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The puzzle: Who should grantmakers fund?

a) the people with the strongest track records

b) those with the least current funding

c) something else…



My Research

Metascience
AI Agent 

Foundations



Agent 
Foundations



The aim: produce safe AI using mathematical 
lenses of Bayesian inference. decision theory, 
game theory



“The bulk of human knowledge is 
organized around causal, not 
probabilistic relationships, and the 
grammar of probability calculus is 
insufficient for capturing those 
relationships…”

—Pearl (2001, p. 31) Bayesianism and 
Causality or Why I am Only a Half-Bayesian



Daniel Herrmann

UNC Chapel Hill

Ben Levinstein

Anthropic

Bruce 
Rushing

U of Virginia

In collaboration with…





Alex John London

Carnegie Mellon 
University

In collaboration with…





 Luca Garzino Demo

 University of 
Pennsylvania

In collaboration with…



CMU
Foundations 
of Safe AI
(coming soon)

Vicent Conitzer

Carnegie Mellon 
University

Atoosa Kasirzadeh

Google Deepmind



Metascience



The aim: a better future science



HARKing is one the four horsemen of the 
replicability apocalypse [along with “publication 
bias, low statistical power, and p-hacking.”]

—Bishop, Nature, 2019, p. 435









Proposal to change the 
default p-value 
threshold for statistical 
significance from 0.05 
to 0.005.



+p-hacking



+HARKing



We can model the 
proposed reforms to 
help us better reason 
about their potential 
impacts.



▪ False discovery rate (currently dominates discussion)

▪ False omission rate

▪ Sign error rate

▪ Absolute discovery rate

▪ Magnitude exaggeration ratio 

▪ Decision-relevant informativeness

A broader portfolio of epistemic aims
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Kevin Zollman
Simon
DeDeo

Ísey 
Mous

In collaboration with…





 



A funder controls three things:

 WHO (e.g., track record vs. peer review)

 WHEN (e.g., commit early vs. update later)

 SPREAD (e.g., target vs. seed everyone)



We model grantmaking as a Bayesian allocation 
problem.



Setup



 





 



The funder’s problem:

 a noisy signal of each researcher

 split a budget over a few rounds

 see who produces what, then re-decide



What the optimal dollar balances:

 return now

 build them up

 return later

 learn by funding

 learn by watching



Three knobs & nine strategies:

 Each strategy = a knob setting

 Comparing them is the experiment



Results



These are some very preliminary results



Let’s make some predictions…

 six questions

 predict before each reveal



Which lever buys the most science?

 WHO (e.g., track record vs. peer review)

 WHEN (e.g., commit early vs. update later)

 SPREAD (e.g., target vs. seed everyone)



WHO ≈ 10× WHEN or SPREAD



How sharp does peer review need to be?





Does review pay off equally everywhere?





Does planning ahead beat re-deciding each 
round?





Invest early to compound—right?





Does a small foundation face NIH's problem?





A caveat…



Discussion



Two bets we haven’t run

F · does upstream funding (NIH/NSF) shrink 
what we add?

G · which strategy wins where?



Same machine, different substrate

— money → human scientists

— compute → AI scientists



Help me: how do we quantify "quality"?

— output here = papers

— breakthroughs? training? replication?

— could a market price the gap?



How to model signals?

— mine = clean Gaussian noise

— real review = biased, strategic, committee-
filtered

— does "signal dominates" survive?



Does this transfer to AI?

— right production function for automated 
research?

— does fixed-population break (effort, entry)?

— which single result would you bet against?



Discussion
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