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The dawn of the AI age

New tools continue to impress on a daily basis: 
large language models can now reliably solve 

graduate problems in physics, write code, 
even start to act and plan autonomously

Yoni Kahn 1[Google NanoBanana; OpenAI, arXiv:2511.16072]



The hard problem
Why does a trained neural network give the results it does?
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Yoni Kahn 2[Image credit: XKCD]

Basic structure: some set of operations 
repeated L times (“layers”)



Hard subproblem 1
Where do scaling laws come from?

(a power law is worth $1B!)

Yoni Kahn 3[Kaplan, McCandlish, et al., arXiv:2001.08361; OpenAI GPT-4 blog post]



Hard subproblem 2
Can we interpret what was learned?

A “mind map” of Anthropic’s Claude
Learned features from 

high-energy physics dataIf we want to use AI for science (or make sure it does what we 
want in society at large), this is mandatory.

Yoni Kahn 4[Anthropic blog post; Komiske, Metodiev, Thaler, arXiv:1810.05165]



Where is our ChatGPT or AlphaFold 
moment in (high-energy) physics?

HEP has been using neural networks for 35 years.  
AI certainly helps, but arguably not at the transformative level of language -> LLMs. 

How do we improve this?

Yoni Kahn 5[Lönnblad, Peterson, Rögnvaldsson, PRL 1990; L. Clissa, arXiv:2202.07659; University of Adelaide, Lattice QCD visualizations]



low-dimensional 
core…

…dressed by 
high-dimensional “fluff”

Why might physics be useful?

(let’s not be jerks)

Natural language:  
too complex

Gaussian data: 
too simple

Physics data (just right?)

Yoni Kahn 6[Image credits: XKCD, Eric Metodiev]



Physics: the infinite-data limit

Yoni Kahn 7[L. Clissa, arXiv:2202.07659]

Simulated data is even more abundantly available! Physicists are really good at this



Physics for AI: origin of scaling laws
More data, parameters, compute time = better performance

first seen in large language models

This power law is now driving an O(1) fraction of the US stock market.  
What determines the slope?

now seen everywhere, including physics applications

Yoni Kahn 8[Kaplan, McCandlish, et al., arXiv:2001.08361; Bahl et al., arXiv:2601.13308; ATLAS PUB note ATL-SOFT-PUB-2026-002]



Toy model: high-dimensional regression

Yoni Kahn 9[Maloney, Roberts, Sully, arXiv:2210.16859; Levi and Oz, arXiv:2306.14975; Atanasov, Zavatone-Veth, Pehlevan, arXiv:2405.00592]

Empirical covariance matrix of natural data tends to have power-law eigenvalue spectrum

Performing linear regression and averaging over the dataset with random matrix theory:
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!ωε = ωxω · ωxε

eigenvalues λk ∝ k−α

Fully solvable 
in terms of 
covariance 

power law index



AI for physics: learning jets

which eventually are detected 
as a spray of hundreds of particles 

(a jet)

a single strongly-interacting 
particle…

decays into three others…

“boring” events 
also form jets, 
but without the 
1 -> 3 decay 

progenitor

A classic ML for physics application:  
how can we best distinguish these two 

classes of events?
Yoni Kahn 10



The manifold of jet data
a zero-energy (“infrared”) particle 

might as well not be there

� S5
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Yoni Kahn 11

<latexit sha1_base64="Ro7+eBr8sp1xqmRo+ukYh9a0XuI="></latexit>

Mjet ⇠ S2 ⇢ S5 ⇢ S8 · · · ⇢ S596 ⇢ · · ·

“How many particles” is not a well-defined question in perturbative QFT!

Squared matrix elements are  
probability distributions on phase space

can compute features on the  
full manifold as long as 

they are “infrared and collinear (IRC) safe”

[Larkoski, arXiv:2411.00104; Komiske, Metodiev, Thaler, arXiv:1712.07124]



The benefits of calculability

Mcollision ⇢ Mfragmentation⇢ Mhadronization

<latexit sha1_base64="Q1psO6QFfh/iQVktWHpuwN05WtM="></latexit>

can’t calculate p(images) can calculate  (perturbatively)p(jets)

Yoni Kahn 12[Image credits Nano Banana Pro; E. Metodiev]

We know the data manifold ( ), there are natural embeddings,  
and QFT tells us how to compute distributions on it

ℳN−particles ∼ S3N−4



Jet scaling laws

Yoni Kahn 13

 Ongoing work: compute data covariance spectrum in simulated data from first principles,  
for different processes and parameters, relate to scaling laws in the loss

[Batson, YK, arXiv:2312.02264; Humphrey, YK, Larkoski, Rasovic, in prep]



HEP for AI: jets as a model of data

 possible images, 
 image/binary label 

pairs

2256

22256

Random data: Real-world data:

Occupies a vastly smaller 
subspace of the -dimensional 

data manifold
2256

Mcollision ⇢ Mfragmentation⇢ Mhadronization

<latexit sha1_base64="Q1psO6QFfh/iQVktWHpuwN05WtM="></latexit>

Other excellent examples: condensed matter physics, climate physics, cosmology, … 
physics is full of potential “models of data”!

Yoni Kahn 14[Image credit: Eric Metodiev]

low-dimensional core
dressed by 

high-dimensional 
fluff



Toy model: random hierarchy

Yoni Kahn 15[Cagnetta et al., arXiv:2307.02129; Schlocchi, Favero, Wyart, arXiv:2402.16991; Sclocchi, Favero, Levi, Wyart, arXiv:2410.13770; 
A. Favero, PI Theory+AI workshop April 2025]

For vocabulary size , splittings ,  rules per symbol, each input sequence 
is associated to a unique tree if 

v s m
m ≤ vs−1

Exponentially many input sequences, but allowed sequences are lower-dimensional subset



Diffusion models detect hierarchical structure

Yoni Kahn 16[A. Favero, PI Theory+AI workshop April 2025; Sclocchi, Favero, Levi, Wyart, arXiv:2410.13770]

A diffusion model is a neural network trained to de-noise a dataset

Spatially-correlated changes propagate to give a susceptibility peak, but only for hierarchical data

(this is the basis for most AI image generators)



Jets have hierarchical structure
top level: progenitor particletime  

(a.k.a. virtuality)
t

daughter momenta drawn from .  
QFT splitting functions govern identity 
of daughters

p( ⃗q |α, t)

zero-momentum particles vanish 
from IRC-safe observables

energies of 
particles decrease, 
splitting probability 

 increasesα(t)

: hadronizationα(t) = 1

truncating tree with N 
particles in layer gives data 
manifold of dimension 3N-4

Correlations encode class label, first few splittings, latent variable , symmetries, conservation lawsα

… ~200 particles at lowest level 

Yoni Kahn 17[YK, Larkoski, Levi, to appear]



Very first steps: diffusion on phase space
If we want to exploit everything we know about physics, we had better make sure 

that a generative model conserves energy and momentum and respects Lorentz invariance
<latexit sha1_base64="lMAxDHD2QKPjCqEo0WkE8lLg3vk="></latexit>
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“Vanilla” unconstrained  
flat-space diffusion:

tail violates 
energy 

conservation!

Riemannian diffusion?

Beautiful idea in principle, 
fails numerically in practice for massless particles

Yoni Kahn 18[Leigh et al., arXiv:2303.05376; De Bortoli et al., arXiv:2202.02763]



Ancient physics tricks: 
auxiliary space diffusion

Uniform w.r.t. nonlinear constraints  non-uniform with no constraints⟹

This algorithm (RAMBO) is how massless phase space has been sampled since the 1980’s!

<latexit sha1_base64="s2326/HnNUk2J+lL7nXG5Y3bir4="></latexit>
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{pI} = Lorentz transformation to CM frame, rescale energies

forward process: 
targets  in q-space, 

gives uniform distribution  
in phase space as “pure 

noise”

pref

Yoni Kahn 19[Kleis, Stirling, Ellis, Comput. Phys. Commun. (1986); Bogorad, Elsharkawy, YK, Larkoski, Levi, arXiv:2602.xxxxx]

reverse process: 
sample pure noise, 

recover target 
distribution



Back to AI for HEP
Lessons from industry:

Scaling data, model size, 
and compute predictably 

improves performance

Correlations are everything

High-quality data with 
hierarchical structure is key

Yoni Kahn 20

<latexit sha1_base64="d5xGQVllIZg3Uia+dEaCrTW8O4k="></latexit>

→ p(“a cat riding a horse”| Internet) all of physics???



HEP for AI for HEP
HEP for AI: we have the right tools and philosophy to solve interesting problems 
in a “pre-scientific” field where experiment is WAY ahead of theory

AI for HEP: data is a gold mine. We have centuries of practice taking, manipulating,  
storing, simulating high-quality data: scaling lets us tap that resource for discovery

This is a virtuous cycle!

…

Yoni Kahn 21
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