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Abstract 
Artificial Intelligence (AI) is establishing a transformative presence across mathematical science, 

fundamentally altering the methodologies of research, computational modeling, and education. This report 

analyzes this tripartite convergence. In mathematical research, AI, through Automated and Interactive 

Theorem Proving (ATP/ITP), acts as a critical collaborator, formalizing proofs (e.g., Lean, Coq) and 

generating novel, verified conjectures by leveraging deep learning techniques and specialized Retrieval-

Augmented Generation (RAG) frameworks. In computational applications, AI models are replacing 

traditional numerical methods; specifically, Physics-Informed Neural Networks (PINNs) and novel 

frameworks like DIMON embed physical laws directly into neural networks to solve complex partial 

differential equations (PDEs) at unprecedented speed, shifting the paradigm from discretization to function 

approximation. Within education, Intelligent Tutoring Systems (ITS) and Adaptive Learning Systems (ALS) 

have demonstrated a small but positive overall effect (0.343 effect size) on K-12 mathematics learning 

outcomes by providing personalized instruction and immediate feedback. Despite these advancements, the 

integration of AI presents critical challenges concerning rigor, stemming from the clash between AI's reliance 

on statistical probability and mathematics’ demand for absolute deduction, and ethics, primarily regarding 

algorithmic bias and student data privacy in educational settings. Ultimately, AI accelerates and amplifies the 

human role, pushing mathematicians and educators toward higher-level abstraction, creative problem 

definition, and the critical verification of machine-generated results.  

Keywords: Artificial Intelligence; Mathematical Research; Computational Mathematics; Neural-

Symbolic Systems. 

 

1. Introduction: The Convergence of AI and 

Mathematical Science 

The history of artificial intelligence (AI) is 

fundamentally intertwined with the evolution of 

mathematical and symbolic logic. Mathematics has 

historically served not only as the theoretical 

foundation for AI algorithms but also as the 

primary testbed for assessing a machine's ability to 

reason, deduce, and discover. Recent developments 

in deep learning and large language models (LLMs) 

represent a paradigm shift, allowing AI to offer 

powerful inductive frameworks and flexible 

algorithmic structures that augment human 

capabilities across fundamental research, 

computational applications, and pedagogical 

delivery.    

This report establishes a comprehensive analysis of 

AI’s transformative role across these three distinct 

pillars: mathematical research (symbolic discovery 

and proof verification), computational applications 

(numerical efficiency, optimization, and high-

performance computing), and education (adaptive 

learning and intelligent tutoring systems). 

Analyzing these domains reveals a mutualistic 

relationship, highlighting the unprecedented 

opportunities for acceleration while critically 

examining the persistent challenges related to rigor, 

explainability, and ethical integration. 

The earliest research into thinking machines during 

the 1940s and 1950s was driven by mathematicians 

and engineers focused on formalizing thought 

processes. Alan Turing’s landmark 1950 paper, 

"Computing Machinery and Intelligence," set the 

stage for exploration. Early successes centered on 

explicit logical reasoning within structured 

mathematical domains, exemplified by programs 

like Allen Newell and Herbert A. General Problem 

Solver and Simon's Logic Theorist. Even early 

neural networks, such as Marvin Minsky and Dean 

Edmunds’ Stochastic Neural Analog Reinforcement 

Calculator (SNARC) in 1951, were designed to 

model learning processes, specifically through 

reinforcement learning.    

2. AI in Mathematical Research: Automated 

Reasoning and Discovery 

The contemporary role of AI in pure mathematics 

centers on automated reasoning (AR), a sub-field of 

AI dedicated to developing programs capable of 

reasoning automatically or nearly 

automatically. This collaboration is fundamentally 

reshaping the methodology of mathematical 

discovery, moving toward complex symbolic 

manipulation.    

Formal Verification and Interactive Proof 

Assistants 

Automated reasoning is partitioned into Automated 

Theorem Proving (ATP), seeking full machine 

derivation, and the more pragmatic Interactive 

Theorem Proving (ITP), which requires human 

guidance. ITP tools, such as Lean, Coq, and 
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Isabelle/HOL, have become indispensable in both 

academic research and formal verification within 

industry. These systems allow mathematicians to 

formalize proofs—translating high-level, human-

written arguments into rigorous, machine-verifiable 

code. The Lean 4 ecosystem, for example, contains 

over a million lines of formalized mathematics, 

covering topics from undergraduate algebra to 

complex frontier research. Formal verification, 

enabled by these tools, has critical real-world 

applications; for instance, AWS utilizes formal 

methods across its cloud infrastructure, finding 

security gaps and performance bottlenecks that 

traditional testing methods often miss. Deep 

learning has accelerated these processes 

significantly, contributing to tasks such as auto-

formalization (translating natural language math 

into formal code), premise selection, proof step 

generation, and enhanced proof search strategies.    

Neuro-Symbolic Integration and Conjecture 

Generation 

AI systems are now being developed specifically 

for conjecture generation to complement both 

human mathematicians and existing 

provers. Systems like LeanConjecturer utilize self-

play mechanisms and extensive data generation to 

overcome the scarcity of structured mathematical 

training data. This approach involves systematically 

exploring the state transition graph derived from 

existing proofs, leading to the creation of millions 

of theorems (4.7 million theorems, 1 billion tokens) 

by discovering new provable statements through 

alternative proof strategies. This demonstrates AI’s 

potential for open-ended learning in complex 

reasoning domains. LeanConjecturer has 

successfully verified several non-trivial theorems in 

topological spaces, confirming its potential for 

mathematical discovery.    

To achieve both the speed of deep learning and the 

rigor of formal systems, hybrid neuro-symbolic 

models are central. These systems integrate the 

statistical power of Large Language Models 

(LLMs) with formal logic frameworks. LLMs are 

leveraged for suggesting lemmas and structuring 

proof steps, tasks where pretraining on massive text 

corpuses offers a creative advantage. To ensure 

mathematical correctness, the neuro-symbolic 

architecture uses the symbolic component (the 

formal prover) to immediately anchor and verify 

the LLM's proof suggestions. Advanced integration 

often requires custom embedding spaces designed 

specifically to capture mathematical 

similarity within Retrieval-Augmented Generation 

(RAG) frameworks, ensuring generated conjectures 

are relevant to advanced formal mathematics.    

 

3. AI in Scientific Computing and 

Computational Mathematics 

AI techniques are transforming computational 

science by fundamentally changing how complex 

physical and engineering problems are modeled and 

solved, moving from classical numerical methods 

based on discretization to deep learning approaches 

based on function approximation and operator 

learning.    

Deep Learning for Differential Equations 

Central to computational physics and engineering is 

the solution of Partial Differential Equations 

(PDEs). Artificial neural networks (ANNs) are 

theoretically capable of functioning as universal 

function approximators, learning the latent 

solutions to PDEs.    

Physics-Informed Neural Networks (PINNs) 

The Physics-Informed Neural Network (PINN) 

represents a fundamental methodological 

innovation. PINNs incorporate the physical laws 

described by the PDE directly into the network’s 

objective function. The PDE is treated as a 

regularization term, and the network is trained to 

minimize the combined loss derived from the 

physical constraints and boundary/initial 

conditions. This embedding of the PDE is achieved 

using automatic differentiation. PINNs are highly 

versatile, capable of solving various types of PDEs, 

including the wave equation and integro-

differential, fractional, and stochastic PDEs. They 

can also easily address both the standard forward 

problem (finding the solution given parameters) 

and the inverse problem (finding the unknown 

parameters given measurements).    

Frameworks like DeepXDE streamline the 

application of PINNs, providing a Python library 

that allows the user code to be compact and closely 

resemble the mathematical formulation. DeepXDE 

supports various neural network architectures, 

primarily the Feed-Forward Neural Network (FNN) 

and the Residual Neural Network (ResNet), and 

supports complex-geometry domains. However, 

current limitations include scaling difficulties in 

representing high-dimensional solutions.    

Accelerating Computational Modeling and HPC 

Integration 

A new AI-based framework, Diffeomorphic 

Mapping Operator Learning (DIMON), has 

demonstrated the ability to solve complex 

mathematical equations used in scientific modeling 

(e.g., predicting air movement or structural stress) 

significantly faster than traditional methods 

requiring supercomputers, operating effectively on 

a regular personal computer. DIMON eliminates 

the need for recalculating geometric grids with 

every shape change, dramatically speeding up the 

modeling process. This hybridization of numerical 
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simulation and machine learning is viewed as the 

core direction for modern scientific computing.    

AI also provides real-time guidance to high-

performance computing (HPC) simulations through 

feedback mechanisms, dynamically adjusting 

simulation parameters to accelerate convergence 

toward optimal solutions and achieve higher 

precision and compute efficiency. AI is utilized to 

understand and optimize HPC systems themselves, 

for instance, by building preconditioners—tools 

that process input data to facilitate the calculation 

process, improving the speed and accuracy of 

methods for solving systems of linear equations.    

AI-Enhanced Numerical Optimization and 

Control 

Large Language Models (LLMs) are primarily 

employed as powerful aids in 

the modeling and formulation stages, rather than as 

core solvers for complex programming 

problems. Their key advantage is the ability to 

translate natural language descriptions of complex 

optimization problems into structured mathematical 

formulations, including generating problem 

statements, defining initial constraints, and 

structuring well-posed optimization problems. For 

instance, in Battery Energy Storage System (BESS) 

optimization, an LLM can convert high-level policy 

goals (e.g., peak shaving or energy arbitrage) into a 

solvable mathematical model.    

This integration fosters AI-driven decision-making, 

where the LLM assists in modeling and 

verification, while traditional, precise solvers 

handle the computationally intensive core task. For 

this synergy to be fully realized, continued research 

is necessary to refine the LLMs' inherent numerical 

precision and enhance their symbolic computation 

capabilities, ensuring seamless integration with 

rigorous scientific computing frameworks.    

4. AI in Mathematics Education: Pedagogy and 

Adaptive Learning 

AI is actively transforming mathematics education 

by enabling personalized instruction, adaptive 

assessment, and enhanced accessibility for diverse 

learners. 

Intelligent Tutoring Systems and Empirical 

Efficacy 

The most mature and empirically supported 

applications of AI in education are Intelligent 

Tutoring Systems (ITS) and Adaptive Learning 

Systems (ALS). These systems use sophisticated 

algorithms to continuously assess a student's 

progress and conceptual understanding, providing 

differentiated instruction and content tailored 

precisely to individual needs.    

ITS platforms provide several pedagogical 

advantages: personalized learning tailored to 

knowledge gaps, immediate feedback to reduce the 

reinforcement of misconceptions, and scalability 

that provides educators with data insights. This 

model, seen in educational settings like Alpha 

School, allows students to complete core academics 

in an accelerated, personalized manner while 

freeing teachers to transition into mentorship roles 

focused on collaboration and problem-solving 

skills.    

A systematic review and meta-analysis on the 

effectiveness of AI in K-12 mathematics learning 

found a small but positive overall effect size of 

0.343 favoring AI-supported instruction compared 

to traditional classroom methods. Crucially, the 

analysis revealed that AI systems deployed 

specifically as Intelligent Tutoring Systems 

(ITS) and Adaptive Learning Systems 

(ALS) demonstrate a moderate and greater 

impact on mathematics performance. Furthermore, 

one study concerning the ALEKS ITS found that 

students with different individual characteristics 

performed similarly when utilizing the ITS, 

suggesting that high-quality, adaptive computer 

technology can potentially aid in promoting 

educational equity by reducing achievement gaps 

for disadvantaged students in mathematics.    

Pedagogical Transformation and Assessment 

The effectiveness of AI necessitates a fundamental 

pedagogical transformation. Teachers must change 

the emphasis of instruction from simple calculation 

to higher-order skills, combining basic 

computational skills with sensemaking and creative 

problem-solving, since AI tools are excellent at 

identifying and resolving computational problems 

(e.g., using tools like Photomath). The existence of 

solution-automating tools mandates a curriculum 

design that emphasizes verification and evaluation, 

rather than solution generation alone.    

AI also addresses the significant challenge teachers 

face in manually assessing open-ended student 

work, which is critical for gauging genuine 

conceptual understanding. Advances in Natural 

Language Processing and Machine Learning allow 

for the development of automated scoring and 

feedback systems (e.g., error analysis in systems 

like SBERT-Canberra), aiming to provide 

constructive feedback suggestions for subjective 

mathematical responses. Students must also 

develop the intuition to evaluate AI output, as AI is 

known to "hallucinate" untrue or unreasonable 

answers; therefore, strong fundamentals are 

essential for determining the reasonableness of a 

machine-generated solution.    

5. Ethical and Epistemological Challenges 

In mathematical research, the core tension lies 

between the AI system's reliance on statistical 

probability and the field’s absolute demand 

for logical deduction. LLMs are trained to predict 
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patterns but lack the innate logical reasoning 

capability and deep understanding of abstract 

symbols required for precision. This dependency 

makes AI systems vulnerable to generating errors, 

logical inconsistencies, or "hallucinations". For a 

finding to be accepted in mathematics, rigor and 

verifiability are non-negotiable. If an AI system, 

such as a deep reinforcement learning prover, 

generates a complex proof that is internally 

opaque—a "black box"—it creates an 

epistemological crisis where the truth is 

established, but the human pathway to that truth is 

lost. Successful AI systems in this domain must 

incorporate hybrid rigor, relying on the machine 

(LLM) for suggestion and acceleration, but 

mandating that the final derivation be rendered as 

machine-verifiable correctness within a formal 

system (ITP). Resistance to AI among some 

mathematicians stems from the threat to 

transparency and accountability, alongside the 

practical risks associated with unverified AI 

output.    

Educational AI platforms collect highly granular 

student data, including test scores, error patterns, 

time spent on problems, and even keystroke 

data. The storage and retention of this level of 

individual information pose a significant threat to 

student privacy and security. Potential data leaks 

could compromise students' academic achievement 

history and learning trends, which might have long-

term adverse impacts on their educational and 

career prospects.    

Furthermore, AI systems are trained on historical 

data, and if this data reflects existing 

socioeconomic or demographic disparities in 

mathematics achievement, the AI may perpetuate or 

exacerbate these biases. A system trained on biased 

data might make differing instructional 

recommendations or assessments for students from 

various demographic groups, thereby creating 

unequal learning situations. Achieving algorithmic 

fairness requires developers to pay meticulous 

attention to training data representation, conduct 

regular audits of system outputs to detect and 

correct biased results, and integrate culturally 

responsive pedagogical practices that recognize and 

embrace diverse approaches to mathematical 

problem-solving.    

6. Synthesis, Future Trajectories, and 

Conclusion 

Artificial intelligence has evolved from a field 

drawing its theoretical sustenance from 

mathematics to a collaborative partner actively 

contributing to mathematical discovery, 

computational efficacy, and personalized education. 

In research, AI acts as a co-author, using 

Automated and Interactive Theorem Proving to 

formally verify complex arguments and generating 

vast corpuses of novel conjectures, guided by 

human oversight for relevance and elegance. In 

computation, technologies like PINNs and DIMON 

are accelerating scientific modelling by introducing 

fundamentally new methodologies based on 

approximation and operator learning, transcending 

the limits of classical numerical discretization. In 

education, ITS and ALS demonstrate significant 

potential for promoting equity and enhancing 

learning outcomes when implemented correctly. 

The ultimate success of this synergy hinges on 

addressing the challenges of rigor and ethics. The 

core vulnerability of statistical AI—its lack of 

innate logical certainty—must be countered by non-

negotiable formal verification in research. 

Similarly, the powerful data collection capabilities 

of educational AI must be strictly governed to 

prevent privacy violations and algorithmic bias. By 

focusing on hybrid methodologies, robust 

verification, and ethical design, AI will serve as an 

indispensable collaborator, elevating human 

creativity and accelerating the frontiers of 

mathematical science 
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