Centaur Science:
Adventures in Al+Physics

MASSACHUSETTS INSTITUTE OF TECHNOLOGY
MIT CENTER FOR THEORETICAL I
PHYSICS - A LEINWEBER INSTITUTE FOUNTDATION

DatalA Seminar, |JCLab, Université Paris-Saclay — May 4, 2026

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics



Artificial intelligence Physics intelligence
as a pathway to as a pathway to
scientific insight Al innovation

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics


http://iaifi.org

Empowering the Next Generation of Al + Physics Talent |F-|

IAIFI Postdoctoral Fellows

Albergo Boyda Bright-Thonney Cuesta Dogra Feng Gagliano Gerdes Golubeva Grosso Harvey Luo
Al and ‘U’ Al for ’U‘ Mathematical Al for Al for Al for “U‘ Al for Al for “U‘
Statistical Particle Physics Scientific Time-Domain Theoretical Collider String
Physics Physics of Al Imagining Astronomy Physics A\ Physics Theory

IAIFI Summer School & Workshop

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics

Plus 2026-29 fellows to be announced!

Micallef Mishra-Sharma  Yang

Al for ’U‘ Al Frontiers of
Neutrino Reinforcement
Physics Learning

Photos from 2024 Edition @ MIT


https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school
https://iaifi.org/phd-summer-school

Lessons from the Physics / Al Collision e \%‘%\ N

To meet the standards of scientific rigor and performance,
we need to teach machines to “Think like a Physicist”

But to fully capitalize on Al technologies,
we also need to teach physicists to “Think like a Machine”

The Power of “Centaur Science”

Progress in computation and information theory has long been intertwined with progress in
the physical sciences (e.g. statistical mechanics, lattice gauge theory, quantum computers)

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics



[Joe Dator,The New Yorker 2025; h/t Kyle Cranmer]

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics


https://condenaststore.com/featured/the-centaur-scale-joe-dator.html

Al for Astrophysics: Galaxy Formation and Dark Matter

Scrutinizing stellar kinematics from Gaia to reconstruct history of the Milky Way

Discovery of Nyx!

My former PhD student
(and current MIT colleague)

[Necib, et al., Nature Astronomy 2020; Ostdiek, et al., A&A 2020]

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics


https://www.nature.com/articles/s41550-020-1131-2
https://doi.org/10.1051/0004-6361/201936866

Physics for Al... and Back Again | A

How do machines learn? What do they learn?

Machine-Learned Double Helix cf. Nuclear Data Tables
Understanding “grokking” Predicting nuclear properties with high precision
(sudden learning) as phase transition (often better than specialized nuclear models)

IAIFI Interim Director

[Williams, Tegmark, Kitouni, Nolte, Michaud,

Liu, Pérez-Diaz, Trifinopoulos, Kantamneni, Richardson,
NeurlPS 2022 Spotlight Oral, ICML 2023, ICML 2024, arXiv 2025]

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics



https://arxiv.org/abs/2205.10343
https://openreview.net/pdf?id=DICZxsnvYD
https://arxiv.org/abs/2405.17425
https://arxiv.org/abs/2508.08370

. . . Physics
Centaur Science: Adventures in Al+Physics y \’%‘%\ N

Machine Learning through the Lens of Physics

Al is transforming physics research, but many foundational
aspects of Al can be translated into the language of physics

QCD Theory meets Information Theory

To confront thorny challenges in theoretical physics, we can
reframe them as well-defined optimization problems

Scenes from my Sabbatical

Being a “centaur scientist” means capitalizing on emerging Al
technologies while insisting on scientific rigor and robustness

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics



Machine Learning through the Lens of Physics

Al is transforming physics research, but many foundational
aspects of Al can be translated into the language of physics

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics



Confronting AI/ML Hype vs. Reality

“Al is a transformative vs “ML is just numerical

technology” optimization”

Both are true! And both are changing the scientific enterprise

Direct Al/ML:  Enables scientific investigations of high-dimensional spaces
e.g. simulation-based inference

Indirect AI/ML:  Capitalizes on emergent behaviors in computational systems
e.g. foundation models, agentic Al

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics |0



Al is Changing What it Means To...

Design/Build/Operate Perform/Report Search for
Experiments Measurements New Physics
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Signal model

e.g. ePIC detector e.g. ATLAS 24-dimensional e.g. CMS anomalous dijet
optimization for EIC unbinned unfolding resonance search
[AID(2)E Collaboration, JINST 2024] [ATLAS, PRL 2024] [CMS, RPP 2025]

[from my GGl lectures, January 2026;more examples at HEP ML Living Review and Ferguson, LaFleur, Ruthotto, |DT, Ting, Tiwary,Villar, et al., MLST 2026]
Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics |


https://www.ggi.infn.it/ggilectures/ggilectures2026/
https://iml-wg.github.io/HEPML-LivingReview/
https://arxiv.org/abs/2509.02661
https://arxiv.org/abs/2405.16279
https://arxiv.org/abs/2405.20041
https://arxiv.org/abs/2412.03747

Al is Changing What it Means To... o fom expausive

Make Theory Predictions Be a Physicist

~ 10,000

samples
e.g. generative modeling e.g. evaluating Al reasoning
for lattice field theory abilities on TPBench
[Cranmer, Kanwar, Racaniere, Rezende, Shanahan, [Chung, Gao, Kvasiuk, Li, Minchmeyer, Rudolph, Sala, Tadepalli, MLST 2025]

Nature Reviews 2023]

[from my GGl lectures, January 2026; more examples at HEP ML Living Review and Ferguson, LaFleur, Ruthotto, |DT, Ting, Tiwary,Villar, et al., MLST 2026]
Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics 12



https://arxiv.org/abs/2309.01156
https://arxiv.org/abs/2502.15815
https://www.ggi.infn.it/ggilectures/ggilectures2026/
https://iml-wg.github.io/HEPML-LivingReview/
https://arxiv.org/abs/2509.02661

A+ A\

Resummation of the C-Parameter Sudakov Shoulder
Using Effective Field Theory

Matthew D. Schwartz!?

! Department of Physics, Harvard University, Cambridge, MA 02138, USA
2 Institute for Artificial Intelligence and Fundamental Interactions (IAIFI)

schwartz@g.harvard.edu
AT RESEARCH ASSISTANT: Claude Opus 4.5 (Anthropic)

January 7, 2026

[Schwartz, arXiv 2026; see also Shih, arXiv 2026a, arXiv 2026b]



https://www.ggi.infn.it/ggilectures/ggilectures2026/
https://iml-wg.github.io/HEPML-LivingReview/
https://arxiv.org/abs/2509.02661
https://arxiv.org/abs/2309.01156
https://arxiv.org/pdf/2601.02484
https://arxiv.org/abs/2603.11164
https://arxiv.org/abs/2604.05034

ML is “Just” Optimization in Response to Data pth drecty and et
ML Framing Physics Translation
1 Monte Carl
. _ ‘ 1 onte Carlo
Training Data N Z ( .. ) — /dq) ( ) + O(\/—) Integration
1=1
Loss Function(al) Lilf(®) < 5—£ =0 Lagrangian Mechanics
¢ o) f e.g. Euler-Lagrange equation
Learnable Function : , : Physics Knowledge
e.g. neural networks fNN ((I)’ b) ~ fphysms ((I)’ b) e.g. symmetries
Optimizer Ab = —nV, [ & mB—I— b aV — 0 Newtonian Dynamics
e.g. gradient descent — 1V 7O db o e.g. overdamped oscillator

[from my GGl lectures, January 2026]

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics |4


https://www.ggi.infn.it/ggilectures/ggilectures2026/

Direct Al/ML: Rediscovering Upsilons with Anomaly Detection

Background predictions from normalizing flows, signal classification through boosted decision trees...

2016 CMS Open Data DoubleMuon
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N : S Opposite Sign Muons == = Dimuon pr
' i M 10~ 14| Bin width = 1.5% Softer Mu IP3D —
101 I il Fit Type: Quintic w1 _Harder Mu IP3D
,\H 10—16 | Muon Iso_04 2 0.55 -@= CATHODE _
\‘I jl BT Vs =13 TeV ¢-Reweighting
10_2 L l L 1“ . . 10—18 Lol | Lol | Lol | L1l
6 8 10 12 14 16 10~3 102 10~1 109
Dimuon Mass m,,, [GeV] False Positive Rate

...with statistical significance estimated using physics domain knowledge about localized resonances

[Gambhir, Mastandrea, Nachman, DT, PRL 2025;
using CATHODE in Hallin, Isaacson, Kasieczka, Krause, Nachman, Quadfasel, Schlaffer, Shih, Sommerhalder, PRD 2022]
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https://arxiv.org/abs/2502.14036
https://arxiv.org/abs/2109.00546

Indirect Al/ML: Contrastive Learning for Hubble Data

CLIP fine-tuning Downstream task: observation retrieval

With Hubble observation—proposal abstract pairs Given natural language text query

Query: "barred spiral galaxy"

Optional summarization with

Hubble proposal abstracts constrained LLM generation Text
................................................................... Mixtral + OUTIINES ...,

Category: Galaxies. We propose Luminous Infrared Galaxies, star encoder
WFC3/UVIS F336W, F438W, and clusters, nuclear regions, extranuclear|:

F814W observations for 8 regions, hydrogen recombination 1lines;|:

Luminous Infrared Galaxies _ |measure fraction of star formation in|:

(LIRGs) in the Great ©  |clusters, determine nuclear and |}

Observatories All-Sky LIRG extranuclear cluster destruction rates, |:

Survey (GOALS) scheduled for
JWST Cycle 1 (GO1) i
observations. With a |
proprietary period of @ days |[: v
for 50% of the GOl LIRGs,

observations taken now will :

provide the concurrent WFC3/ | Text

UVIS imaging necessary to
reliably age-date the star ... |: encoder

Candidate
observations

Image
encoder

Hubble observations

Image
encoder

Closest, observations

[PAPERCLIP in Mishra-Sharma, Song, |DT, COLM 2024;
based on CLIP in Radford, Kim, Hallacy, Ramesh, Goh, Agarwal, Sastry, Askell, Mishkin, Clark, Krueger, Sutskever, PMLR 2021;
see also AstroCLIP in Parker, Lanusse, Golkar, Sarra, Cranmer, Bietti, Eickenberg, Krawezik, McCabe, Ohana, Pettee, Regaldo-Saint Blancard, Tesileanu, Cho, Ho, MNRAS 2024]
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https://arxiv.org/abs/2403.08851

“What is this a picture of?”

CLIP-ViT-B/16: “gravitational lens”

Fine-Tuned: “supernova remnant”

[image from Supernova 1987A INTensive Survey, HST Proposal |1653]



https://arxiv.org/abs/2403.08851
https://archive.stsci.edu/proposal_search.php?id=11653&mission=hst

The rise of centaur scientists who synthesize
bhysics intelligence and artificial intelligence

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics
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QCD Theory meets Information Theory

To confront thorny challenges in theoretical physics, we can
reframe them as well-defined optimization problems

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics
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Danger of “Thinking Like a Machine™? An nspiinglinfuriaing poper

Position: Is machine learning good or bad for the natural sciences?

Abstract

Machine learning (ML) methods are having a huge impact across all of the sciences. However, ML has a strong
ontology—in which only the data exist—and a strong epistemology—in which a model is considered good if it
performs well on held-out training data. These philosophies are in strong conflict with both standard practices and
key philosophies in the natural sciences. o o o

My attempt at a
cartoon summary:

Machine Learning Natural Sciences
What “exists™? Data Latent Structures
What is “success™? Accurate Modeling Understanding

[Hogg,Villar, PMLR 2024]
Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics 20



https://arxiv.org/abs/2405.18095
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Jets: Manifestation

of underlying
Quarks & Gluons

Theory: Quantum Chromodynamics (QCD)
in the Standard Model of Particle Physics

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures n Al+Physics
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A Generative Model to Mimic the LHC?

What if you could generate synthetic LHC collisions
that were indistinguishable from real LHC data?

[extreme extrapolation of Butter, Diefenbacher, Kasieczka, Nachman, Plehn, Shih, Winterhalder, SciPost 2022]

According to Hogg/Villar, this conflicts with the epistemology of natural science...

What if you could generate synthetic LHC collisions
based entirely on first-principles QFT calculations?

[aspirational goal in Campbell, Diefenthaler, Hobbs, Hoeche, Isaacson, Kling, Mrenna, Reuter, et al., Snowmass 2022]

Amazing if you had it! But we are nowhere near being able to do this...

Combine models of LHC data for the full phase space
with first-principles predictions whenever available

Centaur Science:

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics
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https://arxiv.org/abs/2202.09375
https://arxiv.org/abs/2203.11110

Parton Shower + Matrix Element through Optimization!?

General purpose event generator

General purpose event generator for the LHC that will...

that can make arbitrary LHC
predictions but at low accuracy

(could be a parton shower based on QCD... or an Al chatbot)

Specialized QCD calculations
that can make high-accuracy LHC

predictions for specific observables ...provably reproduce any
specialized QCD calculation?

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics 24



Training Data:

Precision QCD Calculations (in what form?)

Loss Function(al):

Information-Theoretic Measure of Similarity

Learnable Function:

Custom Boltzmann Factor

Optimizer:
Efficient Non-Linear Solver (L-BFGS)




See backup slides

Result of Information-Theoretic Optimization o dernation

—BE  Maximum entropy solution subject

Boltzmann Factor: p X € .
to constraint on average energy

Prior Sets Partition Function

} |
Generalization: p(a:') — q(x) exXp [ — 50 — 51f1 (:E) — ﬁgfg (x) — .. }
Pt

Lagrange Multipler = Constrained Quantity

If you can perform precision QCD calculations of moment constraints,
then you can improve prior predictions with learned Lagrange multipliers

[Boltzmann 1877]
Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics 26



QCD Theory meets Information Theory HEP\‘%‘%\ML

Plucking a random J——” I Jo
QCD calculation: Se )y =N e R=-——(L+ B)* L=In—2
. F(l + R/) ™ 3 C(ﬁ)
[e.g. Larkoski, Salam, |DT, JHEP 2013; T 1

based on Banfi, Salam, Zanderighi, [HEP 2005] S dal F F
udakov Form ractor

To a QCD theorist, this is a (simplified) next-to-leading-logarithmic calculation

To an ML practitioner, this is an opportunity for neurosymbolic learning

To a Centaur Scientist, the Sudakov form factor is a kind of Boltzmann factor,
where the cusp anomalous dimension is like a Lagrange multiplier that
enforces a constraint on the second logarithmic moment of the distribution

To my knowledge, logarithmic moments have never
been measured or calculated before in QCD!

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics 27


https://arxiv.org/abs/1305.0007
https://arxiv.org/abs/hep-ph/0407286

Towards a Trustable Foundation Model for Particle Theory

Precision Inputs

[ {{m1), ..., (mx)} ]

l

MaxEnt Reweighting .
Guni. (P) qrs(®) > | pi(®) pqcp(P)
WA, @) = exp|— > AT mi(@))
Lorentz Invariant Parton Shower i Posterior Truth
Phase Space Prior Distribution Distribution . . .
S Systematic expansion in moments
Lt Reweighting transfer across observables: mixed moment constraints
ay(My) = 0.118 + 20%
8 2
%g')o 10~
<
2
= 1073
z
=
=
< 104k Prior
= A d<1
d<3
r—— d<5
10— : ; ;

EFP degree d

[Assi, Lee, DT, arXiv 2026; Assi, Lee, Hoche, JDT, PRL 2025;
using Komiske, Metodiey, |DT, JHEP 2018]
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https://arxiv.org/abs/2604.00084
https://arxiv.org/abs/2501.17219
https://arxiv.org/abs/1712.07124

Centaur science continuing the tradition of
relating properties of physical systems to
concepts in computation/information theory

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics
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Scenes from my Sabbatical

Being a “centaur scientist” means capitalizing on emerging Al
technologies while insisting on scientific rigor and robustness

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics
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Question I've been wrestling with on sabbatical:
What does it mean to do robust discovery science with Al?

Exactness guarantees? Explicit verification? Statistical verification?
e.g. lattice sampling e.g. symbolic engines e.g. calibrated confidence intervals

Sean Benevedes, PhD defense April 14,2026!
[e.g. wifi ensembles in Benevedes, |DT, PRD 2025;
TAMMs in Alvarez, Benevedes, Szewc, |DT, arXiv 2026]

Case study to show how my thinking has evolved:
Searching for “new theoretical physics” through optimization

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics 31


https://arxiv.org/abs/2506.00113
https://arxiv.org/abs/2604.02219

Case Study: Two-Dimensional Conformal Field Theories

Highly constrained mathematical framework that we know a lot about
(though not my area of expertise...)

Posing a research question to

[Fateev, Zamolodchikov, Sov. Phys. JETP [985]

Only four decades too late...

[h/t to Siddharth Mishra-Sharma for the Claude credits!]
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https://inspirehep.net/literature/219875

Case Study: Two-Dimensional Conformal Field Theories

Established 2D CFTs

0.6 -

05+

03

Spectral Gap: Ag,p

0.2+

01} ®

Are there any other 2D CFTs in this range?

1.00 1.05 1.10

(And could | convince the experts if | found one? Could | convince myself?)

Central Charge: ¢

[Benjamin, Fitzpatrick, Li, DT, arXiv 2026;
bounds from Hellerman, JHEP 201 |; Friedan, Keller, JHEP 2013; Collier, Lin,Yin, JHEP 2018; Fitzpatrick, Li, [HEP 2024]
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https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/0902.2790
https://arxiv.org/abs/1307.6562
https://arxiv.org/abs/1608.06241
https://arxiv.org/abs/2308.08725

Strategies to Study/Discover CFTs

Ruling out theories (“dual”) is a lot easier than ruling them in (“primal™)

Indirect Al/ML!? Direct Al/ML!?

Classification
[Chen, He, Lal, Zaz, arXiv 2020; Kuo, Seif, Lundgren, Whitsitt, Hafezi, PRR 2022]

Reinforcement Learning
[Kantor, Niarchos, Papageorgakis, PRL 2022, PRD 2022; + Richmond, PRD 2023]

Generative Modeling

[Laio,Valenzuela, Serone, PRD 2022]

Gradient-Based Methods

[Reehorst, Rychkov, Simmons-Duffin, Sirois, Su, van Rees, SciPost 2021]
[Afkhami-Jeddi, JHEP 2022]

Genetic Algorithms

[Huang, Lee, Liao, Rumbutis, arXiv 2025]

At least it refuses to hallucinate. .. Spectral Bias Studies
[Ghosh, Kumar, Niarchos, Stergiou, arXiv 2026a, arXiv 2026b]

[Please let me know if | missed your ML-related CFT paper!]
[see reviews of dual approach to conformal bootstrap in Poland, Rychkov,Vichi, RMP 2019; Rychov, Su, RMP 2024; alternative numerical approach in Gliozzi, PRL 2013, JHEP 2016]
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https://arxiv.org/abs/1805.04405
https://arxiv.org/abs/2311.15844
https://arxiv.org/abs/1307.3111
https://arxiv.org/abs/1605.04175
https://arxiv.org/abs/2006.16114
https://arxiv.org/abs/2106.13485
https://arxiv.org/abs/2512.07706
https://arxiv.org/abs/2206.05193
https://arxiv.org/abs/2108.08859
https://arxiv.org/abs/2108.09330
https://arxiv.org/abs/2209.02801
https://arxiv.org/abs/2604.18673
https://arxiv.org/abs/2604.18686
https://arxiv.org/abs/2104.09518
https://arxiv.org/abs/2111.01799

Warm-Up Problem: Modular Bootstrap

Necessary but not sufficient condition for unitary 2D CFT to exist

Example of more general bootstrap philosophy of
defining theoretical objects by consistency conditions

N=1 Minimal Model: m=5, Ay =4 Spectrum of (Virasoro Primary) Operators:
3 ete @ 00 - Dimension: A A>j>0 00
Norim=41 : :
o =41 Spin: d>0
2 120649 @ oeo : Degeneracy: d J, d are integers
j °
1 ¢ @B o o (Euclidean) Partition Function: Z(r;c,{A_,j,.d,})
- CDOO@DD 000 @EmD O - Modular Invariance:
0 1 2 3 4 Z(T) — Z(— I/T)

[Cardy, NPB 1991; Hellerman, JHEP 201 I; Friedan, Keller, JHEP 201 3; Collier, Lin,Yin, JHEP 2018; ...]
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https://www.sciencedirect.com/science/article/abs/pii/055032139190024R?via=ihub
https://arxiv.org/abs/0902.2790
https://arxiv.org/abs/1307.6562
https://arxiv.org/abs/1608.06241

“Thinking Like a Machine”

Modular bootstrap as “self-supervised learning”

128 Stochastic 7 Values for Training: 75'**=3

30[

Training Data: 7 drdzr b o

A

4

MC Integration over 7 F Im~t ) e
AR
Loss Function(al): ~*' |
| & = (Zxx) - Z(-1/7))? N
Modular Invariance wf T

Learnable Function:

X
J Partition Function
X

At,c, {A,,j,d,})with A < A__  as parameters

Optimizer: (i) (i—1) dl. Unfortunately, this approach
Aal — Aal —N— fails dramatically at finding

dA

Gradient Descent

anything close to physical...

a

[similar philosophy to physics-informed machine learning for PDEs: Karniadakis, Kevrekidis, Lu, Perdikaris,Wang, Yang, Nature Reviews 2021]
[see ML approach to S-matrix bootstrap in Dersy, Schwartz, Zhiboedov, JHEP 2024; Niarchos Papageorgakis, PRD 2024; Gumus, Leflot, Tourkine, Zhiboedov, JHEP 2025, arXiv 2026]
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https://www.nature.com/articles/s42254-021-00314-5
https://arxiv.org/abs/2308.09451
https://arxiv.org/abs/2404.14551
https://arxiv.org/abs/2412.09610
https://arxiv.org/abs/2601.22145

“Thinking Like an Experimental Physicist”

0.08 -

Probability

0.00

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics

What are the Uncertainties on your Loss Function!?

Use “X?” instead of MSE:

0.06 |-
0.04 -

0.02 |

eaal

[l Empirical

-25 -20 -15 -10 -5 0

Log,, Naive Loss Terms

Probability

10

0.0

Z(7) — Z(—1/7)

2

P =
o(7)

N=1 Minimal Model: m=5, Ap.x=4, 75 =6

08 F
0.6 -
04r

0.2

[l Empirical

== > Expectation

N\

Log,, Improved Loss Terms

Remarkable that this
distribution comes from
purely theoretical data

[Benjamin, Fitzpatrick, Li, JDT, arXiv 2026]
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Needed a robust
method to quantify
uncertainties

Collaborating with
Claude helped me
identify connections
in the literature



https://arxiv.org/abs/2604.01275

“Thinking Like an Mathematical Physicist” |F|

What is the Geometry of your Loss Landscape?

Use quasi-second order - - dL
5 Ag) — Ag b ab 5+

methods instead of SGD: dA,

Spectrum After Optimization: Gradient Descent Spectrum After Optimization: Sven: Ngy=16
30 =109 aee 3 e=1.09 O
]Vplrimzs1 ]Vprim=32
dtotal =51 dtotal =32
3 Qeeeee - 2 @ @ ‘
j —
Code name: “Sven”
I QIICOCOO00000 I @00 & O 1 .
Singular Value dEsceNt
Or COMMIOO - OF - : : :
e 000000 @e & 00 @ Now available in GitHub!
IIOIIIIIIIII2IIII3IIII4II IIOIIIIIIIIIZIIII3IIII4II
A A

[Bright-Thonney, Harvey, Lukas, |DT, arXiv 2026]
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https://arxiv.org/abs/2604.01279
https://github.com/sambt/sven/

Updating the Space of Candidate 2D CFTs

Remember: Modular invariance is necessary but not sufficient

Established 2D CFTs

0.6 - .

0.5

04} -

Spectral Gap: Agyp

02 ® -

01f ®

(N R L L L L L -

1.00 1.05

1 1 | TR N B
1.10

1.15 1.20

Central Charge: ¢

[Benjamin, Fitzpatrick, Li, JDT, arXiv 2026;
Bright-Thonney, Harvey, Lukas, |DT, arXiv 2026]
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https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279

Updating the Space of Candidate 2D CFTs

Remember: Modular invariance is necessary but not sufficient

[a)
~

o
3

Spectral Gap: Agyp

S
o

Survey Results: Candidate 2D CFTs, Apax=4

|||||||||||||||||||||||||

0.6 -
05

-? ?! 000 O

@ YXXXXXR
X e000000 -
90000000000 |
- 900000000000
- 00000000000
REXXXXXXXXXXE

0.1+

- 00000000000 -

00

|||||||||||||||||||||||||

000000 0

Central Charge: ¢

Highly suggestive of an obstruction...

| don’t know how we would have gotten
this result without AI/ML methods!

Direct AI/ML: Reframe modular bootstrap
in optimization language

Indirect AI/ML:  Reason through conceptual issue
of estimating uncertainties

[Benjamin, Fitzpatrick, Li, JDT, arXiv 2026;
Bright-Thonney, Harvey, Lukas, |DT, arXiv 2026]

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics
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https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279

But | also don’t know how we would have
gotten this result without physics input!

|dentify tractable problem of
relevance to experts in the field

Develop new optimization algorithms
based on physics intuition

Pursue statistical robustness even
in a purely theoretical setting



https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279

Advancing (theoretical) physics through a
centaur-style merging of bhysical reasoning
and computational algorithms

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics
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. . . Physics
Centaur Science: Adventures in Al+Physics y \’%‘%\ N

Machine Learning through the Lens of Physics

Al is transforming physics research, but many foundational
aspects of Al can be translated into the language of physics

QCD Theory meets Information Theory

To confront thorny challenges in theoretical physics, we can
reframe them as well-defined optimization problems

Scenes from my Sabbatical

Being a “centaur scientist” means capitalizing on emerging Al
technologies while insisting on scientific rigor and robustness

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics
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Artificial intelligence
as a pathway to
scientific insight

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics

Physics intelligence
as a pathway to
Al innovation

45


http://iaifi.org

Backup Slides
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Collision of HEP and ML

(Theoretical)
High Energy

Physics \%

New insights into particle physics™
facilitated by advances in machine learning™

(and vice versa?)

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics

\Mathematics,
Statistics,

Computer Science
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A Smashing Success!

Blind Source Separation <

LER LN s
ll.....
Ny
uy

Yy

[
~
[

Generative Modeling

4 N Q p
2 | 3 @
iz Q <
) (@) o6 ()
e, o o
~.‘ L L
L 4
G
‘0
.
|
Deconvolution
Detector-level Particle-level
_ Data
A :
' ’ Calibrati RN
Quantum Machine Learning alibration 2 U
1% X Distributions for Gen pr € [695, 705] GeV
! ‘ S ‘ ‘ ‘ Step 1: Step 2:
’ CMS 2011 Open Simulation '_ﬂ me}:ﬂ“ S 10 Data RLMW}‘R:L".
E[pr]0] E[pr|0] ozsf o 4_'-' ] g o
q i i Wil =2 W8 Upn—1 — VUp
Y 0.20f gi:_P”) 1 1 L Sj . Pull Weights DTS
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) »n
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005}
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Jet Energy Resolution 6,, [GeV] [From m)’ researCh on thalennet]
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https://jthaler.net/research/#aiml

The Future of Artificial Intelligence and the
Mathematical and Physical Sciences (AI+MPS)

Community Paper from the NSE Future of AI+MPS Workshop
Cambridge, Massachusetts — March 24-26, 2025

Cross-Disciplinary ~ Advocate for Diverse Funding Streams Al Innovations from Science
Opportunities:  Pursue the Science of Al ——————— Understanding Al Behaviors
Establish Scalable Al Infrastructures Robust and Reproducible Al
Facilitate Interdisciplinary Collaborations
Cultivate Key Al Techniques for Science
Leverage Al for Conducting Research

Educate and Train an AlI+MPS Workforce
Empower Al Innovation

[Ferguson, LaFleur, Ruthotto, JDT, Ting, Tiwary,Villar, et al., MLST 2026]
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https://arxiv.org/abs/2509.02661

Many HEP problems can be

MaChine Learning IO I: Lil(elihOOd RatiO TriCI( expressed in this form!

Key tool for simulation-based inference

Goal:  Estimate p(x) / q(x) Probl)
Training Data: Finite samples P and Q
Learnable Function: f(x) parametrized by, e.g., neural networks x

Loss Function(al): L = —< 10g f($)>P -+ <f($) — 1>Q

[see e.g. Cranmer, Pavez, Louppe, arXiv 2015; D’Agnolo, Wulzer, PRD 2019;
simulation-based inference in Cranmer, Brehmer, Louppe, PNAS 2020;
relation to f-divergences in Nguyen,Wainwright, Jordan,AoS 2009; Nachman, JDT, PRD 2021]
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https://arxiv.org/abs/1506.02169
https://arxiv.org/abs/1806.02350
https://arxiv.org/abs/1911.01429
https://arxiv.org/abs/math/0510521
https://arxiv.org/abs/2101.07263

Key tool for simulation-based inference

Goal:
Training Data:

Learnable Function:

Machine Learning 101: Likelihood Ratio Trick O pressed nthis form
Estimate p(x) / q(x) prob() |
Finite samples P and Q e
f(x) parametrized by, e.g., neural networks x

Action/Lagrangian:
assuming enough data

Euler-Lagrange:

L~ [ do (= p@)log f(a) +a(a)( () - 1))

arg min L, = @

f(x) q (f)
p(z)

—min L = | dxzp(x)lo
f(x) / plz) ® (@)

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics

Likelihood ratio log r(x)

Kullback—Leibler divergence

[see e.g. Cranmer, Pavez, Louppe, arXiv 2015; D’Agnolo, Wulzer, PRD 2019;

simulation-based inference in Cranmer, Brehmer, Louppe, PNAS 2020;

relation to f-divergences in Nguyen,Wainwright, Jordan,AoS 2009; Nachman, JDT, PRD 2021]
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https://arxiv.org/abs/1806.02350
https://arxiv.org/abs/1911.01429
https://arxiv.org/abs/math/0510521
https://arxiv.org/abs/2101.07263

Applications of Likelihood Ratio Trick

Detector Unfolding Monte Carlo Reweighting Resolution Estimation

Detector-level Particle-level , , , , , , Distributions for Gen pr €[695, 705] GeV
;\?itial :/\P/{eights lor K =1 CMS 2011 Open Simulation "
eural Resampler, K =
— Data 108} _—. Neural R pl Ontimal K _ 0.25} DNN
5 eural Resampler, Optima EEN < i
2|\ . | PEN
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Jet Energy Resolution 0, [GeV]

[Andreassen, Komiske, Metodiev, Nachman, [Nachman, ]DT, PRD 2020; inspired by [Gambhir, Nachman, JDT, PRL 2022, PRD 2022]
JDT, PRL 2020; + Suresh, ICLR SimDL 2021] Andersen, Gutschow, Maier, Prestel, EP|C 2020]

Theme: Convert sampled data into usable function approximation

And you can extract frequentist uncertainties on the likelihood ratio!
[see wifi ensembles in Benevedes, ]DT, PRD 2025]
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From April Fools” Sendup to Public Engagement Event!

[Grosso, CSF 2024]



https://chatjesset.com

Information Theory and Optimization

“Predicting” a distribution by maximizing entropy

- 1 1
Shannon Entropy: H (X ) = p(x;) log Maximum: p(x;) = —
28 n

Continuum Version

Relative Entropy: — Dk, (P||Q) = /dmp(x) log 1q9(56) | (610 — 1)(1 — /da:p(az))

Lagrange Multiplier to enforce normalization

Extremum:  p(z) = e~ Pg(x)  fy =0 = p(x) = gq(x)

(KL divergence we saw before)

Maximizing (unconstrained) entropy is equivalent to choosing a prior
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Information Theory and Constrained Optimization N

“Predicting” a distribution by maximizing entropy with fixed moments

Relative Entropy: — Dk, (P||Q) = /da:p(a:') log j?gii - (Bo— 1) (1 — /da:'p(x))

Plus Moment Constraints: + Z 5j (Cj — / dx p(x)fj (x))
J

Extremum: p(x) = q(x) eXp [ — Bo — Z Bj fj (:1:‘)}

Same manipulation as Boltzmann’s approach to statistical mechanics!
e-PE: Lagrange multipliers set to values that satisfy constraints

[Assi, Lee, Hoche, |DT, PRL 2025]
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https://arxiv.org/abs/2501.17219

Information Theory and Numeric Constrained Optimization

“Predicting” a distribution by maximizing entropy with fixed moments and auto-differentiation
Extremum: p(x) = q(:v) exp { — By — Z 53- fj (x)}
J
Target Moment:  C; Current Moment: dj — /d:l;‘ p(a?) fj (m)

2
ci — d;
Loss Function: L = Z ( J J)
4]
J Cj_l_ J

Numerically minimize loss to estimate Lagrange multipliers
As long as they aren’t strictly incompatible, works for any set of basis functions

[Assi, Lee, Hoche, |DT, PRL 2025]
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Simplified Calculation for Thrust
Leading log at fixed coupling

—20,Cr InT

Sudakov Form Factor

p(r) = ————

Ordinary Moments

B QCVSCF 1
1 m?

- O(a?)

S

(")

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics

sC
exp{ Ao F In* T}
T

Logarithmic Moments

<1n”7>:(—1)n( " )n/Qr[

O‘scF

Example of “Sudakov Safe” Observable

[Assi, Lee, Hoche, DT, PRL 2025;
Sudakov safety in Larkoski, Marzani, JDT, PRD 2015]

n
1+ —
+2

|
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Mean = Strong Coupling Logarithmic Mean = Sudakov Peak

B QCMSCF s

(7) (In7) = —

s QOéSCF

Characterizes Fixed-Order Information Characterizes Resummed Information



https://arxiv.org/abs/2501.17219
https://arxiv.org/abs/1502.01719

Proof-of-Concept Study with “Thrust”

First QCD Calculation of Priors from imperfect generators yield

Thrust Logarithmic Moments! consistent results after moment reweighting!
T T T ~ ET T 1T ‘ T T ‘ T T ‘ T T ‘ T T ‘ T T ‘ T T ‘ IS
rei  NNLL' 4+ O(a? o - :
o4 NLL/ + O(a(sa) | E 10! & XP{=A00 = Ky AT In"T) 0 S m < < 4 =
S e 3
te4  LL ~ F =
(In7)p  -3.046 :._._""_é 1 e
(r)F 0.06638 Fe— . f ]
+ 107 —— NNLL + O(a2) 3
(rln7)p  -0.1584 e - —+— t-reweighted parton shower |
(n?7)f  9.934 . —_—— 1072 =¢ residual prior variation =
' —ed - —t— parton shower prior 7
(r2)f  0.00798 — 10-3 L prior variation _
(rln®7)p 04184 : ._._":'_. = :
(r?In7)f  -0.0151 =i S 14 B iE
1.3 = =
miryf 3413 — . %% = &
: Y O1E 5
(F3yF0.001402 = e— g/ 09 = E
(rn®r)p  -1.205 F 07 = =
= 0.6 & 2
(Fln7)}  -0.002263 > L4 S 1
e 00154 - s B35 =
! o 11F o2
(ir)b 1221 e s 1 E 5
' i ~ 09 = E
(rYyf  0.0003034 , — 0.8 & 5
I ® 0.7 = =
' ' ' ' ' 0.6 S oo b b b b Lo 0 @

0.4 0.6 0.8 LO 1.2 1.4 065 07 075 08 08 09 095

Ratio to NNLL' 4+ O(a?) T=1—7

[Assi, Lee, Hoche, DT, PRL 2025;
see Sudakov safety in Larkoski, Marzani, |DT, PRD 2015;
see related moment construction in Desai, Nachman, DT, PRD 2024]

Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science: Adventures in Al+Physics

60


https://arxiv.org/abs/2501.17219
https://arxiv.org/abs/1502.01719
https://arxiv.org/abs/2407.11284

Descending into the Modular Bootstrap

1015

10" -

10° +

1000

Test Loss Evolution: ¢=1.09 Candidate

T | T T T T | T T T T | T T T T | T T T T | T T T T
= Grad. Descent
Sven: kgy=1
Y
- Sven: kgy=2
W Sven: ksy—4

= Sven: ksy=8

= Sven: kgy=16 -

50 100 150 200 250

Iteration

300

Paras:

Tight constraints on individual operators...

Uncertainties: ¢=1.09 Candidate

of 27
¢=1.09

A=0.0705
A=0.191
A=0.237
A=0.434
A=0.832
A=0.855
A=1.22
A=1.22
A=1.22
A=1.90
A=251
A=251

108

...almost certainly spanning a continuous space of solutions!

10°¢ 104 0.01
. . . . .
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)
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° )
[ J
[}
1076 104 0.01

Fractional Uncertainty on ¢ or A
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j=2
j=2

j=2

108

Uncertainties: ¢=1.09 Candidate
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Fractional Uncertainty on ¢ or A

A=1.03
A=1.19
A=1.84
A=2.69
A=2.69

A=2.06
A=2.08
A=325

A=3.05
A=325
A=3.55
A=3.65
A=3.73
A=3.84

[Benjamin, Fitzpatrick, Li, JDT, arXiv 2026; Bright-Thonney, Harvey, Lukas, |DT, arXiv 2026]
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Cross Checking Modular Bootstrap Results (| of 2) ar
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1.10
Central Charge: ¢

1.15

Allowing Non-Integer
Degeneracy with Amax = 4

Non-Integer Degeneracy, Apa.x=4

05+
deoo0ee0e
“ doo0e@@O :

03 .

Spectral Gap: Agqp

0.1+

0.0
R

1.00 1.05

1.10 1.15 1.20

Central Charge: ¢

[Benjamin, Fitzpatrick, Li, JDT, arXiv 2026; Bright-Thonney, Harvey, Lukas, |DT, arXiv 2026]
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Cross Checking Modular Bootstrap Results (2 of 2) ar
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Increasing Constraints
to Amax = 5

Spectral Gap: Agqp

Integer Degeneracy, Ay =5
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Central Charge: ¢

1.15

on

Evaluating Amax =
Spectra at Amax = 4

Amax=35 Spectra Truncated to Apyax=4
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[Benjamin, Fitzpatrick, Li, JDT, arXiv 2026; Bright-Thonney, Harvey, Lukas, |DT, arXiv 2026]
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From Al Curmudgeon... to Al Evangelist! |F-I

Ehe New Hork Eimes

Can a Computer Devise a Theory of
Fverything?

“In five to 10 years from now, I’'m going to want to do exactly what you're getting at:
Here’s the data, here’s a very rough tool kit; find the equation | could put on a T-shirt,
the equation that replaces the Standard Model of particle physics. What'’s the
equation that replaces Einstein’s general relativity?”

N.B. This was November 2020. ChatGPT was released November 2022.
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