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The dawn of the Al age
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|Google NanoBanana; OpenAl, arXiv:2511.16072]



I'he hard problem

Why does a trained neural network give the results it does?
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[Image credit: XKCD]

THIS 1S YOUR MACHINE (EARNING SYSTEM?

| YOP! YoU POUR THE DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSLIERS ON THE. OTHER SIDE.

l
WHAT IF THE ANSLERS ARE WRONG? )

JUST STIR THE PILE DNTIL
THEY START LOOKING RIGHT.
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Hard supproblem 1

Where do scaling laws come from?

OpenAl codebase next word prediction
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[Kaplan, McCandlish, et al., arXiv:2001.08361; OpenAl GPT-4 blog post]



CLUSTER FEATURE
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Hard supproblem 2

Can we interpret what was learned?

search labels

This feature fires for references to citations in scientific papers. It attends to the formatting of cita...

This feature fires for reference citations in academic papers, specifically when it sees the [@ symb...

Years in some citation notation

Citations in a [@author] or [@authoryear] format
Markdown Citation (Predict year)

" [@"

[Ultralow density cluster]

This feature seems to fire on section headings, specifically the word "sec" within Markdown sectio...

"ref" in [context]

"s"["sec" after "{#", section reference in some markup
"Sec"

Section number in {#SecX}

Y

""in [context]

"1(#" in [context]

This feature attends to text formatting markups such as references, figure captions, and table cap...

This feature attends to references to figures and tables.

This feature fires on reference/bibliographic citations in LaTeX documents. It attends to the braces...
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It we want to use Al for science (or make sure it does what we
want in society at large), this is mandatory.

Yoni Kahn

[Anthropic blog post; Komiske, Metodiev, Thaler, arXiv:1810.05165]
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L earned features from
high-energy physics data



Where is our ChatGPT or Alphalolo
moment in (high-energy) physics”
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player

HEP has been using neural networks for 35 years.
Al certainly helps, but arguably not at the transformative level of language -> LLMs.
How do we improve this”

[Lonnblad, Peterson, Rognvaldsson, PRL 1990; L. Clissa, arXiv:2202.07659; University of Adelaide, Lattice QCD visualizations]



Why might physics be useful?

Natural lang
{00 comp
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[Image credits: XKCD, Eric Metodiev]

low-dimensional
high-dimensional “tluff” core...

(Gaussian data:
too simple
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Physics: the infinite-data [imit
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Simulated data is even more abundantly available!

[L. Clissa, arXiv:2202.07659]

Physicists are really good at this



Physics for Al: origin of scaling laws

More data, parameters, compute time = better performance
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first seen in large language models Now seen everywhere, including physics applications

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

[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
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Performing linear regression and averaging over the dataset with random matrix theory:

Test Loss vs. Training Set Size (Log-Log Scale)

~ully solvable
N terms of
covariance

power law iIndex

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



r .
nysics: learning |ets
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classes of events”?

Yoni Kahn
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The manitold of |et data

a zero-energy (“infrared”) particle
might as well not be there

two collinear particles

3 . might as well be one
M4—particle ~ S D, S

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

MjetNSQCSSCSS°°-CSB$C---

/ can compute features on the
Squared matrix elements are full manifold as long as
porobability distributions on phase space they are “infrared and collinear (IRC) sate”
— 9 _m%,v 221 mf — m%V - 2813 21 — &9 2
IM(q = 016593)|” mf (Zl—I—ZQ m%V m%v + Z1+z2) M M
4+ (21 — 2)? m2, E¥Pqg = Z Z Ziy * " Ziy H Oii
+ +21+20——5 —4 : .
21+ 29 m; 11=1 in=1 (k,)eG

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



The benefits of calculability

Mcollision C A]\4fra,gmentafcionC Mhadronization

AN

e " Detection
~ Hadronization
Fragmentation  hadrons PE
\ e partons @)D @ ...
can't calculate p(images) can calculate p(jets) (perturbatively)

We know the data manifold (%N_partides ~ S3N=%) 'there are natural embeddings.
and QFT tells us how to compute distributions on it

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



Jet scaling laws

Top vs QCD jet classification, power law plus floor Data covariance spectrum (7 = 100)
—— DNN on EFP —_—
0 J N T -
_ 6x107! ——— DNN on LOT 10 A
§: —— EFP fit (a7 = 0.31 + 0.02, C = 0.190 + 0.005) 10-2 -
b — LOT fit, (ar=0.19+0.02, C=0.13£0.02)
5 10—4 -
s 4x1071 -
o -~
3 1076 -
e ~<
S 3x107! 10-8 -
£
8 10—10 -
9 —— EFP (QCD jets)
é 2 %x 10-1 107124 ==~ EFP (top jets)

— LOT (QCD jets)

-14 _
10 -== LOT (top jets)

101 102 103 104 10° 106 107 108 109 o1 ' 102
Training set size 1

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

Yoni Kahn [Batson, YK, arXiv:2312.02264; Humphrey, YK, Larkoski, Rasovic, in prep] 13



HEP tor Al: jets as a model of data

Real-world data:

y -

Mcollision C Z\41C1'8Lg1’rle:r1tationC Mhadronization

.

" Detection
° \ Hadronization N
) Fragmentation  hadrons PE .
R N A S R e 33 O RN e partons Q@@ ..
2°°% possible images Occupies a vastly smaller - - - dregsed by
5256 ’ T , low-dimensional core high-dimensional
2 image/binary label subspace of the 2-”°-dimensional FlUff
pairs data manitold

Other excellent examples: condensed matter physics, climate physics, cosmology, ...
ohysics is full of potential “"models of data”

[Image credit: Eric Metodiev]



Toy model: random hierarchy

label
S
X |_I_VP
S NP v high latents
| | >
| | VP subject verb (level 2) . \
| |
NP | NP low latents
| | (level 1) .
DT N V DT N
| | | | |
the physicists explained the theory

input variables

(level 0)

-or vocabulary size v, splittings s, m rules per symbol, each input seguence
IS associated to a unique tree it m < ps~1

—xponentially many input sequences, but allowed sequences are lower-dimensional subset

Voni Kah [Cagnetta et al., arXiv:2307.02129; Schlocchi, Favero, Wyart, arXiv:2402.16991; Sclocchi, Favero, Levi, Wyart, arXiv:2410.13770;
LR L] A. Favero, Pl Theory+Al workshop April 2025]
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Diffusion models detect hierarchical structure

A diffusion model Is a neural network trained to de-noise a dataset
(this Is the basis for most Al image generators)

(b-I) Masking diffusion: spatial correlations  (p.77)  Masking diffusion: susceptibility
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o 00L0E0N0, O 000 B0 000800 OO66 00000 LNNNLNCHOCLUCLO0RCNE0 COGE |
07T 10" 102

0.2 0.4 0.6
1+ t/ T

10° (b)
=) EB N 5.0
R I B
; I','“}'__ F e ' — 4.51
oo ';-__ R P baCkward _— : S 4.0
oy > 3 v O x(®),
o kL A . l‘ ™ —~~ 3.5 1
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e e W Vi 5 N 307
A e i e
-, (e . D 25‘
OpenAl pre-trained
diffusion model 201

0.2 0.4 0.6 0.8 1.0
t/T

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

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



Jets have hierarchical structure

time ¢ top level: progenitor particle
(a.k.a. virtuality)

/ \ daughter momenta drawn from p(q | &, 1).

QFT splitting functions govern identity
of daughters

energies of

particles decrease, / \

splitting probability truncating tree with N

a(t) increases // /\ particles in layer gives data

/ X ) manifold of dimension 3N-4

A NP G R \zero—momentum particles vanish
from IRC-safe observables

(1) = 1: hadronization === ====="Seesr e e
® =+ ~200 particles at lowest level

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

[YK, Larkoski, Levi, to appear]



Very first steps: diffusion on phase space

It 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

dlly = (H 6 (pF — m?)@(p(})> 5 (Z pz) 5 ({ZP?} - 1)

I=1

“Vanilla” unconstrainead Riemannian diffusion?
flat-space diffusion:

Gluon Jets \ . &
MC . . 5
4000 - MPGAN tall VIO|ateS ‘%%
—— DDIM 200
energy = —

— EM 200

Entries

3000 A

C O N S e v at I O N ' (a) A single step of a (b) Many steps yield an ap- (c) Gaussian Random Walk [Left] and the Brownian
Geodesic Random Walk.  proximate trajectory. motion density [Right] agree well for small time steps.

2000 A

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

1000 A

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



Ancient pnysics tricks:
auxiliary space ditfusion

Unitorm w.r.t. nonlinear constraints = non-uniform with no constraints
N

pref({ql}) — H

71 qr

e_qI

/A\

{pr} = Lorentz transformation to CM frame, rescale energies

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

Forward Diffusion: t = 0.00 Reverse Diffusion: t = 1.00 - 0.00
(Target - Reference) (Reference — Target)

0.8 A

forward process:
targets p..s IN g-space, .
gives uniform distribution ¢
IN phase space as "pure
noise”

reverse process:
sample pure noise,
recover target
distribution

0.4 1

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



Back to Al for HEP

L essons from industry:

110000

CMS Experiment at the LHC, CERN
E Data recorded: 2017-Oct-28 09:41:12.692992 GMT

Run / Event / LS: 305814 / 9710867884

100000
90000
80000

70000

High-quality data with
hierarchical structure Is key

60000

50000

40000

30000

20000

10000

Number of released structures per year

. OTATLASSimuIation Preliminary (13/13.6 Tev)

Scaling data, model size, o - |
and compute predictably - P
improves performance S .

Model size (N)

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

Correlations are everything

Yoni Kahn 20



HEP for Al for HEP

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

///\ /\

NN 4\

Al 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!
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