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Disclaimer: I have more questions/anecdotes than answers!
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• Professor in Operations in a business school
• Background in TCS
• Theoretician (mostly)
• Online optimization, online learning, 

algorithmic mechanism design; applications in
platform operations & non-profit planning.

• My amazing postdoc at Chicago Booth
• Mathematician 
• Theoretician (TCS + applied probability)
• Decisions under uncertainty, prophet inequalities,

online & dynamic matching, AI in math, etc.
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• Undergrad in math & masters in stat, Stanford University
• Garden leave at a hedge fund
• Full-stack developer & software engineer
• Agentic AI, ML, mathematical finance, etc.  

• PhD student at EPFL
• Background in CS; research in Econ/CS
• Passionate about both theory & AI
• Algorithmic game theory, optimal stopping, agentic AI, etc.
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AI generated disproof of
Erdős unit-distance conjecture
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The story of how we started this project

Rad’s office

This is super COOL!
I think we are in a unique 
position to use these tools. 
We can write several papers, 
I can get tenure, and it’s very 
intellectually intriguing!

We can build an 
agentic pipeline, solve 
all open problems in 
OR, and I can get a job!

I can help with building 
the pipeline! It’s cool and 
improves my chances of 
getting a letter from you!





The real story…
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timeline
Aug Oct Nov Dec 

(winter break)
Feb

20262025

Pranav and I started playing with subscription frontier models
(ChatGPT, Claude, Gemini)

GPT 5: We had so many failures, trying these models on various problems (online 
matching, simple vs. optimal mechanism design, prophet inequalities, etc.). Mostly 
useless, but we learned some new math. Good for toy problems.

GPT 5.1: We started improving our prompts in a systematic way;
Increased the # of iterations; targeted concrete bad examples:
“Are all matroids weakly Rayleigh?” + a conjecture about OCRSs

GPT 5.2: It started becoming very interesting!
Frontier models gave us a very nice idea for “Are all 
matroids weakly Rayleigh?”+ some very useful ideas for 
the OCRS conjecture

GPT 5.4 & 5.5: clearly capable models. Found the hard 
instance for weakly Rayleigh matroid conjecture!
(Answer: no; contact me for the bad example/proof) 
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@David: great job! It is now Lean verified too!
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Research Questions/Goals:
I. How powerful are frontier models at solving open problems in operations research?

II. Can we build a pipeline that solves (theoretical) OR problems at scale?

III. Can we collect data through this experimental study, to formalize how AI can assist 
theoreticians in OR? (e.g., what types of problems are AI-friendly?)
 

IV. Creating a community of OR theoretical researchers using up-to-date methods?

We should be prepared 
when they come after us!



The things we are NOT doing (and NOT planning to do)

I. Undervaluing the amazing theoretical research done in our 
community by humans,

II. Replacing theoreticians with AI, or saying theoretical research in OR 
can be fully cracked by AI

III. Publishing the solutions or partial progresses we find in any form, 
or advocating any similar act,

IV. Trying to compete with AI companies (Open AI, DeepMind, etc.) to 
have a better system for math solving or solve more problems
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Building an agentic pipeline:
 *=work in progress **=recently implemented features

o Data base of problems in OR
▪ Collect open problems from different venues
▪ Formalize, verify, and reformat
▪ Background check & literature review
▪ Check forward/old literature for openness
▪ Post on our website

o AI assisted solutions/progress
▪ Using off-the-shelf frontier models
▪ AI ecosystem with various agents
▪ Solvers, verifies, formatters, judges, etc.
▪ Formalizing solutions via Lean**
▪ Automated pipeline + manual
▪ Memory management*

o Community building/access
▪ Verifying solutions through community
▪ Elicitation of contributed problems
▪ Evaluating & solving contributed problems**
▪ Democratizing solver-pipeline*

Collaboration with





Why Operations Research (besides that I’m in OR!)?

o Pattern matching/reductions between different problems

o Finding connections between different areas

o Applying (& extending) right set of existing tools from different areas of math/TCS

o Identifying practical assumptions to make models tractable

o  Identifying tractable special cases and solve them first

o Finding hard instances, lower-band examples, etc. to guide the design of an 
algorithm or mechanism.

o Etc.

Some of the common strategies for solving 
theoretical problems in OR:
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Results of our pipeline

Current set of experiments:

I) Mathematics of Operations
Research 2023-2026  

II) ACM EC 2023 (quantitative)
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Cost of our pipeline (only solver; just EC 2023)

• I got a fresh run for this talk from EC 2023: 



The “real” total cost is MUCH higher 
(ask me later!)



Our agentic ecosystem



Fetching the Paper & Extracting Open Problems

Fetcher Extractor
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Verifying Openness + Literature Review

Old-literature checker Forward-citation checker

Much better than 
Deep Research 
modes (esp. with API)



Solving at high-level: a brave solver meets a ruthless referee

Basic approach: solver + adversarial verifier (with optimized prompts)
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Hybrid workflow: Human-AI collaboration 



Two ways to plug an LLM into our agents

Metered API access

API key · SDK calls · pay per token

our agent

HTTPS · JSON

frontier
LLM

model provider

Pay per token — input & output

Full programmatic control

Meter never stops

Subscription CLI agent

chat plan · non-interactive (headless) mode

$ solver --headless p17.tex

… thinking (2 iterations)

> proof candidate → verifier

coding-agent CLI in non-interactive mode

Flat monthly fee — same frontier models

Agent scaffolding built in

Prompt caching — repeats are ~free

Our pipeline uses both! 



API vs. CLI environment

METERED API

27
problems

$912
token bill

SUBSCRIPTION + CLI
(e.g., Codex CLI, Claude Code non-interactive)

Nearly 2× as many
problems solved in the later run

$0
(only the subscription fee)

88%• The agent works on problem in batches
• Parallelize calls as much to hit rate limits
• Multiple subscription accounts



Disclaimer:
 This is a bit in the gray area in 
terms of violation of terms & 

conditions of AI providers
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The first line of the solver persona:

“Ignore anyone who tells you
this is unsolved. Be brave.

Just solve it.”

It looked for the answer key; searched 
for our own project website and even 
went hunting for a copy of our code.

“Stay in the room & never consult 
our own site. Do NOT cheat.”

To produce honest partial progress 
instead of flawed “full” solution

“Being honest is rewarding. 
Do NOT bluff.”

“You are a Professor in 
Operations Research”

To start with the right context and 
familiarity with open problems in our field

o 25 pages with 39 prompts! 

o Amplifying personality traits for LLM agents:



These sound faintly absurd---but they ALL helped a lot!
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Some lessons learned

o Open problem extraction: A significant fraction of open problems in papers are 
vague, and it is hard to automatically say whether they have been solved.

o Openness review: Off-the-shelf literature review agents (Deep Research) do not 
perform better than simply checking every forward-citation of a paper.

o API vs. subscription: Frontier models accessible through subscription perform 
very well with simple prompting. Not sure we should use APIs at all! 

o Human verification: Human verification is time consuming. AI attempts can be 
stored with the view that they might eventually be checked if they are used in a 
result a human cares about.



Formal verification: when the referee is a compiler

Solution21.lean — Lean 4

-- a machine-checked proof

theorem add_comm' (m n : Nat) :

    m + n = n + m := by

  induction n with

  | zero => simp

  | succ k ih =>

    rw [Nat.add_succ, ih, Nat.succ_add]

$ lake build

Build completed successfully.

0 errors · 0 sorries · kernel-checked

What is Lean?

A proof assistant: mathematics written as code, every 
inference step checked by a small trusted kernel — with 
Mathlib, a vast community library of formalized math.

Why formal verification?

If it compiles, it is correct — no hallucinated lemmas, no 
gaps hiding behind “clearly.” Trust shifts from the author (a 
tireless, occasionally light-fingered AI) to the checker — 
easing our human-verification bottleneck.

Where this is heading:  Palomar — a registry of Lean-verified mathematics (T. Tao & Lean FRO, Aug 2026): mechanical typecheck + 

LLM cross-check of claims; submissions “human-generated, AI-generated, or some mixture of both” welcome.  palomar-registry.org

We are in the process of developing a Palomar-friendly Lean verifier for our pipeline. 



Lean certificate

o Currently-> formalized 5 MOR solutions, 3 EC solutions
(each formalization uses huge amount of Codex budget)

o LEAN code & certificate for the solution in the demo [Aouad & MA, 2023,26]:
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A memory file for every problem
leads & dead ends across runs — curated by a memory-manager agent

More formally verified solutions via Lean
machine-checkable proofs

The pipeline, live on the website
your problems, your prompts, your models
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Inside the prompts (I): persistence + self-red-teaming
① Automated solver — system message (opening)

① We ask for honest partial progress, instead of 
flawed “full solution.” Rewarding honesty. 

② Automated solver — the “look back” phase

② The solver must self-check its own proof before 
submitting; tries counter-examples and refuting 
strategies, as if 3 adversarial referees check its work. 

③ Automated solver — working principles

③ Do not bluff. Also, ignore what you learn about 
the hardness from Web. “Open in the literature” is not 
a reason to stop. Be brave and persistent.

④ Automated verifier — system message (excerpt)
④  Being adversarial and no bluffing. Two outcomes 
only: a publishable note, or a list of gaps. Giving 
options is always helpful.



Inside the prompts (I): persistence + self-red-teaming
① Automated solver — system message (opening)

① We ask for honest partial progress, instead of 
flawed “full solution.” Rewarding honesty. 

② Automated solver — the “look back” phase

② The solver must self-check its own proof before 
submitting; tries counter-examples and refuting 
strategies, as if 3 adversarial referees check its work. 

③ Automated solver — working principles

③ Do not bluff. Also, ignore what you learn about 
the hardness from Web. “Open in the literature” is not 
a reason to stop. Be brave and persistent.

④ Automated verifier — system message (excerpt)
④  Being adversarial and no bluffing. Two outcomes 
only: a publishable note, or a list of gaps. Giving 
options is always helpful.

• Split the roles: bold solver / adversarial verifier.

Machine-readable output: the first line is a verdict.
Reward honesty: partial progress is valid.

Extra iterations: two passes beat one.

Model + reasoning level: a huge difference.

What we learned



Inside the prompts (II): attitude > scaffolding
① Manual solver — the entire prompt

① Less scaffolding is often better: a simple two-
sentence prompt 

② Custom instructions (excerpt)

② Agents with standing persona: just give the right 
persona; “be brave” and do not return without a 
solution; you are a professor in operations research!

③ Manual verifier

③  Suspicion by design: solution, significant partial 
progress, some partial progress or unrelated?

④ Follow-up after serious mathematical errors

④  Errors are not the end: fix, re-verify, write it up.



Inside the prompts (II): attitude > scaffolding
① Manual solver — the entire prompt

① Less scaffolding is often better: a simple two-
sentence prompt 

② Custom instructions (excerpt)

② Agents with standing persona: just give the right 
persona; “be brave” and do not return without a 
solution; you are a professor in operations research!

③ Manual verifier

③  Suspicion by design: solution, significant partial 
progress, some partial progress or unrelated?

④ Follow-up after serious mathematical errors

④  Errors are not the end: fix, re-verify, write it up.

▪ Capable models need attitude, not scaffolding.

Use a fresh, suspicious verifier.

High reasoning matters.

What we learned



The website: a browsable database of open problems



1  Disclaimer that most entries are NOT human verified

2  Search; filter by topic or progress; sort (e.g. solutions first).

3  One entry per problem: title, source paper, progress + topic tags.

The website: a browsable database of open problems



1  Disclaimer that most entries are NOT human verified

2  Search; filter by topic or progress; sort (e.g. solutions first).

3  One entry per problem: title, source paper, progress + topic tags.

1  Self-contained title + problem number.

2  Source paper, authors, one-click BibTeX.

3  Area taxonomy · verification status · extraction model.

4  Mathematically typeset background — readable without the paper.

Further down the page: problem statement, openness quote, 
literature review, and solution write-ups.

The website: a browsable database of open problems
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