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Introduction 2

Math is Everywhere

All modern infrastructure uses advanced math

Arguably impossible without automation

Predicting the behavior of complex systems? Linear Algebra!
Arranging groups of things? Combinatorics!
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Introduction 3

The “Ultimate” Automation

Al is everywhere Bymisalle Automated
Arqﬂual Reasoning
Useful automation tool because leligence

it learns the rules of a system

No surprise: we're interested in

applying Al to modern math Al Proof
Automation
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Introduction 3

The “Ultimate” Automation

Al is everywhere

Formal
Useful automation tool because Logic
it learns the rules of a system

No surprise: we're interested in
applying Al to modern math

. . %T?fﬁ:‘i)glc Automated
Yes surprise: Al and mechanized Intelligence Reasoning
math used to be deeply
intertwined!

Al Proof
Automation
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Background

Mechanized Math?
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Background

Machine Learning
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Background 6

Rule-Based Automation

Encode reasoning strategies in deterministic algorithms
No training required

Predictable, suited for specific tasks

Can be guaranteed to find answers

add(s(s(z)), s(z), R)

clause 1 clause 2

‘ add(z, s(z), R)?
first arg # z — fail

clause 1 clause 2

add(z, s(z), 71)? | add(z, s(z), )
first arg # z — fail Zy =s(Zz)

Z, = s(z)

clause 1 matches

= Z; =5(s(2)), R = 5(s(s(2)))
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Background 7

Proof Automation Tasks

Four primary tasks make up Al proof automation research:

Tactic Prediction: deciding what sequence of reasoning steps to
make in a proof

Premise Selection: deciding which known facts are most useful for a
specific proof

Theory Exploration: choosing which theorems to prove

Autoformalization: translating natural-language theorems and
proofs to proof assistants
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Approaches 8

Classical Machine Learning

MaLARea (2007): first case of modern ML for proof automation
Bayes classifier, takes theorem symbols as input, gives list of premises
as output
Achieved ~50% success on MPTP challenge, ~double that of SOTA
TacticToe (2018): k-NN for premise selection and tactic prediction
Proves ~70% of HOL Light stdlib in < 1 min
Ensemble: MCTS with k-NN heuristics
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Approaches 9

Deep Learning

DeepMath (2016): first case
of DL for proof automation

Input signal

1D

Evaluated CNNs, Convolution

D
LSTMS, GRUS on Convolution
premise selection for output

MML _..

CNNs perform best
(~70% of thms provable
by ATPs) - local features
most important

(h.) (h = (h) s (h,) (h.)
(x) e o © (x)
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Approaches 10

Deep Learning

Learning to Reason in Large Theories Without Imitation (2019)
Problem: models work best when inputs are close to training data,
but they should work on unseen data (hard proofs)

Idea: retrieval-augmented reinforcement learning
Find relevant premises via similarity metric to supplant model
predictions — more RL training data

Learnt model

8%70 Premises without
5
& >0

exploration (Reference)

v useful

Premises
Exploratic 4 > o with
xploration L as 1 2 exploration N
. \ ;
Premises (Explore) \_ X negative

to explore @
P

Proposed modification Pruning
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Approaches

Large Language Models

GPT-f. first LLM proof automation project
Takes in whole proof history to predict next token
Found better results by fine-tuning on mathematical text

LeanDojo: Environment for Lean models
Identified critical training issue in all modern DL approaches
Proposes workarounds via artificial diversity measures

Draft, Sketch, Prove
Problem: translation gap between prompt “prove this theorem” and
actual proof script

Solution: ask LLM to draft an informal proof, sketch a high-level
formal proof, then dispatch to ATP
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Approaches 12

Honorable Mention - Inductive Automation

Nqthm/ACL2:
prominent ATP driven

Prove: rev(rev(xs)) = xs
via induction on xs

by heuristics et =0 p—————

. . v via simplification X stuck at
Heuristics based around | ———— EHEIE) @ [El) == &

after simplification
simplifying ;
. . . | Failure suggests lemm
induction /recursion to D e necessary
make proof progress >
New lemma (user-supplied,

o o o y((x: ) = revi @ rev(xs)
Rippling: generic et separatly aged to DB
inductive automation

. . e Retry with enriched
technique for simplifying lemma DB

inductive goals

rev(rev(x = xs')) = x = xs’
simplification =
rev(rev(xs’) @ [x]) = x =
apply lemma = rev([x]) @
rev(rev(xs’)) = x = xs'
v via simplification
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Future Work

Evaluation Metrics

Rocq < Search (_ + _).

plus_O_n: forall n : nat, 0 + n =
plus_n_0O: forall n : nat, n =n + 0
plus_n_Sm: forall nm : nat, S (n + m)
plus_Sn_m: forall nm : nat, S n +m
mult_n_Sm: forall nm : nat, n * m +

n
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Future Work

Evaluation Metrics

Ltac solveh help :=
intros;
let IHx' := fresh "IH" in
multimatch goal with
| [x : nat |- _] => induction x as [| x' IHx']
| [b : bool |-
| [b : bin |- _] => induction b as [| x' IHx']

end;
[simpl; now try rewrite help
| simpl in *;
try (rewrite help); try easy;
match goal with | [|- ?G] => idtac G end].
Ltac solve := solveh eq_sym.

This (rudimentary) proof procedure proves 70% of the theorems in

one chapter of Software Foundations

Proofs can be similar too!

that success?
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; try easy; try (rewrite help || rewrite <- help); rewrite IHx';
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Future Work 15

Autoformalization and Theory Exploration

Large-scale autoformalization considered ~impossible right now
No way to automate data generation
No way to automatically evaluate
Arguably a subjective task

Theory exploration is the opposite of what prediction models do!

Standard LLMs will not generate interesting theorems without
substantial third-party input

Maybe RL? Genetic algorithms?
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Future Work

Dataset Generation
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Conclusion

Thank you!
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