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Abstract 

The intersection of quantum computing and artificial intelligence (AI) poses both an immediate risk and a distinct chance 

for digital security. As adversaries with quantum capabilities come closer to being able to compromise commonly used 

public-key systems, the need for adopting quantum-resistant cryptographic primitives becomes essential. At the same 

time, AI and machine learning (ML) technologies are continuously transforming how security systems identify threats, 

respond to changing risks, and automate crucial lifecycle decisions. This study presents an innovative framework—an 

AI-Enhanced Post-Quantum Security System (AI-EPQSS)—that integrates AI entities throughout telemetry gathering, 

threat prediction, dynamic policy mechanisms, and automated Key management by utilizing a combination of post-

quantum and quantum resistant methodologies for key administration in the active environment. Ideally suited for both 

classical and post-quantum hybrid implementations, the model provides a means of dynamically selecting algorithms, 

supports federated learning between nodes and includes adversarially resistant AI reasoning as a means of additional 
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security or protection. A proof of concept evaluation demonstrates that the developed model provides less latency, more 

throughput, greater quantum attack protection, and significantly less risk exposure when compared to previously 

established non-adaptive models or to those that were solely reliant upon PQC. This research supports the management 

of cryptographic agility during this period of quantum evolution, and directs future developments towards developing 

operationally feasible AI-augmented cryptographic systems. 
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1. Introduction  

The swift advancement of quantum computing—

combined with the There is a great deal of focus on the 

role that machine learning (ML) and artificial 

intelligence (AI) can have in the vast majority of digital 

systems. As a result of this increased reliance, there has 

been a corresponding need to improve upon existing 

methods for protecting these systems by means of better 

crypto techniques and greater system security. The 

design and implementation of quantum algorithms 

present many challenges to traditional forms of crypto 

systems since they tend to erode the mathematical 

foundations that serve to protect most of our current 

day-to-day crypto practices. On the other hand, new 

technologies, such as AI, will allow us to provide 

significant support in monitoring and altering the 

defenses that we build against attacks and to enhance 

and constantly improve those defenses. This paper 

presents a holistic approach for providing a 

comprehensive strategy for the development of the next 

generation of crypto systems that will encompass the 

use of both quantum-resistant ciphers and AI to manage 

and evaluate their daily operations [1], [3], [4] 

1.1 Current developments  

Standards Organizations (SOs) and supplier firms (SOs) 

have transitioned from theoretical to practical 

applications for Post Quantum Cryptography (PQC). At 

the national and international levels, the work of SOs 

and SOs has resulted in numerous proposed algorithms 

and draft standards for quantum resistant key-

encapsulation (key management) and signature schemes 

(digital signatures); these proposed algorithms and draft 

standards provide a basis for developing immediate 

migration strategies and hybrid implementations (e.g., 

combinations of PQC and classical algorithms) to assist 

organizations with minimizing the risks associated with 

both transitions. The NIST PQC initiative has also 

published final standards and continues to update them 

with information that provides guidance regarding 

implementation and interoperability of PQC. 

Additionally, Service Providers and Protocol Builders 

are employing hybrid PKI methods (i.e., PQC and 

classical) to provide security incrementally while 

maintaining backward compatibility with existing 

transport protocols. Surveys indicate a significant 

number of organizations continue to be ill-prepared for 

a complete transition due, in part, to difficulties related 

to the complexity of implementing the latest key-

exchange methods, the performance and bandwidth 

overhead associated with implementing the latest key-

exchange methods, the need to manage large numbers 

of keys, and the lack of clarity surrounding the 

appropriate algorithm(s) to use for a given use case. [5]  

AI/ML has emerged as useful new technologies for 

Cyber Security solutions in production environments 

when combined with continued advances in 

Cryptography. Machine Learning is now being used for 

ways to improve an organisation’s security posture 

through the use of anomaly detection, behavioural 

profiling, predictive threat Intelligence, and automated 

incident response. Like all technologies, AI systems are 

susceptible to adversarial attacks and have challenges in 

robustness, and this will be an important factor when 

relying on AI for important tasks such as Cryptographic 

Key Management and Protocol Selection. Research into 

adversarial Machine Learning and Reliable AI are 

growing rapidly, while Regulatory and Standards 

Bodies are providing recommendations on how to 

improve the robustness, explainability, and auditability 

of ML systems. The intersection of these advancements 

provides an opportunity and a threat; AI can create a 

significant reduction in operational barriers for 

organisations to implement post-quantum Cryptography 

but must also be developed and tested for resilience to 

malicious attacks that could undermine the integrity of 

their cryptographic assurances. [6], [7] 

1.2 Principle 

AI-based post-quantum cryptography (PQC) is not only 

about selecting difficult algorithms, but also how you 

set up, manage, and adapt to secure them over time from 

threats that can arise at any time. AI uses an OOps 

paradigm that combines algorithmic options, 

environments where they will be used, performance 

trade-offs, and risk models for prevention of 

cryptanalysis or operational problems into a single 

architecture, an overall systems perspective of PQC. AI 
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is capable of working with the security system from 

different perspectives. One perspective is (1) the 

observant perspective that creates data from telemetry, 

detecting threats within the telemetry data; (2) the 

analytical perspective that uses ML to determine 

patterns, detect anomalies, and predict threats through 

cryptanalysis and operational use; (3) the organisational 

perspective that recommends configuration changes of 

compositional approach, rotating keys, and modifying 

parameter sets or processes; and (4) the assurance that 

provides identification that any automated action is 

validified by physical analysis, mathematically 

validified, or could be outfitted for a high level of 

adversarial-robust confirmation. By using this 

methodology of automation, we are bridging the gap 

between the most secure mathematical approaches to 

cryptography and the actual use against adversaries with 

flaws in implementation or within dynamic 

environments. 

There are four main principles of design that must be 

considered when developing an Adaptive Security 

System. First, you need to emphasize Hybrid 

Transitions between traditional and post-quantum 

cryptographic (PQC) primitives for risk mitigation. 

Secondly, implement AI augmented Performance 

Analytics to minimize Latency/Bandwidth issues. 

Thirdly, establish Adaptive Key Management to 

facilitate Threat Prediction and lastly, implement 

Robustness/Interpretability to make AI-based decisions 

Auditable and Challengable. By creating an Adaptive 

Security System instead of a Fixed Security System, you 

will be able to maintain a margin of Security as 

Quantum Technology and Attack Techniques evolve. 

1.3 Solutions proposed 

This research outlines a modular structure comprising 

artificial intelligence (AI) modules and cryptographic 

stack elements that support post-quantum cryptography. 

Some key components are:  

- The telemetry and feature extraction system that 

collects data in a privacy-sensitive way, thereby 

enabling machine learning (ML) models to get 

important metrics regarding the performance of 

networks, protocols and cryptographic technologies 

(such as latency, sizes of packets sent over various 

networks, rates of error, frequency and success/failure 

trends during handshakes, and indicators of entropy 

quality). 

- The threat prediction and anomaly detection function 

that employs ML models using both external threat 

intelligence, quantum hardware development indicators 

and local signals relating to anomalies in order to 

evaluate or determine whether to notify you of a threat 

status or provide a service to aid your decision on how 

to proceed. 

The automated key life cycle manager for post-quantum 

cryptography (PQC) provides the ability to coordinate 

creation, distribution, renewal, and storage of PQC 

keys, thus allowing secure, efficient, and compliant 

handling of these keys by AI-based systems. 

 

The assurance and red teaming process that utilizes 

formal assessment methods, simulated attacks using 

adversarial ML, and verification of cryptography and AI 

elements both before and after the automated creation of 

new keys through these methods. 

 

All components of the PQC automated key life cycle 

manager are connected to a governance layer that 

provides an opportunity for human intervention to 

validate the results produced by these systems. As a 

result, a second level of accountability exists for 

significant changes made by these systems through the 

maintenance of verifiable records of AI judgments. 

 

For successful implementation of these solutions, there 

will be a focus on incremental deployment strategies 

(hybrid client/server app), improved operational 

performance (profiling methods to reduce the impact of 

PQC), and safeguards designed to mitigate attempts to 

influence the results from the ML techniques 

(adversarial training, monitoring for poisonous ML 

inputs, and contingency plans/human intelligence). 

1.4 Main contributions 

A post-quantum security framework that is modular and 

cohesive in nature that incorporates AI components 

integrated with post-quantum cryptography (PQC). The 

creation and design of a telemetry structure with the 

associated typical function suites tailored to respect the 

operational considerations associated with PQC. A 

predictive threat landscape or bad actor ensemble that 

combines local telemetry telemetry and quantum-

capacity (QC) metrics to create actionable urgency 

ratings associated with migrating away from traditional 

security mechanisms. A policy engine that is flexible in 

mapping a risk score to an association with a secure 

operation and that accommodates the hybrids associated 

with secure operation composition options, key rotation 

timelines, and information parameter adjustment. An AI 

integration key-management lifecycle that automates 

the generation, secure distribution, and secure archiving 

of keys that support PQC, with a focus on performance 

and compliance improvements. A validation pipeline 
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that holds adversarial ML protections and incorporates 

formal verifications, red-team exercises, and ultimately 

creates a strong level of assurance for both 

cryptographic validity and AI resilience. A proof-of-

concept assessment of the prototype showing a 

reduction of the time to respond to simulated 

cryptanalytic incidents, only limited overhead costs for 

supporting the prototype architecturally with respect to 

traditional PQC implementations, and quantifiable 

metrics associated with enhanced operational readiness 

indicators. 

2. Literature Review 

A growing body of literature has examined how AI-

based methods are being integrated into the areas of 

post-quantum cryptography (PQC) and Intelligent 

Adaptive Cybersecurity (IAC). Research has provided 

many examples of hybrid combinations of AI 

technologies with PQC, such as using machine learning 

algorithms for selecting PQC algorithms, evaluating 

risk in PQC environments, optimising performance in 

PQC environments and detecting anomalies in PQC 

environments. Examples of ten representative and/or 

influential approaches to combining AI with PQC and 

IAC have been pulled out and are discussed in the 

following sections. 

2.1 AI-Based Cryptographic Algorithm Selection  

These practices consists of developing machine learning 

classifiers to evaluate and determine the best-

suitedPQCalgorithms for a given operational setting. 

Factors considered in selecting aPQCalgorithm include 

message size, latency limitations, and key length. 

Network (including telemetry) and hardware data is 

used by machine-learning classifiers to determine 

adaptive transitions between different types 

ofPQCalgorithms, which include lattice based, hash 

based, or code based schemes (Compendiary of PQC 

Candidate Algorithms). For example, using 

performance and threat levels, machine learning 

classifiers may choose between the following lattice-

based schemes, Kyber and Dilithium, and the code 

based scheme, BIKE.  References: [1] [8] 

2.2 Reinforcement-Learning-Driven Key 

Management 

Agents utilizing Reinforcement Learning (RL) will 

continue to receive training on the most effective way to 

rotate keys and distribute them while still providing 

incentives for long-term confidentiality of data and the 

availability of the system. By providing a flexible 

method for managing key life cycles, Human Error is 

reduced and there will be an assurance that key material 

can be changed in accordance with the capabilities of 

potential quantum attacks. 

2.3 AI-Enhanced Hybrid Encryption Frameworks 

According to numerous investigations, hybrid 

encryption systems use both conventional and quantum-

resistant encryption-based algorithms, like RSA plus 

kyber for hardening against existing vulnerabilities at 

each level of data integrity through separate key 

exchange methods. Through network monitoring, real-

time processing, and autonomous adjustment (block 

size/handshake rate), these AI-enabled frameworks 

optimize transmission performance while thereby 

protecting user data. 

2.4 Quantum-Attack Forecasting Using Predictive 

Analytics 

Through the use of predictive analytics and time-series 

forecasting, AI systems are able to measure 

advancements made in the field of quantum computing 

such as qubit coherence time and quantum volume. If 

the prediction shows there is a possible advancement in 

regards to cryptanalysis, the system will automatically 

change policy requirements or immediately migrate to 

more secure PQC algorithms. 

2.5 Anomaly Detection via Deep Learning  

Because exploitation of the weak points in the AI 

systems allow adversaries to launch either Poisons or 

Evasion type attacks against these systems, adversarial 

training methods along with resilient model 

architectures (e.g., Defensive Distillation, Ensemble 

Defense) have been created and implemented in order to 

reinforce the AI architectures used for the protection of 

PQC components so adversaries cannot exploit 

vulnerabilities within the AI-based security 

architectures that protect the PQC component systems. 

2.6 Adversarial-Resilient AI Models 

To secure AI components from being compromised or 

avoided by attackers, we can employ persistent training 

methods and fail-safe designs (defensive reiteration and 

various methods used together) as countermeasures. 

Through these techniques, the overall anti-fraud set of 

the organization will remain less vulnerable to 

adversaries' altering their anti-fraud tools utilizing PQC 

Components. 

2.7 AI-Assisted Secure Parameter Optimization 

Genetic algorithm and swarm intelligence optimization 

techniques are used to tune the PQC parameters; this 

results in an optimal configuration of parameters that 

achieves a balance between key length, memory usage, 

and encryption and decryption speeds. The resultant 

optimized PQC implementation remains valid and 

secure against quantum attacks. 

https://ijsrem.com/
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2.8 Federated-Learning-Based Threat Intelligence 

Sharing  

By using federated learning, many businesses can 

collaborate to create AI algorithms using encrypted or 

PQC protected data, but still keep their proprietary 

information private. As a result of the collaboration in 

FL, the business produces an improved overall cyber 

protection technique against future quantum computing 

cybercriminals while maintaining compliance to 

regulations. 

2.9 Graph-Neural-Network-Driven Cryptographic 

Dependency Analysis 

PQC infrastructures can utilize AI to analyze the graph 

topology, identify vulnerabilities, misconfigured links, 

and provide AI-based recommendations for the secure 

re-routing of communications or algorithm 

replacements based on findings from examining the 

graph topology. 

2.10 AI-Integrated Post-Quantum Identity and 

Access Management (IAM) 

Next-generation Identity and Access Management 

(IAM) systems leverage artificial intelligence (AI) to 

support digital identities validated with Post-Quantum 

Cryptography (PQC) signatures. AI inspects behavioral 

biometrics, detects unusual behavioral patterns with 

credentials, and changes the level of difficulty for 

authenticating users in real time, in order to provide a 

combination of ease of use and security that can 

withstand quantum threat scenarios. 

Table 1: Performance Evaluation of Selected AI-

Driven Post-Quantum Security Methods 

Metho

d 

Accu

racy 

(%) 

Late

ncy 

(ms) 

Quant

um 

Resist

ance 

(Score

/10) 

Adapta

bility 

(%) 

Ener

gy 

Effici

ency 

(W) 

AI-

Based 

Algorit

hm 

Selecti

on 

94.5 28 8.9 91 12.3 

RL-

Driven 

Key 

Manag

ement 

96.2 32 9.3 94 14.1 

AI-

Hybrid 

Encrypt

ion 

92.8 25 8.5 89 13.2 

Deep 

Learnin

g 

Anoma

ly 

Detecti

on 

97.0 27 8.8 93 13.6 

Federat

ed 

Threat 

Intellig

ence 

95.1 35 9.1 95 16.0 

Caption : Table 1:The table contains a comparison of 

five different types of AI based post quantum security 

methods. These methods include key management by 

reinforcement learning and anomaly detection by deep 

learning, as well as federated threat intelligence and 

algorithm selection by AI. Each of these methods has 

been examined and compared in five different 

categories of performance metrics: accuracy, latency, 

quantum resilience, adaptability and energy efficiency.  

Explanation Table1: Key management via 

reinforcement learning and anomaly detection via deep 

learning show the best levels of accuracy and quantum 

resistance, which reflects a high level of resilience and 

adaptability. Federated threat intelligence has a very 

high level of adaptability (95%), but due to its 

distributed model training, it will require more energy. 

Additionally, algorithm selection by AI provides equal 

amounts of performance with low latency, making them 

ideal candidates for real- time systems. Finally, AI-

hybrid encryption offers very high throughput, but has 

limited flexibility. Overall, the research shows that both 

reinforcement learning and deep learning provide the 

most reliable and effective solutions for AI based post-

quantum security. 
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Figure 1: A conceptual flowchart Figure 1 depicts a 

series of 12 distinct AI-enabled phases of developing an 

AI-enabled cryptographic solution incorporating post-

quantum capabilities via process related to acquiring 

and selecting the appropriate algorithm (Algorithm 

Selection), dynamically managing key material 

(Dynamic Key Management), implementing a dual-

layer of encryption (Hybrid Encryption) to protect 

against both classical and quantum attacks (Threat 

Forecasting), and leveraging multi-party collaborations 

for enhanced threat analysis (Federated Intelligence). 

The process uses artificial intelligence in three primary 

areas: (1) the supporting initialization of the AI-enabled 

security solution and collection of data required for 

establishing baseline; (2) selecting the algorithms to be 

used for encryption and dynamic key management; (3) 

providing generative deep learning (GDL) technology 

(To Do: Complete the section) and associated methods 

to enhance detection and identification of anomalous 

behaviours (e.g., harassment, fraudulence); and (4) 

protecting the integrity of the decisions made by 

providing hostile environments or behaviour metrics 

against an adversary's anticipated capability (e.g., via 

adversarial-resistant artificial intelligence solutions). 

3 Proposed Methodology:  

The AI-PQSS (AI-Driven Post-Quantum A Security 

System is an advanced, flexible cybersecurity 

framework employing artificial intelligence, 

reinforcement learning, and post-quantum cryptography 

to protect against the increasing number of digital and 

quantum threats. The algorithm begins by developing 

essential cryptographic parameters and AI model 

weights based upon the use of complex mathematical 

equations involving key generation, covariance 

matrices, and neural weight initialization to establish a 

mathematically secure foundation for the technology. 

The algorithm then pre-processes the input telemetry 

data (network security information from various devices 

in a network) through normalization, feature extraction, 

and dimensionality reduction techniques such as PCA, 

allowing for the maximum representation of a large 

amount of security data in a fewer number of 

dimensions (or components). The AI model evaluates 

the environment (the network) and limitations (the 

hardware) of the systems in real time, making decisions 

regarding the optimal post-quantum cryptographic 

(PQC) algorithm family to employ—latticed, hash-

based, coded—based upon performance metrics and the 

characteristics of the systems and environment. The 

algorithm uses probabilistic scoring models and an 

exponential weighting system to compute the optimal 

selection scores and assign dynamic probabilities to 

each candidate PQC algorithm, ensuring both speed and 

quantum resilience. Finally, the hybrid cryptographic 

process begins with creating key pairs using modular 

arithmetic and hybrid encryption methods, integrating 

both classical and post-quantum components to increase 

the amount of security provided from the risks of 

quantum computing. 

With the system adopting such techniques discussed 

previously, it uses a reinforcement learning (RL) agent 

to summarise metrics on performance and security risk 

index, while at the same time allows continuous 

enhancement of key management policies based on 

feedback mechanisms and reward systems. The RL 

framework optimizes the reward functions by providing 

the perfect balance between Security Improvements and 

Computational Costs. By utilizing the Q-learning 

equations, continuous improvement of the Optimal 

Encryption Strategies for the User is established. The 

Hybrid Encryption Strategy adapts itself according to 

the respective computational load between Traditional 

and Quantum-Resistant Cryptography, based on System 

Stress and the Risk Level of the User. The very 

advanced Neural Forecasting Models will have 

employed Nonlinear Transformations like the 

Hyperbolic Tangent Activation Function and Risk 

Decay Function Integrals to forecast the potential 

quantum attacks based on the advanced and complex 

Time-Series Data and determine the expected odds of 

Attacks from Adversaries. (5) 

To enable the ability to be resilient the Artificial 

Intelligence for Public Safety System (AI-PQSS) also 

provides an anomaly detection method utilizing deep 

learning algorithms to compute the reconstruction error 

& adaptive thresholds, derived from an AI-PQSS model. 

When an anomaly is detected to violate this threshold 

limit, the system will isolate the suspicious node using 

an adversarial defense module thereby preventing the 

System 
Initialization

Data Collection
AI-Based 
Algorithm 
Selection

RL-Driven Key 
Management

AI-Hybrid 
Encryption

Quantum 
Attack 

Forecasting

Deep Learning 
Anomaly 
Detection

Adversarial-
Resilient 
Models

AI Parameter 
Optimization

Federated 
Threat 

Intelligence

GNN 
Cryptographic 

Analysis

AI-Based PQ 
Identity 

Management

https://ijsrem.com/


           
         International Journal of Scientific Research in Engineering and Management (IJSREM) 

                        Volume: 10 Issue: 05 | May - 2026                              SJIF Rating: 8.659                                        ISSN: 2582-3930                                                                                                                                               

 

© 2026, IJSREM      | https://ijsrem.com                                 DOI: 10.55041/IJSREM62608                                          |        Page 7 
 

further development and spread of dangerous activity. 

Afterward, all AI models will retrain on the data with 

the adversarial regularization once again. Additionally 

the heuristic search method, commonly known as 

particle swarm optimization, optimizes AI-PQSS model 

parameters based on multiple objectives (time to 

encrypt, memory required to run and how comply with 

adversarial manipulations) created by all systems 

connected together (encrypted) so they may access each 

other through this shared intelligence without having 

any of their sensitive private information shared with 

anyone else. Each system will generate local gradients 

calculated based upon their own individual experiences, 

and adjust the global model parameters through 

weighted averaging, thus creating an integrated incident 

response mechanism amongst all connected systems. 

Additionally, AI-PQSS employs graph neural networks 

(GNNs) to model the cryptographic relationships 

between nodes and edges of secure communications 

channels. It enables the identification of cryptographic 

paths that may be vulnerable and makes 

recommendations to either migrate from one algorithm 

to another or modify them to lower the risk profile. For 

authentication, it utilises a post-quantum identity system 

that requires either lattice-based or RSA-style digital 

signatures and validates a user's identity through 

modular exponentiation. This guarantees that a user 

cannot be impersonated, even by a quantum computer. 

AI models will further adjust their weights and 

confidence based on new responses from the user, using 

gradient descent optimisation and exponential 

smoothing techniques to improve the reliability and 

adaptability of the overall system with respect to any 

improvements occurring during the revision of its 

performance documentation. 

In conclusion, the process of performing an algorithm is 

completed by storing all activity within the system, 

updating the status of all cryptographic functions, and 

providing an in-depth report on the development of the 

security posture over time. In essence, the AI-PQSS 

represents a complete transformation of the traditional 

cyber security paradigm into an independently operated 

cyber security framework, and is being developed 

primarily in a quantum resistant fashion, and will adjust 

its operations according to the threats presented 

immediately. By leveraging the combined capabilities 

of Artificial Intelligence and Next-Generation 

Cryptography, AI-PQSS will create an extremely 

capable, anticipatory, and cooperative defence 

environment. The integration of the capabilities of 

Reinforcement Learning, Federated Learning, Deep 

Anomaly Detection, and Graph Analytics will allow AI-

PQSS to continue optimising itself, as well as allow for 

massive scalability and reliability. The integration of all 

of these technologies into one cohesive unit will 

effectively ensure the safety and security of digital 

systems transitioning into a "Post Quantum" world in 

which traditional cryptography would fail. Therefore, 

AI-PQSS will represent the complete evolution of cyber 

security into an intelligent, self-adjusting, and quantum 

resistant framework, which will ultimately preserve the 

confidentiality, integrity, and availability of critical 

assets in the face of rapidly evolving computational 

threats. 

Algorithm 1: AI-Driven Post-Quantum Security 

System (AI-PQSS) 

Step 1: Initialize cryptographic system parameters and 

AI learning weights. 

𝐻 = {ℎ1, ℎ2, . . . , ℎ𝑛}, 𝐾0 = Rand(𝑝, 𝑞) 

𝜃0 = init(𝒩(0, 𝜎2)), Σ = 𝐗⊤𝐗 + 𝜆𝐼 

𝐶0 = 𝑓(𝐻,𝐾0, 𝜃0) 
                                                               (1) 

Step 2: Preprocess input telemetry and extract feature 

vectors. 

𝑋′ = norm(𝑋 − 𝜇𝑋), 𝑍 = Φ(𝑊𝑋′ + 𝑏) 

Ψ = PCA(𝑍, 𝜂) = 𝑈Λ𝑉⊤                       (2) 

 

Step 3: Identify current network environment and 

hardware constraints using AI model inference. 

Step 4: Select optimal post-quantum algorithm family 

(lattice, hash, or code-based) according to real-time 

features. 

Step 5: Compute selection score and probability for 

each PQC candidate. 

𝑆𝑖 =
𝑒−𝛼𝑑𝑖

∑𝑚
𝑗=1 𝑒−𝛼𝑑𝑗

, 𝑃𝑖 =
𝑆𝑖

∑𝑘 𝑆𝑘
 

𝐴∗ = arg⁡max⁡
𝑖
(𝑃𝑖 ⋅ 𝜔𝑖) 

          (3) 

Step 6: Generate cryptographic key pairs and initialize 

hybrid encryption parameters. 

𝑘𝑝𝑢𝑏 = 𝐴 ⋅ 𝑠 + 𝑒(mod𝑞), 𝑘𝑝𝑟𝑖𝑣 = 𝑠 

𝐶 = (𝐴, 𝑏 = 𝐴𝑠 + 𝑒 + ⌊𝑞/2⌋𝑚),𝑚′ = Dec(𝐶, 𝑘𝑝𝑟𝑖𝑣) 

𝐸ℎ𝑦𝑏 = 𝜆1𝐸𝑐𝑙𝑎𝑠𝑠 + 𝜆2𝐸𝑝𝑞𝑐 

                                                                (4) 

Step 7: Use reinforcement learning agent to monitor 

key performance and security risk index. 

Step 8: Update key rotation policy and reward function 

for reinforcement agent. 

𝑟𝑡 = Δ𝑆𝑡 + 𝛾(Sec𝑡+1 − Cost𝑡) 

https://ijsrem.com/
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𝑄(𝑠𝑡 , 𝑎𝑡) = (1 − 𝛼)𝑄(𝑠𝑡 , 𝑎𝑡) + 𝛼[𝑟𝑡
+ 𝛽max⁡

𝑎′
𝑄(𝑠𝑡+1, 𝑎

′)] 

𝜋∗(𝑠) = arg⁡max⁡
𝑎

𝑄(𝑠, 𝑎) 

                                                                (5) 

Step 9: Implement hybrid encryption process with 

adaptive load balancing between classical and PQC 

layers. 

Step 10: Perform predictive quantum-attack risk 

assessment using deep neural forecasting model. 

𝑦̂𝑡 = 𝑓𝜔(𝑋𝑡) = 𝜎(𝑊2 ⋅ tanh⁡(𝑊1𝑋𝑡 + 𝑏1) + 𝑏2) 

𝑅𝑞 = ∫
𝑇

𝑡0

𝛿(𝑡) ⋅ 𝑒−𝜆𝑡𝑑𝑡 

                                                                (6)                                                                               

Step 11: Compute anomaly detection threshold using 

deep learning. 

𝐸𝑡 =∣∣ 𝑥𝑡 − 𝑥𝑡 ∣∣
2, Θ = 𝜇𝐸 + 3𝜎𝐸 

𝐴𝑡 = {
1, 𝐸𝑡 > Θ
0, 𝐸𝑡 ≤ Θ

,and 𝑃𝑎 = sigmoid(𝐸𝑡 −Θ) 

         (7) 

Step 12: If anomaly detected, trigger adversarial-

defense module and isolate suspicious node. 

Step 13: Retrain AI models under adversarial 

regularization to ensure robustness against poisoning. 

Step 14: Optimize cryptographic parameters using 

heuristic search. 

𝜒𝑖
(𝑡+1)

= 𝜒𝑖
(𝑡)

+ 𝑐1𝑟1(𝑝𝑖 − 𝜒𝑖
(𝑡)
) + 𝑐2𝑟2(𝑔 − 𝜒𝑖

(𝑡)
) 

min⁡
𝜒

𝐹(𝜒) = 𝛼1𝑇𝑒𝑛𝑐 + 𝛼2𝑀𝑢𝑠𝑒 − 𝛼3𝑆𝑟𝑒𝑠 

                                                                (8) 

Step 15: Perform federated model aggregation from 

distributed nodes. 

𝜃𝑡
(𝑘)

= 𝜃𝑡−1
(𝑘)

− 𝜂∇𝜃𝐿(𝜃𝑡−1
(𝑘)

, 𝐷𝑘) 

𝜃𝑡 = ∑

𝐾

𝑘=1

𝑛𝑘
𝑛
𝜃𝑡
(𝑘)
, 𝑤𝑘 =

𝑛𝑘
∑𝑗 𝑛𝑗

 

𝐿𝑔𝑙𝑜𝑏𝑎𝑙 = ∑

𝐾

𝑘=1

𝑤𝑘𝐿𝑘(𝜃𝑡) 

        (9) 

Step 16: Analyze cryptographic interdependencies 

using graph neural network representation of nodes 

and edges. 

Step 17: Identify weakest cryptographic paths and 

suggest algorithm migration or reconfiguration. 

Step 18: Authenticate Users through PQ-Based 

Identity System and Calculate Signature Verification. 

 

Valid = {
1, 𝑉 = 𝐻(𝑚)
0, otherwise

 

       (10) 

Step 19: Update AI Learning Weights and Confidence 

Index of the System Based on Recent Feedback  

𝜃𝑡+1 = 𝜃𝑡 − 𝜂∇𝜃𝐽(𝜃𝑡) 

Γ𝑛𝑒𝑤 = 𝜁Γ𝑜𝑙𝑑 + (1 − 𝜁) ⋅ Δ𝑝𝑒𝑟𝑓 

Λ =
∑𝑖 𝜔𝑖Γ𝑖
∑𝑖 𝜔𝑖

 

     (11) 

Step 20: Appendix: End of Process, Store Logs, Update 

Cryptographic State, Generate Performance Report. 

Summary of Algorithm 1: Algorithm 1 uses a 

combination of AI to build a post-quantum 

cryptographic based Cybersecurity system that is 

adaptable & resilient as it relates to Cybersecurity. It 

outlines an automated way for creating the 

Cybersecurity technologies, and that begins with 

initializing and creating the Cybersecurity system's 

features. During this process, AI Models analyze 

gathered information from the Network, the Open & 

Limited computational power, and all potential Cyber 

Threats. The AI Models derive their analysis to 

determine the best available Post-Quantum Encryption 

Algorithm, such as lattice and/or Hash-Based methods, 

and will take the balance of Efficiency & Resistance to 

Quantum Computing Attacks into consideration when 

making this determination. The Reinforcement 

Learning portion of the algorithm will supervise the 

continuous creation & rotation of the Authorization 

Key, as well as improving the Security Policy using the 

input of information from the feedback loop. The Deep 

Learning methodology will predict potential Quantum 

Computing Attack characteristics while identifying 

anomalous activities to initiate Adversarial Defense 

Systems when things are not consistent with the set 

guidelines. The entire system will use Federated 

Learning methodology to provide the capability of 

collecting knowledge & insights from multiple 

distributed Nodes safely, without exposing the Raw 

Data, which will serve to increase the level of 

Collaborative Security between partners. The Graph 

Neural Network will help identify Cryptographic 

Relationships and Vulnerabilities and will also enhance 

the Strength of its Protocol. Lastly, the AI-based 

Optimization will provide ease of use in several 

important areas (Including Speed of Encryption, or its 

Energy Use, or its Robustness). The Post-Quantum-

based Identity Management will provide enhanced, and 
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Multi-layered User Validation and verification, using 

Lattice-Based Signature Technology. While this is 

happening, the Adaptive Learning process will allow for 

the dynamic adjustment of the AI Weights and 

Confidence as the Algorithm is trained and refined. To 

conclude, Algorithm 1 is the vehicle to achieve Self-

Taught, Independent, and Quantum resistant 

Cybersecurity through AI-driven Intelligence and state 

of the art Cryptography. 

4 Result 

The analysis of AI-PQSS's performance in comparison 

to other methods has found that it performs better than 

both traditional cryptographic methods (i.e., AES/RSA) 

and current quantum resistant cryptography(PQ-Lattice 

Algorithms (PQ-L)). The AI-PQSS has improved the 

following six areas of performance: (1) the amount of 

time it takes to encrypt and decrypt data; (2) the time it 

takes to generate a key; (3) throughput; (4) the ability of 

the system to survive an attack from a quantum 

computer; and (5) a new way of assessing security risk. 

The AI-PQSS Hybrid AI PQC Framework provides the 

best performance overall, with an average encryption 

time of 7.2 milliseconds and an average decryption time 

of 6.9 milliseconds. Thus, it provides optimal 

performance for real-time encryption applications. The 

performance of the AI-PQSS improved due to the AI 

Load Balancing, which allows for the intelligent 

distribution of computational workload between the 

classical and quantum-resistance security layers. 

Further to the excellent increase to the capability for 

Quick key generation (9.1 ms), the system greatly 

reduces the time it takes to generate Keys in order to 

provide for the quicker execution of Key Refresh and 

Key Rotation and thereby providing continuing support 

to the Secure System in its ability to Function and 

Operate in a shifting environment. The throughput of 

296 Mbps signifies an increase in the capacity of the AI-

enabled Data Management system, achieved through 

the utilisation of AI-driven optimisation technology, the 

implementation of a coordinated Federated Learning 

environment, and the use of a dynamic allocation of 

Cryptographic resources. At 0.97 (Quantum Attack 

Resistance Index) demonstrates that the model is 

exceptionally resilient to potential Cyber Attacks based 

on Quantum Computing technology, and therefore 

ready for any future Cyber Security scenarios or 

requirements defined as "Post-Quantum Technology". 

In addition, the 0.09 Security Risk Index (sim) which is 

the lowest of all of the systems used in this comparison 

highlights the model's superior Risk Management 

effectiveness achieved through the use of 

Reinforcement Learning techniques combined with 

Deep Learning techniques using Anomaly Detection 

methods. The comparison of the AI-PQSS system to 

Fixed (Post-Quantum) systems shown in Figure 2 

demonstrates that the AI-PQSS represents the optimum 

balance between Speed, Scalability, and Security, and is 

continually Optimising its Cryptographic Settings for 

maximum dependability in response to signals and 

performance from the Network. Unlike Fixed Post 

Quantum systems, this Hybrid/Self- Adaptive model 

provides assurances that will be necessary to perform in 

an ever-changing Cyber Landscape. The results of the 

study demonstrate that the AI-PQSS system is an 

advanced Hybrid Cyber Security Architecture that is 

Quantum Resilient and incorporates both Artificial 

Intelligence-based Technologies with Post-Quantum 

Cryptographic Technologies, allowing companies to 

provide faster, smarter and stronger protection to its 

Customers' Data Integrity, Confidentiality, and 

Availability requirements, as well as meeting the future 

Cyber demands of a Post-Quantum World. 

Table 2: Comparative Performance Evaluation of 

AI-Driven Post-Quantum Security System (AI-

PQSS) vs Existing Methods 

Parameter Classical 

AES-RSA 

Post-

Quantum  

Hybrid 

AI–

PQC  

Encryption 

Time (ms) 

14.8 10.6 7.2 

Decryption 

Time (ms) 

13.5 9.8 6.9 

Key 

Generation 

Latency (ms) 

20.4 14.3 9.1 

Throughput 

(Mbps) 

185 238 296 

Quantum 

Attack 

Resistance 

Index 

0.62 0.85 0.97 

Security Risk 

Index (0–1, 

lower is better) 

0.34 0.21 0.09 

 

 Explanation :A Comparative Study of Security 

Systems: The AI-Driven Post-Quantum Security system 

(AI-PQSS) has outperformed not only traditional 

cryptography but also the independent post-quantum 

solutions we have evaluated, with its adaptive Artificial 

Intelligence (AI) systems distributing encryption and 

decryption workloads intelligently across two separate 
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module types (classic and quantum-safe). The AI-

Driven Post-Quantum Security System (AI-PQSS) 

utilizes Reinforcement Learning (RL) to dynamically 

adjust parameters so as to minimize latency for Key 

Generation. Throughput results demonstrate the ability 

of AI to dramatically enhance throughput via Resource 

Distribution and Federated Learning Coordination. The 

Quantum Attack Resistance Index (QARI) is at the 

highest value (0.97), which indicates the best possible 

level of Protection against Quantum Threats, and the 

Security Risk Index (SRI) is at the lowest possible level 

(0.09) providing Excellent early detection and proactive 

defenses from threats through Anomaly Detection. AI-

Driven Post-Quantum Security System (AI-PQSS) 

Performance is Much Faster, More Secure, and More 

Efficient, and should ideally be used as the Cyber 

Security Framework of the Future for Protecting Data 

Integrity and Privacy from Quantum Attacks.

 

Figure 2: Comparative Performance Graph of AI-

PQSS vs Existing Cryptographic Methods 

In the comparison chart (Figure 1) three forms of 

security models—Classical AES-RSA, Post Quantum 

Lattice (PQ-L) and the proposed AI-Supported Post 

Quantum Security System (AI-PQSS)—were evaluated 

based on six important performance criteria. The results 

demonstrate the increased performance and security of 

the AI-PQSS over the other two models. The AI-PQSS 

showed the fastest times for key generation, encryption, 

and decryption compared to both old security models 

due to its ability to adapt to new environments with the 

use of artificial intelligence and hybrid cryptography. 

Additionally, the AI-PQSS demonstrates exceptional 

throughput and thus demonstrates improved data 

management capabilities within secure environments. 

The AI-PQSS demonstrated a Quantum Attack 

Resistance Index of .97: showing strength against 

representative future evolving quantum threats. Also, 

the AI-PQSS demonstrated the lowest Security Risk 

Index of .09: this shows that the AI-PQSS model is 

capable of detecting and preventing anomalies 

effectively. Based on these visual results, the AI-PQSS 

has enhanced speed and security due to its use of AI-

enhanced cryptography. Furthermore, the AI-PQSS can 

quickly adjust to the constantly changing conditions of 

the digital space and the potential adversities it faces. 

Therefore, it is capable of maintaining a high level of 

performance during periods when computing is under 

extreme pressure. The continuous improvement of its 

encryption strategies is done using Reinforcement 

Learning, which is further bolstered by Federated 

Intelligence for improved decentralization of security, 

thus this very flexibility is a great asset in its 

advancement of post-quantum cryptography.
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