations caused by drift. This observation means that the fact that learning security is
put into consideration is not a second hand design consideration but a design consideration.

In the meantime, the study has constraints, which should be taken into account. It is tested on scenarios of controllable attacks
and a realistic but not representative (or quantitative) artificial generation of behavioral workloads. The framework has as well
been tested under a centralized environment; distributed or federated environments introduces into the framework new
challenges related to coordination and trust. The following research can seek to merge with the data of ongoing operations,
federated learning extensions and a more formal threat model. More generally, the work aligns with the present-day trends as
well as the need to establish adaptive, behavior-focused, and trustworthy Al systems in regard to cybersecurity (Mishra et al.,
2025) and (Palakurti, 2024). It aids in proving that resilience is not a single occasion, it is a set of identifying and encrypting
and how the two notions interact over time.

6. Conclusion and Future Scope

This article tried to revisit the idea of intelligent cybersecurity mechanisms considering the trust in dynamic state formation
by behavior and not the fixed and homogenous property. Sequential modeling of behavior, risk-sensitive cryptographic
adaptation and integrity-assured learning proposed by the suggested framework they imply place fragmented security
pipelines on a more coherent behavior-based defense mechanism. That is the primary contribution of the coupling. Detection,
trust enforcement and learning no longer are separate processes; they evolve at the same time, grounded on the same behavior
evidence. The results of the experiment support this choice of a design. The framework shows realistic improvements over
representative baselines in various dimensions of evaluation. There is a rise in detection accuracy that does not lead to the
subsequent increase in false positives. Latency of response is minimized as stability is enhanced particularly in varying
workloads. But more so, the very learning process is also stable under long-term operation, without having to drift or degrade
with noise or adversarial stimuli. Such results indicate the protection of the intelligence layer is not an add-on, only defense
but a requirement to continue operating adaptively. That notwithstanding, there are no limitless boundaries to the study. The
testing is based on if the controlled scenarios and synthesized workloads of behavior, despite being critically designed, cannot
adequately approximate complexity of open, large-scale operating environments. The framework has been analyzed mainly
in a centralized environment. Infrastructures being distributed, when the decisions that need to be made concerning the trust
are to be made across several domains, they present further challenges that are not within the current scope. Such limitations
can logically lead to the directions of future research. An extension to live or partially anonymized operational datasets where
behavioral variability is larger and ground truth is less clear is one such immediate extension. The other avenue to explore is
federated or decentralized learning architecture which enables behavior-aware security to scale without data centralization.
The framework would be made stronger with more formal threat modeling, especially against adaptive adversaries who are
targeting the learning as well as decision layers.
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This endeavor, when put together, will be a step in the right direction of systems of cybersecurity that think, evolve, and
protect themselves more intelligently. It makes no claim of handling all the problems of intelligent defense. Instead, it offers
a platform on which more powerful, open, and behavior-aware security practices can be instituted.
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Appendix A: Hyperparameter Settings

The hyperparameters that are important and are applied in behavioral modeling, risk estimation, cryptographic adaptation,
and response orchestration are summarized in this appendix. The values chosen were empirically tested to achieve a balance
between detection sensitivity, stability in operation and efficiency in computation. Where not indicated otherwise, the same
configuration is applied throughout all the experiments as well as the baseline comparisons.

Table Al
Configuration of hyperparameters of the proposed framework.
Component Hyperparameter Symbol Value Description
Behavioral aggregation Sliding window size (w) 20 events Number of events aggregated per window
Behavioral aggregation Window step size — 5 events Overlap between consecutive windows
Sequential modeling Sequence length @) 10 windows Historical context for risk inference
Risk estimation Smoothing factor A 0.3 Balances sensitivity and noise robustness
Risk escalation Persistence thresholds 11,712,713 0.3,0.5,0.75 Risk levels for escalation and policy transition
Cryptographic control Risk tolerance limits ok Policy-specific Maximum risk allowed per crypto configuration
Response stability Hysteresis constraint H 1 level Limits abrupt response transitions
Learning stability Drift threshold — Empirical Bounds acceptable parameter deviation
Experimental control Random seed — Fixed Ensures reproducibility across runs
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