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Mathematics, a root node to intelligence?

Reasoning & Generalisation &

Planning Abstraction

Knowledge & Open ended &

Creativity Unbounded complexity

Even requires an eye for beauty...
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Analysis

Mathlib

Built open source on own free time
of mathematicians!

It aims to be General & Unified.

Covers ~ 80% undergrad curriculum

Most of the library is above Group Theor§’
undergraduate but has irregular
coverage with big holes.

Field Theory
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Computer Formalisation unlocks enormous synergies

A pilot project in universal algebra to explore new
ways to collaborate and use machine assistance?

igence. Exsationsl Theary Fresect,

Perfect Verification + Software Stack

Instant Wins
- Correctness concerns disappear
- Giant Proofs can be trusted
- Proof checking can be delegated entirely to the :
computer roc st g s

Game Changer
- Transforms mathematics into a video game !

. tools (either "good okd-fashioned” sutomated theorem provers, or more modern

- For Education s st e et et

- All the tools of Software Engineering for Maths S e e
- Unlocks Massive Collaboration B o aror 1 . ot e e

responsibility, e 3
BULT am haping that e addition of proof assistants will remove this bottiensck

that seversi peaple including mysef organized
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SuperScale RL: A Proven Recipe to Superintelligence

nature
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What made those systems Superhuman?

Scaled up trial and error
Grounded feedback signal
Search

Curriculum
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AlphaProof: Foundational Bet

Perfect verification will in the long run be the most important property
for mathematics.

Informal Formal
mathematics mathematics
Large amount of data Small amount of data
-

Not verifiable Verifiable
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AlphaProof: Master Plan

1. Lean gives us a way to scale up trial and error with
a. An environment to explore mathematics completely in silico
b. A perfect feedback signal for proving

2. We can therefore reach superhuman intelligence and discover new
truths, just like in Go/chess/Tensor decomposition... provided:
e We can generate high enough quality + quantity problems
e RL works
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Our IMO Participation - Apollo program

Can we reach the moon?

Can our system solve the 2024 IMO problems
at all, given

- the compute available to us.

- and enough time.
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5.2 EXPMY
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Our Protocol

After officially receiving the problems at 1PM,

Lean experts manually formalize problems
Generate O(100) answer candidates with Gemini
Filter the easily disprovable ones

Run test-time RL
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Final Results

P1, P2, P6 fully solved by AlphaProof
P4 fully solved by AlphaGeometry

We keep running over the weekend in
the hope of getting one point on P3.
The agent made some progress but
not enough for a partial point.
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Step 1: Auto formalisation

1: Train a formalisation model and auto-formalise human created problems

L ]
L ]
° @ Human Problem

. .

Auto-Formalised version of
the Problem
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Prover model T Xf42 Lean state. & RFEE T tactic, 3 tactic % A Lean, Lean &[] state
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Prover Model + AlphaZero Search

Search over actions = Lean tactic

n: R
F3p, n<p A Prime p
I
Compute new after every e e 0 e
action / tactic application / N
n: N ) IA A
PN g e 7\

\
~— AN /\ /N
FARARY FERT 4R

Exploit high prior and high value paths

Explore low visited paths T |:I
[l
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tions, 200k theorems. 300k lines of proofs. HAFRA B HIZEIEEAfELR IMO, 1M EsCitiRl2aE
Lean HURIUEHEZNAE, HHRIZE 1 WIERREK

Mathlib W IZ fi o
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FANHER 0, FWEE4E RL.
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Step 3: AlphaZero Reinforcement Learning

3: Train the prover model by RL

For each formal problem
- Generate experience of (dis)proving by searching over Lean steps.
- Use Lean to verify proofs
- Reinforce the prover network with each success

‘ Informal 1 ‘ Formal
Problems fo-malise Problems
AR N

o(1M) Formaliser O(100M)
Model

& 13: Step 3: {Hid AlphaZero X#% RL YI|%: prover model, [EJE: B J7 slides p.84.

6.5 Final step: test-time RL
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—” . RGO AN 58 H AR R O R

Final Step: Test-Time RL

4: Train the prover model on specific problems by RL

For each problem:
- Generate variants of the problem
- Run RL exactly as previous step

eeeeeeee

— N
Formal IMO :%‘;- Formal
Problems " search Proofs
P
Modal

rrrrr

& 14: Final Step: &%} HARMESHZST test-time RL., & : ‘B slides p.85.
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AlphaProof 8540 MG N B zh/ N LIERX{E 8 — Mathlib W2 prover —
Lean ¥3iH) RL — £1%) HAR@if) test-time RL — i Lean J&iiFd ZHIERH
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Challenges for AlphaProof

Inherited challenges from Formal Mathematics
- Most of human data in natural language
- Cannot easily learn and work on areas not supported by Mathlib.

Generally,
- Creative building of new objects and theories, interestingness
and beauty in mathematics
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What's Next for AlphaProof?
Broaden to the entire Mathematical landscape

Contribute to the Frontiers of Research Math

AlphaProof as a useful tool for every thinker
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9.2 higpE
o FEF T : Berkeley CS294/194-280 Advanced Large Language Model Agents, Spring 2025

o A slides: AlphaProof: when RL meets Formal Maths

o M4: Berkeley RDI YouTube recording
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