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Intertwined threads
Three parallel developments:
1. Need for robust foundations of 

distributed computing theory
2. Modern AI tools can do TCS research
3. Rapid development of formalization of 

mathematics



Rapidly advancing area
•The talk abstract that I wrote in May did 
not age well
• the use of AI in TCS research has changed from 
curiosity to mainstream
• automatic formalization is no longer just possible, 
it is quick and easy

•But the need for solid foundations is 
there, more pressing than ever…



Personal perspective
• I will talk about my personal reflections and 
experiences on these topics
• I am looking at things especially from the 
perspective of network algorithms
• distributed graph algorithms
• LOCAL model
• locally checkable labeling problems (LCLs)…



Need for 
robust 
foundations



Increasing importance
•Many new connections emerging between 
network algorithms and other fields
• physics: quantum information theory
•mathematics: stochastic processes,
descriptive combinatorics
• TCS: online and dynamic graph algorithms…

•Network algorithms serve as a bridge 
between fields — is it solid?



Our standard models
•There are hundreds of papers about
“the LOCAL model”
•Few of them agree on all details
•Few of them even specify all details!
•Yet we tend to pretend minor details can be 
ignored, and everything still fits together…



Model variants
•Some LOCAL model variants:
• do we know n and Δ? precisely? some bounds?
•what is the range of identifiers? do we know it?
• how much randomness is available?
can nodes pick a random real number from [0,1]?
can we communicate those real numbers?
• are state transitions computable or arbitrary?
•Monte Carlo or Las Vegas? adaptive adversary?
in expectation or w.h.p.? how do we define w.h.p.?

Which of these really matter?

Can we ignore all these if we 
only care about “reasonable” 

problems?

(e.g. locally checkable problems)



•Precisely defined models of distributed 
computing, with all assumptions and 
parameters explicit
•Understanding which theorems really hold for 
which range of models, in exactly what form
•Computer-readable databases of results,
with computer-checkable proofs…

Our project (2024–)



Surprises along the way
•Many details that seem to be largely ignored: 
can we prove that they are indeed irrelevant?
•Shared randomness shouldn’t help with local 
problems? Wrong, it matters  [ICALP 2025]

•Non-computability shouldn’t help with local 
problems? Wrong, it matters  [DISC 2026]



Surprises along the way
•We also tried to find more restricted 
definitions of “local problems” that would 
exclude many pathological examples
• It turned out that no such thing exists!
•All reasonable definitions of “local problems” 
are essentially equally expressive  [DISC 2026]



Robust foundations
•Huge project
• along the way, we will need to re-prove all key 
results in this area, in a formally precise manner, 
across all possible model variants…

•But now we have new tools available!



AI



My journey with LLMs
• June 2025: these tools are just waste of time, 
it makes no sense to pay money for ChatGPT…
•August 2025: GPT-5 published; the first 
version that genuinely helps me with my work
•Autumn 2025: coding agents are
a gamechanger!
• Cursor → Claude Code → Codex



My journey with LLMs
•Early 2026: the first major breakthroughs
•GPT-5.2 + Codex are solving our open research 
questions
• clearly not just “combining known results” but 
coming up with brand new proof techniques



2-coloring cycles
•Question: 1-round randomized
distributed algorithms in cycles, 2-coloring, 
fraction of monochromatic edges?
•Prior: 0.20 … 0.25
•New: 0.23879 … 0.24118
•Techniques: new lower-bound technique, 
graphs, symmetries, SDPs, solvers



My journey with LLMs
•Early 2026: the first major breakthroughs
•But most of the mathematical claims were 
garbage — AI produces slop way faster than 
anyone can verify
•Practical solution:
• ask AI to formalize the proof in Lean 4
• only pay attention to the claim once AI manages 
to convince Lean!



AI + 
formalization



Formalization & Lean
•Formalization of mathematics:
•mathematical proof ≈ program code
• proof verification ≈ type checking

•Could be done in principle,
seldom done in practice
• typical human proofs ≈ pseudocode
• formalized proofs ≈ algorithm implementations in 
low-level programming languages



Formalization & Lean
•There are many proof assistants that help 
humans with writing formal proofs
•The most widely-used proof assistant today is 
Lean 4



Formalization & Lean
•Two parallel developments make all this 
relevant today:
1. formalization is finally gaining popularity in 

mathematics community: large chunks of 
undergraduate-level mathematics already 
formalized in Lean Mathlib

2. in AI-assisted mathematics easy verification of 
proofs is especially relevant, and AI agents can 
also do formalization for you



LLMs & Lean
•Early 2025: chatbots barely know the syntax 
of Lean 4



LLMs & Lean
•Early 2025: chatbots barely know the syntax 
of Lean 4
•Early 2026: it often takes days (and lots of 
tokens) but eventually AI agents can produce a 
formal proof
• critical: use e.g. Codex coding agent so that the 
LLM can interact with the Lean compiler and get 
immediate feedback



LLMs & Lean
•Early 2025: chatbots barely know the syntax 
of Lean 4
•Early 2026: it often takes days (and lots of 
tokens) but eventually AI agents can produce a 
formal proof
•Today: automatic “vibe-formalization” is 
essentially solved



Caveats
•These are fundamentally different use 
cases not to be confused:
1. produce a high-quality library of reusable 

mathematical definitions and proofs
2. ask chatbots to do a quick vibe-formalization 

as a sanity-check so you know whether the AI 
slop you got is worth human attention



Caveats
•Lean can check the proof for you
•Lean cannot check that the formal version of 
the theorem statement is correctly 
capturing what you wanted to prove!
•There are also all kinds of loopholes that a 
proof might abuse…



LLMs & Lean
• In spite of all caveats, this kind of 
workflow has been very effective:
• ask Codex + GPT to solve a problem
• once they claim a proof,

ask Codex + GPT to formalize it in Lean 4
(“in Palomar style, running all Palomar checks”)
• only pay attention to the proof once Lean is happy



Case study:
quantum 
symmetry 
breaking



Case study
•Classical LOCAL: there is no O(1)-round 

algorithm for 3-coloring cycles
• fastest possible algorithm: O(log* n) rounds

•Quantum-LOCAL: does quantum 
computation and communication help?
•This has been open since 2009 when the 
quantum-LOCAL model was first introduced…



Case study
•Conjecture: there is no quantum advantage
•Some promising progress towards proving a 
lower bound, but not quite there…
•On September 8, Tom Gur and Longcheng Li 
posted a new lower bound on arXiv, so the 
conjecture seemed to be even stronger…



Case study
•September 8: paper appeared on arXiv
•Same day: we asked Codex + GPT-6 to prove 
a stronger lower bound
• In a few hours: GPT-6 gave an upper bound, 
disproving the conjecture!
• In a few hours: everything formalized in Lean



Case study
•Some weeks: humans working towards 
understanding the proof and writing it up 
properly — “by humans, for humans”
•We kept sanity-checking our writing by asking 
AI tools to formalize also our versions of 
the proofs in Lean 4
• tens of pages of complicated math formalized 
routinely in a matter of hours…



Case study
arxiv.org/abs/
2609.26788



Case study
arxiv.org/abs/
2609.26788



Reflections



Right research area
• In early 2026, this seemed to be the right area 
of TCS for this kind of work
•TCS in general: key definitions and key 
results missing from Lean Mathlib
•Distributed algorithms: same issue,
but it is not so critical!
• “an algorithm is a function such that …”



Right research area
•This gave us a head start with learning these 
tools
•But LLMs are now so good that this distinction 
seems to no longer matter



Problem-solving solved?



Next level?
• It is time to take steps beyond mere 
problem-solving
• If computers can solve our problems … what 
are even bigger things we could tackle in 
human–computer collaboration?



Next level?
1. Theorems as raw data
2. Theory-building
3. Robust foundations



Theorems as raw data
•Earlier, every non-trivial theorem was precious
• so much effort that it better lead to a paper…

•What if we can mass-produce thousands of 
theorems and treat them as raw data?
• not interesting individually

•What is interesting is phenomena that emerge 
when we study this data as a whole



Theory-building
•Proving a theorem is, in the end, a well-defined 
task, and an AI agent “knows when it is done”
•Theory-building is ill-defined and open-
ended
•This is an area where human–computer 
collaboration could excel



Robust foundations
•We can now afford to re-prove decades 
worth of prior results, against all possible 
variants of our model definitions
•We can have all of that also formalized
•We can put all that in databases, build user 
interfaces, create interactive visualizations etc. 
for exploring all of that



Next level?
1. Theorems as raw data
2. Theory-building
3. Robust foundations
Room for human–computer collaboration
Opportunities for combining AI slop with 
rigorous formalized mathematics



Challenges
•How do we reorganize our scientific 
community in this new reality?
•How do publications and conferences work?
•How do we manage all that backlog of 
chatbot-generated results that no human has 
yet had time to digest?



Challenges
•What happens in your own research 
community the day OpenAI releases its 
next-generation model…
•… and dozens of students, postdocs, and 
professors all around the world feed the same 
standard open questions to it, get the 
same solutions, and put lots of time and effort 
in writing up the same solutions?



Summary
•Three timely intertwined themes:

1. Need for robust foundations of distributed 
computing theory

2. Modern AI tools
3. Automatic formalization of mathematics

•Could we let computers do most of
our problem-solving so that we can
focus on bigger things?



Bonus slides:
My setup



My tools
•ChatGPT Pro
(229 €/month)
•Codex + GPT-6
•Docker sandbox:

github.com/suomela/cursor-sandbox



Best practices
• Just prompt in Codex, don’t worry too much
•Let it run for hours
•Suggest multiagent setup, adversarial audit, 
“fresh pair of eyes” (just prompt)
•Ask it to formalize in Lean 4 (in Palomar style)
•Use Git



Pitfalls
•Gets stuck in running large numerical 

experiments that will never lead to a proof
•Gets stuck reformulating the hard problem as 
another hard problem
•Solves uninteresting special cases



Pitfalls
•Cheats in Lean by formalizing
conditional versions
•Or formalizes the right theorem,
but with a different proof



What might help
•Explicitly say what you don’t want,

what counts as a solution, what doesn’t, etc.
•Require that all computational experiments 
must be high-value and explicitly justified
•Refer to e.g. the prompt used for
the Cycle Double Cover proof
•Prompt for a prompt


