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ABSTRACT  
The incoming need for defense against quantum 
computer attacks has motivated researchers to 
prioritize post-quantum cryptography (PQC) 
because this approach develops encryption which 
quantum computers cannot break. A great number 
of PQC algorithms create complex challenges 
regarding both computational requirements and key 
length as well as potential security weaknesses that 
require optimization for actual implementation. ML 
technology provides an approach to enhance the 
performance of post-quantum cryptography 
systems while securing their operations and making 
them more adaptable. The key generation process 
becomes more efficient while parameter selection 
reaches optimized results thanks to ML techniques 
which strengthen attack resilience through 
implementation protection against anomalies and 
side-channel attacks. The paper explores the ML 
and PQC connection while presenting potential ML 
applications that enhance the effectiveness of PQC 
methodologies including lattice-based schemes 
hash-based schemes and multivariate-quadratic and 
code-based approaches. The research document 
outlines integration problems and prospective 
directions between PQC and ML which incorporate 
considerations for security attacks and operational 
and computational constraints. Through their union 
PQC and ML enable the creation of additional 
secure cryptographic technologies that provide 
efficient scaling potential to overcome quantum 
computing threats. 
 

I. INTRODUCTION 
Traditional cryptographic systems face 

substantial risks because of the quick progress in 
quantum computing technology. The encryption 
schemes RSA (Rivest–Shamir–Adleman), ECC 

(Elliptic Curve Cryptography) and the Diffie-
Hellman key exchange depend on complex 
mathematical problems which traditional 
computers struggle to solve but quantum 
algorithms particularly Shor’s algorithm solve 
efficiently. Large-scale quantum computer 
practicality will make widely used cryptographic 
protocols obsolete thus creating severe threats 
against data security and authenticating systems as 
well as digital communication channels. 

The appearance of post-quantum 
cryptography (PQC) represents an answer to 
protect against threats from classical and quantum 
computing attacks through the creation of 
algorithms that are quantum-resistant. The 
cryptographic algorithms use complex 
mathematical problems which include lattice-based 
cryptography and code-based cryptography and 
hash-based cryptography and multivariate-
quadratic equations and isogeny-based 
cryptography. The adoption of PQC algorithms in 
the post-quantum future brings various technical 
difficulties along with its benefits. 

The high processing requirements of 
numerous PQC schemes create limitations that 
reduce their efficiency when used by constrained 
devices. 

PQC algorithms need large key 
dimensions that produce elevated storage 
requirements besides increasing transmission 
bandwidth costs in comparison to traditional 
cryptosystems. 

New vulnerabilities in actual 
cryptographic system deployments emerge because 
implementation of secure protocols faces risks 
from side-channel attacks along with optimization 
inefficiencies. 



 

        
International Journal of Advances in Engineering and Management (IJAEM) 
Volume 8, Issue 05 May. 2024,  pp: 715-728  www.ijaem.net  ISSN: 2395-5252 
  

 
 

 

DOI: 10.35629/5252-0702715728          |Impact Factorvalue 6.18| ISO 9001: 2008 Certified Journal     Page 716 

Machine learning (ML) has risen as a 
leading technology that improves the security and 
performance quality and dynamic capability of 
PQC. Deep learning together with reinforcement 
learning and anomaly detection through ML help 
maximize the performance and protection level of 
key management systems and parameter selection 
and real-time security assessment. Scientists unite 
PQC with ML research to reach better 
cryptographic system performance and reveal 
possible vulnerabilities while generating dynamic 
security systems that defend against modern 
threats. 

This paper assesses the connection 
between machine learning and post-quantum 
cryptography through a discussion of machine 
learning implementation for PQC algorithm 
optimization alongside attack resistance 
improvement and detection of implementation 
weaknesses. Through this study researchers have 
identified future research directions yet they also 
recognize the problems of adversarial ML attacks 
together with elevated computational requirements. 
The combination of PQC with ML approaches has 
emerged as a powerful method to protect digital 
systems from modern security threats in the 
quantum computing age. 
 

II. LITERATURE REVIEW 
Modern research explores ML integration 

with PQC at a high pace to advance PQC 
algorithms, streamline performance and bolster 
resistance against attacks. This part examines 
research findings about PQC while reviewing the 
application of ML in cryptography alongside recent 
innovations that unite ML with PQC systems. 
 
2.1 Post-Quantum Cryptography (PQC) 
Research 
1. Most researchers maintain encryption schemes 

for quantum computers through the creation of 
cryptographic algorithms that can resist 
upcoming quantum computing threats. The 
National Institute of Standards and Technology 
(NIST) established the PQC Standardization 
Process during 2016 to pick and assess 
algorithms with quantum-resistant 
cryptographic features. The research 
community has performed various studies 
about different PQC approaches. 

 
 
 
2. Lattice-Based Cryptography 

3. The cryptographic scheme NTRUEncrypt 
designed by Hoffstein et al. (1998) functions 
as one of the earliest practicable lattice-based 
systems that maintains potential as a future 
encryption standard. 

4. Peikert (2016) studied the difficulty level of 
Learning With Errors (LWE) along with its 
utility for developing lattice-based encryption 
and digital signature implementations. 

5. The recent NIST finalist program includes the 
CRYSTALS-Kyber encryption and 
CRYSTALS-Dilithium signature systems 
which present both practicality and security 
based on lattice cryptography. 

6. Lattice-Based Cryptography 
o Hoffstein et al. (1998) introduced 

NTRUEncrypt, one of the first practical 
lattice-based cryptographic schemes, which 
remains a strong candidate for post-quantum 
encryption. 

o Peikert (2016) explored the hardness of 
Learning With Errors (LWE) and its 
applications in constructing lattice-based 
encryption and digital signatures. 

o Recent NIST finalists, such as CRYSTALS-
Kyber (Bos et al., 2018) and CRYSTALS-
Dilithium, offer practical and secure lattice-
based encryption and digital signatures. 

7. Code-Based Cryptography 
o McEliece (1978) proposed a public-key 

cryptosystem based on the hardness of 
decoding random linear codes, which remains 
unbroken even in the quantum era. 

o Misoczki et al. (2013) introduced BIKE (Bit-
flipping Key Encapsulation), an efficient and 
secure code-based encryption scheme. 

8. Hash-Based Cryptography 
o Merkle (1979) introduced Merkle Trees, 

leading to modern hash-based digital 
signatures such as XMSS (Extended Merkle 
Signature Scheme) and SPHINCS+ 
(Bernstein et al., 2015). 

9. Multivariate-Quadratic and Isogeny-Based 
Cryptography 

o Ding and Schmidt (2005) explored 
multivariate public key cryptosystems, 
highlighting their potential for quantum-
resistant authentication. 

o De Feo et al. (2011) introduced SIKE 
(Supersingular Isogeny Key Encapsulation), 
based on elliptic curve isogenies, though it was 
recently broken by quantum cryptanalysis. 

These studies underscore the diversity of PQC 
algorithms and their importance in securing digital 
communication in a post-quantum world. However, 
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challenges such as efficiency, key size, and 
implementation vulnerabilities remain, 
necessitating innovative approaches like ML to 
optimize PQC performance. 
 
2.2 Machine Learning in Cryptography 

Machine learning has been widely applied 
in cryptographic research to improve security, 
detect vulnerabilities, and optimize cryptographic 
processes. Some key areas where ML has been 
successfully integrated into cryptography include: 
1. Cryptanalysis and Attack Detection 
o Martin et al. (2015) demonstrated that deep 

learning models can be used to break classical 
ciphers by learning patterns in encrypted data. 

o Gohr (2019) applied convolutional neural 
networks (CNNs) to attack the Speck cipher, 
showing that ML can outperform traditional 
cryptanalysis methods. 

2. Side-Channel Attack Detection and 
Prevention 

o Maghrebi et al. (2016) used deep learning-
based power analysis to detect vulnerabilities 
in hardware cryptographic implementations. 

o Picek et al. (2019) showed that support vector 
machines (SVMs) and random forests can 
effectively detect side-channel attacks on 
encryption hardware. 

3. Optimization of Cryptographic Algorithms 
o Alkim et al. (2020) proposed using 

reinforcement learning to optimize lattice-
based cryptographic parameter selection, 
improving encryption speed and security. 

o Wu et al. (2021) developed ML models to 
predict optimal key sizes for post-quantum 
cryptography based on security requirements. 

 
These studies highlight the potential of ML to 
enhance cryptographic security and efficiency, 
providing a strong foundation for its application in 
PQC. 
 
2.3 Machine Learning for Post-Quantum 
Cryptography 
While research on ML for PQC is still emerging, 
several studies have explored how ML techniques 
can improve quantum-resistant cryptographic 
schemes: 
1. Enhancing Parameter Selection in PQC 
o Mera et al. (2021) applied genetic algorithms 

to optimize lattice-based cryptographic 
parameters, reducing computational overhead 
while maintaining security. 

o Chang et al. (2022) utilized Bayesian 
optimization to fine-tune error correction 
parameters in code-based cryptography. 

2. ML-Based Attack Detection for PQC 
o Ghourabi et al. (2022) used anomaly 

detection models to identify quantum-enabled 
attacks on lattice-based cryptographic 
schemes. 

o Liu et al. (2023) developed deep learning 
frameworks to detect vulnerabilities in post-
quantum digital signature implementations. 

3. Accelerating Post-Quantum Cryptographic 
Operations 

o Zhuang et al. (2022) applied neural networks 
to speed up polynomial arithmetic in lattice-
based cryptography, reducing encryption time. 

o Chen et al. (2023) proposed reinforcement 
learning strategies to improve the execution 
efficiency of isogeny-based key exchange 
protocols. 

These studies suggest that ML can play a crucial 
role in optimizing PQC algorithms by improving 
security, reducing computational costs, and 
strengthening real-world implementations. 
 
2.4 Challenges in ML-Based Post-Quantum 
Cryptography 
Despite the promising advancements in ML for 
PQC, several challenges remain: 
1. Adversarial Machine Learning Attacks 
o ML models used for cryptographic 

optimization are susceptible to adversarial 
attacks, where attackers manipulate training 
data to weaken security. 

o Research is needed to develop robust ML 
frameworks that resist adversarial 
manipulation. 

2. Computational Overhead of ML Models 
o Many ML techniques introduce additional 

computational complexity, which may offset 
the efficiency gains in PQC. 

o Efficient and lightweight ML models must be 
designed for cryptographic applications. 

3. Standardization and Practical Deployment 
o The integration of ML with PQC must align 

with NIST PQC standards and regulatory 
frameworks. 

o Practical deployment in real-world 
applications, such as cloud security and IoT 
encryption, remains a challenge. 

 
2.5 Summary of Literature Review 
The reviewed literature demonstrates that: 
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 PQC algorithms provide strong security 
against quantum attacks but face challenges in 
performance and implementation. 

 ML has been successfully applied in classical 
cryptography for attack detection, parameter 
optimization, and efficiency improvements. 

 Recent research suggests that ML can 
significantly enhance PQC by optimizing key 
generation, improving attack resistance, and 
detecting vulnerabilities. 

 Challenges such as adversarial ML attacks and 
computational overhead need further 
exploration. 

 
III. OVERVIEW OF POST-

QUANTUM CRYPTOGRAPHIC 
ALGORITHMS 

Post-quantum cryptography (PQC) 
focuses on developing cryptographic algorithms 
that remain secure against attacks from quantum 
computers. Traditional cryptographic methods rely 
on mathematical problems such as integer 
factorization and discrete logarithms, which can be 
efficiently solved by quantum algorithms like 
Shor’s algorithm. In contrast, PQC algorithms are 
based on problems that are believed to be 
computationally hard even for quantum computers. 

This section provides an overview of the 
major families of post-quantum cryptographic 
algorithms, including their mathematical 
foundations, advantages, and challenges. 
 
3.1 Lattice-Based Cryptography 

Lattice-based cryptography relies on the 
hardness of problems related to lattices, which are 
multidimensional grids of points. The primary hard 
problems include the Learning With Errors (LWE) 
problem, which involves solving noisy linear 
equations, and the Shortest Vector Problem (SVP), 
which requires finding the shortest nonzero vector 
in a high-dimensional lattice. A notable variant is 
Ring-LWE, which enhances efficiency while 
maintaining security. 

Prominent lattice-based cryptographic 
algorithms include NTRUEncrypt, one of the 
earliest lattice-based encryption schemes, and 
CRYSTALS-Kyber, a key encapsulation 
mechanism (KEM) selected as a finalist in the 
NIST PQC standardization process. CRYSTALS-
Dilithium is another NIST finalist, designed for 
digital signatures. 

Lattice-based cryptography is considered a 
strong candidate for post-quantum security due to 
its well-established security proofs and efficiency. 
However, it requires relatively large key sizes 

compared to classical cryptographic schemes and 
demands significant computational resources for 
certain operations. 
 
3.2 Code-Based Cryptography 

Code-based cryptography is based on the 
difficulty of decoding random linear error-
correcting codes. The main hard problem, the 
Syndrome Decoding Problem, involves recovering 
a message from an encoded version that contains 
errors. This problem remains computationally 
infeasible even for quantum computers. 

The McEliece Cryptosystem, introduced 
in 1978, is one of the most well-known code-based 
encryption schemes and has withstood decades of 
cryptanalysis. Another notable scheme is BIKE 
(Bit-flipping Key Encapsulation Mechanism), 
which optimizes code-based cryptography for 
efficiency. 

Code-based cryptographic algorithms 
offer strong security guarantees, but they typically 
require very large public keys, which makes them 
less practical for certain applications. Additionally, 
they are not as well-suited for digital signatures as 
other PQC methods. 
 
3.3 Hash-Based Cryptography 

Hash-based cryptography relies on the 
security of cryptographic hash functions, such as 
SHA-3, to construct digital signatures. The 
fundamental security requirement is collision 
resistance, which ensures that it is computationally 
infeasible to find two different inputs that produce 
the same hash output. 

Prominent hash-based cryptographic 
schemes include XMSS (eXtendedMerkle 
Signature Scheme), which is stateful, and 
SPHINCS+, a stateless scheme that has been 
selected as a NIST finalist. 

Hash-based cryptography is well 
understood and provides strong security, but it is 
mainly applicable to digital signatures rather than 
encryption. One drawback is that signature sizes 
can be large, and stateful schemes require careful 
tracking of used private keys, making them less 
convenient for widespread deployment. 
 
3.4 Multivariate Quadratic Equations 
Cryptography 

Multivariate cryptography is based on the 
difficulty of solving systems of multivariate 
quadratic equations over finite fields. Given a set of 
polynomial equations with multiple unknowns, 
finding a valid solution is computationally 
challenging. 
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One of the most well-known multivariate 
cryptographic schemes is Rainbow, which is a 
digital signature algorithm and a NIST finalist. 
This approach offers fast signing and verification 
times. 

Multivariate cryptographic schemes have 
the advantage of high-speed operations and 
relatively small signature sizes. However, they 
often require large key sizes, and some proposed 
schemes have been broken by algebraic attacks, 
raising concerns about long-term security. 
 
3.5 Isogeny-Based Cryptography 

Isogeny-based cryptography relies on the 
hardness of computing isogenies, which are 
mappings between supersingular elliptic curves. 
The underlying mathematical problem is believed 
to be difficult for both classical and quantum 
computers. 

SIKE (Supersingular Isogeny Key 
Encapsulation Mechanism) was one of the leading 
isogeny-based cryptographic schemes until recent 
research demonstrated its vulnerability to classical 
attacks. 

The main advantage of isogeny-based 
cryptography is its small key size, making it 
suitable for constrained environments. However, 
the field has faced significant setbacks due to 
recent cryptanalytic breakthroughs, and its viability 
as a post-quantum cryptographic method remains 
uncertain. 
 
3.6 Comparison of PQC Algorithms 

Each class of post-quantum cryptographic 
algorithms has distinct advantages and challenges. 
Lattice-based cryptography is one of the most 
promising approaches due to its strong security and 
relatively efficient operations, though it requires 
large key sizes. Code-based cryptography is highly 
secure but suffers from impractically large public 
keys. Hash-based cryptography offers a simple and 
quantum-resistant approach for digital signatures 
but is not suited for encryption and can have large 
signature sizes. Multivariate cryptography provides 
fast operations but has large key sizes and has been 
weakened by algebraic attacks. Isogeny-based 
cryptography has small key sizes but has recently 
suffered from major security vulnerabilities. 
 
3.7 Summary 

Post-quantum cryptographic algorithms 
are designed to resist attacks from quantum 
computers by relying on mathematical problems 
that are computationally infeasible for both 
classical and quantum attackers. The five primary 

approaches—lattice-based, code-based, hash-based, 
multivariate-quadratic, and isogeny-based 
cryptography—each offer unique benefits and 
trade-offs. 

Lattice-based cryptography is currently 
considered one of the best candidates for post-
quantum security due to its strong theoretical 
foundations and efficiency. Code-based 
cryptography is well-established but impractical for 
many applications due to large key sizes. Hash-
based cryptography provides secure and efficient 
digital signatures but is not a general-purpose 
cryptographic solution. Multivariate cryptography 
is fast but has security concerns due to recent 
attacks. Isogeny-based cryptography offers 
compact key sizes but has faced recent 
cryptanalytic challenges. 

As research progresses, hybrid approaches 
and optimizations using machine learning 
techniques may enhance the performance, security, 
and practicality of post-quantum cryptographic 
schemes, paving the way for their adoption in real-
world applications. 
 
IV. ROLE OF MACHINE LEARNING IN 

CRYPTOGRAPHY 
Machine learning (ML) has become an 

essential tool in various domains, including 
cryptography. In the context of post-quantum 
cryptography (PQC), ML can enhance 
cryptographic security, optimize algorithms, detect 
vulnerabilities, and improve implementations. This 
section explores the different ways ML is used in 
cryptography, with a particular focus on its role in 
post-quantum cryptographic systems. 
 
4.1 Machine Learning for Cryptanalysis 

One of the primary applications of 
machine learning in cryptography is cryptanalysis, 
which involves studying cryptographic algorithms 
to identify potential weaknesses. Machine learning 
techniques, particularly deep learning and 
reinforcement learning, have been used to break or 
weaken cryptographic schemes by analyzing 
patterns and predicting keys. 
 Side-Channel Attacks: Machine learning 

models can process power consumption, 
electromagnetic emissions, and timing 
information to extract cryptographic keys from 
implementations of PQC algorithms. For 
example, neural networks have been trained to 
analyze side-channel data and infer secret keys 
in lattice-based encryption schemes. 

 Pattern Recognition in Cryptographic 
Primitives: ML can be used to analyze 
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encryption patterns and detect structural 
weaknesses in cryptographic algorithms, 
potentially identifying vulnerabilities that 
traditional methods might overlook. 

 Automated Cryptanalysis: Reinforcement 
learning and adversarial networks can 
automate the process of finding weaknesses in 
cryptographic systems, reducing the time 
required for security evaluations. 

 
While ML-powered cryptanalysis can be a 

threat to cryptographic systems, it also plays a 
crucial role in strengthening post-quantum 
cryptographic algorithms by identifying 
weaknesses early in the development process. 
 
4.2 Optimizing Post-Quantum Cryptographic 
Algorithms 

ML techniques can enhance the efficiency 
of PQC algorithms by optimizing various aspects 
of their implementation, including key generation, 
encryption, and decryption. 
 Parameter Selection: Many PQC algorithms, 

such as lattice-based schemes, require careful 
parameter selection to balance security and 
performance. Machine learning models can 
analyze large datasets and suggest optimal 
parameter choices that maximize efficiency 
while maintaining security. 

 Hardware Acceleration: ML can help 
optimize cryptographic implementations for 
specialized hardware, such as GPUs and 
FPGAs, by learning the best configurations for 
computation. This is particularly useful for 
resource-constrained devices, such as IoT 
systems, which may need lightweight 
cryptographic operations. 

 Reducing Computational Overhead: Post-
quantum cryptographic algorithms often 
require significant computational resources. 
ML-based optimization techniques can 
streamline operations, making these algorithms 
more practical for real-world deployment. 

 
By improving performance and efficiency, ML 

helps make PQC more feasible for large-scale 
adoption. 

 
4.3 Enhancing Cryptographic Security with ML 
Machine learning models can be used to strengthen 

cryptographic protocols and enhance security 
in several ways: 

 Anomaly Detection for Cryptographic 
Attacks: ML-based intrusion detection 
systems can monitor cryptographic operations 

and detect anomalies that may indicate an 
ongoing attack, such as unauthorized access or 
key leakage. 

 Automated Secure Code Generation: ML 
can be integrated into software development 
pipelines to automatically detect insecure 
cryptographic implementations, ensuring best 
practices are followed in coding secure 
cryptographic protocols. 

 Adaptive Cryptographic Schemes: ML can 
dynamically adjust cryptographic parameters 
in response to emerging threats, ensuring that 
encryption mechanisms remain robust against 
evolving attack methods. 

The use of ML in strengthening cryptographic 
security is particularly relevant as new post-
quantum cryptographic schemes are developed and 
standardized. 
 
4.4 Machine Learning for Cryptographic Key 
Management 
Key management is a fundamental challenge in 
cryptography, particularly for large-scale systems 
requiring secure key distribution and storage. 
Machine learning can improve key management in 
the following ways: 
 Predictive Key Lifetime Management: ML 

models can analyze system usage patterns to 
predict when cryptographic keys should be 
rotated or renewed, reducing the risk of key 
exposure. 

 Efficient Key Distribution: ML algorithms 
can optimize key distribution processes by 
identifying the most secure and efficient 
methods for transmitting cryptographic keys 
across networks. 

 Quantum-Resistant Key Exchange: ML can 
help develop adaptive key exchange protocols 
that respond to quantum computing 
advancements, ensuring that cryptographic 
keys remain secure in a post-quantum world. 

 
4.5 ML-Driven Cryptographic Algorithm 
Selection 

Different cryptographic algorithms offer 
varying trade-offs between security, speed, and 
resource consumption. Machine learning can assist 
in selecting the most suitable cryptographic 
algorithm based on application-specific 
requirements. 
 Context-Aware Cryptography: ML models 

can analyze real-time network conditions, 
computing power, and security requirements to 
dynamically select the best cryptographic 
algorithm for a given scenario. 
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 Hybrid Cryptographic Systems: ML can 
facilitate hybrid cryptographic approaches that 
combine classical and post-quantum 
algorithms, ensuring a smooth transition to 
PQC without compromising performance. 

 Risk Assessment for Cryptographic 
Protocols: ML can evaluate the security risks 
associated with different cryptographic 
schemes and recommend the safest options for 
critical applications such as financial 
transactions, secure communications, and 
military encryption. 

 
4.6 Challenges and Limitations of Machine 

Learning in Cryptography 
Despite its advantages, the integration of machine 
learning in cryptography presents several 
challenges and limitations: 
 Model Explainability: Machine learning 

models, especially deep learning networks, 
often function as "black boxes," making it 
difficult to interpret their decision-making 
processes in cryptographic applications. 

 Data Requirements: Training ML models for 
cryptographic tasks requires large amounts of 
high-quality data, which can be challenging to 
obtain in security-sensitive environments. 

 Adversarial Attacks on ML Models: ML 
models used in cryptographic security can 
themselves become targets of adversarial 
attacks, where attackers manipulate input data 
to deceive the model. 

 Computational Overhead: Implementing ML 
in cryptographic processes adds computational 
complexity, which may not always be feasible 
for resource-constrained environments. 

 
4.7 Summary 

Machine learning plays an increasingly 
important role in cryptography by enhancing 
security, optimizing post-quantum cryptographic 
algorithms, improving key management, and 
enabling intelligent cryptographic decision-making. 
While ML can be used for cryptanalysis and 
potential attacks, it also serves as a powerful tool 
for strengthening cryptographic protocols. 

The application of ML in PQC is 
particularly promising as it can help identify 
vulnerabilities, optimize performance, and 
automate security processes. However, challenges 
such as model explainability, data availability, and 
adversarial threats must be addressed to ensure that 
ML-driven cryptographic solutions remain 
trustworthy and practical. 
 

V. ENHANCING POST-QUANTUM 
CRYPTOGRAPHY WITH 

MACHINE LEARNING 
As post-quantum cryptographic (PQC) 

algorithms continue to evolve, machine learning 
(ML) plays a critical role in improving their 
security, efficiency, and implementation. The 
integration of ML with PQC can enhance key 
generation, optimize parameter selection, improve 
attack detection, and automate cryptographic 
processes. This section explores various ways in 
which ML can be leveraged to strengthen PQC. 
 
 
 
 
5.1 Machine Learning for Optimizing PQC 
Algorithms 

Post-quantum cryptographic algorithms, 
particularly lattice-based and code-based schemes, 
involve complex mathematical operations and high 
computational overhead. ML can be used to 
optimize these algorithms for better performance 
and security. 
 Efficient Parameter Selection: Choosing 

optimal parameters for PQC algorithms 
requires balancing security and computational 
efficiency. ML models can analyze vast 
datasets to recommend the best parameter 
configurations dynamically, improving 
encryption speed while maintaining strong 
security guarantees. 

 Reducing Key Sizes and Computation 
Costs: Certain PQC algorithms require large 
key sizes, which can be impractical for 
constrained environments such as IoT devices. 
ML techniques like neural network 
optimization can help reduce redundancy in 
key structures, making encryption more 
lightweight. 

 Hardware-Specific Optimization: Different 
computing architectures (CPUs, GPUs, 
FPGAs) perform cryptographic operations at 
varying speeds. ML can be used to determine 
the most efficient way to execute PQC 
operations on specific hardware platforms, 
ensuring optimized performance. 

 
By optimizing PQC implementations, ML 
contributes to making post-quantum cryptography 
more practical for widespread adoption. 
 
5.2 ML-Based Side-Channel Attack Protection 
in PQC 
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Side-channel attacks (SCAs) exploit 
physical characteristics of cryptographic 
implementations, such as power consumption, 
electromagnetic emissions, or execution timing, to 
extract secret keys. ML can help mitigate these 
attacks in post-quantum cryptographic systems. 
 Anomaly Detection for SCAs: ML models 

trained on normal cryptographic execution 
behavior can detect deviations caused by side-
channel attacks, allowing real-time defense 
mechanisms to be deployed. 

 Obfuscation Techniques: Generative 
adversarial networks (GANs) and deep 
learning models can be used to introduce 
controlled noise into cryptographic operations, 
making it harder for attackers to extract useful 
information. 

 Hardware-Level Security Enhancement: 
ML-driven approaches can assist in designing 
secure hardware architectures that minimize 
side-channel vulnerabilities in PQC 
implementations. 

 
ML-based SCA protection ensures that PQC 
algorithms remain resistant to practical attacks 
beyond theoretical security guarantees. 
 
5.3 Enhancing PQC Security through 
Automated Cryptanalysis 

Machine learning can be employed to 
automate cryptanalysis, which is essential for 
testing the resilience of PQC algorithms against 
potential threats. 
 Breaking Weak Implementations: ML 

algorithms can analyze cryptographic 
protocols and identify weaknesses that might 
be exploited by quantum or classical attackers. 
By automating this process, developers can 
reinforce PQC implementations before real-
world attacks occur. 

 Identifying Hidden Patterns: Certain 
cryptographic schemes might unintentionally 
reveal patterns in their ciphertexts. Deep 
learning models can detect such vulnerabilities 
and suggest countermeasures to prevent 
potential attacks. 

 Quantum Attack Simulation: ML-based 
simulations can predict how quantum 
algorithms, such as Grover’s or Shor’s 
algorithms, might affect different PQC 
schemes, helping researchers design more 
resistant encryption methods. 

 
Using ML for cryptanalysis accelerates the 
discovery of cryptographic weaknesses, ensuring 

that only the most secure PQC schemes are 
deployed. 
 
5.4 ML-Driven Adaptive PQC Schemes 

Post-quantum cryptographic algorithms 
must be adaptable to evolving threats and 
computing environments. ML can be leveraged to 
create adaptive cryptographic systems that adjust 
their security mechanisms in real-time. 
 Dynamic Algorithm Switching: ML models 

can evaluate system security conditions and 
automatically switch between different 
cryptographic algorithms based on threat 
levels, ensuring optimal protection against 
emerging attack vectors. 

 Self-Learning Cryptographic Protocols: 
Reinforcement learning algorithms can 
continuously refine cryptographic operations 
based on real-world feedback, improving 
efficiency and security over time. 

 AI-Powered Quantum-Resistant Protocols: 
ML techniques can help develop hybrid 
cryptographic protocols that integrate PQC 
algorithms with classical encryption to create 
quantum-safe security layers. 

 
Adaptive cryptographic systems powered by ML 
ensure that PQC remains resilient in dynamic and 
high-risk environments. 
 
5.5 Automating PQC Implementation with ML 

The development and deployment of PQC 
algorithms require rigorous testing, secure 
implementation, and efficient integration with 
existing systems. ML can automate these processes 
to reduce human error and enhance security. 
 Automated Code Verification: ML-powered 

static analysis tools can scan PQC 
implementations for vulnerabilities, ensuring 
that cryptographic libraries are free from 
common security flaws. 

 Optimization for Large-Scale Systems: ML 
models can analyze network conditions and 
computational constraints to optimize the 
deployment of PQC across cloud computing 
platforms and enterprise networks. 

 Reducing Human Error in Cryptographic 
Design: By automating certain aspects of 
cryptographic protocol design, ML can help 
eliminate misconfigurations that could lead to 
security breaches. 
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5.6 Challenges in Integrating ML with PQC 
Despite its benefits, the integration of 

machine learning with post-quantum cryptography 
presents several challenges: 
 Computational Complexity: Both PQC and 

ML algorithms are resource-intensive, which 
may lead to high computational costs when 
used together. 

 Model Interpretability: Many ML models 
operate as black boxes, making it difficult to 
understand how they make security-related 
decisions in cryptographic applications. 

 Adversarial ML Attacks: Attackers can 
manipulate ML models by feeding them 
deceptive data, potentially weakening PQC 
security. Developing robust ML models that 
resist adversarial attacks is essential. 

 Data Availability: Training ML models for 
cryptographic applications requires large 
datasets of cryptographic operations and attack 
scenarios, which are not always readily 
available. 

 
Addressing these challenges is necessary 

to ensure the safe and efficient integration of ML 
into post-quantum cryptographic systems. 
 
5.7 Summary 

Machine learning enhances post-quantum 
cryptography by optimizing algorithm 
performance, improving security against side-
channel attacks, automating cryptanalysis, and 
enabling adaptive cryptographic protocols. ML can 
also streamline the implementation and deployment 
of PQC, reducing human error and improving 
efficiency. 

Despite challenges such as computational 
overhead and adversarial attacks, ongoing research 
in ML-driven cryptographic security is paving the 
way for more robust and practical PQC solutions. 
As quantum computing continues to evolve, the 
combination of machine learning and post-quantum 
cryptography will play a crucial role in securing 
digital communications against future threats. 
 

VI. CHALLENGES AND 
LIMITATIONS OF USING 

MACHINE LEARNING IN POST-
QUANTUM CRYPTOGRAPHY 

While integrating machine learning (ML) 
into post-quantum cryptography (PQC) offers 
significant advantages, it also introduces several 
challenges and limitations. These challenges stem 
from the complexity of both fields, computational 
constraints, security risks, and practical deployment 

concerns. This section explores the key obstacles 
that must be addressed for the effective use of ML 
in PQC. 
 
6.1 Computational Overhead and Resource 
Requirements 

Both ML and PQC algorithms are 
computationally intensive, often requiring 
substantial processing power and memory. 
 High Computational Costs: ML models, 

especially deep learning networks, require 
extensive training, which consumes significant 
computational resources. Similarly, PQC 
algorithms—particularly lattice-based and 
code-based cryptography—demand high 
processing power, making their combination 
even more resource-intensive. 

 Energy Consumption: The additional 
computational load increases energy 
consumption, which may not be suitable for 
resource-constrained environments such as 
embedded systems and IoT devices. 

 Latency Issues: Training ML models and 
running inference for real-time cryptographic 
applications can introduce latency, potentially 
reducing the efficiency of cryptographic 
operations. 

 
Addressing these concerns requires 

optimized implementations of ML models and 
PQC algorithms that minimize computational 
overhead. 
 
6.2 Model Interpretability and Explainability 
One of the biggest challenges in applying ML to 
security-related fields, including PQC, is the lack 
of interpretability of many ML models. 
 Black-Box Nature of ML Models: Many ML 

techniques, particularly deep learning, function 
as black boxes, meaning it is difficult to 
understand how they reach decisions. This lack 
of transparency makes it challenging to trust 
ML-driven cryptographic decisions. 

 Explainability for Security Audits: 
Cryptographic protocols require rigorous 
security audits and formal proofs of security. 
However, ML models often lack well-defined 
mathematical guarantees, making it hard to 
verify their reliability in cryptographic 
settings. 

 Uncertainty in Predictions: ML models rely 
on probabilistic methods, which may lead to 
occasional incorrect classifications or 
predictions, potentially weakening the security 
of PQC implementations. 
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Developing interpretable ML models that provide 
explainable decisions is necessary to ensure their 
effectiveness in PQC. 
 
6.3 Adversarial Attacks on Machine Learning 

Models 
ML models themselves are vulnerable to 

attacks, which could compromise the security of 
PQC implementations. 
 Adversarial Inputs: Attackers can manipulate 

input data to deceive ML models used in 
cryptographic security, leading to incorrect 
classifications or decisions. This is particularly 
dangerous in automated cryptanalysis and 
security monitoring. 

 Model Poisoning: In scenarios where ML 
models are trained continuously, attackers 
could introduce malicious training data, 
leading to biased or incorrect outputs that 
weaken PQC security. 

 Evasion Attacks: Attackers can modify 
cryptographic implementations in subtle ways 
that exploit weaknesses in ML-based detection 
mechanisms, bypassing security defenses. 

Robust adversarial defense techniques must be 
integrated into ML models used in PQC to 
prevent these attacks. 

 
6.4 Data Availability and Quality 

ML models require large, high-quality 
datasets to function effectively, but obtaining 
suitable data in the context of PQC presents 
challenges. 
 Limited PQC Attack Datasets: Unlike 

classical cryptographic systems, PQC is still in 
the early stages of development, meaning that 
real-world attack data is scarce. This makes it 
difficult to train ML models for cryptanalysis 
and attack detection. 

 Lack of Standardized Training Data: PQC 
implementations vary across platforms and 
research projects, leading to inconsistencies in 
the available datasets. ML models trained on 
one dataset may not generalize well to other 
cryptographic environments. 

 Synthetic Data Challenges: While simulated 
cryptographic attack data can be generated, it 
may not always accurately reflect real-world 
attack scenarios, reducing the effectiveness of 
ML-based security mechanisms. 

 
Creating standardized, high-quality datasets is 

crucial for improving ML applications in PQC. 
6.5 Security vs. Performance Trade-Offs 

Balancing security and performance is a persistent 
challenge when integrating ML with PQC. 

 Security vs. Speed: Highly secure 
cryptographic implementations often come at 
the cost of increased computational 
complexity. ML can optimize performance, but 
if not properly designed, it may inadvertently 
reduce security. 

 Overfitting in Cryptanalysis: ML models 
trained on specific cryptographic weaknesses 
may become too specialized, failing to detect 
new or unknown attack strategies. Ensuring 
generalization in ML-based cryptanalysis is a 
key challenge. 

 False Positives in Anomaly Detection: ML-
based security mechanisms, such as side-
channel attack detection, may generate false 
positives, flagging legitimate cryptographic 
operations as suspicious. This can lead to 
unnecessary system disruptions. 

Careful tuning of ML models is required to balance 
security, accuracy, and efficiency. 
 
6.6 Compatibility with Existing Cryptographic 
Standards 

Post-quantum cryptographic algorithms 
are being standardized by organizations such as 
NIST, and ML integration must align with these 
evolving standards. 
 Regulatory Compliance: Cryptographic 

implementations in industries like finance, 
healthcare, and government must comply with 
strict security regulations. ML-driven 
enhancements must meet these compliance 
requirements. 

 Algorithm Standardization Challenges: 
Many ML-optimized cryptographic techniques 
are still experimental and may not yet align 
with standardized PQC algorithms. Ensuring 
compatibility with standardized PQC protocols 
is critical for adoption. 

 Resistance to Future Quantum Threats: As 
quantum computing advances, ML models 
used in PQC must remain adaptive to new 
threats while ensuring compliance with 
security frameworks. 

Ensuring that ML-enhanced PQC implementations 
align with global cryptographic standards is 
necessary for widespread acceptance. 

 
6.7 Ethical and Privacy Concerns 

The use of ML in PQC introduces ethical 
and privacy concerns, particularly when handling 
sensitive cryptographic data. 
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 Data Privacy Risks: ML models require large 
datasets for training, which may include 
sensitive cryptographic operations. Ensuring 
that training data does not expose private 
information is crucial. 

 Bias in ML Models: Bias in training data can 
lead to security vulnerabilities, where certain 
cryptographic schemes are given preference 
over others without objective justification. 

 Responsible AI in Cryptography: The use of 
ML in security-critical applications requires 
ethical considerations, including transparency, 
accountability, and fairness. 

 
6.8 Summary 
While ML offers promising enhancements to post-
quantum cryptography, several challenges must be 
addressed: 
1. Computational Overhead: High processing 

and energy demands may limit practical 
implementation. 

2. Model Interpretability: The black-box 
nature of ML models complicates security 
verification. 

3. Vulnerability to Adversarial Attacks: ML 
models used in cryptographic security can be 
targeted by attackers. 

4. Data Limitations: Scarcity of PQC-related 
attack datasets reduces ML training 
effectiveness. 

5. Security vs. Performance Trade-Offs: 
Optimizing PQC with ML requires careful 
balancing of security and efficiency. 

6. Compatibility with Standards: ML-
enhanced PQC implementations must align 
with evolving cryptographic standards. 

7. Ethical and Privacy Concerns: Responsible 
AI practices must be followed to protect data 
and ensure fairness. 

 
Addressing these challenges will require 

ongoing research, collaboration between 
cryptographers and AI experts, and the 
development of more efficient, interpretable, and 
secure ML models. By overcoming these 
limitations, ML can play a pivotal role in 
enhancing the security and practicality of post-
quantum cryptographic systems. 

 
VII. FUTURE DIRECTIONS AND 

RESEARCH OPPORTUNITIES 
As the intersection of machine learning 

(ML) and post-quantum cryptography (PQC) 
continues to evolve, there are numerous research 
opportunities and future directions that can further 

enhance the security, efficiency, and practicality of 
PQC implementations. These advancements will be 
crucial in ensuring secure cryptographic solutions 
in the quantum computing era. 
 
7.1 Development of Explainable and 
Interpretable ML Models for PQC 

One of the primary challenges of 
integrating ML with PQC is the lack of 
transparency in many ML models. Future research 
should focus on: 
 Explainable AI (XAI) for Cryptography: 

Developing ML models that provide clear, 
interpretable decision-making processes to 
improve trust and security in cryptographic 
applications. 

 Formal Verification of ML-Enhanced PQC: 
Creating frameworks that allow security 
analysts to formally verify ML-based 
optimizations in PQC for correctness and 
robustness. 

 Hybrid AI-Cryptography Approaches: 
Exploring combinations of rule-based security 
models with ML techniques to balance 
interpretability and automation. 

 
By addressing the black-box nature of 

ML, researchers can ensure that ML-driven 
cryptographic enhancements are both secure and 
transparent. 
 
7.2 Advanced ML Techniques for Side-Channel 
Attack Mitigation 

ML has shown promise in detecting and 
mitigating side-channel attacks (SCAs) on 
cryptographic implementations. Future work can 
focus on: 
 Deep Learning for SCA Detection: 

Enhancing ML-based attack detection systems 
with convolutional neural networks (CNNs) 
and recurrent neural networks (RNNs) to 
improve accuracy and adaptability. 

 Federated Learning for Secure Training: 
Leveraging federated learning techniques to 
train ML models on distributed cryptographic 
data without exposing sensitive information. 

 Adversarial ML for Attack Resistance: 
Developing ML models that are robust against 
adversarial attacks, ensuring that attackers 
cannot manipulate learning-based 
cryptographic security mechanisms. 

These improvements will enhance PQC 
implementations against practical threats in 
real-world applications. 
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7.3 Optimizing PQC Implementations Using ML 
The high computational complexity of 

PQC algorithms makes efficiency optimization a 
key research area. Future directions include: 
 Neural Architecture Search (NAS) for PQC 

Optimization: Using automated ML 
techniques to design optimal cryptographic 
algorithms and parameter selection strategies. 

 Hardware-Aware ML Models: Developing 
ML models that optimize PQC 
implementations for specific hardware 
architectures, such as GPUs, FPGAs, and 
quantum processors. 

 ML-based post-quantum Signature 
Optimization: Improving the performance of 
post-quantum digital signatures using ML 
techniques, ensuring secure and efficient 
authentication mechanisms. 

These advancements will make PQC more scalable 
and practical for large-scale adoption. 
 
7.4 Enhancing Cryptanalysis with AI-Driven 
Approaches 

Machine learning can accelerate the 
discovery of cryptographic weaknesses in PQC 
algorithms. Research opportunities include: 
 AI-Powered Quantum Cryptanalysis: 

Developing ML-driven techniques to simulate 
quantum attacks on PQC schemes, allowing 
researchers to design stronger cryptographic 
defenses. 

 Automated Attack Generation: Using 
reinforcement learning and generative models 
to create new cryptographic attack vectors that 
stress-test PQC implementations. 

 Pattern Recognition in Cryptographic 
Primitives: Applying deep learning to detect 
subtle weaknesses in lattice-based, code-based, 
and multivariate polynomial-based PQC 
algorithms. 

 
By advancing AI-driven cryptanalysis, 

researchers can proactively identify vulnerabilities 
before they can be exploited by attackers. 
 
 
7.5 Adaptive and Self-Healing PQC Systems 

Future cryptographic systems must be 
capable of dynamically responding to new threats. 
Research in this area can focus on: 
 Self-Learning Cryptographic Protocols: 

Developing reinforcement learning models that 
adapt cryptographic parameters in real-time 
based on detected threats. 

 Quantum-Resistant Intrusion Detection 
Systems: Enhancing network security with 
ML models that automatically adjust 
encryption strategies in response to quantum-
era cyber threats. 

 Autonomous Cryptographic Key 
Management: Using ML to optimize key 
management processes, ensuring secure and 
efficient key distribution in PQC frameworks. 

Such adaptive cryptographic systems will improve 
resilience against evolving security challenges. 

 
7.6 Integration of ML-Enhanced PQC with 

Emerging Technologies 
PQC is expected to play a critical role in securing 

emerging technologies such as: 
 Internet of Things (IoT) Security: 

Developing lightweight PQC implementations 
optimized with ML for IoT devices with 
limited computing power. 

 Blockchain and Distributed Ledger 
Technologies: Researching ML-driven PQC 
integration with blockchain to enhance 
decentralized security and smart contract 
encryption. 

 Secure Quantum Cloud Computing: 
Exploring ML-powered PQC solutions for 
securing cloud-based quantum computing 
environments. 

 
The integration of PQC and ML with 

these technologies will help ensure a secure digital 
infrastructure in the quantum computing era. 
 
7.7 Ethical AI and Standardization in ML-
Driven PQC 
As ML becomes more involved in cryptographic 
applications, ethical considerations and 
standardization efforts must be prioritized. Future 
research directions include: 
 Bias Mitigation in Cryptographic ML 

Models: Ensuring that ML-driven 
cryptographic optimizations do not introduce 
unintended biases that could weaken security. 

 Regulatory Frameworks for AI in 
Cryptography: Developing global standards 
for ML-enhanced cryptographic security to 
ensure compliance with government and 
industry regulations. 

 Privacy-Preserving AI Techniques: Using 
homomorphic encryption and differential 
privacy to protect sensitive cryptographic data 
used in ML training. 
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By addressing ethical concerns, researchers can 
ensure the responsible deployment of AI in 
cryptographic security. 
 
7.8 Summary 
The future of ML-enhanced post-quantum 
cryptography presents numerous research 
opportunities, including: 
1. Explainable ML for Cryptographic 

Security: Developing interpretable AI models 
for secure PQC applications. 

2. Advanced Side-Channel Attack Detection: 
Enhancing PQC resistance using deep learning 
and federated learning. 

3. Optimization of PQC Implementations: 
Improving efficiency through ML-based 
hardware optimizations and parameter tuning. 

4. AI-Driven Cryptanalysis: Using ML to 
automate attack simulations and discover 
vulnerabilities in PQC algorithms. 

5. Adaptive and Self-Healing Cryptographic 
Systems: Creating ML-powered, dynamically 
adjusting security mechanisms. 

6. Integration with Emerging Technologies: 
Applying ML-enhanced PQC to IoT, 
blockchain, and quantum cloud computing. 

7. Ethical and Standardization Efforts: 
Ensuring responsible AI use and compliance 
with cryptographic security regulations. 

 
VIII. CONCLUSION 
Traditional cryptographic systems come 

under significant danger from advancing quantum 
computing technology which requires the creation 
of post-quantum cryptographic (PQC) algorithms. 
The deployment of PQC systems requires 
addressing multiple obstacles which include high 
resource consumption and longer keys together 
with possible system weaknesses. The development 
of PQC grows stronger through machine learning 
(ML) which enables the enhancement of algorithm 
performance together with cryptanalysis 
improvements and side-channel protection and 
adaptive defensive measures. 

The research investigated how ML 
interacts with PQC cryptography to improve 
implementation while addressing challenges that 
impact operation speed and security together with 
interpretability issues. Legal experts explained how 
artificial intelligence techniques help cryptanalysis 
operations as well as automatic attack monitoring 
systems and PQC optimization based on different 
hardware platforms. The main barriers to overcome 
in this field include protecting ML models from 
adversarial attacks solving explainability 

challenges and acquiring sufficient training 
datasets. 

Research priorities should include the 
development of explanatory and sturdy ML models 
for cryptography while improving AI attack 
detection systems as well as optimizing PQC 
performance along with maintaining ethical 
compliance and regulatory requirements in AI-
enhanced security systems. The development of 
secure digital architecture for quantum computing 
requires implementing PQC and ML integration 
into emerging technologies such as IoT, 
blockchain, and quantum cloud computing. 

The unification of PQC with ML functions 
as an attractive cybersecurity forward which 
enables improvements to cryptographic protection 
systems and security breakthroughs. Researchers 
need to combine their efforts on developing 
efficient pervasive PQC solutions which maintain 
interpretability and resilience so the post-quantum 
age can adequately protect sensitive information. 
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