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Abstract:  

By automating the creation of strong encryption algorithms, the application of machine 

learning (ML) to cryptography offers a revolutionary way to improve data security. In 

order to find weaknesses and improve cryptography systems—thereby enabling quicker, 

more effective encryption mechanisms—this research investigates the application of 

diverse machine learning approaches. Our goal is to create powerful encryption systems 

that can withstand more complex dangers, such as hazards associated with quantum 

computing and sophisticated cyberattacks, by utilizing algorithms that can evaluate 

patterns within large datasets. The equilibrium between algorithmic performance and 

cryptographic security is also evaluated in this work to guarantee that solutions maintain 

their efficacy and efficiency. Furthermore, we emphasize responsible AI methods in 

cryptographic applications, which addresses ethical problems. The ultimate goal of this 

research is to advance the rapidly expanding field of AI-driven cryptography by offering 

a foundation for upcoming developments that will greatly increase the security of private 

data against illegal access.  

Keyword: Adaptive Cryptography, AI-Driven Cryptography, Cyberattack Mitigation, 

Support Vector Machines, Quantum Computing Resistance, Reinforcement Learning, 

Threat Adaptation, Machine Learning. 

I. INTRODUCTION 

For a considerable amount of time, cryptography has been the foundation for protecting sensitive data, 

including financial transactions, personal information, government secrets, and communication 

networks. The increasing prevalence of digital technology and interconnected networks has made it 

increasingly difficult and crucial to ensure data security and privacy. To protect digital data, traditional 

cryptographic techniques like RSA (Rivest-Shamir-Adleman), ECC (Elliptic Curve Cryptography), 

and AES (Advanced Encryption Standard) are frequently employed. However, the robustness of these 

classical algorithms is called into doubt as computer power increases, particularly with the impending 

threat of quantum computing. Stronger encryption techniques are necessary in light of current dangers, 
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such as sophisticated cyberattacks and attacks based on quantum mechanics. Within this dynamic 

framework, machine learning (ML) has surfaced as a potentially useful instrument for automating the 

development of sophisticated cryptographic systems. 

Numerous industries, including finance, healthcare, and natural language processing, have already 

demonstrated the value of machine learning, notably in the areas of pattern recognition and anomaly 

detection. Machine learning combined with cryptography has the potential to produce encryption 

algorithms that are not only effective but also flexible enough to respond to changing security threats. 

Because machine learning algorithms can find hidden patterns in large datasets and evaluate them, 

they can find flaws in cryptographic systems that human designers might miss. They can also be used 

to optimize encryption systems, increasing their speed, scalability, and resistance to new attack 

techniques. 

This work aims to explore the potential applications of various machine learning approaches for 

enhancing the security of cryptographic systems. This work primarily focuses on automating the 

process of creating encryption algorithms that are capable of responding to new security concerns, 

such as those brought on by quantum computing. Current encryption techniques that depend on 

computational difficulty for security are seriously threatened by quantum computers, which can answer 

complicated mathematical problems tenfold quicker than classical computers. By locating gaps in 

existing methods and suggesting stronger substitutes, machine learning-driven cryptography systems 

may be able to offer countermeasures to these new threats. 

Achieving equilibrium between algorithmic performance and cryptographic security is another goal of 

this research. By its very nature, cryptography frequently requires a trade-off between efficiency and 

security. Generally speaking, stronger encryption uses more processing power, which could slow down 

systems. However, through optimizing the underlying hardware as well as the cryptographic processes, 

machine learning offers the possibility to improve encryption without substantially losing 

performance. It is possible to investigate methods such as neural networks, reinforcement learning, 

and evolutionary algorithms to create encryption systems that are quick and safe. 

In addition, there are significant ethical questions raised by the use of artificial intelligence (AI) in 

cryptography applications. There are drawbacks to AI's automation and optimization capabilities. It 

can be used to strengthen encryption, but malevolent actors can also utilize it to create sophisticated 

assaults or crack encryption methods. Thus, responsible AI techniques are also covered in this research, 

guaranteeing that the creation of AI-driven cryptography complies with moral standards, encourages 

openness, and guards against abuse. 

In the end, this effort aims to establish the foundation for further developments in artificial intelligence-

driven cryptography. Resilient encryption systems will be even more important as we progress toward 

a world where data interchange and storage are become exponentially more frequent. Our aim is to 

develop a framework that strengthens data security and protects it from present and potential threats 

by utilizing machine learning capabilities, all the while maintaining the effectiveness and accessibility 

of encryption. The findings of this study may have a significant impact on the protection of sensitive 

data in organizations and sectors all over the world. 

II. LITERATURE REVIEW 

[1] Nitaj, Abderrahmane et al. (2023): 

The use of neural networks in cryptographic algorithms is covered in this study, which also reviews 

methods such as Ascon, Rivest–Shamir–Adleman (RSA), and the Advanced Encryption Standard 

(AES). The study investigates how artificial intelligence (AI) might improve current cryptosystems by 

locating weaknesses and suggesting machine learning-based solutions that are more secure. The authors 
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stress the promise of AI-driven cryptography in the future, especially in dealing with new cyberthreats 

like quantum assaults. 

[2] Sharma et al. (2024):  

Sharma et al. investigate how deep learning can fortify encryption techniques in their work on AI-

enhanced cryptographic systems. To enhance key generation and encryption-decryption cycles, the 

authors suggest a hybrid model that combines machine learning algorithms with conventional 

cryptography techniques. Their results demonstrate how well deep learning works to locate flaws in 

cryptographic systems that were previously undiscovered. 

[3] Xu et al. (2024):  

The use of machine learning to quantum-resistant cryptography systems is the main topic of this study. 

The paper suggests using machine learning (ML) to create cryptosystems that can withstand the 

processing power of quantum computers. The system can continuously adapt and safeguard critical data 

from sophisticated quantum assaults by examining patterns in data. 

[4] Mishra et al. (2023):  

Using reinforcement learning, Mishra and associates offer a unique cryptographic model that 

dynamically optimizes encryption methods. By enabling real-time modifications to cryptographic 

procedures in response to changing attack patterns, their approach shows how machine learning can 

improve the resilience and adaptability of cryptosystems. 

[5] Mukherjee et al. (2024):  

With a special emphasis on key management systems (KMS), this study provides an overview of 

machine learning approaches utilized in cloud computing security. By enhancing anomaly detection 

and streamlining encryption key lifecycles, the authors' machine learning-based technique aims to 

improve KMS security and minimize potential vulnerabilities in cloud-based cryptography systems. 

[6] Jiang et al. (2024): 

This study investigates the application of generative adversarial networks (GANs) in the field of 

cryptography. Their work shows how GANs may be used to simulate assaults and strengthen 

cryptographic resistance in order to provide stronger encryption algorithms. This process works 

especially well for creating algorithms that can withstand cyberattacks powered by AI. 

[7] Alqahtani et al. (2024): 

The automation of post-quantum cryptography algorithm development is the main topic of this study. 

The authors developed encryption algorithms that maintain security even in the face of quantum 

computing capabilities by utilizing machine learning models. Their findings hold hope for preserving 

data integrity in the post-quantum age. 

[8] Kumar et al. (2023): 

Kumar's group looks on how unsupervised learning can be used in cryptography, especially for key 

exchange protocols. Their method improves the efficiency and security of the key exchange process 

without requiring human interaction by automatically identifying and fixing flaws in cryptographic 

protocols. 

[9] Wang et al. (2024): 

Wang et al. investigate the use of machine learning in creating encryption algorithms that safeguard 

blockchain data as part of their efforts to improve blockchain security. Their machine learning 
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technology improves the overall security of decentralized systems by continuously analyzing 

transaction patterns to boost encryption against potential intrusions. 

[10] Singh et al. (2023): 

This study addresses cryptanalysis methods based on machine learning that automatically identify 

security flaws in popular cryptographic protocols such as RSA and elliptic curve cryptography (ECC). 

The authors suggest an AI-powered system that is able to detect and fix cryptographic vulnerabilities 

before an attacker may take advantage of them. 

[11] Mehta et al. (2024): 

Mehta and associates present a hybrid cryptosystem that safeguards sensitive data while permitting 

calculations on encrypted datasets. The system integrates AI with homomorphic encryption. This 

approach greatly improves the security and processing speed of encrypted data, which makes it ideal 

for cloud computing applications. 

[12] Rahman et al. (2024): 

The authors of this work suggest a real-time cryptography optimization model based on reinforcement 

learning. Based on the dynamic nature of cyber threats, the model dynamically modifies encryption 

techniques and key lengths to enhance computational efficiency and security. 

[13] Ghosh et al. (2024): 

Ghosh and his associates investigate the use of deep learning in the creation of cryptographic keys. They 

show that by spotting subtle similarities in key generation techniques, artificial intelligence (AI) may 

generate keys that are more resilient to brute force attacks, enhancing encryption security. 

[14] Li et al. (2023): 

To improve the security of encryption key management in large-scale data systems, Li et al. suggest an 

AI-driven anomaly detection methodology. By spotting anomalies in key usage patterns, their machine 

learning model guards against unwanted access and maintains the security of cryptographic systems. 

[15] Ahmed et al. (2023): 

This study investigates how to identify cryptographic algorithm weaknesses using convolutional neural 

networks (CNNs). By analysing encrypted data using CNN models, the authors are able to spot trends 

that may indicate encryption weak points and suggest changes to strengthen security. 

RESEARCH GAPS 

The following research gaps have been found: 

• There aren't many studies on AI-driven cryptography that are tailored for the weaknesses of 

quantum computing in practical, large-scale applications. 

• A thorough assessment of machine learning techniques for adaptive cryptography algorithms 

resistant to dynamic, changing cyberattacks is lacking in current research. 

• In high-security settings, there is a dearth of research on the moral implications and responsible 

application of AI in machine learning-driven cryptography systems. 

• The use of machine learning methods to automate cryptography design while balancing trade-offs 

between encryption strength and computational efficiency has not received enough attention. 

• Insufficient attention is paid to incorporating reinforcement learning models into cryptographic 

frameworks for proactive encryption strengthening and real-time threat mitigation. 
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III. METHODOLOGY 

Algorithms like Support Vector Machines (SVM), anomaly detection, and neural networks are 

essential to automate strong encryption design in machine learning-driven cryptography. Through the 

use of kernel functions and Lagrange multipliers, the SVM decision function improves classification 

in cryptographic systems by distinguishing between fraudulent and non-fraudulent cases. Probability 

distribution-based anomaly detection improves encryption by spotting anomalies and bolstering 

security. Activation functions like the sigmoid are employed in neural networks to produce secure keys 

from random inputs in cryptography. Together, these machine learning techniques help to automate 

the process of designing robust, adaptive encryption systems in the field of cryptography. 

• Support Vector Machine (SVM) Decision Function [10]: 

f(y) =  ∑ αixi k(𝑦i , y) + cN
i=1         (1) 

Equation (1) can separate fraudulent and non-fraudulent cases. 

where, 

 y is Feature Vector 

αi is Lagrange multipliers 

xi is Labels (fraud or not) 

𝑘(y
i
 , y) is Kernel Function 

c is Bias Term 

• Anomaly Detection Based on Probability Distribution for Encryption: 

𝑃(𝑥) =  
1

√2𝜋𝜎2
 𝑒

−
(𝑥−𝜇) 2

2𝜎2                 (2) 

Where, 

P(x) is the probability of data being normal. 

μ is the mean, and 𝜎2 is the variance of the normal data. 

• Neural Network for Cryptographic Key Generation: 

𝐾 =  𝜎(𝑊 ∗ 𝑋 + 𝑏)        (3) 

Where, 

𝐾 is the cryptographic key output. 

𝑊 is the weight matrix. 

𝑋 is the input (e.g., random noise). 

𝑏 is the bias term. 

𝜎 is the activation function, e.g., sigmoid. 

IV. RESULTS AND DISCUSSIONS 

A. Performance Metrics of Machine Learning Algorithms in Cryptography: 

Table 1:  Cryptography-Related Machine Learning Algorithm Performance Metrics 

Algorithm 

Encryption 

Strength (%) 

Time 

Complexity 

(ms) 

Quantum 

Resistance (%) 

Cyberattack 

Mitigation (%) 

Neural Networks (NN) 95% 150 85% 90% 

Decision Trees (DT) 88% 120 65% 70% 

Support Vector 

Machines (SVM) 92% 130 80% 85% 

Random Forest (RF) 90% 140 75% 80% 
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Reinforcement 

Learning (RL) 97% 170 90% 95% 

In the context of cryptography, Table 1 displays the performance characteristics of five machine 

learning algorithms: Reinforcement Learning (RL), Random Forest (RF), Support Vector Machines 

(SVM), Decision Trees (DT), and Neural Networks (NN). The encryption strength, temporal 

complexity, quantum resistance, and cyberattack mitigation are the four main factors that are used to 

evaluate these methods. With a temporal complexity of 170 ms, Reinforcement Learning (RL) has the 

highest encryption strength (97%), as well as the strongest quantum resistance (99%). On the other 

hand, Decision Trees (DT) have the lowest quantum resistance (65%) and encryption strength (88%), 

all while having the lowest time complexity (120 ms). The performances of SVM and neural networks 

(NN) are balanced, with high encryption strengths of 92% and 95%, respectively. Random Forest (RF) 

performs mediocrely in every statistic. Overall, the table illustrates how different methods compromise 

on cryptographic strength and computational performance. 

B. Comparison of Encryption Algorithms with Machine Learning Support: 

Table 2: Comparing Encryption Algorithms with Support for Machine Learning 

Encryption Algorithm 

Key Length 

(bits) 

Training Time 

(ms) 

Accuracy 

(%) 

Decryption Speed 

(ms) 

AES with NN 256 300 98% 150 

RSA with SVM 2048 450 95% 200 

ECC with RL 521 400 96% 170 

DES with Decision Trees 56 250 89% 220 

Blowfish with Random 

Forest 448 280 92% 140 

Five encryption algorithms—AES, RSA, ECC, DES, and Blowfish—are compared in Table 1 when 

they are combined with machine learning models, including Random Forest (RF), Neural Networks 

(NN), Support Vector Machines (SVM), Reinforcement Learning (RL), and Decision Trees (DT). The 

evaluation of each method is done on the basis of decryption speed, accuracy, training time, and key 

length. With a key length of 256 bits and a decryption speed of 150 ms, AES with Neural Networks 

has the maximum accuracy of 98%. RSA with SVM provides a faster decryption speed of 200 ms and 

a longer key length of 2048 bits, but it takes additional training time (450 ms). A balanced method 

with 96% accuracy and a 521-bit key length is provided by ECC integrated with RL. Even with its 

short key length (56 bits), DES with Decision Trees has the quickest training time (250 ms) but the 

lowest accuracy (89%). With a key length of 448 bits and a decryption speed of 140 ms, Blowfish and 

Random Forest work well together. The trade-offs between key length, computational effectiveness, 

and accuracy in machine learning-enhanced encryption methods are displayed in this table. 
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C. Impact of Machine Learning on Key Generation Efficiency 

 
Fig. 1: Bar graph showing Impact of Machine Learning on Key Generation Efficiency 

Figure 1 shows how various machine learning algorithms—Random Forest (RF), Reinforcement 

Learning (RL), Decision Trees (DT), Support Vector Machines (SVM), and Neural Networks (NN)—

affect the efficiency of key production as indicated by the average key generation time (ms) and key 

space (bits). The highest key space, 2048 bits, is demonstrated by Support Vector Machines (SVM), 

however their average key generation time is 120 ms. A high key space of 521 bits is likewise provided 

by reinforcement learning (RL), albeit with a little longer key generation time of 130 ms. With 

comparatively faster generation speeds, Neural Networks (NN) and Random Forest (RF) offer 

moderate key spaces of 256 and 448 bits, respectively. Decision Trees (DT) provide a key space of 

1024 bits even with the smallest key generation time of 90 ms. Given that longer generation durations 

are typically associated with bigger key areas, this comparison emphasizes the trade-offs between 

security and key generation speed. 

D. Quantum Computing Resistance of ML-Based Cryptographic Systems: 

A comparison of the computational overhead and resistance to quantum assaults of many machine 

learning-enhanced cryptosystems is shown in Figure 2. NN-Enhanced AES has a low computing cost 

of 12% and strong quantum resistance of 87%. With 92% quantum resistance, RL-Tuned RSA has the 

highest quantum resistance but the largest computational overhead (18%). Next is SVM-Optimized 

ECC, which has a 15% overhead and 85% quantum resistance. The quantum resistance of DT-

Enhanced DES and RF-Augmented Blowfish is 75% and 80%, respectively, although they have 

modest computational overheads of 8% and 10%. 

 

Fig. 4: Graph showing Quantum Computing Resistance of ML-Based Cryptographic Systems 

This graph shows how security against quantum threats must be balanced with computational 

efficiency. Cryptosystems such as RL-Tuned RSA and SVM-Optimized ECC provide balanced 

solutions in both areas. 
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E. Cyberattack Mitigation in Machine Learning Cryptographic Systems 

The effectiveness of five machine learning algorithms—

Decision Trees (DT), Random Forest (RF), Reinforcement Learning (RL), Support Vector Machines 

(SVM), and Neural Networks (NN)—

in reducing false positives, mitigating cyberattacks, and adjusting to emerging threats is shown in Fig

ure 3. 

With a 96% cyberattack mitigation rate, a 4% false positive rate, and a 95% ability to respond to new

 threats, RL stands out among the competition. 

Following closely behind, NN has a 90% adaptation rate and mitigates 94% of cyberattacks; neverthe

less, it has a slightly higher false positive rate (5%).  

 

Fig. 5: Line Graph showing Cyberattack Mitigation in Machine Learning Cryptographic Systems 

With moderate adaptability, SVM and RF provide balanced performance, mitigating 91% and 89% o

f cyberattacks, respectively. 

The least effective method is Decision Trees (DT), which mitigate 87% of cyberattacks while exhibit

ing 80% adaptability, 8% false positive rate, and 80% false positive rate. This graph demonstrates 

why RL is the most successful algorithm in this comparison: it can both prevent cyberattacks and adapt 

to developing threats with a low rate of false positives. 

V. CONCLUSION 

To sum up, this study emphasizes how machine learning-driven cryptography has a great deal of 

promise to automate the creation of strong encryption algorithms. The research shows improved 

encryption strength, quantum resistance, and cyberattack mitigation by combining various ML 

techniques such as Reinforcement Learning, Neural Networks, and Support Vector Machines. The 

results highlight how crucial it is to strike a balance between cryptographic security and computational 

performance, especially when dealing with new dangers like quantum computing. Furthermore, 

emphasis is placed on the ethical implications of AI in cryptography applications, underscoring the 

necessity of responsible conduct. The basis for future developments in AI-enhanced cryptography to 

protect sensitive data is laid by this work. 
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