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The many revolutions of AI
AlexNet 

2012
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2014
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2017
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Computing power Massive data Fundamental research 
New models, architectures, etc.

2018 Turing Award 



(Un)supervised machine learning
Unsupervised learning

ClusteringDimension reduction

Supervised learning

Regression Classification
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Image:

Architecture:  
U-Net/transformers

pre-training: denoising  
(score matching).

generation: iterative denoising 

From (un)supervised to Generative AI
Diffusion models
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Masking Next token prediction

Text:

Architecture: 
transformers

pre-training: next-token prediction 
(teacher forcing)

generation: auto-regressive 
(logistic models on tokens)

… …

Large Language Models
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Foundation models in sciences AstroCLIP: A Cross-Modal 
Foundation Model for Galaxies

scPRINT: Large Cell Model for scRNAseq data

Walrus: Cross-domain Foundation Model   
for Continuum Dynamics
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Mathematics and machines: a long history
Roman abacus, 1st century CE Pascaline, 1652 Human computing,

20th century
Electronic computers,

20th century

Represent Calculate Delegate Automate

Mathematicians have outsourced computation for millennia.



From computation to discovery
Computing data can reveal patterns, suggest conjectures, and lead to new mathematics.

1. Tables of prime numbers 2. A computer finds a counterexample 3. Mathematical databases
19th century - Gauss & Legendre Euler's conjecture (1769) Today - e.g. OEIS

By examining large tables of prime numbers, 
Gauss and Legendre observed regularities 
and conjectured the prime number theorem.

After almost 200 years, a computer found 
a counterexample. Euler's conjecture is false.

Large mathematical databases (like the OEIS) 
allow us to compare sequences, revealing 
unexpected connections between different 
areas of mathematics.

ak
1 + ak

2 + ⋯ + ak
n = bkIf

for positive integers, then n ≥ k .

Carl Friedrich Gauss 
(1777-1855)

Adrien-Marie Legendre 
(1752-1833)

1966 - CDC 6600 
Lander & Parkin

275 + 845 + 1105 + 1335 = 1445

Compute Observe Conjecture Prove

The machine is no longer only a calculator: it becomes a tool for mathematical discovery.



Mathematics and computers

INTERVIEWER: Do you imagine that, maybe in 100 
years, or 1000 years, that, like it happened in chess -- 
humans still play tournaments but everyone knows 
computers are better -- is it conceivable that this could 
happen in mathematics?

TAO: I think computers will be able to do things much 
more efficiently with the right computer tools. …

KONTSEVITCH: I think it's perfectly possible, maybe in 
our lifetime.

TAO: One could imagine that a computer could discover 
just by brute force a connection between two fields of 
mathematics that wasn't suspected, and then the person on 
the computer would be able to flesh it out. Maybe he would 
collect the medal.

2015 Math Panel with Donaldson, Kontsevich, Lurie, Tao, Taylor, Milner



Example of mathematics and CS

« The fact that the program can come up 
with a non-obvious construction like this is 
very impressive, and well beyond what I 
thought was state of the art. »

Show that ∠KIL + ∠XPY = 180°

Timothy 
Gowers

AlphaProof and 
AlphaGeometry 2 :  

Silver Medal at IMO 2024.
Gemini DeepThink: 
Gold Medal 2025

Reasoning models: Chain of thoughts, Test time scaling, RL.

AlphaEvolve: LLM coding agent for algorithmic solutions to 
scientific problems.

AlphaProof: formal reasoning. 
DeepThink: informal reasoning.

Interaction with formal proof languages

«  LLM-guided evolutionary search can 
autonomously discover mathematical 
constructions that complement human 
intuition, at times matching or even 
improving the best known results, 
highlighting the potential for significant 
new ways o f in te ract ion b etween 
mathematicians and AI systems. »Terence 

Tao



What do we delegate to machines?
A long history, a moving frontier

1. CALCULATE
Represent and perform 

basic operations

Roman abacus 
(1st century CE)

Pascaline 
(1652)

From mental calculation 
to mechanical aids.

Human computers 
(20th century)

Electronic computers 
(from 1940s)

2. COMPUTE AT SCALE
Carry out large numbers 

of calculations

Speed and scale 
far beyond human capability.

3. SEARCH & EXPLORE
Explore large spaces, 

find examples, detect patterns

275 + 845 + 1105 + 1335 = 1445

CDC 6600(1966) 
Found a counterexample 

to Euler's conjecture.

From computation 
to conjectures and connections.

4. VERIFY
Check computations 

and proofs

• Computer-assisted proofs 
(e.g. four-colour theorem) 

• Formal proof assistants 
(Lean, Coq, Isabelle, ...) 

• Verification of complex 
calculations

The machine ensures 
rigor at scale.

More arithmetic More mathematical reasoning

The frontier keeps moving.
Each new tool allows us to delegate more - and to ask new questions.



The changing frontier
What remains human? What can be delegated?

If machines can calculate, search and verify... 
can they also help us think?

HUMAN
Insight, meaning, creativity

Choose the problem 
Ask the right question 

Choose representations 
Interpret results 

Recognize what matters 
Form conjectures 

Find strategies 
Mathematical intuition?

MACHINE
Speed, scale, precision

Compute 
Search at scale 

Compare 
Detect patterns 

Verify proofs 
Formalize mathematics 
Suggest conjectures? 
Suggest strategies?

THE FRONTIER 
IS MOVING

CALCULATE 

SEARCH 

VERIFY 

SUGGEST 

THINK?
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Supervised

Modern LLMs: from text to (informal) reasoning
Self-supervised

Reinforcement Learning with Verifiable Rewards  
(RLVR)

GRPO

Reinforcement Learning from Human Feedback 
(RLHF)

Alignment
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Terence Tao
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Autonomous 
Ph.D.-level 

• 5 AI systems on 10 research-level 
problems in various fields.

• The ProofCouncil harness and GPT-6 
Astra resp. reaching 9/10 and 7/10 
compared to Batch 2.

• Still citation and exposition issues.



The public openai/math repository currently contains 722 manuscripts organized into 372 related result 
families. It includes papers, supporting proof artifacts, Lean formalizations for many results, and 10 
abridged summaries of the model’s reasoning.

Aug 23, 2026

https://github.com/openai/math
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“Understanding is just a 
wonderful feeling when you’ve 

been thinking long and hard 
about something complex, 
difficult, and then—all of a 

sudden—it just comes 
together.”

Jeremy Avigad

We need to remember our 
strengths: mathematicians 
are problem solvers and 

theory builders 
extraordinaire. Rather 

than fight the use of AI in 
mathematics, we should 
own it. It is not enough to 

keep up with current events 
and design benchmarks for 
AI researchers; we need to 

play an active role in 
deploying the technology 

and molding it to our 
purposes. 

“Mathematics (and science) is 
more than finding answers. The 

struggle to understand a problem 
is one of the greatest rewards”

Maia Fraser
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AI taking on tasks that are currently 
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“Just want to know” camp
Yang-Hui He

AI taking on tasks that are currently 
the preserve of humans. Human 
mathematicians could become 

“priests to oracles”: curating and 
canonizing AI proofs.

An era of “Big Mathematics (and 
science),” where humans and machines 

work together on complex problems that 
neither could solve alone.

Terry  Tao
Collaborative teamwork camp

Role of AI

What matters most?

AI as an oracle

Autonomous researcher

Answers

AI as a tool

Assistant or not used at all

Human understanding

AI as a partner

Collaborator

Verifiable Shared discovery

Human-centric camp

Mathematics as a human endeavor 
independent of AI corporates. 

Prioritize human understanding. 
Treat AI as a tool, much like a 
calculator, or not used at all.

Akshay Venkatesh Peter Scholze



The risks of AI in mathematics and science

Only a fraction of the manuscripts were lean verified. On Oct. 7, 
OpenAI announced the withdrawal of three manuscripts because of a 
sign error invalidating several results.

• July 25, 2026: a machine-checked Lean proof asserting that the Collatz conjecture was 
false. 

• A bug in Lean: the proof did not solve or disprove the Collatz conjecture. It bypassed the 
normal type-checking rules and allowed Lean to prove False with no axioms. 

• The fake disproof was accepted as valid for ~2.5 days before Lean developers identified 
and patched the issue.

https://github.com/openai/math/blob/main/history.md
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• Equal opportunities and access to AI tools: if the slow, deliberative research 
process is no longer valued by society and research funders, then research 
could become an elitist activity, only practiced by organizations that can afford 
proprietary AI models.

• Research misconduct: IP, honest credit, integrity, ethics, what scientific 
discovery/result, authorship, collaboration, and intelligence now mean ?

• Motivation: jump straight to answers, skip the struggle, miss an opportunity to 
build the foundations and the next generation may suffer from intellectual 
atrophy.

• Values alignment: the goals of major AI corporations may not always align 
with the aims of scientific research.

• Future role of researchers and students: science understanding vs solving, 
verification burdens on the broader community, amplify unhealthy incentives 
around AI-generated results.

• Deluge of publications and peer review: mass production could destroy fertile 
ground instead of breathing life into new ideas.

• Ecological impact.
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A profound transformation

https://www.ahmath.org/

https://leidendeclaration.ai/

https://mathandai.org/ 
25 fields medalists

• An extraordinary opportunity and transformation.
• What is happening should not be underestimated. 
• AI changes the way research work is done.
• Do not lose sight of what research was meant to achieve in the first place.
• The scientific community should engage with it with curiosity and rigor. 
• Moving swiftly but not hastily.
https://agmai.org/

https://mathandai.org/
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Training in the era of AI

« À mauvais ouvrier, point de bon outil » 
« No tool is good enough for a poor craftsman »




