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Abstract 

The intersection of machine learning and mathematics has created new possibilities for 

discovering patterns, identifying hidden mathematical structures, and generating conjectures 

that may subsequently be investigated through rigorous mathematical reasoning. Traditionally, 

mathematical conjectures have emerged from human intuition, experimentation, visualization, 

symbolic manipulation, and the examination of numerical examples. Machine learning 

introduces a complementary computational approach in which algorithms can analyze large 

collections of mathematical objects, recognize regularities, estimate relationships, and propose 

potentially meaningful generalizations. This research paper examines the role of machine 

learning in mathematical pattern recognition and conjecture generation. It discusses the 

mathematical foundations of pattern discovery, supervised and unsupervised learning, 

representation of mathematical objects, symbolic regression, sequence modelling, graph-based 

learning, reinforcement learning, and automated mathematical reasoning. Particular attention 

is given to the distinction between empirical pattern recognition and mathematical proof. A 

computationally discovered pattern may provide evidence for a conjecture, but numerical 

agreement alone cannot establish universal validity. The paper explores how machine learning 

can assist researchers by identifying candidate relationships, detecting exceptional cases, 

searching mathematical spaces, predicting properties of structures, and suggesting new 

hypotheses. Applications in number theory, combinatorics, graph theory, geometry, algebra, 

and dynamical systems are examined. The paper also discusses important challenges, including 

interpretability, data quality, mathematical validity, bias toward known structures, 

computational complexity, false conjectures, and the difficulty of converting statistical 

predictions into rigorous proofs. The paper argues that machine learning should be viewed not 

as a replacement for mathematical reasoning but as a powerful discovery instrument that can 

expand the scale and scope of mathematical experimentation. Future research is likely to focus 

on hybrid systems combining machine learning, symbolic computation, automated theorem 

proving, and human mathematical expertise. 

Keywords: Machine Learning, Pattern Recognition, Mathematical Conjectures, Artificial 

Intelligence, Automated Mathematics, Mathematical Discovery, Symbolic Regression, 

Mathematical Reasoning, Deep Learning, Computational Mathematics 
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Mathematics is traditionally regarded as a discipline in which knowledge is established through 

definitions, logical reasoning, propositions, theorems, and proofs. However, the process of 

mathematical discovery is often considerably less formal than the final proof suggests. 

Mathematicians experiment with examples, calculate numerical values, visualize structures, 

search for similarities, formulate hypotheses, and attempt to identify patterns before developing 

rigorous arguments. 

This exploratory stage of mathematics has historically relied heavily on human intuition and 

computational experimentation. Modern machine learning introduces a new possibility: 

algorithms can systematically examine large mathematical datasets and identify patterns that 

may be difficult for humans to recognize. 

Machine learning is a branch of artificial intelligence concerned with computational systems 

that learn relationships from data. Given observations 

[ 

D={(x_i,y_i)}_{i=1}^{n}, 

] 

a learning algorithm attempts to construct a function 

[ 

f:X\rightarrow Y 

] 

that captures meaningful relationships between inputs and outputs. 

In mathematical research, the inputs may not be ordinary observations. They can be integers, 

graphs, matrices, algebraic expressions, geometric structures, sequences, permutations, knots, 

groups, or other mathematical objects. 

The output may be a predicted mathematical property, a classification, an algebraic expression, 

a candidate theorem, or a conjectured relationship. 

The use of machine learning in mathematics is particularly significant because mathematical 

objects frequently contain highly structured information. A sequence of integers, for example, 

may appear initially arbitrary but may follow an underlying recurrence. A graph may contain 

structural characteristics associated with a particular invariant. A geometric configuration may 

exhibit a relationship among lengths or angles that becomes visible only after examining many 

examples. 

Machine learning can assist in recognizing such regularities. 

However, an important distinction must be maintained between pattern recognition and 

mathematical proof. If an algorithm observes that 

[ 

P(n)=Q(n) 

] 

for thousands or millions of tested values, this provides empirical evidence but does not 

establish that the equality holds for every admissible (n). 

A single counterexample may invalidate a conjecture. 

Therefore, machine learning should primarily be understood as a tool for mathematical 

discovery and hypothesis generation rather than an automatic replacement for proof. 
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This paper examines how machine learning can contribute to mathematical pattern recognition 

and conjecture generation, the mathematical representations required by learning systems, 

applications across different fields, challenges associated with computational conjectures, and 

future possibilities for AI-assisted mathematical research. 

 
2. Mathematical Discovery and the Role of Patterns 

Pattern recognition is fundamental to mathematical thinking. 

Consider the sequence 

[ 

2,4,6,8,10,\ldots 

] 

A human immediately recognizes the pattern 

[ 

a_n=2n. 

] 

More complicated sequences may require substantial computation before their structure 

becomes apparent. 

For example, suppose a sequence is 

[ 

1,1,2,3,5,8,13,\ldots. 

] 

The recurrence 

[ 

a_n=a_{n-1}+a_{n-2} 

] 

provides a compact mathematical description. 

Mathematical pattern recognition involves identifying relationships among observations and 

determining whether those relationships can be expressed through a general rule. 

Machine learning extends this process by allowing algorithms to analyze much larger 

mathematical spaces. 

A generalized computational discovery process can be represented as 

[ 

\text{Mathematical Objects} 

\rightarrow 

\text{Data Representation} 

\rightarrow 

\text{Pattern Detection} 

\rightarrow 

\text{Candidate Relationship} 

\rightarrow 

\text{Conjecture} 

\rightarrow 



 

 

2695 
 
 

\text{Proof or Refutation}. 

] 

The final stages remain fundamentally mathematical. 

 
3. From Numerical Experimentation to Machine Learning 

Computational experimentation has long been part of mathematical research. 

Researchers may calculate thousands of values, generate graphs, enumerate combinatorial 

structures, or test conjectures computationally. 

Machine learning changes this process by learning statistical or structural representations from 

those computations. 

Traditional computational experimentation might ask: 

Does a particular relationship appear to hold for the first 10,000 cases? 

Machine learning may ask: 

What structural features distinguish objects satisfying this property, and can a general 

relationship be inferred? 

This difference is important. 

Machine learning can search for patterns without requiring researchers to specify every 

possible relationship beforehand. 

 
4. Mathematical Data as Machine-Learning Input 

The success of machine learning depends strongly on how mathematical objects are 

represented. 

A numerical sequence can be represented as 

[ 

(a_1,a_2,\ldots,a_n). 

] 

A graph can be represented as 

[ 

G=(V,E). 

] 

A matrix can be represented as 

[ 

A=[a_{ij}]. 

] 

An algebraic expression can be represented as a symbolic tree. 

A geometric object may be represented through coordinates, distances, angles, or combinatorial 

structure. 

Consequently, mathematical machine learning requires representations that preserve 

meaningful mathematical information. 

An inappropriate representation may cause an algorithm to learn superficial correlations rather 

than genuine mathematical structure. 
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5. Supervised Learning in Mathematical Research 

In supervised learning, an algorithm learns from examples containing input-output pairs. 

Suppose mathematical objects (x_i) have known properties (y_i). 

The learning problem can be expressed as 

[ 

f(x_i)\approx y_i. 

] 

For example, a model may be trained to predict whether a graph possesses a particular property. 

The learned model can then be applied to previously unseen graphs. 

Supervised learning is useful when researchers already possess labelled mathematical datasets. 

However, prediction is not necessarily equivalent to explanation. 

A model may achieve high predictive accuracy without revealing the mathematical mechanism 

responsible for the observed relationship. 

 
6. Unsupervised Learning and Mathematical Structure 

Unsupervised learning attempts to discover structure without predefined labels. 

Given data 

[ 

X={x_1,x_2,\ldots,x_n}, 

] 

the algorithm searches for patterns, clusters, or low-dimensional representations. 

Clustering methods can group mathematical objects according to structural similarity. 

Dimensionality-reduction methods can reveal latent organization in mathematical datasets. 

For example, thousands of graphs may be embedded into a lower-dimensional space where 

structurally similar graphs appear near one another. 

Such representations can help researchers identify previously unnoticed mathematical 

categories. 

 
7. Representation Learning 

Representation learning is particularly important for mathematical discovery. 

Instead of manually specifying every relevant feature, a machine-learning model attempts to 

learn a useful representation from raw mathematical objects. 

Suppose 

[ 

x\rightarrow z 

] 

represents a transformation from a mathematical object (x) to a latent representation (z). 

The representation may capture information about symmetry, connectivity, algebraic 

relationships, or other structural properties. 

A powerful representation can make previously difficult patterns easier to detect. 

 
8. Deep Learning and Mathematical Patterns 
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Deep learning uses neural networks with multiple computational layers. 

A simplified layer can be expressed as 

[ 

h^{(l+1)} 

\sigma 

\left( 

W^{(l)}h^{(l)}+b^{(l)} 

\right), 

] 

where (W^{(l)}) is a parameter matrix, (b^{(l)}) is a bias vector, and (\sigma) is an activation 

function. 

Deep learning is capable of learning complex nonlinear relationships. 

In mathematics, it can be applied to sequences, graphs, symbolic expressions, geometric 

structures, and numerical simulations. 

However, mathematical applications present special requirements. The learned representation 

should ideally preserve invariances and structural relationships that are mathematically 

meaningful. 

 
9. Sequence Models for Mathematical Sequences 

Many mathematical objects naturally form sequences. 

Machine-learning models can analyze 

[ 

a_1,a_2,\ldots,a_n 

] 

and attempt to predict subsequent values or infer underlying rules. 

Recurrent neural networks, transformers, and other sequence models can capture dependencies 

between elements. 

Suppose a model observes 

[ 

1,4,9,16,25,\ldots. 

] 

It may infer the relationship 

[ 

a_n=n^2. 

] 

For more complex sequences, the model may identify recurrence relationships or combinations 

of mathematical functions. 

However, predicting the next value is not sufficient to establish the generating formula. Many 

different functions can agree on a finite sequence. 

This illustrates a fundamental limitation of purely data-driven conjecture generation. 

 
10. Symbolic Regression 
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Symbolic regression is particularly relevant to mathematical conjecture generation because its 

objective is to discover an explicit mathematical expression. 

Given input-output observations 

[ 

(x_i,y_i), 

] 

the goal is to find a function (f(x)) such that 

[ 

f(x_i)\approx y_i. 

] 

Unlike ordinary regression, symbolic regression searches over mathematical expressions. 

For example, it may identify 

[ 

y=x^2+2x+1 

] 

instead of simply learning numerical parameters inside a predetermined model. 

Symbolic regression therefore provides a direct bridge between machine learning and 

mathematical expression discovery. 

Its major advantage is interpretability: the output may be an explicit formula rather than a 

black-box prediction. 

 
11. Conjecture Generation 

A mathematical conjecture is a proposition believed to be true but not yet established through 

proof. 

Machine learning can contribute to conjecture generation by identifying relationships such as 

[ 

F(X)\approx G(X). 

] 

If the relationship survives extensive testing, it may become a candidate conjecture. 

A general conjecture-generation framework can be expressed as 

[ 

\mathcal{D} 

\rightarrow 

\mathcal{M} 

\rightarrow 

\mathcal{R} 

\rightarrow 

\mathcal{C}, 

] 

where: 

• (\mathcal{D}) is mathematical data; 

• (\mathcal{M}) is a learned model; 
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• (\mathcal{R}) represents detected relationships; 

• (\mathcal{C}) represents candidate conjectures. 

The candidate must then be subjected to mathematical verification. 

 
12. Mathematical Conjectures and Counterexamples 

One of the most important roles of computation in mathematics is not only discovering 

evidence for conjectures but also finding counterexamples. 

Suppose a conjecture claims 

[ 

P(n)\quad\text{for all }n\in\mathbb{N}. 

] 

A machine-learning system or computational search can attempt to identify (n) for which 

[ 

\neg P(n). 

] 

Finding even one valid counterexample is sufficient to disprove the universal statement. 

This makes computational systems valuable for both conjecture generation and conjecture 

falsification. 

 
13. Pattern Recognition in Number Theory 

Number theory provides a natural environment for machine-learning approaches. 

Researchers can generate datasets involving: 

• prime numbers; 

• divisibility patterns; 

• integer sequences; 

• Diophantine equations; 

• modular arithmetic; 

• arithmetic functions; 

• partitions. 

For example, an algorithm may investigate relationships among the values of an arithmetic 

function 

[ 

f(n) 

] 

and structural properties of (n). 

Machine learning may identify correlations that suggest new questions. 

However, number theory often contains extremely subtle structures, meaning that statistical 

correlations can be misleading. 

 
14. Machine Learning and Prime Numbers 

Prime numbers provide a particularly interesting example. 

A prime number (p) satisfies 
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[ 

p>1 

] 

and has no positive divisors other than (1) and (p). 

A machine-learning model can be trained to recognize numerical patterns associated with 

primes. 

However, merely learning to predict primality is not equivalent to discovering a theorem about 

primes. 

The mathematical significance arises when computational patterns lead to relationships that 

can be formulated and subsequently proved. 

Machine learning may therefore serve as an exploratory instrument for prime-related research. 

 
15. Combinatorics and Graph Theory 

Combinatorial mathematics involves large discrete spaces, making computational exploration 

particularly valuable. 

A graph is represented as 

[ 

G=(V,E). 

] 

A machine-learning system can examine graph properties such as: 

[ 

\chi(G),\quad 

\omega(G),\quad 

\Delta(G),\quad 

\lambda(G), 

] 

where these may represent chromatic number, clique number, maximum degree, and 

connectivity-related quantities. 

The system may identify patterns linking these invariants. 

For example, researchers may investigate whether 

[ 

F(G)\leq H(G) 

] 

holds across a broad family of graphs. 

If extensive experimentation supports the inequality, it can become a candidate conjecture. 

 
16. Graph Neural Networks for Mathematical Structures 

Graph neural networks are naturally suited to graph-based mathematical objects. 

A graph neural network can update node representations according to neighboring information: 

[ 

h_v^{(l+1)} 
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\phi 

\left( 

h_v^{(l)}, 

\operatorname{AGG} 

{h_u^{(l)}:u\in N(v)} 

\right). 

] 

This allows the model to incorporate graph topology. 

Such models can be trained to predict graph properties. 

More importantly, learned representations may help identify structural similarities between 

graphs. 

This creates opportunities for conjecture generation involving graph invariants and structural 

relationships. 

 
17. Geometry and Machine Learning 

Geometry also offers opportunities for computational pattern recognition. 

Geometric datasets may include: 

• triangles; 

• polygons; 

• polyhedra; 

• manifolds; 

• metric spaces; 

• point configurations. 

A model can analyze numerical relationships among distances, angles, areas, and volumes. 

For a triangle with side lengths (a,b,c), machine learning may investigate relationships 

involving quantities such as 

[ 

a+b>c, 

] 

or 

[ 

a^2+b^2-c^2. 

] 

For more complicated configurations, computational systems can search for invariants that are 

difficult to identify manually. 

 
18. Algebraic Structures 

Machine learning can also be applied to algebraic objects. 

Examples include: 

• groups; 

• rings; 

• fields; 
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• polynomials; 

• matrices; 

• representations. 

Suppose a dataset contains algebraic structures with associated invariants. 

A model can attempt to learn 

[ 

F(A)\approx G(A), 

] 

where (A) represents an algebraic object. 

Such approaches may suggest relationships among algebraic properties. 

The major challenge is ensuring that the representation preserves algebraic equivalence and 

symmetry. 

 
19. Mathematical Invariants 

Invariants are quantities that remain unchanged under specified transformations. 

For example, graph invariants may include degree-related quantities, chromatic number, or 

spectral characteristics. 

Machine learning can search for relationships between invariants: 

[ 

I_1(G), I_2(G),\ldots,I_k(G). 

] 

Suppose computational experiments suggest 

[ 

I_1(G)\leq I_2(G) 

] 

for a broad class of graphs. 

This could motivate a conjecture. 

Machine learning is particularly valuable when the number of candidate relationships among 

many invariants becomes too large for manual investigation. 

 
20. Automated Theorem Proving 

Conjecture generation is only one part of AI-assisted mathematics. 

Automated theorem proving seeks to establish whether mathematical propositions follow 

logically from given assumptions. 

A general mathematical reasoning problem can be represented as 

[ 

\Gamma\vdash P, 

] 

where (\Gamma) represents assumptions and (P) is the proposition to be proven. 

Machine learning can assist theorem provers by predicting useful intermediate steps, selecting 

lemmas, prioritizing search paths, or generating proof candidates. 
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The combination of machine learning and symbolic reasoning is therefore particularly 

promising. 

 
21. Machine Learning Versus Symbolic Mathematics 

There are important differences between machine learning and traditional symbolic 

mathematics. 

Machine Learning Symbolic Mathematics 

Learns patterns from data Manipulates mathematical expressions 

Often probabilistic Usually deterministic 

Can discover unexpected correlations Provides explicit transformations 

May be difficult to interpret Often highly interpretable 

Strong in large datasets Strong in exact symbolic reasoning 

Can generalize statistically Can establish exact identities under rules 

Neither approach is universally superior. 

The strongest mathematical discovery systems are likely to combine both. 

 
22. Human–Machine Collaboration 

Mathematical research is unlikely to become purely automated. 

Human mathematicians provide: 

• problem selection; 

• conceptual interpretation; 

• definition of mathematical objects; 

• assessment of significance; 

• formulation of rigorous statements; 

• proof strategies; 

• interpretation of exceptional cases. 

Machine learning provides: 

• large-scale exploration; 

• pattern recognition; 

• hypothesis generation; 

• prediction; 

• search; 

• automated experimentation. 

The resulting workflow can be represented as 

[ 

\text{Human Question} 

\rightarrow 

\text{Machine Exploration} 

\rightarrow 

\text{Candidate Pattern} 
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\rightarrow 

\text{Human Interpretation} 

\rightarrow 

\text{Formal Conjecture} 

\rightarrow 

\text{Proof}. 

] 

This collaborative model may become a major paradigm for future mathematical research. 

 
23. The Difference Between Prediction and Proof 

A central philosophical and mathematical issue is that machine-learning prediction does not 

constitute proof. 

Suppose a machine-learning system predicts 

[ 

P(n)=1 

] 

for the first one million tested values of (n). 

This provides substantial empirical evidence but does not establish 

[ 

\forall n,;P(n)=1. 

] 

Mathematical proof requires a logically valid argument covering the relevant domain. 

Therefore, a conjecture-generation system should ideally produce statements that can be 

translated into forms suitable for symbolic verification. 

 
24. False Patterns and Overfitting 

Machine-learning systems can detect patterns that do not represent genuine mathematical 

relationships. 

Suppose a model learns a relationship 

[ 

y=f(x) 

] 

from a finite dataset. 

Many different functions may fit the same observations. 

A sufficiently flexible model can memorize data without discovering a meaningful rule. 

This is the problem of overfitting. 

In mathematical discovery, overfitting is particularly dangerous because an apparently 

impressive computational pattern may disappear outside the training range. 

Consequently, conjecture-generation systems require rigorous testing and independent 

validation. 

 
25. Generalization in Mathematical Conjecture Discovery 
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A useful mathematical model should generalize beyond the examples used to construct it. 

Suppose training data contains 

[ 

x_1,\ldots,x_n. 

] 

A conjecture should ideally remain valid for new examples 

[ 

x_{n+1},x_{n+2},\ldots. 

] 

However, mathematical generalization is stronger than statistical generalization. 

Statistical learning asks whether predictions remain accurate on unseen samples from a 

distribution. 

Mathematics often asks whether a proposition holds for all objects satisfying specified 

conditions. 

This distinction is fundamental. 

 
26. Interpretability 

Interpretability is especially important in mathematical applications. 

A black-box neural network may accurately predict a mathematical property without 

explaining why. 

For scientific discovery, however, researchers generally want explicit relationships. 

For example, the expression 

[ 

A+B=C 

] 

is more useful for conjecture generation than a probability score such as 

[ 

P(C\mid A,B)=0.997. 

] 

Symbolic regression, interpretable machine learning, attention mechanisms, and symbolic 

reasoning may help bridge this gap. 

 
27. Mathematical Complexity and Search Spaces 

The number of possible mathematical expressions can grow extremely rapidly. 

Suppose a symbolic system has: 

• (m) mathematical operators; 

• (n) variables; 

• maximum expression depth (d). 

The number of possible expressions can become enormous as (d) increases. 

This creates a combinatorial search problem. 

Machine learning can help prioritize promising regions of the search space. 
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Instead of examining every possible expression, a model can estimate which candidates are 

more likely to produce meaningful relationships. 

 
28. Reinforcement Learning for Mathematical Search 

Reinforcement learning involves an agent interacting with an environment and receiving 

rewards. 

In mathematical discovery, an action might correspond to: 

• selecting a mathematical operation; 

• choosing a lemma; 

• transforming an expression; 

• constructing a graph; 

• selecting a proof step. 

A simplified objective is 

[ 

\max_{\pi} 

E_\pi 

\left[ 

\sum_{t=0}^{T} 

\gamma^t r_t 

\right], 

] 

where (\pi) represents a policy and (r_t) represents a reward. 

Rewards can be based on properties such as simplicity, correctness, novelty, or progress toward 

a proof. 

This creates a framework for automated mathematical search. 

 
29. Machine Learning for Theorem Discovery 

Machine learning can also identify potential relationships between known mathematical 

concepts. 

Suppose a dataset contains mathematical objects (X) and invariants 

[ 

I_1(X),I_2(X),\ldots,I_k(X). 

] 

A model can search for dependencies such as 

[ 

I_3(X)\leq F(I_1(X),I_2(X)). 

] 

If the relationship is consistently observed and theoretically plausible, researchers may 

formulate it as a conjecture. 

This process can reveal connections between mathematical quantities that were previously 

studied separately. 
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30. Automated Experimentation 

A major advantage of machine learning is its ability to automate mathematical experimentation. 

A computational system can: 

1. generate mathematical objects; 

2. calculate relevant invariants; 

3. identify correlations; 

4. rank candidate patterns; 

5. test candidates on new examples; 

6. search for counterexamples; 

7. formulate candidate conjectures. 

The resulting system functions as a mathematical laboratory. 

Unlike traditional laboratory science, the objects are mathematical rather than physical, but the 

exploratory philosophy is similar. 

 
31. Applications in Mathematical Research 

Machine learning for mathematical discovery has potential applications across numerous 

fields. 

Number Theory 

Algorithms can investigate sequences, prime distributions, divisibility structures, and 

arithmetic functions. 

Combinatorics 

Machine learning can search large families of discrete structures. 

Graph Theory 

Graph neural networks can learn relationships between graph properties. 

Geometry 

Models can identify geometric relationships and invariants. 

Algebra 

Algorithms can explore relationships between algebraic structures. 

Dynamical Systems 

Machine learning can identify patterns in trajectories and approximate governing equations. 

Optimization 

Learning algorithms can discover useful heuristics and mathematical structures in complex 

optimization problems. 

 
32. Scientific Machine Learning and Equation Discovery 

One of the most promising areas is equation discovery. 

Suppose observations are generated by an unknown differential equation: 

[ 

\frac{du}{dt}=F(u). 

] 

The goal is to infer (F) from data. 
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Sparse regression and symbolic methods can search for a compact mathematical representation 

such as 

[ 

F(u)=au+bu^2. 

] 

This approach combines data-driven learning with mathematical structure. 

The ultimate objective is not merely to predict future observations but to recover interpretable 

governing equations. 

 
33. Data Quality and Mathematical Discovery 

The quality of the dataset strongly influences machine-learning results. 

Mathematical datasets can contain: 

• incomplete examples; 

• biased sampling; 

• redundant objects; 

• numerical approximation errors; 

• mislabeled structures. 

If the dataset does not adequately represent the mathematical domain, the learned pattern may 

be misleading. 

Consequently, mathematical machine learning requires careful dataset construction and 

validation. 

 
34. Ethical and Epistemological Considerations 

Although mathematical discovery may appear free from ethical concerns, AI-assisted 

mathematics raises epistemological questions. 

If an algorithm generates a conjecture, who understands its origin? 

If a model finds a mathematical relationship that humans cannot interpret, should it be accepted 

as meaningful? 

If a conjecture is computationally supported but lacks a proof, what level of confidence should 

researchers assign to it? 

These questions reinforce the importance of human interpretation and formal mathematical 

verification. 

 
35. Future Directions 

The future of machine learning in mathematics is likely to involve increasingly integrated 

systems. 

A promising architecture can be represented as 

[ 

\text{Data} 

\rightarrow 

\text{Machine Learning} 

\rightarrow 
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\text{Symbolic Discovery} 

\rightarrow 

\text{Automated Reasoning} 

\rightarrow 

\text{Formal Proof}. 

] 

Machine learning could identify candidate patterns, symbolic systems could express them 

mathematically, theorem provers could attempt verification, and human researchers could 

evaluate their conceptual significance. 

Another important direction is the development of mathematical foundation models capable of 

processing equations, graphs, proofs, numerical data, and mathematical literature 

simultaneously. 

Such systems could become advanced research assistants capable of exploring mathematical 

spaces at scales far beyond conventional human experimentation. 

 
36. Conclusion 

Machine learning has the potential to transform mathematical discovery by extending the 

capacity of researchers to explore patterns, relationships, and structures across enormous 

mathematical spaces. Traditional mathematical research has always relied on experimentation 

and pattern recognition, but machine learning introduces algorithms capable of performing 

such exploration systematically and at unprecedented scale. 

The applications discussed in this paper demonstrate that machine learning can contribute to 

number theory, combinatorics, graph theory, geometry, algebra, dynamical systems, and 

equation discovery. Techniques such as supervised learning, unsupervised learning, deep 

learning, graph neural networks, symbolic regression, reinforcement learning, and automated 

theorem proving provide complementary tools for mathematical investigation. 

The most important limitation is that pattern recognition is not proof. A machine-learning 

model can discover a relationship that appears correct across an enormous dataset while still 

failing outside that dataset. Mathematical certainty requires rigorous logical justification. 

For this reason, the most promising future is not one in which artificial intelligence replaces 

mathematicians, but one in which humans and intelligent computational systems work 

together. Machines can explore vast spaces, detect subtle patterns, rank hypotheses, and search 

for counterexamples, while mathematicians can interpret those patterns, formulate meaningful 

conjectures, and establish rigorous proofs. 

The emergence of machine learning therefore represents not a departure from mathematical 

reasoning but a potential expansion of mathematical experimentation. By combining 

computational scale with human abstraction and rigorous proof, AI-assisted mathematics may 

open new pathways for discovering relationships that would otherwise remain hidden. 

 
References 

1. Davies, A., Veličković, P., Buesing, L., et al. (2021). Advancing mathematics by 

guiding human intuition with AI. Nature, 600, 70–74. 



 

 

2710 
 
 

2. He, K., Zhang, X., Ren, S., & Sun, J. (2016). Deep residual learning for image 

recognition. Proceedings of the IEEE Conference on Computer Vision and Pattern 

Recognition, 770–778. 

3. LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521, 436–444. 

4. Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press. 

5. Bishop, C. M. (2006). Pattern Recognition and Machine Learning. Springer. 

6. Murphy, K. P. (2012). Machine Learning: A Probabilistic Perspective. MIT Press. 

7. Hastie, T., Tibshirani, R., & Friedman, J. (2009). The Elements of Statistical Learning. 

Springer. 

8. Schmidhuber, J. (2015). Deep learning in neural networks: An overview. Neural 

Networks, 61, 85–117. 

9. Udrescu, S.-M., & Tegmark, M. (2020). AI-Feynman: A physics-inspired method for 

symbolic regression. Science Advances, 6(16). 

10. Schmidt, M., & Lipson, H. (2009). Distilling free-form natural laws from experimental 

data. Science, 324(5923), 81–85. 

11. Cranmer, M. (2023). Discovering symbolic models from deep learning with inductive 

biases. Proceedings of the National Academy of Sciences. 

12. Gilmer, J., Schoenholz, S. S., Riley, P. F., Vinyals, O., & Dahl, G. E. (2017). Neural 

message passing for quantum chemistry. Proceedings of the 34th International 

Conference on Machine Learning, 1263–1272. 

13. Kipf, T. N., & Welling, M. (2017). Semi-supervised classification with graph 

convolutional networks. International Conference on Learning Representations. 

14. Silver, D., Huang, A., Maddison, C. J., et al. (2016). Mastering the game of Go with 

deep neural networks and tree search. Nature, 529, 484–489. 

15. Silver, D., Hubert, T., Schrittwieser, J., et al. (2018). A general reinforcement learning 

algorithm that masters chess, shogi, and Go through self-play. Science, 362(6419), 

1140–1144. 

16. Tao, T. (2006). Solving Mathematical Problems: A Personal Perspective. Oxford 

University Press. 

17. Polya, G. (1945). How to Solve It. Princeton University Press. 

18. Zeilberger, D. (1990). The method of creative telescoping. Journal of Symbolic 

Computation, 11(3), 195–204. 

19. Russell, S., & Norvig, P. (2021). Artificial Intelligence: A Modern Approach. Pearson. 

20. Newell, A., & Simon, H. A. (1976). Computer science as empirical inquiry: Symbols 

and search. Communications of the ACM, 19(3), 113–126. 

 


