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Empowering the Next Generation of AI + Physics Talent

IAIFI Postdoctoral Fellows
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Physics

Yang
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Reinforcement 

Learning

Grosso

AI for 
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Golubeva

⇒
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⇒
Plus 2026-29 fellows to be announced!

Luo

⇒

Boyda

⇒

IAIFI Summer School & Workshop Photos from 2024 Edition @ MIT

Cuesta

⇒

Feng

AI for
Scientific
Imagining

Gerdes

AI for
Theoretical

Physics
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Lessons from the Physics / AI Collision

To meet the standards of scientific rigor and performance,
we need to teach machines to “Think like a Physicist”
E.g.:  symmetries, robustness to systematics, exactness guarantees, statistical inference, …

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

E.g.:  computational complexity, reframing via optimization/search, algorithmic reasoning, …

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)

?
AI

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

https://condenaststore.com/featured/the-centaur-scale-joe-dator.html
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Physics for AI… and Back Again
How do machines learn?  What do they learn?

[Williams, Tegmark, Kitouni, Nolte, Michaud, 
Liu, Pérez-Díaz, Trifinopoulos, Kantamneni, Richardson, 

NeurIPS 2022 Spotlight Oral, ICML 2023, ICML 2024, arXiv 2025]

Understanding “grokking” 
(sudden learning) as phase transition

Predicting nuclear properties with high precision
(often better than specialized nuclear models)

Machine-Learned Double Helix cf. Nuclear Data Tables

IAIFI Interim Director

https://arxiv.org/abs/2205.10343
https://openreview.net/pdf?id=DICZxsnvYD
https://arxiv.org/abs/2405.17425
https://arxiv.org/abs/2508.08370
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Being a “centaur scientist” means capitalizing on emerging AI 
technologies while insisting on scientific rigor and robustness

Scenes from my Sabbatical

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

Machine Learning through the Lens of Physics

7

Centaur Science:  Adventures in AI+Physics ?
AI

Physics
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Confronting AI/ML Hype vs. Reality

“AI is a transformative
technology”

“ML is just numerical
optimization”

Both are true!  And both are changing the scientific enterprise

Direct AI/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 AI

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

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

Organizers:
Andrew Ferguson (Materials Research, University of Chicago)
Marisa LaFleur∗ (MIT)
Lars Ruthotto (Mathematical Sciences, Emory University)
Jesse Thaler∗ (Physics, MIT)
Yuan-Sen Ting (Astronomical Sciences, The Ohio State University)
Pratyush Tiwary (Chemistry, University of Maryland)
Soledad Villar (Mathematical Sciences, Johns Hopkins University)

Participants:
E. Paulo Alves (University of California, Los Angeles); Jeremy Avigad (Carnegie Mellon Uni-

versity); Simon Billinge (Columbia University); Camille Bilodeau (University of Virginia); Keith
Brown (Boston University); Emmanuel Candes (Stanford University); Arghya Chattopadhyay (Uni-
versity of Puerto Rico Mayaguez); Bingqing Cheng (Unversity of California, Berkeley); Jonathan
Clausen (Strategic Analysis, Inc.); Connor Coley (MIT); Andrew Connolly (University of Washing-
ton); Fred Daum (Raytheon); Sijia Dong (Northeastern University); Chrisy Xiyu Du (University of
Hawai‘i at Mānoa); Cora Dvorkin (Harvard University); Cristiano Fanelli (William & Mary); Eric
B. Ford (The Pennsylvania State University); Luis Manuel Frutos (University of Alcala); Nicolás
García Trillos (University of Wisconsin-Madison); Cecilia Garra!o (Center for Astrophysics | Har-
vard & Smithsonian); Robert Ghrist (University of Pennsylvania); Rafael Gomez-Bombarelli (MIT
DMSE); Gianluca Guadagni (University of Virginia); Sreelekha Guggilam (Texas A&M University,
Corpus Christi); Sergei Gukov (Caltech); Juan B. Gutiérrez (University of Texas at San Anto-
nio); Salman Habib (Argonne National Laboratory); Johannes Hachmann (University at Bu!alo,
The State University of New York); Boris Hanin (Princeton University); Philip Harris (MIT);
Murray Holland (JILA and University of Colorado Boulder); Elizabeth Holm (University of Michi-
gan); Hsin-Yuan Huang (Caltech); Shih-Chieh Hsu (University of Washington); Nick Jackson (Uni-
versity of Illinois, Urbana-Champaign); Olexandr Isayev (Carnegie Mellon University); Heng Ji
(University of Illinois Urbana-Champaign, Amazon Scholar); Aggelos Katsaggelos (Northwestern
University); Jeremy Kepner (MIT Lincoln Laboratory Supercomputing Center); Yannis Kevrekidis
(Johns Hopkins University); Michelle Kuchera (Davidson College); J. Nathan Kutz (University of
Washingon); Branislava Lalic (University of Novi Sad); Ann Lee (Carnegie Mellon University);
Matt LeBlanc (Brown University); Josiah Lim (Johns Hopkins University); Rebecca Lindsey (Uni-
versity of Michigan, Ann Arbor); Yongmin Liu (Northeastern University); Peter Y. Lu (University
of Chicago); Sudhir Malik (University of Puerto Rico Mayaguez); Vuk Mandic (University of Min-
nesota); Vidya Manian (University of Puerto Rico, Mayaguez); Emeka P. Mazi (Georgia State
University); Pankaj Mehta (Boston University); Peter Melchior (Princeton University); Brice Mé-
nard (Johns Hopkins University); Jennifer Ngadiuba (Fermilab); Stella O!ner (University of Texas
at Austin); Elsa Olivetti (MIT); Shyue Ping Ong (University of California San Diego); Christo-
pher Rackauckas (JuliaHub, Pumas-AI, MIT); Philippe Rigollet (MIT); Chad Risko (University of

∗Corresponding authors: mlafleur@mit.edu and jthaler@mit.edu
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[Ferguson, LaFleur, Ruthotto, JDT, Ting, Tiwary, Villar, et al., accepted in MLST]

Cross-Disciplinary
Opportunities:

Advocate for Diverse Funding Streams
Pursue the Science of AI
Establish Scalable AI Infrastructures
Facilitate Interdisciplinary Collaborations
Cultivate Key AI Techniques for Science
Leverage AI for Conducting Research
Educate and Train an AI+MPS Workforce
Empower AI Innovation

AI Innovations from Science
Understanding AI Behaviors
Robust and Reproducible AI

https://arxiv.org/abs/2509.02661
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AI is Changing What it Means To…

[from my GGI lectures, January 2026; more examples at HEP ML Living Review]

Design/Build/Operate 
Experiments

Representative examples,
far from exhaustive!

2024 JINST 19 C07001

momentum points for each 𝐿 range. This optimization was carried out with 50 initial Sobol points,
a SAASBO surrogate model, and a qNEHVI acquisition function, with the optimization executed
for 200 total evaluations in batches of 10.! Convergence was achieved after 150 trials. Preliminary
Pareto-optimal points found after these trials include potential designs that outperform the nominal
dRICH geometry. Initial results shown at the dRICH working group meetings of ePIC suggest that
while the nominal dRICH geometry is well-optimized for the large 𝐿 region, the MOBO algorithm
identifies opportunities for improvement within the available design space.

Far-forward detectors [23] measure very forward neutral and charged particles [24]. The EIC
far-forward detectors consist of four independent B0 subsystems: Tracking and Photon Detection,
Roman Pots, O!-Momentum Detectors, and the Zero-Degree Calorimeter. The B0 system measures
charged particles in the forward direction and tags neutral particles. O!-momentum detectors measure
charged particles from decays and fission, Roman pot detectors measure charged particles near the
beam, and the zero-degree calorimeter measures neutral particles at small angles. The optimization
objective for the B0 ECAL calorimeter is to improve momentum resolution under a non-homogeneous
magnetic field while simultaneously increasing the B0 ECAL acceptance." Acceptance is defined as
the ratio of the number of tracks before the first tracking disk to the number of showers detected by the
B0 ECAL. This is challenging because the magnetic field peaks within a limited range in 𝑀, and moving
it to extremes can disrupt acceptance. There are four main design parameters, specifically the disk z
positions. Some constraints have also been applied to reflect the real scenario, such as all trackers should
be placed within 6.65 m, and the sum of the z-positions of two subsequent trackers should be → 10 cm.

A visualization of the sub-detecting systems described in this section is shown in figure 4.

Figure 4. Sub-detector system in ePIC optimized with AID(2)E: (left) the dRICH design is characterized by two
radiators (aerogel and gas) and 6 identical sectors with photosensors [2]; (right) The B0 Tracker and the B0 ECAL
detector. The magnetic field in the B0 Region is inhomogenous making the optimization more challenging.

3 Broader impact and future work

Our work with the dRICH and B0 sub-detectors at the ePIC experiment demonstrates the potential
for extending our methodologies to other sub-detector systems, tailoring to the ePIC detector needs.

!Definitions of Sobol points, SAASBO and qNEHVI can be found in the tutorial [12].
"A schematic representation of the far-forward detectors can be found in [25].

– 7 –

2024 JINST 19 C07001

momentum points for each 𝐿 range. This optimization was carried out with 50 initial Sobol points,
a SAASBO surrogate model, and a qNEHVI acquisition function, with the optimization executed
for 200 total evaluations in batches of 10.! Convergence was achieved after 150 trials. Preliminary
Pareto-optimal points found after these trials include potential designs that outperform the nominal
dRICH geometry. Initial results shown at the dRICH working group meetings of ePIC suggest that
while the nominal dRICH geometry is well-optimized for the large 𝐿 region, the MOBO algorithm
identifies opportunities for improvement within the available design space.

Far-forward detectors [23] measure very forward neutral and charged particles [24]. The EIC
far-forward detectors consist of four independent B0 subsystems: Tracking and Photon Detection,
Roman Pots, O!-Momentum Detectors, and the Zero-Degree Calorimeter. The B0 system measures
charged particles in the forward direction and tags neutral particles. O!-momentum detectors measure
charged particles from decays and fission, Roman pot detectors measure charged particles near the
beam, and the zero-degree calorimeter measures neutral particles at small angles. The optimization
objective for the B0 ECAL calorimeter is to improve momentum resolution under a non-homogeneous
magnetic field while simultaneously increasing the B0 ECAL acceptance." Acceptance is defined as
the ratio of the number of tracks before the first tracking disk to the number of showers detected by the
B0 ECAL. This is challenging because the magnetic field peaks within a limited range in 𝑀, and moving
it to extremes can disrupt acceptance. There are four main design parameters, specifically the disk z
positions. Some constraints have also been applied to reflect the real scenario, such as all trackers should
be placed within 6.65 m, and the sum of the z-positions of two subsequent trackers should be → 10 cm.

A visualization of the sub-detecting systems described in this section is shown in figure 4.

Figure 4. Sub-detector system in ePIC optimized with AID(2)E: (left) the dRICH design is characterized by two
radiators (aerogel and gas) and 6 identical sectors with photosensors [2]; (right) The B0 Tracker and the B0 ECAL
detector. The magnetic field in the B0 Region is inhomogenous making the optimization more challenging.

3 Broader impact and future work

Our work with the dRICH and B0 sub-detectors at the ePIC experiment demonstrates the potential
for extending our methodologies to other sub-detector systems, tailoring to the ePIC detector needs.

!Definitions of Sobol points, SAASBO and qNEHVI can be found in the tutorial [12].
"A schematic representation of the far-forward detectors can be found in [25].

– 7 –

e.g. ePIC detector
optimization for EIC 

[AID(2)E Collaboration, JINST 2024]

Perform/Report 
Measurements

e.g. ATLAS 24-dimensional
unbinned unfolding

[ATLAS, PRL 2024]

100

102

104

d
æ
/d

pµ
1

T
[f
b
/G

eV
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

Drell-Yan: Sherpa 2.2.11 + X
(X = EW Zjj, V Z ! V µµ)

Drell-Yan: MG5+Py8 + X

OmniFold Data

200 400 600 800

Leading lepton pT [GeV]

0.5
1.0
1.5

R
at

io
to

D
at

a

0

200

400

600

d
æ
/d

¡
µ
1

[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

°2 0 2
Leading lepton ¡

0.5
1.0
1.5

R
at

io
to

D
at

a

0

200

400

600

800

d
æ
/d

y
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj1
T > 5 GeV

°2 °1 0 1 2
Leading jet y

0.5
1.0
1.5

R
at

io
to

D
at

a

10°1

100

101

102

d
æ
/d

pµ
µ

T
[f
b
/G

eV
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

200 400 600 800 1000

Dilepton pT [GeV]

0.5
1.0
1.5

R
at

io
to

D
at

a

100

101

102

103

d
æ
/d

m
[f
b
/G

eV
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj1
T > 5 GeV

0 20 40 60

Leading jet m [GeV]

0.5
1.0
1.5

R
at

io
to

D
at

a

102

103

104

105

d
æ
/d

ø 2
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj1
T > 5 GeV

0.0 0.1 0.2 0.3 0.4 0.5
Leading jet ø2

0.5
1.0
1.5

R
at

io
to

D
at

a

10°1

100

101

102

d
æ
/d

pµ
2

T
[f
b
/G

eV
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

100 200 300 400

Subleading lepton pT [GeV]

0.5
1.0
1.5

R
at

io
to

D
at

a

0

200

400

600

d
æ
/d

¡
µ
2

[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

°2 0 2
Subleading lepton ¡

0.5
1.0
1.5

R
at

io
to

D
at

a

0

200

400

600

d
æ
/d

y
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj2
T > 5 GeV

°2 °1 0 1 2
Subleading jet y

0.5
1.0
1.5

R
at

io
to

D
at

a

0

200

400

600

800

d
æ
/d

yµ
µ

[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

°2 °1 0 1 2
Dilepton y

0.5
1.0
1.5

R
at

io
to

D
at

a
100

101

102

103

d
æ
/d

m
[f
b
/G

eV
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj2
T > 5 GeV

0 10 20 30 40

Subleading jet m [GeV]

0.5
1.0
1.5

R
at

io
to

D
at

a

103

104

105

d
æ
/d

ø 2
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj2
T > 5 GeV

0.0 0.1 0.2 0.3 0.4 0.5
Subleading jet ø2

0.5
1.0
1.5

R
at

io
to

D
at

a

0

200

400

600

800

d
æ
/d

¥µ
1

[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

°2 °1 0 1 2
Leading lepton ¥

0.5
1.0
1.5

R
at

io
to

D
at

a

10°1

100

101

102

d
æ
/d

p T
[f
b
/G

eV
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj1
T > 5 GeV

200 400 600 800 1000

Leading jet pT [GeV]

0.5
1.0
1.5

R
at

io
to

D
at

a

0

200

400

600

d
æ
/d

¡
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj1
T > 5 GeV

°2 0 2
Leading jet ¡

0.5
1.0
1.5

R
at

io
to

D
at

a

101

102

103

d
æ
/d

n
ch

[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj1
T > 5 GeV

10 20 30
Leading jet nch

0.5
1.0
1.5

R
at

io
to

D
at

a

102

103

104

105

d
æ
/d

ø 1
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj1
T > 5 GeV

0.0 0.2 0.4 0.6 0.8
Leading jet ø1

0.5
1.0
1.5

R
at

io
to

D
at

a

103

104

105

d
æ
/d

ø 3
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj1
T > 5 GeV

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Leading jet ø3

0.5
1.0
1.5

R
at

io
to

D
at

a

0

200

400

600

800

d
æ
/d

¥µ
2

[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

°2 °1 0 1 2
Subleading lepton ¥

0.5
1.0
1.5

R
at

io
to

D
at

a

100

101

102

103

d
æ
/d

p T
[f
b
/G

eV
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj2
T > 5 GeV

100 200 300 400 500

Subleading jet pT [GeV]

0.5
1.0
1.5

R
at

io
to

D
at

a

0

200

400

600

d
æ
/d

¡
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj2
T > 5 GeV

°2 0 2
Subleading jet ¡

0.5
1.0
1.5

R
at

io
to

D
at

a

101

102

103

d
æ
/d

n
ch

[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj2
T > 5 GeV

10 20 30
Subleading jet nch

0.5
1.0
1.5

R
at

io
to

D
at

a

102

103

104

105

d
æ
/d

ø 1
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj2
T > 5 GeV

0.0 0.2 0.4 0.6 0.8
Subleading jet ø1

0.5
1.0
1.5

R
at

io
to

D
at

a

103

104

105

d
æ
/d

ø 3
[f
b
]

ATLAS p
s =13 TeV, 139 fb°1

Z ! µµ, pµµ
T > 200 GeV

pj2
T > 5 GeV

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Subleading jet ø3

0.5
1.0
1.5

R
at

io
to

D
at

a

Figure 6: Measured di!erential cross sections of the 24 𝐿+jet observables compared with particle-level predictions.
For display purposes, binned (marginal) distributions are shown, though the measurement itself is unbinned and
24-dimensional.

22

Search for
New Physics

17

Figure 5: The discovery sensitivity for the process A → BC, using the anomaly detection meth-
ods and a comparison to sensitivity of the inclusive search. In all signal processes, the mass of
the heavy resonance is set to mA = 3 TeV. For the BSM daughter particles, the masses of the Y
and Y↑ are set to 170 GeV, while the masses of the B↑, R, and H are set to 400 GeV. In the upper
panel, for each method, the cross section, which would have led to an expected 3σ (5σ) excess,
is shown as a cross (square) marker. Sensitivities from six anomaly detection methods (six col-
ors) are compared to an inclusive dijet search in which no substructure selection is made (black)
and traditional substructure selections targeting 2-prong (dark brown) or 3-prong (tan) decays.
The expected 95% confidence level upper limits from the inclusive search are also shown in the
upper panel as a dashed line. For all signal models at least one anomaly detection method is
able to achieve an expected 5σ significance at a cross section at or below the upper limit of the
inclusive search. Shown in the lower panel is the ratio of the cross section sensitivity from the
inclusive search to the corresponding sensitivity for each method.

e.g. CMS anomalous dijet
resonance search

[CMS, RPP 2025]

https://www.ggi.infn.it/ggilectures/ggilectures2026/
https://iml-wg.github.io/HEPML-LivingReview/
https://arxiv.org/abs/2405.16279
https://arxiv.org/abs/2405.20041
https://arxiv.org/abs/2412.03747
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e.g. generative modeling
for lattice field theory

…

Quantum field generation Image generation
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p(U ) = e−S(U) /Z Target: Subjective high quality per sample


Symmetries: Few approximate symmetries 
(e.g. reflection, small translations)

256 x 256 x 256 x 512 

x 4 x 8
 100,000,000,000 dof≈

Lattice geometry

SU(3) link variables
512 x 512 

x 3
 1,000,000 dof≈

Image geometry
RGB pixel variables

Figure 2. Comparison between the sampling tasks of quantum field generation for lattice quantum chromodynamics and image
generation. In addition to differences in the target and symmetries of the problems, the hierarchy of degrees of freedom (dof) per sample to
number of samples is inverted for quantum field generation as compared with image generation. The action S encodes the dynamics of the
theory by defining the statistical distribution p, U the gluon field, and Z is a normalizing constant. The image on the right side is reprinted
from Kaggle (https://www.kaggle.com/datasets/vitaliykinakh/stable-imagenet1k) under a Creative Commons license (CC0 1.0).

an expectation value under q! , allowing the divergence and
its gradient to be estimated from model samples alone.

Any ML approach to sampling for lattice QCD must also
be ‘scalable’ as the number of lattice sites, M = V/a4, is
increased. Ideally, its computational and memory costs should
scale linearly or sub-linearly with the number of lattice sites,
which we denote by O(M) below. This applies to all aspects
of the model: drawing samples, evaluating the likelihood q! ,
and evaluating the gradients !! D(q! ; p). This consideration
restricts or rules out certain classes of models, as discussed
below.

The features of various generative modelling frameworks
that could be considered for the lattice QCD sampling problem
are outlined below.

• Latent-variable models such as generative adversarial
networks32 and VAEs33, 34 typically have efficient O(M)
sampling, but intractable likelihoods (involving marginal-
ization of latent variables).

• Auto-regressive models14, 15, 22, 26–30, 35 typically have
efficient O(M) likelihood evaluation. Sampling can also
be achieved with O(M) cost in principle, but existing

implementations are impractically slow.

• Continuous time models include diffusion mod-
els23, 24 defined via stochastic differential equations and
continuous-time normalizing flows36 defined via ordi-
nary differential equations. In these models, likelihood
computation requires integrating a scalar ordinary dif-
ferential equation defined by the divergence of a vector
field (the marginal score function). This computation typ-
ically has computational cost O(M3) unless additional
structure is forced on to the model37.

• Discrete time normalizing flow models38–43 remain as
good candidate models. In a discrete flow, the genera-
tive process maps a latent vector z (a field configuration
in the lattice field theory context) sampled from a base
density into the target density via the composition of
a series of parametric diffeomorphisms F1, F2, . . . , Fn.
If z is sampled with density r(z), then a flow sample
x = F(z) has known density q(x) = r(z) |det∀F/∀ z|→1,
where F = F1 ↑ · · ·↑Fn is the composed diffeomorphism.
By restricting to Fi for which ∀Fi/∀ z is a triangular ma-
trix, the cost of |det∀F/∀ z| is only O(M) (ref. 38).

5/11

[Cranmer, Kanwar, Racanière, Rezende, Shanahan,
Nature Reviews 2023]

e.g. evaluating AI reasoning
abilities on TPBench 

[Chung, Gao, Kvasiuk, Li, Münchmeyer, Rudolph, Sala, Tadepalli, MLST 2025]

Be a PhysicistMake Theory Predictions

Representative examples,
far from exhaustive!

[from my GGI lectures, January 2026; more examples at HEP ML Living Review]

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/
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an expectation value under q! , allowing the divergence and
its gradient to be estimated from model samples alone.

Any ML approach to sampling for lattice QCD must also
be ‘scalable’ as the number of lattice sites, M = V/a4, is
increased. Ideally, its computational and memory costs should
scale linearly or sub-linearly with the number of lattice sites,
which we denote by O(M) below. This applies to all aspects
of the model: drawing samples, evaluating the likelihood q! ,
and evaluating the gradients !! D(q! ; p). This consideration
restricts or rules out certain classes of models, as discussed
below.

The features of various generative modelling frameworks
that could be considered for the lattice QCD sampling problem
are outlined below.

• Latent-variable models such as generative adversarial
networks32 and VAEs33, 34 typically have efficient O(M)
sampling, but intractable likelihoods (involving marginal-
ization of latent variables).

• Auto-regressive models14, 15, 22, 26–30, 35 typically have
efficient O(M) likelihood evaluation. Sampling can also
be achieved with O(M) cost in principle, but existing

implementations are impractically slow.

• Continuous time models include diffusion mod-
els23, 24 defined via stochastic differential equations and
continuous-time normalizing flows36 defined via ordi-
nary differential equations. In these models, likelihood
computation requires integrating a scalar ordinary dif-
ferential equation defined by the divergence of a vector
field (the marginal score function). This computation typ-
ically has computational cost O(M3) unless additional
structure is forced on to the model37.

• Discrete time normalizing flow models38–43 remain as
good candidate models. In a discrete flow, the genera-
tive process maps a latent vector z (a field configuration
in the lattice field theory context) sampled from a base
density into the target density via the composition of
a series of parametric diffeomorphisms F1, F2, . . . , Fn.
If z is sampled with density r(z), then a flow sample
x = F(z) has known density q(x) = r(z) |det∀F/∀ z|→1,
where F = F1 ↑ · · ·↑Fn is the composed diffeomorphism.
By restricting to Fi for which ∀Fi/∀ z is a triangular ma-
trix, the cost of |det∀F/∀ z| is only O(M) (ref. 38).

5/11

[Cranmer, Kanwar, Racanière, Rezende, Shanahan,
Nature Reviews 2023]
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Resummation of the C-Parameter Sudakov Shoulder
Using E!ective Field Theory

Matthew D. Schwartz1,2

1
Department of Physics, Harvard University, Cambridge, MA 02138, USA

2
Institute for Artificial Intelligence and Fundamental Interactions (IAIFI)

schwartz@g.harvard.edu

AI Research Assistant: Claude Opus 4.5 (Anthropic)

January 7, 2026

Abstract

The C-parameter distribution in e+e→ annihilation exhibits a kinematic shoulder at C = 3/4,
where three-parton final states reach their maximum and a fourth parton is required to

exceed it. This boundary generates large logarithms that must be resummed. Using soft-

collinear e!ective theory, we derive a factorization theorem involving new jet and soft func-

tions specific to the C-parameter measurement, in which soft radiation contributes quadrat-

ically in transverse momentum. This quadratic structure explains the step discontinuity at

leading order. We compute all ingredients at one loop, validate against Monte Carlo, and

present matched NLL+NLO results. Unlike thrust and heavy jet mass, the C-parameter

has no Sudakov–Landau pole, making momentum-space resummation straightforward. All

calculations, numerical analysis, and manuscript preparation were performed by Claude, an

AI assistant developed by Anthropic, working under physicist supervision.
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[Schwartz, Claude Opus, arXiv 2026]

+

https://www.ggi.infn.it/ggilectures/ggilectures2026/
https://iml-wg.github.io/HEPML-LivingReview/
https://arxiv.org/abs/2309.01156
https://arxiv.org/pdf/2601.02484
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ML is “Just” Optimization in Response to Data

[from my GGI lectures, January 2026]

ML Framing Physics Translation

Training Data
Monte Carlo 
Integration

Learnable Function
e.g. neural networks

Physics Knowledge
e.g. symmetries

<latexit sha1_base64="N5R9gmhYXr07gqX5CBIbdhM/8iY="></latexit>

fNN(�; b) ) fphysics(�; b)

<latexit sha1_base64="51GGIjvigJ45CR242gdt9Yx9oCY="></latexit>

1

N

NX

i=1

(· · · ) =

Z
d� (· · · ) +O

�
1p
N

�

Optimizer
e.g. gradient descent

Newtonian Dynamics
e.g. overdamped oscillator

<latexit sha1_base64="TMBXJxHJqLl3p8obYqvMH13pPB0="></latexit>

�b = �⌘rbL , m b̈+ � ḃ+
dV

db
= 0

Surprisingly powerful,
both directly and indirectly!

Loss Function(al) Lagrangian Mechanics
e.g. Euler-Lagrange equation

<latexit sha1_base64="Uz1JzPZMIp92X8at57Av+uIohfg="></latexit>

Li[f(�)] , �L
�f

= 0

https://www.ggi.infn.it/ggilectures/ggilectures2026/
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Direct AI/ML:  Rediscovering Upsilons with Anomaly Detection 

[Gambhir, Mastandrea, Nachman, JDT, PRL 2025;
using CATHODE in Hallin, Isaacson, Kasieczka, Krause, Nachman, Quadfasel, Schlaffer, Shih, Sommerhalder, PRD 2022]
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FIG. 2. Results of the OS bump hunt analysis, shown in the same format as Fig. 1. (a) After a cut on the BDT classifier, clear
peaks emerge in the SR above the SB-fitted background. (b) Noting the di!erent y-axis scale from Fig. 1b, the ! significance
grows from 1.5ω to well over 5ω with CATHODE, especially with likelihood reweighting.

procedure to a “control” sample of SS dimuons, with
roughly half the number of events as the OS sample. A
doubly-charged resonance decaying to muons (!++ →
µ+µ+) at ↑ 10 GeV is strongly constrained by precision
electroweak tests, such as the Z-pole width and running
of ωEM [21]. Such a resonance is also ruled out by model-
specific searches for doubly-charged scalars [45, 46]. Thus,
we seek to verify that our procedure does not find a signal
in the SS channel where we expect there to be none.

In Fig. 1a, we show the dimuon mass spectrum after
various BDT cuts. As we impose stricter criteria on the
FPR (i.e. smaller fraction of background events passing
the cut), no significant peaks are observed in the SR.
We quantify this via the significance curves in Fig. 1b.
The cut-and-count significances (Step 4a) are plotted
as a function of the FPR, for both CATHODE and the
classical tests, and no method finds evidence of a localized
excess above 2.4ε. The ML-based likelihood reweighted
significance (Step 4b) is plotted as a horizontal line at a
modest 1.6ε. We conclude that our method successfully
avoids sculpting spurious signals.

For completeness, we perform two additional valida-
tions. First, we use a classifier trained on OS data to
look for resonances in SS data. We (successfully) do not
find a SS signal, which implies that a classifier trained on
(signal-containing) OS data does not sculpt peaks where
none exist. Second, we use a classifier trained on SS
data to look for resonances in OS data. There is indeed
a initial 1.6ε ” signal in the OS channel (as discussed
below), but we (successfully) do not elevate the signal

significance. We conclude that in order to reveal the ”
signal, the BDT classifier must be able to learn nontrivial
correlations between auxiliary features, which are not
present in the SS control sample.

Opposite-Sign Search Results. We now present
search results in the OS channel for anti-isolated ” →
µ+µ→ decays. In Fig. 2a, we show the dimuon mass
distribution after a sequence of BDT cuts. A modest
initial excess in the SR is visually amplified by cuts on
the classifier. The quantitative gains in signal significance
are shown in Fig. 2b. CATHODE achieves a maximum
significance of 5.7ε at a 7.5% FPR working point, which is
increased to 6.4ε with likelihood reweighting. By contrast,
none of the classical cuts surpass the nominal 5ε discovery
threshold — cutting on the harder muon’s IP3D achieves
at most 4.1ε significance. This demonstrates substantial
gains from using a multidimensional ML-based approach
compared to single-feature classical cuts.

To better understand how the BDT discriminates ”-
like events from background, we can inspect the impact of
classifier cuts on the auxiliary features in the SR, shown
in Fig. 3. With more stringent FPR cuts, the BDT selects
events with moderate dimuon pT (↓ 60 GeV) and small
IP3Ds (↓ 10→3 cm). In essence, the BDT is attempting
to undo the e!ects of the initial anti-isolation condition
as best as it can to recover the ” resonance. By focusing
on small impact parameters, the BDT is mitigating the
background from uncorrelated hadron decays. However,
cutting on the IP3D alone does not reproduce the original
peak at 10→3 cm; if it did, a classical IP3D cut would have

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

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

“cut & count”

likelihood 
reweighting?
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Indirect AI/ML:  Contrastive Learning for Hubble Data

[PAPERCLIP in Mishra-Sharma, Song, JDT, 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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Rnemb

Common embedding space

Downstream task: observation retrieval
Given natural language text query

CLIP fine-tuning
With Hubble observation–proposal abstract pairs

Closest observations

Category: Galaxies. We propose
WFC3/UVIS F336W, F438W, and
F814W observations for 8
Luminous Infrared Galaxies
(LIRGs) in the Great
Observatories All-Sky LIRG
Survey (GOALS) scheduled for
JWST Cycle 1 (GO1)
observations. With a
proprietary period of 0 days
for 50% of the GO1 LIRGs,
observations taken now will
provide the concurrent WFC3/
UVIS imaging necessary to
reliably age-date the star ...

Luminous Infrared Galaxies, star
clusters, nuclear regions, extranuclear
regions, hydrogen recombination lines;
measure fraction of star formation in
clusters, determine nuclear and
extranuclear cluster destruction rates,
...

Figure 1: Overview of the PAPERCLIP method. (Left) A pre-trained CLIP model is fine-tuned using a
dataset of Hubble observations and corresponding proposal abstracts. The proposal abstracts are optionally
summarized using guided large language model generation. (Right) The fine-tuned model can then be used
for downstream tasks such as observation retrieval (i.e., finding the observations most relevant to a given
text query). The proposal abstract snippet shown here corresponds to proposal ID 16914.

up the possibility of interacting with astronomical survey data using free-form natural language as an inter-
face, which is a cornerstone of the success of the modern foundation model paradigm. A high-level overview
of the method is shown in Fig. 1.

The rest of this paper is organized as follows. We review related work in Sec. 2. In Sec. 3, we describe
the Hubble dataset used in this work, including the curation and processing of observations as well as text
captions. In Sec. 4, we describe the methodology used to train and evaluate the model. In Sec. 5, we present
quantitative and qualitative results of our experiments on retrieval tasks. We discuss future prospects and
conclude in Sec. 6.

2 Related Work

The concept of learning task-agnostic representations via self-supervised and contrastive learning has been
applied within astrophysics (Slijepcevic et al., 2024; Stein et al., 2021; Hayat et al., 2021b; Slijepcevic et al.,
2022) and used for downstream tasks like object similarity search (Stein et al., 2021), gravitational lens
finding (Stein et al., 2022), estimation of Galactic distances (Hayat et al., 2021a), identification of rare
galaxies (Walmsley & Scaife, 2023), and data compression (Akhmetzhanova et al., 2024). For a recent
review of contrastive learning in astrophysics, see Huertas-Company et al. (2023).

Beyond applications to a single modality, AstroCLIP (Lanusse et al., 2023) recently used contrastive
learning to learn a joint representation between galaxy images and associated spectra, showing that the
learned representation embodies relevant physical properties and can be e!ectively used for downstream
tasks like redshift and mass estimation.

Bowles et al. (2023; 2022) introduced a method to associate radio galaxy images with a natural language
description of their morphology by using human-generated descriptions, with the goal of deriving semantic
morphology classes and using them for classification.

3

https://arxiv.org/abs/2403.08851
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Indirect AI/ML:  Contrastive Learning for Hubble Data
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for downstream tasks such as observation retrieval (i.e., finding the observations most relevant to a given
text query). The proposal abstract snippet shown here corresponds to proposal ID 16914.

up the possibility of interacting with astronomical survey data using free-form natural language as an inter-
face, which is a cornerstone of the success of the modern foundation model paradigm. A high-level overview
of the method is shown in Fig. 1.

The rest of this paper is organized as follows. We review related work in Sec. 2. In Sec. 3, we describe
the Hubble dataset used in this work, including the curation and processing of observations as well as text
captions. In Sec. 4, we describe the methodology used to train and evaluate the model. In Sec. 5, we present
quantitative and qualitative results of our experiments on retrieval tasks. We discuss future prospects and
conclude in Sec. 6.

2 Related Work

The concept of learning task-agnostic representations via self-supervised and contrastive learning has been
applied within astrophysics (Slijepcevic et al., 2024; Stein et al., 2021; Hayat et al., 2021b; Slijepcevic et al.,
2022) and used for downstream tasks like object similarity search (Stein et al., 2021), gravitational lens
finding (Stein et al., 2022), estimation of Galactic distances (Hayat et al., 2021a), identification of rare
galaxies (Walmsley & Scaife, 2023), and data compression (Akhmetzhanova et al., 2024). For a recent
review of contrastive learning in astrophysics, see Huertas-Company et al. (2023).

Beyond applications to a single modality, AstroCLIP (Lanusse et al., 2023) recently used contrastive
learning to learn a joint representation between galaxy images and associated spectra, showing that the
learned representation embodies relevant physical properties and can be e!ectively used for downstream
tasks like redshift and mass estimation.

Bowles et al. (2023; 2022) introduced a method to associate radio galaxy images with a natural language
description of their morphology by using human-generated descriptions, with the goal of deriving semantic
morphology classes and using them for classification.
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“What is this a picture of?”

CLIP-ViT-B/16:  “gravitational lens”

Fine-Tuned:  “supernova remnant”

[image from Supernova 1987A INTensive Survey, HST Proposal 11653]

https://arxiv.org/abs/2403.08851
https://archive.stsci.edu/proposal_search.php?id=11653&mission=hst
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The rise of centaur scientists who synthesize
physics intelligence and artificial intelligence



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

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

Scenes from my Sabbatical

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

Machine Learning through the Lens of Physics

19



20Jesse Thaler (MIT, IAIFI / IHES, IPhT) — Centaur Science:  Adventures in AI+Physics

Question I’ve been wrestling with on sabbatical:
What does it mean to do robust discovery science with AI?

Exactness guarantees?
e.g. lattice sampling

Statistical verification?
e.g. calibrated confidence intervals

Explicit verification?
e.g. symbolic engines

Case study:  Searching for “new theoretical physics” through optimization
Caution:  Results are very preliminary, but I want to show my current thinking (which continues to evolve)

[e.g. wifi ensembles in
Benevedes, JDT, PRD 2025]

https://arxiv.org/abs/2506.00113
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Highly constrained mathematical framework that we know a lot about 
(though not my area of expertise…)

Posing a research question to

Case Study:  Two-Dimensional Conformal Field Theories

[h/t to Siddharth Mishra-Sharma for the Claude credits!]

[Fateev, Zamolodchikov, Sov. Phys. JETP 1985]

Only four decades too late…

https://inspirehep.net/literature/219875
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Are there any other 2D CFTs in this range?
(And could I convince the experts if I found one?  Could I convince myself?)

[Benjamin, Fitzpatrick, Li, JDT, in progress and
very preliminary; any mistakes are my fault]

Case Study:  Two-Dimensional Conformal Field Theories
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Strategies to Study/Discover CFTs

At least it refuses to hallucinate…

Indirect AI/ML?

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

Direct AI/ML?

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

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

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]

[Please let me know if I missed your ML-related CFT paper!]
[see reviews of dual approach to conformal bootstrap in Poland, Rychkov, Vichi, RMP 2019; Rychov, Su, RMP 2024]

https://arxiv.org/abs/2108.08859
https://arxiv.org/abs/2108.09330
https://arxiv.org/abs/2209.02801
https://arxiv.org/abs/2206.05193
https://arxiv.org/abs/2104.09518
https://arxiv.org/abs/2111.01799
https://arxiv.org/abs/2512.07706
https://arxiv.org/abs/2006.16114
https://arxiv.org/abs/2106.13485
https://arxiv.org/abs/1805.04405
https://arxiv.org/abs/2311.15844
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Warm-Up Problem:  Modular Bootstrap
Necessary but not sufficient condition for unitary 2D CFT to exist

[Cardy, NPB 1991; Hellerman, JHEP 2011; Friedan, Keller, JHEP 2013; Collier, Lin, Yin, JHEP 2018; …]

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

Spectrum of (Virasoro Primary) Operators:

Δ
j
d

Dimension:
Spin:

Degeneracy:

 
 
 ,  are integers

Δ ≥ j ≥ 0
d > 0
j d

(Euclidean) Partition Function:   Z(τ; c, {Δa, ja, da})

Modular Invariance:  
Z(τ) = Z(−1/τ)

assuming 
parity for  −j
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Δ

j

N=1 Minimal Model: m=5, Δmax=4

c=1.16
Nprim=41
dtotal=41
L=0.649

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
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“Thinking Like a Machine”
Modular bootstrap as “self-supervised learning”

[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]

L = ∫ℱ

dτ dτ̄
Im τ

ℒ

ℒ = (Z(τ) − Z(−1/τ))2

 with  as parametersZ(τ; c, {Δa, ja, da}) Δa

Δ(i)
a = Δ(i−1)

a − η
dL

dΔa

Training Data:

MC Integration over τ

Loss Function(al):

Modular Invariance

Learnable Function:

Partition Function

Optimizer:

Gradient Descent

✓

✓
Unfortunately, this approach 
fails dramatically at finding 
anything close to physical…
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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
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“Thinking Like an Experimental Physicist”

What are the Uncertainties on your Loss Function?

ℒ = ( Z(τ) − Z(−1/τ)
σ(τ) )

2

Use “χ2” instead of MSE:

Empirical

χ2 Expectation
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⇒
Remarkable that this 
distribution comes from 
purely theoretical data 

[Benjamin, Fitzpatrick, Li, JDT, in progress and
very preliminary; any mistakes are my fault]



[Benjamin, Fitzpatrick, Li, JDT, in progress and
very preliminary; any mistakes are my fault]
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“Thinking Like an Experimental Physicist”

Needed a robust 
method to quantify 

uncertainties

Collaborating with 
Claude helped me 

identify connections 
in the literature
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“Thinking Like an Mathematical Physicist”

What is the Geometry of your Loss Landscape?

Δ(i)
a = Δ(i−1)

a − gab
dL

dΔb

Use quasi-second order
methods instead of SGD:

[Bright-Thonney, Harvey, Lukas, JDT, in progress and
very preliminary; any mistakes are my fault]

⇒ Code name:  “Sven”
Singular Value dEsceNt

Coming soon to a pip 
installer near you…
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Spectrum After Optimization: Sven: NSV=16
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Spectrum After Optimization: Gradient Descent

c=1.09
Nprim=51
dtotal=51
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Updating the Space of Candidate 2D CFTs
Remember:  Modular invariance is necessary but not sufficient

[Benjamin, Fitzpatrick, Li, JDT, in progress; Bright-Thonney, Harvey, Lukas, JDT, in progress, 
both still very preliminary; any mistakes are my fault]
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Updating the Space of Candidate 2D CFTs
Remember:  Modular invariance is necessary but not sufficient

?!

[Benjamin, Fitzpatrick, Li, JDT, in progress; Bright-Thonney, Harvey, Lukas, JDT, in progress, 
both still very preliminary; any mistakes are my fault]

I don’t know how I would have gotten
this far without AI/ML methods!

Direct AI/ML:

Indirect AI/ML:

Reframe modular bootstrap
in optimization language

Reason through conceptual issue
of estimating uncertainties
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Updating the Space of Candidate 2D CFTs
Remember:  Modular invariance is necessary but not sufficient

[Benjamin, Fitzpatrick, Li, JDT, in progress; Bright-Thonney, Harvey, Lukas, JDT, in progress, 
both still very preliminary; any mistakes are my fault]

Develop new optimization algorithms
based on physics intuition

Pursue statistical robustness even
in a purely theoretical setting 

But I also don’t know how I would have
gotten this far without physics input!

Identify tractable problem of
relevance to experts in the field
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Advancing (theoretical) physics through a 
centaur-style merging of physical reasoning 
and computational algorithms
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Being a “centaur scientist” means capitalizing on emerging AI 
technologies while insisting on scientific rigor and robustness

Scenes from my Sabbatical

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

Machine Learning through the Lens of Physics

33

Centaur Science:  Adventures in AI+Physics ?
AI

Physics

Progress in AI+Physics driven by
early career talent with 
interdisciplinary training
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Backup Slides
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AI for Astrophysics:  Galaxy Formation and Dark Matter
Scrutinizing stellar kinematics from Gaia to reconstruct history of the Milky Way

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

My former PhD student
(and current MIT colleague)

Discovery of Nyx!

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

Learnable Function:

Training Data: Finite samples P and Q

Goal: Estimate p(x) / q(x)

f(x) parametrized by, e.g., neural networks 

Loss Function(al):  L = �
⌦
log f(x)

↵
P
+
⌦
f(x)� 1

↵
Q

<latexit sha1_base64="/BAofgnPH6B4QebhXUNq+8pNlqE="></latexit><latexit sha1_base64="/BAofgnPH6B4QebhXUNq+8pNlqE="></latexit><latexit sha1_base64="/BAofgnPH6B4QebhXUNq+8pNlqE="></latexit><latexit sha1_base64="kPIkJdH6omNFCZSl9SSaGcCTYJg="></latexit>

x

prob(x)

P
Q

Machine Learning 101:  Likelihood Ratio Trick
Key tool for simulation-based inference

Many HEP problems can be 
expressed in this form!

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
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[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]

Learnable Function:

Training Data: Finite samples P and Q

Goal: Estimate p(x) / q(x)

f(x) parametrized by, e.g., neural networks 

Action/Lagrangian:
assuming enough data

L = �
⌦
log f(x)

↵
P
+
⌦
f(x)� 1

↵
Q

<latexit sha1_base64="/BAofgnPH6B4QebhXUNq+8pNlqE="></latexit><latexit sha1_base64="/BAofgnPH6B4QebhXUNq+8pNlqE="></latexit><latexit sha1_base64="/BAofgnPH6B4QebhXUNq+8pNlqE="></latexit><latexit sha1_base64="kPIkJdH6omNFCZSl9SSaGcCTYJg="></latexit>

x

prob(x)

P
Q

<latexit sha1_base64="xtpO2k/ZisCxt39pUqr+b3Z+Va0="></latexit>

⇡
Z

dx
⇣
� p(x) log f(x) + q(x)

�
f(x)� 1

�⌘

�min
f(x)

L =

Z
dx p(x) log

p(x)

q(x)
<latexit sha1_base64="DHXBjqaYO+bfMooFpxGVp6lB6cI="></latexit><latexit sha1_base64="DHXBjqaYO+bfMooFpxGVp6lB6cI="></latexit><latexit sha1_base64="DHXBjqaYO+bfMooFpxGVp6lB6cI="></latexit><latexit sha1_base64="TU7q4dQBpc+LJp2rM/pH2uS50uM="></latexit>

Euler-Lagrange:

Kullback–Leibler divergence

argmin
f(x)

L =
p(x)

q(x)
<latexit sha1_base64="C44EPfIX41lNtDowReWFHN5q4Ug="></latexit><latexit sha1_base64="C44EPfIX41lNtDowReWFHN5q4Ug="></latexit><latexit sha1_base64="C44EPfIX41lNtDowReWFHN5q4Ug="></latexit><latexit sha1_base64="aV3VBbPgU5blfbcq1YETF1NKiLY="></latexit>

Likelihood ratio

x

log r(x)

Many HEP problems can be 
expressed in this form!

!!

Machine Learning 101:  Likelihood Ratio Trick
Key tool for simulation-based inference

<latexit sha1_base64="xtpO2k/ZisCxt39pUqr+b3Z+Va0="></latexit>

⇡
Z

dx
⇣
� p(x) log f(x) + q(x)

�
f(x)� 1

�⌘

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
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Descending into Irrational CFTs
Or at least into modularly invariant Euclidean partition functions

[Benjamin, Fitzpatrick, Li, JDT, in progress; Bright-Thonney, Harvey, Lukas, JDT, in progress, 
both still very preliminary; any mistakes are my fault]

Gradient Descent

Sven: NSV=1

Sven: NSV=2

Sven: NSV=4

Sven: NSV=8

Sven: NSV=16
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Tight constraints on individual operators… 

…most likely spanning a 
moduli space of solutions!
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From AI Curmudgeon… to AI Evangelist!

“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 I 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.


