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Abstract 

This paper analyzes the applications of number theory and coding theory in artificial intelligence (AI). It 

discusses Huffman coding, the Number Theoretic Transform (NTT), Residue Number Systems (RNS), 

and error-correcting codes for improving computational efficiency, data compression, reliability, and 

security. Applications in face recognition and fake news detection are presented to demonstrate their 

practical relevance. The study highlights how these mathematical techniques can contribute to the 

development of efficient, robust, extensible, and trustworthy AI systems. 
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1. Introduction 

Number theory originated as a branch of pure mathematics concerned with integers and their properties. 

Although historically regarded as a highly theoretical field, number theory has acquired important 

practical roles in computing and digital communication. Concepts such asmodular arithmetic, prime 

factorization, finite fields, and residue classes enable technologies including public-key cryptography, 

error-correcting codes, hashing, and pseudorandom number generation. 

At the same time, artificial intelligence (AI), driven by advances in machine learning, deep neural 

networks, and distributed computation, has become an important component of modern computing. AI 

systems increasingly operate with large models and datasets, creating requirements for efficient 

computation, reliable communication, data compression, and secure processing. The convergence of 

number theory, coding theory, and AI therefore provides a promising mathematical framework for 

addressing these requirements. 

This paper investigates how number-theoretic and coding-theoretic methods can contribute to three 

major AI challenges: computational efficiency, robustness and reliability, and security. The study 

focuses particularly on Huffman coding, the Number Theoretic Transform (NTT), Residue Number 

Systems (RNS), and Reed–Solomon (RS) error correction. Their possible roles are illustrated through 

case studies involving face recognition and fake news detection. 

 

2. Mathematical Foundations 

2.1 Number Theory in Computer Science 

Number theory provides mathematical structures used in modular arithmetic, cryptography, primality te- 
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sting, residue number systems, and number-theoretic transforms. Modular arithmetic and finite-field 

operations are especially important in cryptographic algorithms and error-correcting codes. Number-

theoretic arithmetic can also be incorporated into computational architectures to support parallel and 

efficient processing. 

2.2 Coding Theory: Foundations and Relevance 

Coding theory is concerned with representing information in forms that support efficient transmission, 

storage, and recovery. Error-correcting codes such as Hamming, BCH, and Reed–Solomon codes are 

based on algebraic structures, including finite fields. Such codes can detect and correct errors introduced 

during communication or computation and are therefore relevant to AI systems operating in noisy or 

distributed environments. 

2.3 Huffman Coding and Lossless Compression 

Huffman coding is a lossless data-compression technique that constructs an optimal prefix code for a 

given set of symbol frequencies. It minimizes the expected codeword length under the symbol-by-

symbol coding model. Although Huffman coding originates in information theory rather than number 

theory, it complements number-theoretic methods by reducing the amount of data that must be stored, 

transmitted, or subsequently processed. 

 

For example, consider an alphabet containing five symbols with the following frequencies: 

Symbol Frequency 

A 45 

B 13 

C 12 

D 16 

E 9 

 

A corresponding Huffman construction gives the codes A → 0, E → 110, C → 111, B → 100, and D → 

101. The expected code length is approximately 2.05 bits per symbol, compared with 3 bits per symbol 

for fixed-length coding. In AI workflows, Huffman coding can be applied to feature storage, model-

parameter compression, and gradient exchange. 

Any message can be changed into coding by Huffman coding as follows 

for example,if sentence 

“AI IS SMART” 

1. Count the frequency of each character 

Ignoring spaces for simplicity: 

Character           Frequency 

A.            2 

I                2 

S              2 

M             1 

R              1 

T              1 

2. Huffman coding 

Combining the lowest frequencies repeatedly gives one possible Huffman code: 
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Character         Code 

A                       00 

I                         01 

S                       10 

M                      110 

R                       1110 

T                       1111 

3. Encode the sentence 

AI IS SMART 

Removing spaces: 

AIISSMART 

Now substitute each character: 

A → 00 

I → 01 

I → 01 

S → 10 

S → 10 

M → 110 

A→ 00 

R → 1110 

T → 1111 

Therefore: 

Huffman encoded message: 

00010110101100011101111 

This illustrates how Huffman coding represents frequently occurring symbols with shorter codes and 

less frequent symbols with longer codes. 

2.4 Number Theory in Artificial Intelligence 

Number-theoretic techniques have potential applications in several AI-related tasks. Residue arithmetic 

can support parallel computation, number-theoretic transforms can accelerate suitable polynomial 

operations, and hashing can support efficient indexing. Cryptographic constructions based on number 

theory can also contribute to secure model training, communication, and inference. 

2.5 Hybrid Aporoaches 

Hybrid approaches combine compression, encryption, error correction, and efficient arithmetic. 

Examples considered in this paper include compression followed by encryption in resource-constrained 

AI systems, Reed-Solomon coding for robust distributed learning, and lattice-based cryptographic 

approaches for post-quantum security. The central idea is that lightweight coding methods and 

algebraically intensive methods can be combined according to the requirements of a particular AI 

pipeline. 

 

3. Methodology 

3.1 Research Design 

This study adopts a multi-case conceptual approach to illustrate the applications of number theory and 

coding theory in AI. The framework is organized around three challenges: 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260486260 Volume 8, Issue 4, July-August 2026 4 

 

 Security: cryptographic techniques combined with data compression. 

 Efficiency: compression combined with NTT and RNS-based arithmetic. 

 Robustness: error correction combined with compression. 

3.2 Case Study Framework 

Each case study is examined using three components: the mathematical foundation, the mechanism by 

which the technique is integrated into an AI pipeline, and evaluation criteria appropriate to the 

application. 

3.3 Case Study 1: Security 

A federated-learning pipeline can integrate elliptic-curve cryptography (ECC) and lattice-based 

cryptography. Huffman compression may be applied before encryption to reduce the amount of data 

subjected to subsequent processing. The evaluation criteria include security, communication efficiency, 

and scalability. 

3.4 Case Study 2: Efficiency 

Huffman coding is considered for compressed storage of deep neural network (DNN) models. NTT-

based arithmetic and RNS can be used to support efficient computations in suitable convolutional or 

polynomial-intensive operations. The evaluation criteria include compression ratio, computation speed, 

and energy efficiency. 

3.5 Case Study 3: Robustness 

Gradient updates in distributed learning can be compressed using Huffman coding and subsequently 

protected using Reed–Solomon codes.The evaluation criteria include error resilience, coding overhead, 

and scalability. 

3.6 Evaluation Metrics 

 Security and privacy for Case Study 1. 

 Computational efficiency and energy consumption for Case Study 2. 

 Error resilience and accuracy for Case Study 3. 

3.7 Methodological Justification 

The methodology balances mathematical foundations with engineering-oriented considerations. It 

emphasizes how lightweight entropy coding can complement computationally intensive algebraic, 

cryptographic, and error-correcting methods within AI workflows. 

 

4. AI Applications and Case Studies 

4.1 Face Recognition 

Face recognition systems commonly employ convolutional neural networks (CNNs) to encode facial 

features intocompact representations or embeddings. Deployment on mobile and embedded devices is 

constrained by memory, storage, and energy requirements. Within the methodology considered in the 

research paper, Huffman coding is applied after compression and quantization to reduce model-storage 

requirements, while NTT-based operations and RNS arithmetic are considered for efficient computation. 

The case-study values reported in the paper indicate a reduction of a compressed CNN model from 

approximately 50 MB to about 2 MB, with near-real-time recognition on edge devices and an accuracy 

loss of less than 1% relative to the baseline.A further expanded case description reports an 

approximately 25-times reduction in storage requirements and an improvement of about 20% in 

inference speed on a dataset containing one million facial images. These figures are presented as case-

study results in the research paper and should be experimentally verified before publication. 
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4.2 Fake News Detection 

Fake news detection models may be deployed in distributed environments in which noisy updates and 

data corruption can affect model performance. In the proposed robustness pipeline, text embeddings or 

related model updates are compressed using Huffman coding and protected using Reed–Solomon 

coding. The objective is to maintain the reliability of misinformation-classification models under noisy 

communication or distributed-training conditions. 

4.3 Security-Oriented AI Pipelines 

Security is an important requirement when AI models or their updates are exchanged across distributed 

systems. Number-theoretic cryptographic methods, including ECC and lattice-based constructions, can 

provide security mechanisms, while Huffman coding can reduce data volume before encryption. 

However, encryption may introduce additional computational or communication overhead, particularly 

when stronger post-quantum constructions are employed. 

 

5. Results and Discussion 

5.1 Case Study 1: Security 

For the illustrative security case, this paper considers a baseline gradient size of 1 MB. Huffman 

compression reduces the size to approximately 650 KB. After ECC encryption, the size is approximately 

1.3 MB, whereas lattice-based encryption results in a size of approximately 2.6 MB. This case study 

therefore illustrates the potential of compression to offset part of the data expansion introduced by 

encryption. ECC is presented as a relatively efficient approach, whereas lattice-based methods are 

computationally more demanding but offer potential advantages in the context of post-quantum security. 

5.2 Case Study 2: Efficiency 

For the efficiency case, the reported CNN baseline is 20 MB. Pruning reduces the model to 4 MB, 

quantization to 1.5 MB, and Huffman coding to approximately 1 MB. The manuscript further reports 

approximately 25% faster convolution and 15% energy savings when NTT and RNS arithmetic are 

incorporated. The combined case is described as providing substantial compression together with 

computational acceleration. 

5.3 Case Study 3: Robustness 

For the robustness case, a 1 MB baseline update is reduced to 650 KB using Huffman coding. Reed–

Solomon coding with parameters (255,223) increases the size of the protected representation to 

approximately 740 KB. The paper reports a bit-error rate (BER) of 10 -3, with approximately 15% 

corruption in the uncoded case and near-zero corruption when Reed–Solomon coding is combined with 

Huffman compression. However, these values should be experimentally validated and supported by the 

corresponding dataset and test conditions before being considered general performance claims. 

5.4 Cross-Case Analysis 

 Security: Huffman compression can reduce part of the data expansion associated with cryptographic 

processing. 

 Efficiency: Huffman coding, NTT, and RNS can be combined to target model-storage and 

computational requirements. 

 Robustness: Huffman coding and Reed–Solomon coding can balance compression with error 

protection. 

5.5 Interpretation 

Across the case studies, Huffman coding serves as a common data-reduction mechanism, while number- 
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theoretic methods provide mathematical structures for security and efficient arithmetic. The combination 

is potentially useful when AI systems must simultaneously address storage, computation, 

communication, and reliability constraints. 

5.6 Advantages and Disadvantages 

 Security versus efficiency in lattice-based cryptography. 

 Compression versus computational overhead on low-power devices. 

 Redundancy versus robustness in error-correcting codes. 

 Hardware dependence of NTT- and RNS-based speedups. 

5.7 Research Implications 

The proposed framework has potential implications for federated learning, edge AI, and distributed AI 

systems. In federated learning, compression-before-encryption pipelines may reduce communication 

volume. In edge AI, model compression can reduce storage requirements, while efficient arithmetic may 

support faster inference. In distributed learning, error-correcting codes can improve resilience to noisy 

communication. 

 

6. Conclusion 

This study demonstrates the importance of number theory and coding theory in developing efficient and 

reliable artificial intelligence systems. Huffman coding reduces data storage requirements, while NTT 

and RNS improve computational efficiency. Error-correcting codes, particularly Reed–Solomon codes, 

enhance data reliability in noisy and distributed environments. Applications such as face recognition and 

fake news detection illustrate their practical relevance in AI. Overall, the integration of these 

mathematical techniques can contribute to the development of faster, more robust, secure, and extensible 

AI systems. 
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