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About me

• Current PhD Student at CMU

• I work on understanding the incentives that shape NLP, and 
building systems that preserve individual expertise

• I spent six years in industry before coming back to grad school, 
working on “AI” for such fascinating problems as reinsurance and 
corporate tax



Outline

• Table Setting

• AI for Math

• AI for Materials Science

• AI for AI, and AI as Science



What do we mean by “AI”?

• Historically, AI is a broad term. 

• Here, we’re using AI specifically to refer to deep learning models, 
not just LLMs! 

• An LLM is still a good model to think about the AI we’re using here, 
though



What does “AI” do?

Raffel et al. (2020) Exploring the limits of transfer learning

https://jmlr.org/papers/volume21/20-074/20-074.pdf
https://jmlr.org/papers/volume21/20-074/20-074.pdf


AI for Math





Why do we do math?

mathandai.org

http://mathandai.org/


Why might we want to do math with AI?

• Proofs for open math problems can potentially have major 
downstream impacts across fields like physics and engineering

• Advances in AI for math also pave the way for formal verification of 
software: proving that software behaves in the ways that you want

• AI allows us to scale the process of proving theorems*



What does it mean to do math with AI?

• Math can be seen as a formal 
system: there is a set of rules 
you can follow to expand on a 
set of axioms

• As an analogy: consider chess



Playing chess with computers

• A chess board has a finite 
number of ways it can evolve

• Chess engines will search 
through the possible valid next 
moves to pick one

• Figuring out which moves are 
good…



The challenge: combinatorics

• Despite a finite number of 
rules and evolutions, the 
space to search is huge

• An early estimate by Claude 
Shannon argued for 10120 

possible games



Computational math

• Math can also be formalized 
such that a computer can 
check whether the state of 
your proof is “valid”

• This can also be used to  work 
forwards or backwards from 
particular statements!



Computational math, historically

• No AI (by current definitions) 
involved

• Mostly mathematicians 
confirming that their proofs 
were right

mastodon

https://mathstodon.xyz/@tao/111287749336059662


The combinatorics are even worse

• Chess and go both have finite 
action spaces, and it’s still not 
tractable to search the entire 
tree of possibilities

• Even if we only use theorems 
already in a popular library, we 
still have hundreds of 
thousands of actions to check



Where LLMs come in

• LLMs generate candidate 
proofs that the checker can 
then  validate

• As LLMs have gotten better at 
this, the number of steps they 
can take in between 
invocations of the checker 
have increased



This is still enormously expensive

• Even where candidates are 
valid, it might not get you 
closer to a proof that is 
interesting or useful

• For the Millennium Prize 
Navier-Stokes solutions, 
estimates at retail prices ran to 
~$6.5m

OpenAI

https://openai.com/index/navier-stokes-solution/


Drawbacks of AI theorem proving: 
understanding
• Formal versions of math 

theorems aren’t very readable

• They still require interpretation 
and re-presentation to be 
understood like traditional  math 
proofs

• There’s some doubt introduced 
by gaps between the Lean and 
the “natural language” proof



Drawbacks of AI theorem proving: 
correctness
• Theorem checking relies on the 

checker to be correct!

• Bugs have been found, and 
theorem checkers are works in 
progress

• Checkers (the non-AI part of 
this loop) are seen as added 
rigor on human math

Thomas Hales, on Terry Tao’s Blog

https://terrytao.wordpress.com/2026/10/09/what-mathematicians-should-know-about-the-lean-theorem-proverquestions-of-reliability-and-ai/


Theorem proving…isn’t the point?

• A person proving a theorem develops an intuition, and potentially 
new mechanisms that can then potentially be applied to other 
problems

• Math has also historically used “grand challenges” as one way to 
motivate the field. Will AI proving still generate new problems to 
solve?



Drawbacks of AI theorem proving: violating 
community norms
• The use of AI trained on 

unclear data makes credit 
attribution much more 
complicated

• What does contemporaneous 
work mean if a rival can prove 
something you’re working on 
by throwing compute at it?

Wayback machine snapshot, 9/9/26

Current page

https://web.archive.org/web/20260910015856/https:/openai.com/index/navier-stokes-solution/
https://openai.com/index/navier-stokes-solution/


AI builds on the work of people in automating the proving of 
theorems, both through the literature and proof checkers 

like Lean.

But what about the implicit benefits that we assumed 
about proving theorems before, like the new tools that 

emerge?

What about the use of problems not just to advance the 
state of understanding, but for other goals, like pedagogy?



AI for Materials Science





AI in materials science: the goals

How can we produce materials that have the 
properties that we want?



AI in materials science: the goals

How can we produce materials that have the properties that we 
want?

• What materials have people synthesized in the past?

• What methods did they use to synthesize those materials?

• What properties did those materials have?



Autonomous Materials Synthesis 

Szymanski et al., An autonomous laboratory for the 
accelerated synthesis of inorganic materials
 

https://www.nature.com/articles/s41586-023-06734-w
https://www.nature.com/articles/s41586-023-06734-w


This looks kinda like AI in math!

• The loop remains a generate-
verify loop

• Materials are not a formal 
system, though, so there are 
multiple stages of “checking” 
that have different fidelity and 
cost



Materials are not a formal system

• At each stage, the materials domain adds indeterminacy

• Candidate materials can look good, but not be synthesizable, or 
well modeled by DFT

• Even if they are synthesizable, they may not have the properties 
you want!



Case study: Google’s GNoME

• Google released a model in 
2023, which they claimed 
“discovered” 380,000 novel, 
stable crystals

• This approach used a form of 
deep learning known as Graph 
Neural Networks

Google Deepmind Blog

https://deepmind.google/blog/millions-of-new-materials-discovered-with-deep-learning/
https://deepmind.google/blog/millions-of-new-materials-discovered-with-deep-learning/
https://deepmind.google/blog/millions-of-new-materials-discovered-with-deep-learning/


GNoME: Criticism

• Cheetham and Seshadri (2024) 
is a thoughtful critique of 
Google’s approach

• While they still see promise in 
the method, they identify 
numerous issues with the work 
as presented

“We also note that, while many 
of the new compositions are 
trivial adaptations of known 
materials, the computational 
approach delivers credible 
overall compositions, which 
gives us confidence that the 
underlying approach is sound.”

https://pubs.acs.org/cmatex/article/36/8/3490/156078/Artificial-Intelligence-Driving-Materials
https://pubs.acs.org/cmatex/article/36/8/3490/156078/Artificial-Intelligence-Driving-Materials


GNoME: Criticism

• Cheetham and Seshadri (2024) 
is a thoughtful critique of 
Google’s approach

• While they still see promise in 
the method, they identify 
numerous issues with the work 
as presented

“We have yet to find any 
strikingly novel compounds in 
the GNoME and Stable Structure 
listings, although we anticipate 
that there must be some among 
the 384,870 compositions.”

https://pubs.acs.org/cmatex/article/36/8/3490/156078/Artificial-Intelligence-Driving-Materials
https://pubs.acs.org/cmatex/article/36/8/3490/156078/Artificial-Intelligence-Driving-Materials


AI’s primary value is scale

• Like in math, AI’s primary value 
claim for materials is being 
able to predict many, plausible 
candidates

• Whether or not the community 
is able to assimilate them…

“What is now needed is greater 
effort to…filter out the many 
candidates that are not truly 
novel. It is impractical to do this 
manually with a list of almost 
400,000 new compositions.”



Data imposes its own distortions

• Hypotheses based on the 
literature are constrained in 
opaque ways by how the 
literature is used to train the AI 
model

• Even if the dataset used to 
train the AI were perfect, 
there’s no guarantee that the 
trained model would be

Messeri and Crockett, Artificial intelligence and 
illusions of understanding in scientific research 
(2024)

https://www.nature.com/articles/s41586-024-07146-0.epdf
https://www.nature.com/articles/s41586-024-07146-0.epdf
https://www.nature.com/articles/s41586-024-07146-0.epdf
https://www.nature.com/articles/s41586-024-07146-0.epdf


What is a scientific paper?

• Latour and Woolgar (1986) 
argue that papers elide the 
material context that produced 
them

• AI’s tendency to reduce a 
paper to text reifies this

• Crucially: actual scientists 
don’t take papers at face 
value!

“Once the data sheet has been 
taken to the office for 

discussion, one can forget the 
several weeks of work by 

technicians and the hundreds of 
dollars which have gone into its 

production. After the paper 
which incorporates these figures 

has been written…it is easy to 
forget that the construction of 

the paper depended on material 
factors.”

https://en.wikipedia.org/wiki/Laboratory_Life
https://en.wikipedia.org/wiki/Laboratory_Life


What is a scientific paper?

• Papers are a partial representation of the research process

• Even for what they do capture, there is a wide spectrum of 
uncertainty that accompanies what’s reported

• Papers belong to a social framework: they are understood as 
partial representations of research process, and they depend on 
interpretation to be read. Different scientists read papers 
differently!



Heterogeneity in scientific thought

• Scientists are deeply idiosyncratic in how they read and 
understand papers 

• This is a good thing! We want people to develop different ways of 
thinking about problems

• If AI models are all exposed to the same data, do we retain a good 
distribution?



AI might expand our ability to understand what’s in the 
literature: what we’ve done before, and what might be 
reasonable to do in the future. 

But does it promise a vision of complete literature 
understanding that it can’t really deliver? Is that something 
that we want?

If we do get synthesizable materials out of this process, 
how do we deal with maybe not understanding how we got 
there, or how they work?



AI for AI, and AI as Science



AI for AI looks like…generation and verification

• Similar to what we’ve seen, AI 
has also been used to do AI 
research

• Verification here relies on our 
ability to quantify the 
performance of AI models

Lu et al. (2024) The AI Scientist: Towards 
Fully Automated Scientific Discovery

https://arxiv.org/pdf/2408.06292
https://arxiv.org/pdf/2408.06292
https://arxiv.org/pdf/2408.06292


Verification for AI: Benchmarks

• Benchmarks are a concrete 
way to proxy a measure of task 
performance

• Tasks are operationalized into 
prediction tests on collected 
data, measured numerically 
with a metric



Benchmarking has a whole host of issues

• Are these datasets carefully 
constructed to be real 
reflections of tasks we care 
about?



Benchmarking has a whole host of issues

• Does the data actually 
represent what we want to 
measure?



Benchmarking has a whole host of issues

• Is it reasonable to claim that 
models have a capability 
through a finite number of 
instances?



AI-for-science in the shadow of AI-as-science

• AI approaches in science  
reflect the way AI itself is 
performed as a science: 
quantitatively, at scale

• But communities construct 
knowledge in different ways, 
and that’s not always 
compatible with the values 
that AI brings. It’s under active 
negotiation!



What is lost when we focus only on numbers?

• Scientific work makes assumptions about how numbers are 
generated: what does it mean to cite someone? What 
qualifications does this score need to make sense?

• Accelerating only the parts of science that are quantifiable will 
have some weird consequences



Slop Papers

• When the citation/paper 
becomes a metric to optimize, 
we see a surge in “papers” 
being created

Nihar Shah’s Blog

ICLR Blog

https://researchonresearch.blog/2026/10/20/self-confessed-fabrications-and-rise-of-tbds/
https://blog.iclr.cc/2026/03/31/a-retrospective-on-the-iclr-2026-review-process/


AI and concrete signals

• AI provides a way to mechanize 
and scale concrete signals

• These concrete signals are 
incomplete descriptions of the 
activity of a field 



AI for science is opportunistic

• Most prominent AI results in science in the past several months 
are in domains where the solutions are quickly and 
computationally verifiable. 

• How will AI impact fields where that is less the case, like materials 
or biochemistry? Will fields have enough time to catch up?



Hype and AI in Science

• The mechanics of hype both 
drive and are driven by AI 
“progress” in science. 

• The need for hype pushes AI for 
science as a prestigious, 
proximal goal

• Results from AI in turn drive 
hype



Understanding

• The three fields we’ve looked at today expect decreasing levels of 
understanding: math > materials science > AI

• To what extent is understanding a necessary component of 
science?



Questions to think about

• What should knowledge mean in different fields of inquiry? How 
do we decide what we value in a field, and prevent that from being 
overwhelmed?

• What parts of our scientific processes should remain? What parts 
should be replaced?

• How do you encourage doing science in the spirit of the endeavor, 
and not turn the job of scientists into policing each other?



Further reading

• Messeri and Crockett (2024), Artificial intelligence and illusions of 
understanding in scientific research

• Evans and Duede (2025), After Science

• Ted Chiang (2000), Catching Crumbs from the Table

• Terence Tao (2007), What is good mathematics?

https://www.nature.com/articles/s41586-024-07146-0
https://www.nature.com/articles/s41586-024-07146-0
https://www.nature.com/articles/s41586-024-07146-0
https://www.nature.com/articles/s41586-024-07146-0
https://www.science.org/doi/10.1126/science.aec7650
https://www.science.org/doi/10.1126/science.aec7650
https://www.science.org/doi/10.1126/science.aec7650
https://www.nature.com/articles/35014679
https://www.nature.com/articles/35014679
https://www.nature.com/articles/35014679
https://arxiv.org/abs/math/0702396
https://arxiv.org/abs/math/0702396
https://arxiv.org/abs/math/0702396

	Intro-outline
	Slide 1: Guest Lecture:  AI for and as Science

	Introduction
	Slide 2: About me
	Slide 3: Outline
	Slide 4: What do we mean by “AI”?
	Slide 5: What does “AI” do?

	AI For Math
	Slide 6: AI for Math
	Slide 7
	Slide 8: Why do we do math?
	Slide 9: Why might we want to do math with AI?
	Slide 10: What does it mean to do math with AI?
	Slide 11: Playing chess with computers
	Slide 12: The challenge: combinatorics
	Slide 13: Computational math
	Slide 14: Computational math, historically
	Slide 15: The combinatorics are even worse
	Slide 16: Where LLMs come in
	Slide 17: This is still enormously expensive
	Slide 18: Drawbacks of AI theorem proving: understanding
	Slide 19: Drawbacks of AI theorem proving: correctness
	Slide 20: Theorem proving…isn’t the point?
	Slide 21: Drawbacks of AI theorem proving: violating community norms
	Slide 22

	AI For Materials Science
	Slide 23: AI for Materials Science
	Slide 24
	Slide 25: AI in materials science: the goals
	Slide 26: AI in materials science: the goals
	Slide 27: Autonomous Materials Synthesis 
	Slide 28: This looks kinda like AI in math!
	Slide 29: Materials are not a formal system
	Slide 30: Case study: Google’s GNoME
	Slide 31: GNoME: Criticism
	Slide 32: GNoME: Criticism
	Slide 33: AI’s primary value is scale
	Slide 34: Data imposes its own distortions
	Slide 35: What is a scientific paper?
	Slide 36: What is a scientific paper?
	Slide 37: Heterogeneity in scientific thought
	Slide 38

	AI for AI
	Slide 39: AI for AI, and AI as Science
	Slide 40: AI for AI looks like…generation and verification
	Slide 41: Verification for AI: Benchmarks
	Slide 42: Benchmarking has a whole host of issues
	Slide 43: Benchmarking has a whole host of issues
	Slide 44: Benchmarking has a whole host of issues
	Slide 45: AI-for-science in the shadow of AI-as-science
	Slide 46: What is lost when we focus only on numbers?
	Slide 47: Slop Papers
	Slide 48: AI and concrete signals
	Slide 49: AI for science is opportunistic
	Slide 50: Hype and AI in Science
	Slide 51: Understanding
	Slide 52: Questions to think about
	Slide 53: Further reading


