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Empowering the Next Generation of AI + Physics Talent
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Luo

⇒

Boyda

⇒

IAIFI Summer School & Workshop Photos from 2024 Edition @ MIT

Cuesta

⇒

Feng

AI for
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Gerdes

AI for
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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)

Lessons from the Physics / AI Collision ?
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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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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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


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

QCD Theory meets Information Theory

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

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

• Electron-Ion Collider: The EIC will investigate the structure of nucleons and nuclei at
an unprecedented level. This will be accomplished by performing precise measurements of
DIS and other processes over the complete relevant kinematic range including the transi-
tion region from perturbative to non-perturbative QCD. Highly polarized beams and high
luminosity will allow probes of the spatial and spin structure of nucleons and nuclei, leading
to high-precision determinations of PDFs and other quantum correlation functions. These
investigations will advance our understanding of hadronization as well as QCD factorization
and evolution, and will require the development, validation and support of novel physics
models.

• Forward Physics Facility: The Forward Physics Facility at the LHC will leverage the
intense beam of neutrinos, and possibly undiscovered particles, in the far-forward direction
to search for new physics and calibrate forward particle production. These measurements will
require an improved description of forward heavy flavor – particularly charm – production,
neutrino scattering in the TeV range, and hadronization inside nuclear matter, including
uncertainty quantification.

• Lepton Colliders: Future lepton colliders would provide per mill level measurements of
Higgs boson couplings and W and top-quark masses. The unprecedented experimental pre-
cision will require event generators to cover a much wider range of processes than at previous
facilities, both in the Standard Model and beyond. In addition, predictions for the signal
processes must be made with extreme precision. Some of the methodology is available from
the LEP era, while other components will need to be developed.

Event generation for the above facilities contains many common physics components, such
as higher-order QCD and electroweak perturbative corrections, factorization theorems and parton
evolution equations, resummation of QCD and Quantum Electrodynamic (QED) e!ects, hadroniza-
tion, and final-state modeling. Various experiments also require the understanding of heavy-ion
collisions and nuclear dynamics at high energies as well as heavy-flavor e!ects. A common aspect
to most experiments is the search for new physics e!ects, which must be appropriately simulated.
In addition to the physics components, there are similar computational ingredients, such as inter-
faces to external tools for analysis, handling of tuning and systematics, and the need for improved
computing e”ciency. Many of these aspects may profit from developments in artificial intelligence
and machine learning.

p p

e
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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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AI is Changing What it Means To…

[from my GGI lectures, January 2026;more examples at HEP ML Living Review and Ferguson, LaFleur, Ruthotto, JDT, Ting, Tiwary, Villar, et al., MLST 2026]

Design/Build/Operate 
Experiments

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].
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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].
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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]
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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]

Representative examples,
far from exhaustive!

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
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e.g. generative modeling
for lattice field theory

…

Quantum field generation Image generation

 1,000,000,000 
samples

≈

…

 10,000 
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≈

Target: Objective distribution 


Symmetries: High-dimensional exact symmetries 
(e.g. translations, gauge symmetry)

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


Symmetries: Few approximate symmetries 
(e.g. reflection, small translations)
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x 4 x 8
 100,000,000,000 dof≈

Lattice geometry

SU(3) link variables
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x 3
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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 and Ferguson, LaFleur, Ruthotto, JDT, Ting, Tiwary, Villar, et al., MLST 2026]

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
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far from exhaustive!
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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]

Make Theory Predictions Be a Physicist
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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, 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


14Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science:  Adventures in AI+Physics

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”
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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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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.
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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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The rise of centaur scientists who synthesize
physics intelligence and artificial intelligence



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

QCD Theory meets Information Theory

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

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

• Electron-Ion Collider: The EIC will investigate the structure of nucleons and nuclei at
an unprecedented level. This will be accomplished by performing precise measurements of
DIS and other processes over the complete relevant kinematic range including the transi-
tion region from perturbative to non-perturbative QCD. Highly polarized beams and high
luminosity will allow probes of the spatial and spin structure of nucleons and nuclei, leading
to high-precision determinations of PDFs and other quantum correlation functions. These
investigations will advance our understanding of hadronization as well as QCD factorization
and evolution, and will require the development, validation and support of novel physics
models.

• Forward Physics Facility: The Forward Physics Facility at the LHC will leverage the
intense beam of neutrinos, and possibly undiscovered particles, in the far-forward direction
to search for new physics and calibrate forward particle production. These measurements will
require an improved description of forward heavy flavor – particularly charm – production,
neutrino scattering in the TeV range, and hadronization inside nuclear matter, including
uncertainty quantification.

• Lepton Colliders: Future lepton colliders would provide per mill level measurements of
Higgs boson couplings and W and top-quark masses. The unprecedented experimental pre-
cision will require event generators to cover a much wider range of processes than at previous
facilities, both in the Standard Model and beyond. In addition, predictions for the signal
processes must be made with extreme precision. Some of the methodology is available from
the LEP era, while other components will need to be developed.

Event generation for the above facilities contains many common physics components, such
as higher-order QCD and electroweak perturbative corrections, factorization theorems and parton
evolution equations, resummation of QCD and Quantum Electrodynamic (QED) e!ects, hadroniza-
tion, and final-state modeling. Various experiments also require the understanding of heavy-ion
collisions and nuclear dynamics at high energies as well as heavy-flavor e!ects. A common aspect
to most experiments is the search for new physics e!ects, which must be appropriately simulated.
In addition to the physics components, there are similar computational ingredients, such as inter-
faces to external tools for analysis, handling of tuning and systematics, and the need for improved
computing e”ciency. Many of these aspects may profit from developments in artificial intelligence
and machine learning.
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Danger of “Thinking Like a Machine”?

[Hogg, Villar, PMLR 2024]

My attempt at a
cartoon summary:

Natural SciencesMachine Learning

What “exists”?

What is “success”?

Data

Accurate Modeling

Latent Structures

Understanding

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

David W. Hogg 1 2 3 Soledad Villar 3 4 5

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. Here we identify some locations for ML in the natural sciences at which
the ontology and epistemology are valuable. For example, when an expressive machine learning model is used
in a causal inference to represent the effects of confounders, such as foregrounds, backgrounds, or instrument
calibration parameters, the model capacity and loose philosophy of ML can make the results more trustworthy.
We also show that there are contexts in which the introduction of ML introduces strong, unwanted statistical
biases. For one, when ML models are used to emulate physical (or first-principles) simulations, they amplify
confirmation biases. For another, when expressive regressions are used to label datasets, those labels cannot be
used in downstream joint or ensemble analyses without taking on uncontrolled biases. The question in the title is
being asked of all of the natural sciences; that is, we are calling on the scientific communities to take a step back
and consider the role and value of ML in their fields; the (partial) answers we give here come from the particular
perspective of physics.

1. Introduction
It is an understatement to say that machine learning (ML)
is having a big impact across the sciences. A significant
fraction of all scientific papers in the natural sciences now
employ ML in part (or all) of their analyses. (We will de-
fine ML below in Section 2). However, when we ask what
scientific breakthroughs have been enabled by this influx of
new tools and methods, there isn’t a long list. The success
of the AlphaFold projects in protein structure (Jumper et al.,
2021) are often raised. But these are successes in a very
specific challenge-problem setting in which performance
is valued over understanding. In the natural sciences we
almost exclusively care about understanding, in the long
run.

The natural sciences are concerned with understanding the
world, and naturally occurring mechanisms in play in that
world. We make progress by discovering new kinds of ob-

1Center for Cosmology and Particle Physics, Department of
Physics, New York University, USA 2Max-Planck-Institut für As-
tronomie, Heidelberg, Germany 3Flatiron Institute, New York,
USA 4Department of Applied Mathematics and Statistics, Johns
Hopkins University, USA 5Mathematical Institute for Data Sci-
ence, Johns Hopkins University, USA. Correspondence to: David
W. Hogg <david.hogg@nyu.edu>.

Proceedings of the 41 st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

jects and phenomena, and explaining (and, even better, pre-
dicting) qualitatively new kinds of objects and phenomena.
Our most successful investigations are judged in terms of
the questions they answer, or the new questions they raise,
or both. The question here is: How will ML contribute to
this mission?

In contrast to natural science, ML research and ML methods
are concerned with making accurate predictions for, or de-
scriptions of, data. A ML method is considered successful
if it performs well on held-out training data, even if the
latent structure of the model is generic and the internals are
impossible to interpret. In ML, the considerations are almost
all at the level of the data, and we are happy to use models
in which we have little or no understanding of the meanings
or values of the latent parameters or weights.

In natural science, on the other hand, the most important
contributions and results are all at the level of the latents:
We use data to learn about the latent structure of the world or
of the system we are studying. In astrophysics, this could be
the interior structure of the Sun, or the processes that form
planets around other stars, or the map of the dark matter
surrounding the Milky Way. The things we care about are
almost never directly observable; they are parameters (or
hyper-parameters) of a physical (or chemical or biological)
model that predicts the observables. Often the thing we care
about is the model itself.

For a concrete example, when the expansion of the Universe
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2021) are often raised. But these are successes in a very
specific challenge-problem setting in which performance
is valued over understanding. In the natural sciences we
almost exclusively care about understanding, in the long
run.

The natural sciences are concerned with understanding the
world, and naturally occurring mechanisms in play in that
world. We make progress by discovering new kinds of ob-

1Center for Cosmology and Particle Physics, Department of
Physics, New York University, USA 2Max-Planck-Institut für As-
tronomie, Heidelberg, Germany 3Flatiron Institute, New York,
USA 4Department of Applied Mathematics and Statistics, Johns
Hopkins University, USA 5Mathematical Institute for Data Sci-
ence, Johns Hopkins University, USA. Correspondence to: David
W. Hogg <david.hogg@nyu.edu>.

Proceedings of the 41 st International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

jects and phenomena, and explaining (and, even better, pre-
dicting) qualitatively new kinds of objects and phenomena.
Our most successful investigations are judged in terms of
the questions they answer, or the new questions they raise,
or both. The question here is: How will ML contribute to
this mission?

In contrast to natural science, ML research and ML methods
are concerned with making accurate predictions for, or de-
scriptions of, data. A ML method is considered successful
if it performs well on held-out training data, even if the
latent structure of the model is generic and the internals are
impossible to interpret. In ML, the considerations are almost
all at the level of the data, and we are happy to use models
in which we have little or no understanding of the meanings
or values of the latent parameters or weights.

In natural science, on the other hand, the most important
contributions and results are all at the level of the latents:
We use data to learn about the latent structure of the world or
of the system we are studying. In astrophysics, this could be
the interior structure of the Sun, or the processes that form
planets around other stars, or the map of the dark matter
surrounding the Milky Way. The things we care about are
almost never directly observable; they are parameters (or
hyper-parameters) of a physical (or chemical or biological)
model that predicts the observables. Often the thing we care
about is the model itself.

For a concrete example, when the expansion of the Universe
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An inspiring/infuriating paper!

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
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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…

• Electron-Ion Collider: The EIC will investigate the structure of nucleons and nuclei at
an unprecedented level. This will be accomplished by performing precise measurements of
DIS and other processes over the complete relevant kinematic range including the transi-
tion region from perturbative to non-perturbative QCD. Highly polarized beams and high
luminosity will allow probes of the spatial and spin structure of nucleons and nuclei, leading
to high-precision determinations of PDFs and other quantum correlation functions. These
investigations will advance our understanding of hadronization as well as QCD factorization
and evolution, and will require the development, validation and support of novel physics
models.

• Forward Physics Facility: The Forward Physics Facility at the LHC will leverage the
intense beam of neutrinos, and possibly undiscovered particles, in the far-forward direction
to search for new physics and calibrate forward particle production. These measurements will
require an improved description of forward heavy flavor – particularly charm – production,
neutrino scattering in the TeV range, and hadronization inside nuclear matter, including
uncertainty quantification.

• Lepton Colliders: Future lepton colliders would provide per mill level measurements of
Higgs boson couplings and W and top-quark masses. The unprecedented experimental pre-
cision will require event generators to cover a much wider range of processes than at previous
facilities, both in the Standard Model and beyond. In addition, predictions for the signal
processes must be made with extreme precision. Some of the methodology is available from
the LEP era, while other components will need to be developed.

Event generation for the above facilities contains many common physics components, such
as higher-order QCD and electroweak perturbative corrections, factorization theorems and parton
evolution equations, resummation of QCD and Quantum Electrodynamic (QED) e!ects, hadroniza-
tion, and final-state modeling. Various experiments also require the understanding of heavy-ion
collisions and nuclear dynamics at high energies as well as heavy-flavor e!ects. A common aspect
to most experiments is the search for new physics e!ects, which must be appropriately simulated.
In addition to the physics components, there are similar computational ingredients, such as inter-
faces to external tools for analysis, handling of tuning and systematics, and the need for improved
computing e”ciency. Many of these aspects may profit from developments in artificial intelligence
and machine learning.

p p

e

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 availableCentaur Science:

https://arxiv.org/abs/2202.09375
https://arxiv.org/abs/2203.11110


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

Parton Shower + Matrix Element through Optimization?

General purpose event generator 
that can make arbitrary LHC 
predictions but at low accuracy

Specialized QCD calculations 
that can make high-accuracy LHC 

predictions for specific observables

General purpose event generator
for the LHC that will…

…provably reproduce any
specialized QCD calculation?

<latexit sha1_base64="qrU4z/UXbrPpfE594iPEJg5MdRE="></latexit>9
>>>>=

>>>>;

(could be a parton shower based on QCD… or an AI chatbot)
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Parton Shower + Matrix Element through Optimization?

General purpose event generator
for the LHC that will…

…provably reproduce any
specialized QCD calculation?

<latexit sha1_base64="qrU4z/UXbrPpfE594iPEJg5MdRE="></latexit>9
>>>>=

>>>>;

Training Data:

Learnable Function:

Optimizer:

Loss Function(al):

Precision QCD Calculations (in what form?)

Information-Theoretic Measure of Similarity 

Custom Boltzmann Factor

Efficient Non-Linear Solver (L-BFGS)
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Result of Information-Theoretic Optimization

Maximum entropy solution subject
to constraint on average energy

Boltzmann Factor:  

[Boltzmann 1877]

See backup slides
for derivation

Prior Sets Partition Function

Lagrange Multipler Constrained Quantity

Generalization:

<latexit sha1_base64="Rbjv+BPecx+C4fKjg/mvEDU2cpk="></latexit>

p(x) = q(x) exp
h
� �0 � �1f1(x)� �2f2(x)� . . .

i

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

<latexit sha1_base64="rfiBppuHmGccKgi3pYtJ8uIihMM="></latexit>

p → e→ωE
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QCD Theory meets Information Theory

Plucking a random 
QCD calculation:
[e.g. Larkoski, Salam, JDT, JHEP 2013;

based on Banfi, Salam, Zanderighi, JHEP 2005]

In any discussion of quark–gluon discrimination, one should start with a reminder that

defining what is meant by a quark or a gluon jet is a subtle task, since the one existing

infrared-safe way of defining quark and gluon jets [76] works only at parton level. Existing

work on practical aspects of quark–gluon discrimination in Refs. [39, 73, 75, 77, 78] has

not entered into these issues. Instead the discussion has relied on Monte Carlo simulations,

defining a quark (gluon) jet to be whatever results from the showering of a quark (gluon)

parton. We will adopt a variant of this methodology in our Monte Carlo studies. Our analytic

approach will instead define a quark or gluon jet in terms of the sum of the flavors of the

partons contained inside it. It is based on resummation and therefore contains similar physics

to the Monte Carlo parton shower.

3.1 Leading Logarithmic Analysis

We begin our analysis by considering the leading logarithmic (LL) structure of the cross

section for the observable C1. With L equal to the logarithm of C1, we define LL order as

including all terms in the cross section that scale like ↵
n
sL

2n, for n � 1. At LL order, quark

versus gluon jet discrimination can be understood as a consequence of quarks and gluons

having di↵erent color charges. To LL order, the strong coupling constant ↵s can be taken

fixed and only the most singular term in the splitting function need be retained. With only

one soft-collinear gluon emission, the normalized di↵erential cross section for any infrared and

collinear safe observable e has the same form for both quark and gluon jets:

1

�

d�

de
= 2

↵s

⇡
C

Z R0

0

d✓

✓

Z 1

0

dz

z
�(e� ê) , (3.1)

where C is the color factor, R0 is the jet radius,13 z is the energy fraction of the emitted

gluon, ✓ is its splitting angle, and ê is a function of z and ✓. Recall that CF = 4/3 for quarks

and CA = 3 for gluons.

At this order, the observable C
(�)
1 is

Ĉ
(�)
1 = z(1� z)✓� , (3.2)

which takes a maximum value of 1
4R

�
0 . So integrating Eq. (3.1) yields, for small C(�)

1 , the

cross section
1

�

d�

dC
(�)
1

=
2↵s

⇡

C

�

1

C
(�)
1

ln
R

�
0

C
(�)
1

. (3.3)

We identify the logarithm L as

L ⌘ ln
R

�
0

C
(�)
1

, (3.4)

which we use in the following expressions for compactness. This distribution can be resummed

to LL order by exponentiating the cumulative C
(�)
1 distribution. The resummed distribution

13We use this somewhat non-standard notation because R will later be used with a di↵erent meaning.

– 12 –

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

Sudakov Form Factor

?
ML

HEP
for an arbitrary observable (satisfying certain basic conditions, e.g. recursive infrared safety).

From Ref. [54], the probability that the value of an observable is less than e
�L takes a form

such as

⌃(e�L) = N
e
��ER0

�(1 +R0)
e
�R

, R
0
⌘

dR

dL
, (3.9)

where N is a matching factor to fixed order, N = 1 +O (↵s), and �E ' 0.5772 is the Euler-

Mascheroni constant. In a fixed-coupling approximation, the “radiator” function R for the

observable C
(�)
1 is

R =
↵s

⇡

C

�
(L+B)2 , (3.10)

where C is the color factor of the jet and B encodes subleading terms in the splitting func-

tions.14 For quark jets Bq = �
3
4 and for gluon jets Bg = �

11
12 +

nf

6CA
, where nf is the number

of light quark flavors. The specific NLL resummed formula in Eq. (3.9) holds for observables

that are global, recursively infrared and collinear safe (rIRC), and additive. The last two

conditions are satisfied by C
(�)
1 . The general expression for R with running ↵s appears in

Ref. [54]. The scale at which ↵s is evaluated is pTR0, and we will use the shorthand

↵s ⌘ ↵s(pTR0) , (3.11)

unless an explicit scale is used as the argument of ↵s. Because C
(�)
1 for a jet is non-global, it

is necessary to include an extra factor in the resummation, discussed in detail in Sec. 3.2.3.

We will also include information obtained by matching to the O(↵s) fixed-order cross section,

where the matching procedure is described in App. A.

Armed with the matched NLL cumulative distribution, including the non-global and

O (↵s) corrections, we can now determine the quark versus gluon discrimination curve by

numerically inverting ⌃q and plugging it into the expression for ⌃g. This is shown for various

values of � in Fig. 2a. In Fig. 2b, we fix 50% quark e�ciency and show the gluon rejection

rate (i.e. one minus the gluon e�ciency) as a function of � for R0 = 0.6. Also on this plot

is an approximate analytic expression for the rejection rate as a function of � that we derive

below in Eq. (3.22). We see that the discrimination power improves as � decreases. It is,

however, not sensible to take � too small: for � = 0 our observable is collinear unsafe, and

large non-perturbative e↵ects can be expected as � approaches zero. Furthermore for � . ↵s

the convergence of our calculation breaks down (cf. App. B).

To understand the behavior of Fig. 2b semi-analytically, we will study the impact of

di↵erent physical e↵ects on the discrimination. To do so, we will again express ⌃g in terms of

14To obtain Eq. (3.10), we used the fact that, for a general jet observable that takes the form

O =
X

i2J

✓
pTi

pTJ

◆A ✓
Ri

R0

◆B

,

where Ri is the angle of the emission, Eq. (2.19) in Ref. [54] applies for a = A, b = B�A, and d = 1, where we

identify the scales Q = Q12 = 2E` = pTJR0. The sum over ` = 1, 2 in Eq. (2.19) is replaced by the individual

contribution ` = 1.

– 14 –

for an arbitrary observable (satisfying certain basic conditions, e.g. recursive infrared safety).

From Ref. [54], the probability that the value of an observable is less than e
�L takes a form

such as

⌃(e�L) = N
e
��ER0

�(1 +R0)
e
�R

, R
0
⌘

dR

dL
, (3.9)

where N is a matching factor to fixed order, N = 1 +O (↵s), and �E ' 0.5772 is the Euler-

Mascheroni constant. In a fixed-coupling approximation, the “radiator” function R for the

observable C
(�)
1 is

R =
↵s

⇡

C

�
(L+B)2 , (3.10)

where C is the color factor of the jet and B encodes subleading terms in the splitting func-

tions.14 For quark jets Bq = �
3
4 and for gluon jets Bg = �

11
12 +

nf

6CA
, where nf is the number

of light quark flavors. The specific NLL resummed formula in Eq. (3.9) holds for observables

that are global, recursively infrared and collinear safe (rIRC), and additive. The last two

conditions are satisfied by C
(�)
1 . The general expression for R with running ↵s appears in

Ref. [54]. The scale at which ↵s is evaluated is pTR0, and we will use the shorthand

↵s ⌘ ↵s(pTR0) , (3.11)

unless an explicit scale is used as the argument of ↵s. Because C
(�)
1 for a jet is non-global, it

is necessary to include an extra factor in the resummation, discussed in detail in Sec. 3.2.3.

We will also include information obtained by matching to the O(↵s) fixed-order cross section,

where the matching procedure is described in App. A.

Armed with the matched NLL cumulative distribution, including the non-global and

O (↵s) corrections, we can now determine the quark versus gluon discrimination curve by

numerically inverting ⌃q and plugging it into the expression for ⌃g. This is shown for various

values of � in Fig. 2a. In Fig. 2b, we fix 50% quark e�ciency and show the gluon rejection

rate (i.e. one minus the gluon e�ciency) as a function of � for R0 = 0.6. Also on this plot

is an approximate analytic expression for the rejection rate as a function of � that we derive
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the convergence of our calculation breaks down (cf. App. B).
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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!

https://arxiv.org/abs/1305.0007
https://arxiv.org/abs/hep-ph/0407286
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[Assi, Lee, JDT, arXiv 2026; Assi, Lee, Höche, JDT, PRL 2025;
using Komiske, Metodiev, JDT, JHEP 2018]

Towards a Trustable Foundation Model for Particle Theory
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Reweighting transfer across observables: mixed moment constraints

Prior
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d ∑ 3
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9

quni.(!) qPS(!) pω(!) pQCD(!)

Lorentz Invariant
Phase Space

Parton Shower
Prior Distribution

Posterior
Distribution

Truth

MaxEnt Reweighting

w(ωω
, !) = exp

[
→

∑

i

ω
ω
i mi(!)

]

{
↑m1↓, . . . , ↑mK↓

}
Precision Inputs

Quality of Distributions

Figure 1. Schematic of information-theoretic reweighting. A parton-shower prior qPS(!) is updated
to a posterior p

ω(!) by a maximum-entropy projection that enforces precision constraints ↑mi↓ = ci

via strictly positive per-event weights. A minimal prior quni.(!) sets |MN |
2 = const. for each

particle multiplicity N , while more realistic priors incorporate additional physical e!ects. The
resulting p

ω(!) is closer to the truth distribution pQCD(!).

The conceptual basis for our approach is the maximum entropy principle [19–21], which
extends Boltzmann’s reasoning in statistical mechanics [22] to any probabilistic inference
problem: among all distributions consistent with known constraints, the one that maximizes
Shannon entropy makes the fewest assumptions beyond the constraints themselves. For
continuous distributions, the coordinate-invariant analogue of Shannon entropy is instead
the relative entropy, also known as the (negative) Kullback–Leibler (KL) divergence, defined
with respect to a reference prior distribution. Applied to event generation, this means
starting from a parton-shower prior and deriving a posterior via strictly positive, per-event
reweighting that enforces precision constraints while remaining fully exclusive, as illustrated
schematically in Fig. 1.

Our maximum-entropy reweighting procedure complements ongoing e!orts to system-
atically improve event generators. First, improving the resummation accuracy of general-
purpose showers [23–39] and extending them beyond the leading-color approximation [40–
54] typically requires introducing more structure into the evolution and more correlations
between emissions. These developments are essential – a more accurate prior leads to a
more stable and predictive posterior. Our framework can further complement them by en-
forcing precision information that may not yet be incorporated into the generator. Second,
matching showers to precision fixed-order calculations [55–57], including at NNLO [58–74],
is well established for individual observables but di"cult to propagate simultaneously to
correlated, multi-di!erential distributions. Because our reweighting produces event-level
weights, every observable computed on the reweighted sample is automatically corrected,
with the degree of improvement determined by how strongly each observable correlates with
the training constraints. Third, systematic uncertainties in shower predictions are usually
estimated by ad hoc variations of shower and hadronization parameters [75–79], although

– 3 –

Systematic expansion in moments
of Energy Flow Polynomials

https://arxiv.org/abs/2604.00084
https://arxiv.org/abs/2501.17219
https://arxiv.org/abs/1712.07124
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Centaur science continuing the tradition of
relating properties of physical systems to
concepts in computation/information theory

• Electron-Ion Collider: The EIC will investigate the structure of nucleons and nuclei at
an unprecedented level. This will be accomplished by performing precise measurements of
DIS and other processes over the complete relevant kinematic range including the transi-
tion region from perturbative to non-perturbative QCD. Highly polarized beams and high
luminosity will allow probes of the spatial and spin structure of nucleons and nuclei, leading
to high-precision determinations of PDFs and other quantum correlation functions. These
investigations will advance our understanding of hadronization as well as QCD factorization
and evolution, and will require the development, validation and support of novel physics
models.

• Forward Physics Facility: The Forward Physics Facility at the LHC will leverage the
intense beam of neutrinos, and possibly undiscovered particles, in the far-forward direction
to search for new physics and calibrate forward particle production. These measurements will
require an improved description of forward heavy flavor – particularly charm – production,
neutrino scattering in the TeV range, and hadronization inside nuclear matter, including
uncertainty quantification.

• Lepton Colliders: Future lepton colliders would provide per mill level measurements of
Higgs boson couplings and W and top-quark masses. The unprecedented experimental pre-
cision will require event generators to cover a much wider range of processes than at previous
facilities, both in the Standard Model and beyond. In addition, predictions for the signal
processes must be made with extreme precision. Some of the methodology is available from
the LEP era, while other components will need to be developed.

Event generation for the above facilities contains many common physics components, such
as higher-order QCD and electroweak perturbative corrections, factorization theorems and parton
evolution equations, resummation of QCD and Quantum Electrodynamic (QED) e!ects, hadroniza-
tion, and final-state modeling. Various experiments also require the understanding of heavy-ion
collisions and nuclear dynamics at high energies as well as heavy-flavor e!ects. A common aspect
to most experiments is the search for new physics e!ects, which must be appropriately simulated.
In addition to the physics components, there are similar computational ingredients, such as inter-
faces to external tools for analysis, handling of tuning and systematics, and the need for improved
computing e”ciency. Many of these aspects may profit from developments in artificial intelligence
and machine learning.

p p

e



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

QCD Theory meets Information Theory

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

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

• Electron-Ion Collider: The EIC will investigate the structure of nucleons and nuclei at
an unprecedented level. This will be accomplished by performing precise measurements of
DIS and other processes over the complete relevant kinematic range including the transi-
tion region from perturbative to non-perturbative QCD. Highly polarized beams and high
luminosity will allow probes of the spatial and spin structure of nucleons and nuclei, leading
to high-precision determinations of PDFs and other quantum correlation functions. These
investigations will advance our understanding of hadronization as well as QCD factorization
and evolution, and will require the development, validation and support of novel physics
models.

• Forward Physics Facility: The Forward Physics Facility at the LHC will leverage the
intense beam of neutrinos, and possibly undiscovered particles, in the far-forward direction
to search for new physics and calibrate forward particle production. These measurements will
require an improved description of forward heavy flavor – particularly charm – production,
neutrino scattering in the TeV range, and hadronization inside nuclear matter, including
uncertainty quantification.

• Lepton Colliders: Future lepton colliders would provide per mill level measurements of
Higgs boson couplings and W and top-quark masses. The unprecedented experimental pre-
cision will require event generators to cover a much wider range of processes than at previous
facilities, both in the Standard Model and beyond. In addition, predictions for the signal
processes must be made with extreme precision. Some of the methodology is available from
the LEP era, while other components will need to be developed.

Event generation for the above facilities contains many common physics components, such
as higher-order QCD and electroweak perturbative corrections, factorization theorems and parton
evolution equations, resummation of QCD and Quantum Electrodynamic (QED) e!ects, hadroniza-
tion, and final-state modeling. Various experiments also require the understanding of heavy-ion
collisions and nuclear dynamics at high energies as well as heavy-flavor e!ects. A common aspect
to most experiments is the search for new physics e!ects, which must be appropriately simulated.
In addition to the physics components, there are similar computational ingredients, such as inter-
faces to external tools for analysis, handling of tuning and systematics, and the need for improved
computing e”ciency. Many of these aspects may profit from developments in artificial intelligence
and machine learning.

p p

e

30



31Jesse 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 to show how my thinking has evolved:
Searching for “new theoretical physics” through optimization

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

https://arxiv.org/abs/2506.00113
https://arxiv.org/abs/2604.02219
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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, arXiv 2026;
bounds from Hellerman, JHEP 2011; Friedan, Keller, JHEP 2013; Collier, Lin, Yin, JHEP 2018; Fitzpatrick, Li, JHEP 2024]

Case Study:  Two-Dimensional Conformal Field Theories
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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
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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”)

[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; alternative numerical approach in Gliozzi, PRL 2013, JHEP 2016]

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]

Spectral Bias Studies
[Ghosh, Kumar, Niarchos, Stergiou, arXiv 2026a, arXiv 2026b]

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
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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

0 1 2 3 4

0

1
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3

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 < Δmax

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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]

128 Stochastic τ Values for Training: τ2max=3

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, arXiv 2026]

https://arxiv.org/abs/2604.01275


[Benjamin, Fitzpatrick, Li, JDT, arXiv 2026]
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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

https://arxiv.org/abs/2604.01275
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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, arXiv 2026]

⇒ Code name:  “Sven”
Singular Value dEsceNt

Now available in GitHub!
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Spectrum After Optimization: Sven: NSV=16

c=1.09
Nprim=32
dtotal=32
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Spectrum After Optimization: Gradient Descent

c=1.09
Nprim=51
dtotal=51

https://arxiv.org/abs/2604.01279
https://github.com/sambt/sven/
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Updating the Space of Candidate 2D CFTs
Remember:  Modular invariance is necessary but not sufficient

[Benjamin, Fitzpatrick, Li, JDT, arXiv 2026;
Bright-Thonney, Harvey, Lukas, JDT, arXiv 2026]
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Survey Results: Candidate 2D CFTs, Δmax=4

Updating the Space of Candidate 2D CFTs
Remember:  Modular invariance is necessary but not sufficient

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

Direct AI/ML:

Indirect AI/ML:

Reframe modular bootstrap
in optimization language

Reason through conceptual issue
of estimating uncertainties

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

Highly suggestive of an obstruction…

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


[Benjamin, Fitzpatrick, Li, JDT, arXiv 2026;
Bright-Thonney, Harvey, Lukas, JDT, arXiv 2026]
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?!
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Updating the Space of Candidate 2D CFTs
Remember:  Modular invariance is necessary but not sufficient

Develop new optimization algorithms
based on physics intuition

Pursue statistical robustness even
in a purely theoretical setting 

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

Identify tractable problem of
relevance to experts in the field

https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279
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Advancing (theoretical) physics through a 
centaur-style merging of physical reasoning 
and computational algorithms



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

QCD Theory meets Information Theory

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

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

• Electron-Ion Collider: The EIC will investigate the structure of nucleons and nuclei at
an unprecedented level. This will be accomplished by performing precise measurements of
DIS and other processes over the complete relevant kinematic range including the transi-
tion region from perturbative to non-perturbative QCD. Highly polarized beams and high
luminosity will allow probes of the spatial and spin structure of nucleons and nuclei, leading
to high-precision determinations of PDFs and other quantum correlation functions. These
investigations will advance our understanding of hadronization as well as QCD factorization
and evolution, and will require the development, validation and support of novel physics
models.

• Forward Physics Facility: The Forward Physics Facility at the LHC will leverage the
intense beam of neutrinos, and possibly undiscovered particles, in the far-forward direction
to search for new physics and calibrate forward particle production. These measurements will
require an improved description of forward heavy flavor – particularly charm – production,
neutrino scattering in the TeV range, and hadronization inside nuclear matter, including
uncertainty quantification.

• Lepton Colliders: Future lepton colliders would provide per mill level measurements of
Higgs boson couplings and W and top-quark masses. The unprecedented experimental pre-
cision will require event generators to cover a much wider range of processes than at previous
facilities, both in the Standard Model and beyond. In addition, predictions for the signal
processes must be made with extreme precision. Some of the methodology is available from
the LEP era, while other components will need to be developed.

Event generation for the above facilities contains many common physics components, such
as higher-order QCD and electroweak perturbative corrections, factorization theorems and parton
evolution equations, resummation of QCD and Quantum Electrodynamic (QED) e!ects, hadroniza-
tion, and final-state modeling. Various experiments also require the understanding of heavy-ion
collisions and nuclear dynamics at high energies as well as heavy-flavor e!ects. A common aspect
to most experiments is the search for new physics e!ects, which must be appropriately simulated.
In addition to the physics components, there are similar computational ingredients, such as inter-
faces to external tools for analysis, handling of tuning and systematics, and the need for improved
computing e”ciency. Many of these aspects may profit from developments in artificial intelligence
and machine learning.

p p

e
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Centaur Science:  Adventures in AI+Physics ?
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Physics
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The NSF Institute for Artificial Intelligence and
Fundamental Interactions  (IAIFI  /aɪ-faɪ/  iaifi.org)

Progress in AI+Physics driven by
early career talent with interdisciplinary training

Artificial intelligence
as a pathway to
scientific insight

Physics intelligence
as a pathway to

AI innovation

http://iaifi.org
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Backup Slides
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?

(Theoretical)
High Energy

Physics

Mathematics, 
Statistics,

Computer Science

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

(and vice versa?)

Collision of HEP and ML
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A Smashing Success!

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

?

Optimal Transport

Latent Representations
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Figure 1: An illustration of the space of events. Each point in the space is a collider

event consisting of the particles produced in a collision, as indicated by the blue event. The

distance between events is quantified by the EMD, giving rise to a metric space. Geometry

in this abstract space of events provides a natural language to understand many ideas and

developments in quantum field theory and collider physics.

we focus on the case of

✓ij =
q

2nµ
i njµ =

q
2(1 � n̂i · n̂j), (1.4)

which reduces to their opening angle in the nearby limit.2 The first term in Eq. (1.2) quantifies

the di↵erence in radiation patterns while the second term, which vanishes in the case of

normalized energy flows, allows for the comparison of events with di↵erent total energies.

The constraints in Eq. (1.3) specify that the amount of energy moved to or from a particle

cannot exceed its initial energy, and that as much energy must be moved as possible.

The EMD has previously been used to bound modifications to infrared- and collinear-

safe (IRC-safe) observables, distinguish di↵erent types of jets, and enable visualizations of

the space of events [1]. It has also been used to explore the space of jets and quantify

detector e↵ects with CMS Open Data from the Large Hadron Collider (LHC) [25]. Alternative

pairwise event distances were considered in Ref. [26] in the context of new physics searches.

Here, we demonstrate that the EMD can be used to clarify numerous concepts throughout

quantum field theory and collider physics using a unified language of event space geometry.

2Many modifications to this EMD definition are possible, including alternative angular distances such as

strict opening angle or rapidity-azimuth distance as well as alternative notions of energy such as transverse

momentum. In addition, energies can be normalized by dividing by their total scalar sum so that energy flows

become proper probability distributions. If desired, the EMD in the center-of-mass frame can be phrased in

a manifestly Lorentz-invariant way by replacing the particle energies Ei with pµi Pµ/
p

PµPµ, where Pµ is the

total event four-momentum.
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Figure 2: Architecture implementation of the EPiC GAN. Both the (a) generator and
(b) discriminator consist of multiple EPiC layers from Fig. 1 as well as (shared) neu-
ral networks for input/output dimensionality expansion/reduction. The → symbol
represents the aggregation function ωp↑g with both element-wise summation and
average pooling. Though not shown, there are additional residual connections be-
tween EPiC layers described in the text.
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2

prior spectrum t(0)j = Pr0(truth is j), IBU proceeds iter-
atively according to the equation:

t(n)
j =

X

i

Prn�1(truth is j | measure i) Pr(measure i)

=
X

i

Rijt
(n�1)
j

P
k Rikt(n�1)

k

⇥ mi, (2)

where n is the iteration number.
OmniFold uses machine learning to generalize Eq. (2)

to the unbinned, full phase space. A key concept for this
approach is the likelihood ratio:

L[(w, X), (w0, X 0)](x) =
p(w,X)(x)

p(w0,X0)(x)
, (3)

where p(w,X) is the probability density of x estimated
from empirical weights w and samples X. The function
L[(w, X), (w0, X 0)](x) can be approximated using a clas-
sifier trained to distinguish (w, X) from (w0, X 0). This
property has been successfully exploited using neural net-
works for full phase-space Monte Carlo reweighting and
parameter estimation [18, 22–26]. Here, we use neural
network classifiers to iteratively reweight the particle-
and detector-level Monte Carlo weights, resulting in an
unfolding procedure.

The OmniFold technique is illustrated in Fig. 1. In-
tuitively, synthetic detector-level events (“simulation”)
are reweighted to match experimental data (“data”), and
then the reweighted synthetic events, now evaluated at
particle-level (“generation”), are further reweighted to
estimate the true particle-level information (“truth”).
The starting point is a synthetic Monte Carlo dataset
composed of pairs (t, m), where each particle-level event
t is pushed through the detector simulation to obtain a
detector-level event m. Particle-level events have initial
weights ⌫0(t), and when t is pushed to m, these become
detector-level weights ⌫push

0 (m) = ⌫0(t). OmniFold it-
erates the following steps:

1. !n(m) = ⌫push
n�1 (m) L[(1, Data), (⌫push

n�1 , Sim.)](m),

2. ⌫n(t) = ⌫n�1(t) L[(!pull
n , Gen.), (⌫n�1, Gen.)](t).

The first step yields new detector-level weights !n(m),
which are pulled back to particle-level weights !pull

n (t) =
!n(m) using the same synthetic pairs (t, m). Note that
⌫push and !pull are not, strictly speaking, functions be-
cause of the multi-valued nature of the detector simula-
tion. The second step ensures that ⌫n is a valid weighting
function of the particle-level quantities.

Assuming ⌫0(t) = 1, in the first iteration Step 1 learns
!1(m) = pData(m)/pSim.(m), which is pulled back to the
particle-level weights !pull

1 (t). Step 2 simply converts

the per-instance weights !pull
1 (t) to a valid particle-level

weighting function ⌫1(t). After one iteration, the new
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FIG. 1. An illustration of OmniFold, applied to a set of syn-
thetic and natural data. As a first step, starting from prior
weights ⌫0, the detector-level synthetic data (“simulation”) is
reweighted to match the detector-level natural data (simply
“data”). These weights !1 are pulled back to induce weights
on the particle-level synthetic data (“generation”). As a sec-
ond step, the initial generation is reweighted to match the new
weighted generation. The resulting weights ⌫1 are pushed for-
ward to induce a new simulation, and the process is iterated.

induced truth is:

⌫1(t) pGen.(t) =

Z
dm0 pGen.|Sim.(t|m0) pData(m

0). (4)

This is a continuous version of IBU from Eq. (2), where
the sum has been promoted to a full phase-space inte-
gral. In fact, OmniFold (and IBU) are iterative strate-
gies that converge to the maximum likelihood estimate
of the true particle-level distribution [27–31], which we
discuss in detail in the Appendix. After n iterations, the
unfolded distribution is:

p(n)
unfolded(t) = ⌫n(t) pGen.(t). (5)

The unfolded result can be presented either as a set of
generated events {t} with weights {⌫n(t)} (and uncer-
tainties) or, more compactly, as the learned weighting
function ⌫n and instructions for sampling from pGen..

To demonstrate the versatility and power of Omni-
Fold, we perform a proof-of-concept study relevant for
the LHC. Specifically, we unfold the full radiation pat-
tern (i.e. full phase space) of jets, which are collimated
sprays of particles arising from the fragmentation and
hadronization of high-energy quarks and gluons. Jets
are an ideal environment in which to benchmark unfold-
ing techniques, since detector e↵ects often account for
a significant portion of the experimental measurement
uncertainties for many jet substructure observables [32].
With the radiation pattern unfolded, one can obtain the
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To maximize the discovery potential of high-energy colliders, experimental searches should be
sensitive to unforeseen new physics scenarios. This goal has motivated the use of machine learning
for unsupervised anomaly detection. In this paper, we introduce a new anomaly detection strategy
called FORCE: factorized observables for regressing conditional expectations. Our approach is
based on the inductive bias of factorization, which is the idea that the physics governing di!erent
energy scales can be treated as approximately independent. Assuming factorization holds separately
for signal and background processes, the appearance of non-trivial correlations between low- and
high-energy observables is a robust indicator of new physics. Under the most restrictive form of
factorization, a machine-learned model trained to identify such correlations will in fact converge to
the optimal new physics classifier. We test FORCE on a benchmark anomaly detection task for the
Large Hadron Collider involving collimated sprays of particles called jets. By teasing out correlations
between the kinematics and substructure of jets, our method can reliably extract percent-level signal
fractions. This strategy for uncovering new physics adds to the growing toolbox of anomaly detection
methods for collider physics with a complementary set of assumptions.

Despite the excellent targeted search e!orts of multiple
experiments, no conclusive evidence for new physics has
been seen at the Large Hadron Collider (LHC) since
the Higgs boson discovery in 2012 [1, 2]. It is di”cult,
however, to exclude the possibility that new physics
might exist in a form that has yet to be theoretically
predicted. Although targeted searches for a specific
scenario (or class of scenarios) might yield a serendipitous
discovery, they could lack sensitivity to even sizeable
amounts of unforeseen new physics in LHC data. To
enable the broadest coverage for collider searches, robust
techniques are needed to probe generic deviations from
the Standard Model. This goal has inspired the develop-
ment of several anomaly detection approaches for collider
physics [3–103], which have recently found experimental
applications [24, 95].

Any anomaly detection technique must make assump-
tions about what constitutes an anomaly, which then
implies limitations on its sensitivity. One class of tech-
niques uses comparisons between data and simulation
to detect anomalous events [3, 5, 6]; this approach is
susceptible to detector or generator mismodeling and
may confuse poorly modeled regions of phase space for
new physics. A more data-driven approach assumes that
new physics will appear as a localized cluster in phase
space [4, 12, 32]; this is an excellent inductive bias to
detect mass resonances, but limits the types of models
that can be probed. The most unstructured techniques,
such as autoencoder reconstruction losses, operationally
define the notion of anomalous events via the choice of
machine learning architecture [8, 9, 13]; since they lack
controlled assumptions, it is challenging to determine the
applicability of such methods to particular new physics
scenarios.

𝑝
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𝑞

𝒪
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FIG. 1. Illustration of the FORCE anomaly detection
approach, applied to a dijet search. A machine-learning
model is trained to predict the kinematics of a jet from its
substructure. The model output converges to the optimal new
physics jet classifier assuming factorization holds for both the
signal and background processes.

In this paper, we introduce an anomaly detection strat-
egy called FORCE—factorized observables for regressing
conditional expectations—based on the inductive bias of
factorization. Factorization occurs when the physics gov-
erning high-energy scales is approximately independent
from those governing low-energy scales. Jet production
o!ers a canonical example of factorization at colliders,
where the processes that determine the kinematics and
flavors of high-energy partons are approximately inde-
pendent of the dynamics that yield collimated sprays of
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(a) (b)

FIG. 1. Graphical representation of the `0-norm regularizer with (a) single ABE and (b) double ABE. Circles correspond to

a penalty of +1 for the ancilla bits ra and qa (blue) and positive contributions p(i)a (green) and negative contributions n(i)
a

(orange) to the fit coe�cients. Lines correspond to penalties of �1 (single solid blue), �2 (double solid green), and +2 (double
dashed orange).

C. Comparing the Encodings

The graphical illustrations in Fig. 1 can help build in-
tuition about the di↵ering behaviors of the single ABE
in Eq. (14) and the double ABE in Eq. (18). Here, the
ancilla bits ra and qa are depicted as blue nodes, the pos-

itive contributions p(i)a to the fit coe�cients are shown

as green nodes, and the negative contributions n(i)
a are

shown as orange nodes. Turning on any of the nodes is
associated with a penalty of +1. Solid blue edges cor-
respond to a pairwise penalty of �1, which comes from
Eq. (14) and from the first two lines of Eq. (18). Double
dashed orange edges correspond to a pairwise penalty of
+2 from the first two lines of Eq. (18), while double solid
green edges correspond to a pairwise penalty of �2 from
the third line of Eq. (18).

For the single ABE, the only configuration with zero
penalty is the one with all nodes turned o↵, correspond-
ing to ca = 0. The configurations with penalty +1 arise
from connected graphs, where the connection is enabled
by turning on the ancilla bits ra. Thus, there is only
one ground-state configuration with ca = 0 and a slew of
excited-state configurations for ca 6= 0.

For the double ABE, by contrast, there are a large
number of configurations with zero penalty and ca = 0,
particularly the 2M configurations associated with turn-
ing on pairs of nodes connected by double solid green
edges. The configurations with penalty +1 and ca 6= 0
arise from connected graphs that do not involve any dou-
ble solid green edges, of which there are 2M . Thus, there
is a balance between the number of ca = 0 and ca 6= 0
configurations and therefore an improved loss landscape
for our `0-norm regularizer.

It is instructive to compare the single and double ABE
in the simplest case of M = 1, with two binary fit coe�-
cients pa and na. For the single ABE, we have one ancilla
bit ra. There are four di↵erent ways to encode ca = 0,

of which the lowest lying state with R(0�single)
a = 0 arises

from:

(i) turning o↵ all bits.

There are two di↵erent ways to encode ca = 1, which are

the lowest lying states with R(0�single)
a = 1:

(i) turning on just pa; and

(ii) turning on just pa and ra.

Thus, the relative degeneracy of the lowest lying ca = 0
and ca = 1 configurations is 1:2.

For the double ABE, we have two ancilla bits ra and
qa. There are now eight di↵erent ways to encode ca = 0,

of which the two lowest lying states with R(0�double)
a = 0

are:

(i) turning o↵ all bits, just as for the single ABE; and

(ii) turning on just pa and na.

Similarly, we can encode ca = 1 in four di↵erent ways,

of which the two lowest lying states with R(0�double)
a = 1

arise from:

(i) turning on just pa; and

(ii) turning on just pa and ra.

Thus, the relative degeneracy between the lowest lying
ca = 0 and ca = 1 configurations is 1:1.

In this way, we have used the double ABE to suc-
cessfully engineer a larger ground-state degeneracy with-
out changing the lowest lying energy levels of the sys-
tem. This general principle of exponentially increasing
the ground-state degeneracy of the regularizer can be
generalized to M > 1 in a straightforward fashion, by

turning on various combinations of pairs of (p(i)a , n(i)
a ).
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Cross-Disciplinary
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Empower AI Innovation

AI Innovations from Science
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Robust and Reproducible AI

https://arxiv.org/abs/2509.02661


51Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science:  Adventures in AI+Physics

[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
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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
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⇡
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)
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Euler-Lagrange:

Kullback–Leibler divergence

argmin
f(x)

L =
p(x)

q(x)
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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>

⇡
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dx
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� p(x) log f(x) + q(x)

�
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Applications of Likelihood Ratio Trick

Detector Unfolding Resolution EstimationMonte Carlo Reweighting

Theme:  Convert sampled data into usable function approximation
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−−→ νn
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[Andreassen, Komiske, Metodiev, Nachman, 
JDT, PRL 2020; + Suresh, ICLR SimDL 2021]

[Nachman, JDT, PRD 2020; inspired by 
Andersen, Gutschow, Maier, Prestel, EPJC 2020]

[Gambhir, Nachman, JDT, PRL 2022, PRD 2022]

[ ̂σ2
z(x)]ij = − [∂2T (x , z)

∂zi ∂zj ]−1

z= ̂z

And you can extract frequentist uncertainties on the likelihood ratio!
[see wifi ensembles in Benevedes, JDT, PRD 2025]

https://arxiv.org/abs/1911.09107
https://arxiv.org/abs/2105.04448
https://arxiv.org/abs/2007.11586
https://arxiv.org/abs/2005.09375
https://arxiv.org/abs/2205.03413
https://arxiv.org/abs/2205.05084
https://arxiv.org/abs/2506.00113


Indirect AI/ML:  Natural Language Processing

[Mishra-Sharma, Gambhir, and other troublemakers, chatjesset.com]

ChatGPT with clever 
prompt engineering 
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From April Fools’ Sendup to Public Engagement Event!

[Grosso, CSF 2024]

https://chatjesset.com
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Information Theory and Optimization
“Predicting” a distribution by maximizing entropy

Shannon Entropy: Maximum:

<latexit sha1_base64="5C2eZAOPXGdHPH/7pJZMrcHO4Gk="></latexit>

p(xi) =
1

n

<latexit sha1_base64="BEwaHnLJDX77Ckni1iJPrwWwFzQ="></latexit>

H(X) =
nX

i=1

p(xi) log
1

p(xi)

Relative Entropy:

<latexit sha1_base64="iKHVfFJ7lA7hRTQpa1p3nY3vFRc="></latexit>

�DKL(PkQ) =

Z
dx p(x) log

q(x)

p(x)

<latexit sha1_base64="qwploPrsBQXwtQGweQeS2vOkT0o="></latexit>

+ (�0 � 1)
⇣
1�

Z
dx p(x)

⌘

(KL divergence we saw before)

Extremum:  

Lagrange Multiplier to enforce normalization

<latexit sha1_base64="ZvNCZ060gV2LH8qJuz7wMjpEYMA="></latexit>

p(x) = q(x)
<latexit sha1_base64="T1DBdNZBfoAldk9CIL9i355TJJk=">AAACBnicbVDLSgNBEOz1GeMrPm5eBoPgKeyKosegF49RzAM2S5idzCZDZmeWmVllCbn7A171D7yJV3/DH/A7nGxyMIkFDUVVN91dYcKZNq777Swtr6yurRc2iptb2zu7pb39hpapIrROJJeqFWJNORO0bpjhtJUoiuOQ02Y4uBn7zUeqNJPiwWQJDWLcEyxiBBsr+e171usbrJR86pTKbsXNgRaJNyXl6iHkqHVKP+2uJGlMhSEca+17bmKCIVaGEU5HxXaqaYLJAPeob6nAMdXBMD95hE6s0kWRVLaEQbn6d2KIY62zOLSdMTZ9Pe+Nxf88PzXRVTBkIkkNFWSyKEo5MhKN/0ddpigxPLMEE8XsrYj0scLE2JRmtkQ0E3EyKtpgvPkYFknjrOJdVNy783L1epIQFOAIjuEUPLiEKtxCDepAQMILvMKb8+y8Ox/O56R1yZnOHMAMnK9ffw2aQw==</latexit>)

Maximizing (unconstrained) entropy is equivalent to choosing a prior

Continuum Version

<latexit sha1_base64="P6ZvF+WtmdZV4mHwjQyn6YNOp5M="></latexit>

�0 = 0
<latexit sha1_base64="j9hkn9p6DAIg3xKjUCoyK/bJW50="></latexit>

p(x) = e��0q(x)
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Information Theory and Constrained Optimization
“Predicting” a distribution by maximizing entropy with fixed moments

Plus Moment Constraints:

<latexit sha1_base64="IuXzfnSAyf3KKl/c6crc/h/l8c8="></latexit>

+
X

j

�j

⇣
cj �

Z
dx p(x)fj(x)

⌘

Relative Entropy:

<latexit sha1_base64="iKHVfFJ7lA7hRTQpa1p3nY3vFRc="></latexit>

�DKL(PkQ) =

Z
dx p(x) log

q(x)

p(x)

<latexit sha1_base64="qwploPrsBQXwtQGweQeS2vOkT0o="></latexit>

+ (�0 � 1)
⇣
1�

Z
dx p(x)

⌘

+

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

[Assi, Lee, Höche, JDT, PRL 2025]

Extremum:

<latexit sha1_base64="4v9BSRnRra+PHrbUxRL+39A+6Q8="></latexit>

p(x) = q(x) exp
h
� �0 �

X

j

�j fj(x)
i

https://arxiv.org/abs/2501.17219
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Information Theory and Numeric Constrained Optimization
“Predicting” a distribution by maximizing entropy with fixed moments and auto-differentiation

Loss Function:

Target Moment:  Current Moment:
<latexit sha1_base64="GXkJVN9EQo29gZajBRYXU/2Lyo8=">AAAB/nicbVDLSgNBEOz1GeMrPm5eBoPgKeyKosegF48RzQOSJcxOZpMxM7PLzKywLAF/wKv+gTfx6q/4A36Hk00OJrGgoajqprsriDnTxnW/naXlldW19cJGcXNre2e3tLff0FGiCK2TiEeqFWBNOZO0bpjhtBUrikXAaTMY3oz95hNVmkXywaQx9QXuSxYygo2V7kn3sVsquxU3B1ok3pSUq4eQo9Yt/XR6EUkElYZwrHXbc2PjZ1gZRjgdFTuJpjEmQ9ynbUslFlT7WX7qCJ1YpYfCSNmSBuXq34kMC61TEdhOgc1Az3tj8T+vnZjwys+YjBNDJZksChOOTITGf6MeU5QYnlqCiWL2VkQGWGFibDozW0KaShGPijYYbz6GRdI4q3gXFffuvFy9niQEBTiCYzgFDy6hCrdQgzoQ6MMLvMKb8+y8Ox/O56R1yZnOHMAMnK9f7GWWmg==</latexit>

cj

<latexit sha1_base64="eOoLaAlG1LCqWGQtpAQJUJR8zsQ="></latexit>

dj =

Z
dx p(x) fj(x)

<latexit sha1_base64="lSVS+GuqpbufMZbmDFwD6P+eslI="></latexit>

L =
X

j

✓
cj � dj
cj + dj

◆2

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

[Assi, Lee, Höche, JDT, PRL 2025]

Extremum:

<latexit sha1_base64="4v9BSRnRra+PHrbUxRL+39A+6Q8="></latexit>

p(x) = q(x) exp
h
� �0 �

X

j

�j fj(x)
i

https://arxiv.org/abs/2501.17219
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Simplified Calculation for Thrust
Leading log at fixed coupling

Ordinary Moments
<latexit sha1_base64="ni0ymFu6m0CZKhm/fRFxoAV/Mj8="></latexit>

h⌧mi =
2↵sCF

⇡

1

m2
+O(↵2

s)

Logarithmic Moments
<latexit sha1_base64="2Qh62Mo4BpBR7JYdUuhxeZXQCkE="></latexit>

hlnn ⌧i = (�1)n
✓

⇡

↵sCF

◆n/2

�
h
1 +

n

2

i

Example of “Sudakov Safe” Observable

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

Sudakov Form Factor
<latexit sha1_base64="U+zXVVFgyYbe79OaLEHGY2fMLY0="></latexit>

p(⌧) =
�2↵sCF

⇡

ln ⌧

⌧
exp

h
� ↵sCF

⇡
ln2 ⌧

i

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


Simplified Calculation for Thrust
Leading log at fixed coupling

Sudakov Form Factor
<latexit sha1_base64="U+zXVVFgyYbe79OaLEHGY2fMLY0="></latexit>

p(⌧) =
�2↵sCF

⇡

ln ⌧

⌧
exp

h
� ↵sCF

⇡
ln2 ⌧

i

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

59Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Centaur Science:  Adventures in AI+Physics

Mean ⇒ Strong Coupling Logarithmic Mean ⇒ Sudakov Peak
<latexit sha1_base64="q5BSqC2kGtrU7DH3nfTXOOOcqlI="></latexit>

h⌧i =
2↵sCF

⇡
+O(↵2

s)
<latexit sha1_base64="rQWAxOxZc2a7CR6V+VUqyF7Yu5o="></latexit>

hln ⌧i = � ⇡

2
p
↵sCF

Characterizes Fixed-Order Information Characterizes Resummed Information

https://arxiv.org/abs/2501.17219
https://arxiv.org/abs/1502.01719
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Proof-of-Concept Study with “Thrust”

[Assi, Lee, Höche, JDT, PRL 2025; 
see Sudakov safety in Larkoski, Marzani, JDT, PRD 2015;

see related moment construction in Desai, Nachman, JDT, PRD 2024]

First QCD Calculation of 
Thrust Logarithmic Moments!

0.4 0.6 0.8 1.0 1.2 1.4
Ratio to NNLL0 + O(Æ2

s)

hø 4i

hln4 øi
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Priors from imperfect generators yield 
consistent results after moment reweighting!
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https://arxiv.org/abs/2501.17219
https://arxiv.org/abs/1502.01719
https://arxiv.org/abs/2407.11284
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Grad. Descent

Sven: kSV=1

Sven: kSV=2

Sven: kSV=4

Sven: kSV=8

Sven: kSV=16
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Test Loss Evolution: c=1.09 Candidate

Descending into the Modular Bootstrap

χ2

dof

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

Tight constraints on individual operators… 

…almost certainly spanning a continuous space of solutions!
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https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279
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Cross Checking Modular Bootstrap Results (1 of 2)
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Survey Results: Δmax=4
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Loosening Constraints
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Allowing Non-Integer
Degeneracy with Δmax = 4 

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

https://arxiv.org/abs/2604.01275
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Cross Checking Modular Bootstrap Results (2 of 2)
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Main Result
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Increasing Constraints
to Δmax = 5

Evaluating Δmax = 5
Spectra at Δmax = 4 

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


