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Abstract:The growth of artificial intelligence (AI) is based on the application of mathematics. Why? Mathematics has 

also played an important role in the development of AI, with topics such as those relating to probability theory, linear 

algebra (time series), and topology or optimization, among others. Models that use mathematical concepts to make 

decisions in deep learning, NLP, reinforcement learning and computer vision are developed and trained using 

mathematics. This is a pioneering implementation of artificial intelligence theory.' The paper delves into the mathematical 

foundations of AI, their application in modern AI systems, and potential mathematical trends that could shape future 

research on AI. Some of the key areas of mathematics that are critical to the scalability and reliability of AI include 

information theory and graph theory (for example. We also discuss the use of quantum mathematics in AI and the growing 

need for mathematical explanations to XAI. Other research aims to develop more interpretable AI models, to advance 

topological data analysis (TDA), and to apply quantum computing concepts to AI. This essay will present the 

mathematical foundations of AI with the aim of integrating theoretical research and applied usage of artificial intelligence. 
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I.INTRODUCTION 

 

Mathematics, computer science, and cognitive science are blended in artificial intelligence (AI) to produce intelligent 

systems [1]. AI's mathematical foundation enables algorithms to be designed and tested that can recognize patterns, learn 

from experience, and form opinions. A broad variety of mathematical disciplines is covered by AI applications, ranging 

from basic statistical models to sophisticated deep learning models. 

 

Machine learning algorithms, portents of symbols, and artificial intelligence were all made possible by the original 

mathematical logic and theory of computation [2]. 

During the middle of the 20th century, statistical learning paradigms and neural networks, such as probabilistic/optimally-

based approaches, formed the foundation for contemporary AI research. Revolutionary mathematical tools such as 

quantum computing and topological data analysis have been built as a by-product of AI research and can potentially 

change the landscape. To address AI problems like ethics, efficiency, and explainability of models, mathematics is 

essential. Clarifiable Artificial Intelligence (XAI) applies mathematical models during decision-making. Also, efficient 

and scalable models of AI, which can effectively manage large data volumes in real-world applications, are enabled 

through optimization techniques. 

 

Discussing the intricate connection of mathematics to artificial intelligence, the article describes the fundamental 

mathematical theories facilitating AI systems. The researchers and professionals can make AI systems more reliable, 

understandable, and effective based on their more thorough familiarity with certain mathematical ideas. The future 

generation of intelligent computers will be shaped by the mathematical foundation of artificial intelligence, its 

implementations, and the domains of new research addressed in these sections. 

 

II.MATHEMATICAL FOUNDATIONS OF AI 

 

2.1 Linear Algebra 

Most AI platforms, especially deep learning, rely on linear algebra as its basic comprehension [3]. Upon studying neural 

networks, dimensionality reduction procedures, dealing with large data, eigenvalues, vectors on matrices objects, SVMs, 

and SVDs need to be employed. Matrix calculation and matrix multiplication are indispensable to recurrent neural 

networks (RNNs) and convolutional neural networks (CNNs) [4]. To reduce high variance data, Principal Component 

Analysis (PCA) uses eigenvectors along with other procedures. 
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2.2 Probability and Statistics 

AI system uncertainty modelling is significantly based on probability theory. Markov chains, Bayesian inference, or 

probabilistic graphical models (such Baydia and Hidden Markov Models) are key components of computer vision, 

machine learning, and natural language processing. to estimate distributions, test hypotheses, draw conclusions from 

massive amounts of data, and integrate statistical techniques with data-driven AI models [5]. Probabilistic programming 

libraries, like TensorFlow Probability, allow AI models to embed uncertainty into decision-making. 

 

2.3 Optimization Methods 

Optimization lies at the core of AI model training. Gradient descent, convex optimization, and constrained optimization 

methods support fast parameter tuning in machine learning models [6]. L1 and L2 norm regularization methods prevent 

overfitting and support generalization. Stochastic gradient descent (SGD) and its variants (e.g., Adam, RMSprop) support 

optimization in deep learning [7]. Evolutionary algorithms and reinforcement learning also use optimization methods for 

agent learning and policy updates. 

 

2.4 Information Theory 

Information theory, especially ideas like entropy, Kull back-Leiber divergence, and mutual information, is important to 

deep learning, data compression, and reinforcement learning [8]. Shannon entropy is basic to measuring information 

uncertainty, and cross-entropy loss functions train classification models. Information bottleneck principles facilitate 

feature selection and model interpretability. 

 

2.5 Graph Theory 

Graph theory is applied widely in AI for modelling relationships, networks, and knowledge graphs [9]. Some applications 

are social network analysis, recommendation systems, and graph neural networks (GNNs) [10]. Graph-based learning 

algorithms use adjacency matrices and Laplacian matrices for better representation learning. Graph embeddings like 

node2vec improve link prediction and clustering in large-scale data environments. 

 

2.6 Geometry and Topology  

Advances in AI have utilized topological data analysis (TDA) and geometric deep learning to analyse intricate high-

dimensional data structures [11]. Manifold learning methods like t-SNE and UMAP help visualize nonlinear relationships 

between data. Geometric deep learning pushes neural networks beyond Euclidean space into non-Euclidean space, 

allowing use in molecular modelling, 3D visions, and biomedical data analysis [12]. 

 

 
Figure 1. Impact of Different Mathematical Fields on AI Development 

 

III.MATH APPLICATIONS IN AI 

 

Math underlies AI, giving the learning algorithm design and implementation structure and logic [13]. What follows is an 

extended view of the principal math domains and how they apply in different AI systems, together with the corresponding 

formulas and how they are used practically: 

 

3.1 Deep Learning using Linear Algebra 

Linear algebra forms the basis for building neural networks [14]. It provides the means for handling high-dimensional 

data, critical for training and inference. 
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Z=WX+B…………..[1]  

•Neural network computations, image processing, CNN operations. 

3.2 Probability Theory in Machine Learning 

Probability assists models in handling uncertainty and making sound predictions. 

……..[2] 

•Spam filtering, medical diagnosis, generative models. 

3.3 Optimization Techniques 

Optimization provides models with an effective learning capability by tweaking parameters to reduce loss. 

……..[3] 

 

Training of deep learning models, reinforcement learning. 

3.4 Information Theory in NLP 

Used to estimate uncertainty, similarity, and relevance of text data. 

….[4] 

•Word embedding, compression algorithms, model evaluation. 

•Natural language generation, text classification. 

3.5 Graph Theory in Neural Architectures 

Graph theory gives models the ability to learn from structured data. 

Graph Definitions: G=(V,E)…………..[5] 

V=Vertics (nodes), E: edges (connections) 

              • Social network analysis, recommendation systems, knowledge graphs. 

3.6 Calculus in Learning Algorithms 

Calculus is applied to find how changes in input influence the output via gradients. 

…..[6] 

• Supports weight adjustment in neural networks. 

• Neural network training, gradient-based optimizers. 

3.7 Data Structure Topology 

Topology reveals underlying structures in complex, high-dimensional data. 
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……..[7] 

• Biomedical image analysis, anomaly detection, feature extraction. 

3.8 Symbolic AI and Set Theory, Logic 

Set theory and logic support rule-based reasoning and symbolic representation. 

……..[8] 

• Models inference and deductive reasoning. 

• Expert systems, planning, knowledge representation. 

 

IV.FUTURE DIRECTIONS 

 

4.1 Explainable AI (XAI) and Model Interpretability 

As complex AI models emerge, their transparency and interpretability are important to build trust and address ethical 

concerns [15]. Research directions in the future should involve mathematical frameworks that advance model 

explainability, including information theory, game theory, and feature attribution techniques. Methods such as SHAP 

(Shapley Additive Explanations) and LIME (Local Interpretable Model-Agnostic Explanations) need to be further 

developed to better understand deep learning architectures [16]. 

 

4.2 Progress in Topological Data Analysis (TDA)  

Topological data analysis (TDA) is beginning to emerge as an effective technique to analyse high-dimensional data 

structure [17]. Persistent homology, which is a key algorithm in TDA, serves to recognize the top data features persisting 

at any scale. Developing TDA within deep learning architectures to better describe data and realize enhanced 

generalization in AI models, especially biomedical and scientific purposes, remains to be researched in the future [18]. 

 

 
Figure 2 ; Future Directions 

 

 

4.3 Quantum Computing and AI 

The confluence of quantum computing and AI holds great promise for exponential computational efficiency gains. 

Quantum machine learning (QML) investigates quantum algorithms like Variational Quantum Circuits and Quantum 

Support Vector Machines [19]. Future work should aim to develop hybrid quantum-classical AI models, making practical 

applications of quantum-enhanced learning methods possible. 

 

4.4 Functional Analysis in AI Optimization 

Functional analysis, especially of Hilbert spaces, is insightful for understanding optimization and learning behaviour in 

AI [20]. Future work can investigate how functional spaces enhance the convergence of deep learning models, especially 

in reinforcement learning and generative modelling. Methods from Banach spaces and Sobolev spaces can be utilized to 

enhance the stability and robustness of neural network training. 
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4.5 Ethical AI and Fairness through Mathematical Models 

Ensuring fairness and bias mitigation in AI models requires rigorous mathematical approaches. Such efforts should lead 

to fairness-aware optimisation methods utilising convex optimization, game theory, and parity measures in statistics to 

mitigate bias in algorithms [21]. Mathematical techniques may offer provably guaranteed fairness constraint satisfaction 

and enhancements to decision making in AI application. 

 

4.6 AI for Mathematical Discovery 

There is a new wave in the application of AI to facilitate mathematical discovery itself. Symbolic reasoning, theorem 

proving, and the use of AI to automatically generate conjectures are said to revolutionize mathematics [22]. The future 

research should focus on integrating AI with symbolic algebra and computational mathematics to assist in solving difficult 

mathematical problems [23]. 

 

Table 1. Projected Future Research Focus in AI 

(Based on Mathematical Foundations) 

 
 

V.CONCLUSION 

 

Mathematics is still at the centre of artificial intelligence, and it's the basis on which AI technologies and methods are 

developed. From the contribution of linear algebra in neural networks to that of probability theory in machine learning, 

mathematical concepts are leading the way with AI development. The future of AI will be shaped by new mathematical 

paradigms like topological data analysis, functional analysis, and quantum computing as AI evolves. 

 

One of the greatest challenges for AI currently is making it transparent, fair, and efficient in model decision-making. 

Mathematical method-habille Explainable AI shall be an instrumental aspect of establishing trust and responsibility in AI 

solutions. Furthermore, mathematically based ethical AI frameworks shall have to formulate strong fairness mechanisms 

to avoid discrimination and provide fair results. 

 

Additionally, quantum computing also has the potential to revolutionize AI since quantum algorithms can provide huge 

computational advantage. As physicists move toward hybrid quantum-classical systems, new mathematics will be 

required to bring quantum mechanics' power into AI application. Likewise, AI itself is becoming a tool in greater and 

greater measure for taking mathematical research forward, with AI-based theorem proving and machine reasoning 

creating new routes to discovery. 

 

Mathematicians and researchers in AI will need to collaborate to push innovation and break the constraints of the present. 

The future of AI will be determined by sustained mathematical progress so that AI systems will not only be more efficient 

and powerful but also explainable and ethical. By capitalizing on mathematics’ deep interconnection with AI, the next 

generation of intelligent systems will advance the possibilities of science, business, and daily life. 

 

 

 

 

 

https://ijireeice.com/
https://ijireeice.com/


ISSN (O) 2321-2004, ISSN (P) 2321-5526 

 

IJIREEICE 

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering 

Impact Factor 8.021Peer-reviewed & Refereed journalVol. 13, Issue 4, April 2025 

DOI:  10.17148/IJIREEICE.2025.134104 

© IJIREEICE              This work is licensed under a Creative Commons Attribution 4.0 International License                  631 

REFERENCES 

 

[1]. Mohammed, Zeeshan Ahmed, Muneeruddin Mohammed, Shanavaz Mohammed, and Mujahedullah Syed. "Artificial 

Intelligence: Cybersecurity Threats in Pharmaceutical IT Systems." (2024). 

[2]. Khadri, W., Reddy, J. K., Mohammed, A., & Kiruthiga, T. (2024, July). The Smart Banking Automation for High 

Rated Financial Transactions using Deep Learning. In 2024 IEEE 3rd World Conference on Applied Intelligence and 

Computing (AIC) (pp. 686-692). IEEE. 

[3]. Strang, G. (2022). Introduction to linear algebra. Wellesley-Cambridge Press. 

[4]. Bodapati, S., Bandarupally, H., Shaw, R. N., & Ghosh, A. (2021). Comparison and analysis of RNN-LSTMs and 

CNNs for social reviews classification. Advances in Applications of Data-Driven Computing, 49-59. 

[5]. Mohammed, A. K., & Ansari, M. A. (2024). The Impact and Limitations of AI in Power BI: A Review. International 

Journal of Multidisciplinary Research and Publications (IJMRAP),. Pp. 23-27, 2024., 7(7), 24–27. 

[6]. Chittoju, S. R., & Ansari, S. F. (2024). Blockchain’s Evolution in Financial Services: Enhancing Security, 

Transparency, and Operational Efficiency. International Journal of Advanced Research in Computer and 

Communication Engineering, 13(12), 1–5. https://doi.org/10.17148/IJARCCE.2024.131201 

[7]. Tian, Y., Zhang, Y., & Zhang, H. (2023). Recent advances in stochastic gradient descent in deep 

learning. Mathematics, 11(3), 682. 

[8]. Avery, J. S. (2021). Information theory and evolution. World Scientific. 

[9]. Khadri Syed, W., & Janamolla, K. R. (2023). Fight against financial crimes – early detection and prevention of 

financial frauds in thefinancial sector with application of enhanced AI. IJARCCE, 13(1), 59–64. 

https://doi.org/10.17148/ijarcce.2024.13107 

[10].   Corso, G., Stark, H., Jegelka, S., Jaakkola, T., & Barzilay, R. (2024). Graph neural networks. Nature         

Reviews Methods Primers, 4(1), 17. 

[11].   Mohammed, S., DDS, Dr. S. T. A., Mohammed, N., & Sultana, W. (2024). A review of AI-powered diagnosis 

of rare diseases. International Journal of Current Science Research and Review, 07(09). 

https://doi.org/10.47191/ijcsrr/v7-i9-01 

[12].   Mohammed, A. K., Ansari, S. F., Ahmed, M. I., & Mohammed, Z. A. Boosting Decision-Making with LLM-

Powered Prompts in PowerBI 

[13].   Davies, A., Veličković, P., Buesing, L., Blackwell, S., Zheng, D., Tomašev, N., ... & Kohli, P. (2021).  

Advancing mathematics by guiding human intuition with AI. Nature, 600(7887), 70-74. 

[14].   Ketkar, N., Moolayil, J., Ketkar, N., & Moolayil, J. (2021). Deep learning with Python: learn best practices of 

deep learning models with PyTorch (pp. 243-285). New York, NY, USA:: Apress. 

[15].   Mohammed, A. K., & Panda, B. B. (2024). Enhancement of predictive analytics using AI models: A framework 

for real-time decision support systems. IJARCCE, 13(11). https://doi.org/10.17148/ijarcce.2024.131108 

[16].   Assegie, T. A. (2023). Evaluation of local interpretable model-agnostic explanation and shapley additive 

explanation for chronic heart disease detection. Proc Eng Technol Innov, 23, 48-59. 

[17].   Chazal, F., & Michel, B. (2021). An introduction to topological data analysis: fundamental and practical aspects 

for data scientists. Frontiers in artificial intelligence, 4, 667963. 

[18].   Mohammed, A., Sultana, G., Aasimuddin, F. M., & Mohammed, S. (2025). Leveraging Natural Language 

Processing for Trade Exception Classification and Resolution in Capital Markets: A Comprehensive Study. Journal 

of Cognitive Computing and Cybernetic Innovations, 1(1), 14-18. 

[19].   Martín-Guerrero, J. D., & Lamata, L. (2022). Quantum machine learning: A tutorial. Neurocomputing, 470, 

457-461. 

[20].   Cantún-Avila, K. B., González-Sánchez, D., Díaz-Infante, S., & Peñuñuri, F. (2021). Optimizing functionals 

using differential evolution. Engineering Applications of Artificial Intelligence, 97, 104086. 

[21].   Venkatasubbu, S., & Krishnamoorthy, G. (2022). Ethical considerations in AI addressing bias and fairness in 

machine learning models. Journal of Knowledge Learning and Science Technology ISSN: 2959-6386 (online), 1(1), 

130-138. 

[22].   Syed, W. K., Mohammed, A., Reddy, J. K., & Dhanasekaran, S. (2024, July). Biometric Authentication Systems 

in Banking: A Technical Evaluation of Security Measures. In 2024 IEEE 3rd World Conference on Applied 

Intelligence and Computing (AIC) (pp. 1331-1336). IEEE. 

[23].   Miao, Q., & Wang, F. Y. (2024). AI for Mathematics. In Artificial Intelligence for Science (AI4S) Frontiers 

and Perspectives Based on Parallel Intelligence (pp. 21-39). Cham: Springer Nature Switzerland.

 

 

https://ijireeice.com/
https://ijireeice.com/
https://doi.org/10.17148/IJARCCE.2024.131201
https://doi.org/10.17148/ijarcce.2024.13107
https://doi.org/10.47191/ijcsrr/v7-i9-01
https://doi.org/10.17148/ijarcce.2024.131108

