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First-gen AI were theorem provers (1956)

Allen Newell Herbert Simon Cliff Shaw

Logic theorist

● Axioms and deduction rules
● Heuristic search
● Problem decomposition
● Symbol manipulation

Proved 38 of the first 52 theorems in 
chapter 2 of Principia Mathematica.



More recently



Deep learning for symbolic mathematics 
by Guillaume Lample and François Charton (2019)

Integration: How do we do more than mathematica by learning the mapping from 
f(x) to F(x)?

● Forward generation: pump through the mathematica integration engine
● Backward generation

○ Randomly generate an expression F(x)
○ Differentiate it to get f(x)

● Integration by parts
○ Randomly generate F and G
○ if fG is easy to integrate, or the integration is already in the dataset, accept it
○ We have ∫ Fg = FG - ∫ fG





Working with mathematicians

Neural networks as feature-seeking machines.

AI scientists as AI consultants.

AI systems as an experimental mathematics tool.



Knot theory example



The recipe

● Generate as much data as your disk allows

● Train a neural network to predict one feature from another (or a set of others)

● Maybe you find one interesting thing from millions of possible connections 
(use a shotgun to catch some fish)



Deep learning keeps getting deeper



What are Large Language Models (LLMs)

● Neural networks are very capable of finding patterns in data.

● A Large Language Model is:
○ Many, many floating point numbers (usually billions, can be 1-2 trillion)
○ Organised by matrix multiplications and nonlinearities
○ Trained to reduce perplexity on general text

The quick brown fox jumps over the lazy dog

… This theorem is an apparent corrollary of theorem 2.11



LLMs can do math

● Above 50% on the MATH benchmark in 2022, when the prediction market 
median timeline was 2028

● Train on as much high-quality math data as possible (38.5B tokens)



Independent verification of this simple methodology



Can LLMs prove theorems?

There seem to be many obstacles:

● LLMs are quite stochastic - how do you guarantee that theorems 
are proved?

● There simply isn’t that much data of theorem proving.
● How do you even evaluate proofs to theorems?



LLMs and formal methods: a natural symbiosis

Formal methods:

● Start with axioms and deduction rules of a logic / type theory foundation.
● Build mathematics from the ground up. Approximately 2M LoC in each lang.





The standard recipe

● Get a formal language
● Grab all of the theorems written in this language
● Let the LLM learn how to write proofs in this language
● Variants:

○ Monte-Carlo Tree Search (what AlphaGo used)
○ Integrating hammers as a usable tool
○ Expert iteration



Progress was stalling between 2023 and 2024

● Data bottleneck
○ Growing speed = human writing and reviewing speed

● Open-source base models climb but slowly
● No better way to train models than MCTS and it’s hard to do



Data scarcity => Autoformalization

● Lots of informal data in arxiv papers, etc.
● If we turn them formal, we’ll have lots of data.



Training algorithm => reasoning

● We can now reliably train models to reason in long chains of thoughts.
● Models hillclimb on tasks with verifiable results.



Autoformalization, reasoning, and better base models

In 2022, the state-of-the-art result on miniF2F was 41% with a 660M model.



The exciting things ahead

The ingredients are ripe for new developments.

● General LLMs are very capable production tools now
● Open-source models have got seriously good



File and repo level proof engineering

How far are we from arxiv-to-proof?

25K lines of Lean automatically 
generated in 3 weeks from:

● A proof in English
● A human outline



Building conjectures

What if we exhausted all the existing mathematics ever composed?

Large formal maths library Machines aligned with human 
interests and preferences



Refactoring: doing math

Maybe there’s something more.

Compressing mathematical library as an 
objective that makes machines really 
“do mathematics”.



Exciting times


