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Why the excitement?

▶ Tension Mathematics wants exact statements; AI gives plausible attempts

▶ Marriage Plausible attempts are useful when bad ones are cheap to catch

▶ Method Let AI suggest many things; keep only what mathematics accepts

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Why the excitement?

▶ Tension Mathematics wants exact statements; AI gives plausible attempts

▶ Marriage Plausible attempts are useful when bad ones are cheap to catch

▶ Method Let AI suggest many things; keep only what mathematics accepts

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Why the excitement?

▶ Myth Mathematics = theorem, proof, next theorem

▶ Reality There is life beyond theorem proofs (interesting in its own right)

▶ Daily work Examples, pictures, computations, simplifications, failed ideas

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Why the excitement?

▶ Myth Mathematics = theorem, proof, next theorem

▶ Reality There is life beyond theorem proofs (interesting in its own right)

▶ Daily work Examples, pictures, computations, simplifications, failed ideas

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Why the excitement?

▶ Worlds Knots (more later), graphs, groups, polytopes, programs, proofs, ...

▶ Problem The rules are exact, but the number of choices explodes

▶ Opening A machine can search places humans would not patiently search

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Why the excitement?

▶ Worlds Knots (more later), graphs, groups, polytopes, programs, proofs, ...

▶ Problem The rules are exact, but the number of choices explodes

▶ Opening A machine can search places humans would not patiently search

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Why the excitement?

▶ Rare Good tools are hard to find, and people reuse them mercilessly

▶ New AI is not just a faster calculator; it changes the search

▶ Analogy Imagine you have 1000 people to throw at a problem

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Why the excitement?

▶ Rare Good tools are hard to find, and people reuse them mercilessly

▶ New AI is not just a faster calculator; it changes the search

▶ Analogy Imagine you have 1000 people to throw at a problem

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Why the excitement?

▶ AlphaEvolve Let an LLM evolve code, then score the mutants automatically

▶ Example Pack small hexagons into the smallest possible big hexagon

▶ Why does this work? Imagine you have 1000 people to throw at this problem

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Why the excitement?

▶ AlphaEvolve Let an LLM evolve code, then score the mutants automatically

▶ Example Pack small hexagons into the smallest possible big hexagon

▶ Why does this work? Imagine you have 1000 people to throw at this problem

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 2 / 5



Knot land

▶ Object A knot is a closed loop of string in space

▶ Rule You may move it, but not cut it or pass it through itself

▶ Question Identify it! (E.g. is this tangle secretly just the plain circle?)

The basic game

The string may wiggle wildly
but the knot type is unchanged
unless we cheat topologically

Every drawing lies

A diagram is only one photograph
of a three-dimensional object

and some photographs are very unhelpful

A puzzle with receipts

If the machine finds the moves
we can replay the moves ourselves

and check that nothing illegal happened

Fingerprints, not souls

Invariants are not the knot itself
but they are cheap evidence

and cheap evidence changes the search

Why knots fit the story

Exact rules, huge search spaces
visual objects, checkable output

and plenty of room for bad intuition
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Two case studies

▶ Case 1 Can a machine untie a knot diagram?

▶ State The current drawing, encoded as combinatorial data

▶ Action Try one legal local move, then try again

Reinforcement learning translation

State = diagram
action = legal move (1+2 add/remove cards, 3 shuffles)

reward = progress toward simplicity

The useful move may look stupid

Humans like monotone simplification
knots often refuse to cooperate (stuck in a local minimum)

so the machine gets paid to be patient

Results

The unknotter can undo all known
hard unknot diagrams

with roughly 95% probability

Crossing flop

At one crossing, swap over and under
do this enough times and every knot unties

the question is how few times suffice

Why this is hard

The same knot has infinitely many drawings
a useless flop in one drawing may become useful in another

so the search is over pictures, not just crossings

Takeaway from Case 2

RL proposes diagrams worth trying
crossing flops give concrete experiments

and one is able to improve human-known-results

Why mathematicians like AI Or: 1000 things to check beats nothing to try August 2026 4 / 5
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Two case studies
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the question is how few times suffice

Why this is hard

The same knot has infinitely many drawings
a useless flop in one drawing may become useful in another

so the search is over pictures, not just crossings

Takeaway from Case 2

RL proposes diagrams worth trying
crossing flops give concrete experiments

and one is able to improve human-known-results
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Why the excitement?

▶ Tension Mathematics wants exact statements; AI gives plausible attempts

▶ Marriage Plausible attempts are useful when bad ones are cheap to catch

▶ Method Let AI suggest many things; keep only what mathematics accepts

The key effect

AI is trusted as “1000 unreliable but productive coauthors”:
it is used as a source of attempts (it does a lot of them)

and attempts are cheap to reject (so it doesn’t matter if its often wrong)

What mathematicians actually do

Before anything becomes a theorem
there are examples, pictures, computations

and quite a lot of dead ends

Structured chaos

The rules are precise enough to run
the choices are too many to inspect by hand

and success is often visible afterwards

Why mathematicians get excited

AI is useful in exact but huge mathematical worlds
new tools are rare, and this one is new (in math circles)
thus, excitement comes from exploration plus checkability

Honourable mentions

FunSearch: LLM + evolution, writes programs for hard searches
Ramanujan Machine: number search, conjectures formulas for constants

AlphaGeometry/Proof: LLM + symbolic/RL search, solves olympiad problems
Gamification: humans + scoring, turns search into a playable problem + AI harvest

Computer verification: LLM translates human math to computer math; Lean checks it
many more, but I will zoom into only one now
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▶ Rare Good tools are hard to find, and people reuse them mercilessly
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Knot land

▶ Object A knot is a closed loop of string in space

▶ Rule You may move it, but not cut it or pass it through itself

▶ Question Identify it! (E.g. is this tangle secretly just the plain circle?)

The basic game

The string may wiggle wildly
but the knot type is unchanged
unless we cheat topologically

Every drawing lies

A diagram is only one photograph
of a three-dimensional object

and some photographs are very unhelpful

A puzzle with receipts

If the machine finds the moves
we can replay the moves ourselves

and check that nothing illegal happened

Fingerprints, not souls

Invariants are not the knot itself
but they are cheap evidence

and cheap evidence changes the search

Why knots fit the story

Exact rules, huge search spaces
visual objects, checkable output

and plenty of room for bad intuition
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Two case studies

▶ Case 1 Can a machine untie a knot diagram?

▶ State The current drawing, encoded as combinatorial data

▶ Action Try one legal local move, then try again

Reinforcement learning translation

State = diagram
action = legal move (1+2 add/remove cards, 3 shuffles)

reward = progress toward simplicity

The useful move may look stupid

Humans like monotone simplification
knots often refuse to cooperate (stuck in a local minimum)

so the machine gets paid to be patient

Results

The unknotter can undo all known
hard unknot diagrams

with roughly 95% probability

Crossing flop
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do this enough times and every knot unties

the question is how few times suffice

Why this is hard

The same knot has infinitely many drawings
a useless flop in one drawing may become useful in another

so the search is over pictures, not just crossings
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crossing flops give concrete experiments
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There is still much to do...

Thanks for your attention!
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Two case studies

▶ Case 1 Can a machine untie a knot diagram?

▶ State The current drawing, encoded as combinatorial data

▶ Action Try one legal local move, then try again

Reinforcement learning translation

State = diagram
action = legal move (1+2 add/remove cards, 3 shuffles)

reward = progress toward simplicity

The useful move may look stupid

Humans like monotone simplification
knots often refuse to cooperate (stuck in a local minimum)

so the machine gets paid to be patient

Results

The unknotter can undo all known
hard unknot diagrams

with roughly 95% probability

Crossing flop

At one crossing, swap over and under
do this enough times and every knot unties

the question is how few times suffice

Why this is hard

The same knot has infinitely many drawings
a useless flop in one drawing may become useful in another

so the search is over pictures, not just crossings

Takeaway from Case 2

RL proposes diagrams worth trying
crossing flops give concrete experiments

and one is able to improve human-known-results
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There is still much to do...

Thanks for your attention!
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