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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

Today:  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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Punchline

By combining “direct AI/ML” and “indirect AI/ML”,
we find an apparent* obstruction to constructing

two-dimensional conformal field theories with
small central charges and large spectral gaps

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

+ Langhoff, work in progress]

If you are surprised that someone from the hep-ph community
could make progress on a hep-th problem, you are not alone…

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


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

Revisiting the Modular Bootstrap

As we capitalize on emerging AI technologies, we
still need to insist on robustness and reproducibility

What Have We Actually Learned?

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
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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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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>
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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

Additional Aspects of Modern ML:  Stochastic Optimization, Overparametrization, Generalization, …

https://www.ggi.infn.it/ggilectures/ggilectures2026/
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Scenes from My Sabbatical:  Direct AI/ML

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 –

[Assi, Lee, JDT, arXiv 2026; based on Assi, Lee, Höche, JDT, PRL 2025]

Synthesizing QCD Predictions

[Alvarez, Benevedes, Szewc, JDT, arXiv 2026; see also Benevedes, JDT, PRD 2025]
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 ptarget(x) = κtarget

 Target Dataset ⟹ ̂κ ̂s(x) + (1 − ̂κ) b̂(x)infer

(1 − κtarget)+
btarget(x)

b3(x)

b1(x)
b2(x)

b̂(x)

Background

s3(x)

s1(x)

s2(x)

starget(x)
̂s(x)
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FIG. 1. A schematic representation of the domain shift problem which we seek to address. The left panel corresponds to the
signal and the right to the background. Each panel shows three MSDs and the corresponding TD. The black lines connecting
the MSDs represent the possibility that the MSDs may (or may not) be generated through variations of continuous nuisance
parameters, but that we have in mind the scenario where there is no value of these nuisance parameters exactly corresponding
to the real TDs. The blue arrows show how the MSDs are utilized to form the best-fit signal and background models, ŝ(x) and
b̂(x), which are likely to be closer to the true signal and background distributions than any of the individual MSDs. The bottom
line emphasizes that the best-fit signal fraction ω̂, signal model ŝ(x), and background model b̂(x) are simultaneously inferred
from the TD. Black quantities are the observed quantities that we have direct access to through simulation or observation, red
quantities are the truth that we hope to discover through the data, and blue quantities are the results of our modeling.

B. Template-Adapted Mixture Model

We are motivated by the case where none of the avail-
able simulations constitute faithful models of the TDs
(for any value of their nuisance parameters), such that
naive inference using these simulations results in biased
estimates of ω induced by model misspecification. This
deviates from conventional SBI, which assumes the ab-
sence of this so-called domain shift, or deviation between
simulation and reality. The situation is represented in
cartoon form in Fig. 1, where none of the MSDs corre-
spond to the TDs, and the (one-dimensional, in the car-
toon) space of simulations parametrized by all possible
variations of nuisance parameters also does not contain
the TDs. However, in this cartoon, our best-fit TAMM
(consisting of the best-fit signal fraction ω̂, signal model
ŝ(x), and background model b̂(x)) is able to model the
TD not only more e!ectively than any individual MSD,
but also more e!ectively than the simulation with any
possible setting of the nuisance parameters.

This is precisely the scenario where standard morphing
techniques [1–3], which interpolate along the simulation
manifold parametrized by nuisance parameters, are in-
su"cient, motivating the more flexible combinations in-
troduced below. We note that in order to ensure that our
MSDs are su"ciently distinct from the TDs to yield sub-
stantial domain shift, we will generate MSDs for our case
studies through parametrized distortions of the TDs, but
our methods treat these distortions as a black box and
do not use these parametrizations in any way.

To address the domain shift between simulation (en-

coded in the MSDs) and reality (embodied by the TD),
a TAMM models the true signal and background distri-
butions as a combination of di!erent component mod-
els, which are themselves derived from their respective
simulated distributions. This can be operationalized in
several ways; if we denote our signal and background
models s(x) and b(x), respectively, and the signal and
background component models sk and bk, respectively,
with k → {1, ..., K}, the relationship between them can
be written as

s(x) ↑ F ({sk[{sm}](x)}; {wk→}), (3)
b(x) ↑ G({bk[{bm}](x)}; {vk→}), (4)

where the component models are in general derived from
the MSDs (sk = sk in the simplest case), and we in-
clude potential dependence on parameters wk→ and vk→

with k
→
→ {1, ..., K

→
}. As with the number of MSDs, the

number of component models K and parameters K
→ is

taken to be the same in the signal and background mod-
els for notational simplicity, but could di!er in principle.

A priori, there are two constraints on F and G, which
equivalently serve as constraints on the possible values of
the parameters wk→ and vk→ :

1. F and G must be positive and normalized, so that
s(x) and b(x) are probability densities.

2. F and G should be permutation invariant functions
of their component models, as we will assume there
is no natural notion of ordering them.3

3 More precisely, this permutation symmetry may act on the pa-

Robust Inference Despite Domain Shift
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Survey Results: Δmax=4

Constraining 2D CFTs

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

Today’s Talk

https://arxiv.org/abs/2604.00084
https://arxiv.org/abs/2501.17219
https://arxiv.org/abs/2604.02219
https://arxiv.org/abs/2506.00113
https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279
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Scenes from My Sabbatical:  Indirect AI/ML

Full Disclosure

These slides were created by an AI,

prompted by a human,

to talk about a world where

the line between those two

is increasingly hard to draw.

(If that makes you uncomfortable, good.
That’s the point of this talk.)

2/36

Interactive Advice Document

[JDT, not yet public]

AI and Academic Publishing Salon

[JDT, “Predictably Uncertain”, Annual Reviews Salon, March 2026]

AI Research Assistant
[Answer:  use containers]

https://github.com/jdthaler/jdthaler.github.io/raw/main/talks/jthaler_2026_03_24_AnnualReviews_Salon.pdf
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LHCP 2026:  The most ambitious/controversial talk of my career (thus far…)

Machine Learning for the LHC Physics Program
A 2025–2026 stocktake

Concept & Guidance: Jesse Thaler (MIT, IAIFI, IHES, IPhT)

Implementation: Claude Opus 4.7 (Anthropic, Max x20 plan, →72 hours of inference)

LHCP 2026 | Paris | May 20, 2026

103 papers from the HEPML Living Review, read in full and synthesised.

Headline finding: ML stopped being a research field and started being LHC infrastructure.

In summary: six claims about how the field changed in twelve months.

1. Tools → infrastructure. LHC
experiments now publish ML-driven

physics; ALEPH archive too.
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2. Two revolutions, converging.
SBI methodology + foundation

models. Pretrain, fine-tune,
measure.
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3. AI agents are the new front.
6→47 papers; four uses already
differentiating; jury still out.

4. “Do we trust it?”
fastest-growing. 1 in 5 recent

papers is uncertainty / calibration /
interpretability.

logit pb

lo
gi

t
p u

sim
ula

te
d 

jet
 fla

vo
ur
 

pr
ob

ab
ilti

es

co
rre

ct
ed
 

pr
ob

ab
ilit

ies
 

+ u
nc

er
ta

int
y

5. What’s slowing down is
informative. Equivariance solved
into a tool; phenomenology BSM
ceded to model-agnostic search.
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6. Theory ML crossed a capability
threshold. Lattice, amplitudes,

symbolic computation, structure
inference.
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This deck is itself an exhibit of the potential — and pitfalls — of AI for the LHC physics program.

ML4LHC: 2025–2026 Stocktake | LHCP 2026 Paris | May 20, 2026 27 / 27

[JDT, LHCP 2026, May 2026]

Demonstrating what you can do with AI at scale

https://indico.cern.ch/event/1537360/contributions/6833617/
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The rise of AI+Physics research
combining physics principles
with AI technologies



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

Revisiting the Modular Bootstrap

As we capitalize on emerging AI technologies, we
still need to insist on robustness and reproducibility

What Have We Actually Learned?

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
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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

1.00 1.05 1.10 1.15 1.20

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Central Charge: c

Sp
ec
tra
lG
ap
:
Δ
ga
p

Established 2D CFTs

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/2104.09518
https://arxiv.org/abs/2111.01799
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
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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

2

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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Machine Learning without Neural Networks

Collier-Lin-Yin (HCLY) bound, which constrains the size of the spectral gap:

!gap →
c

6
+

1

3
when 1 → c → 4, (2.9)

The c
6 terms appears in Hellerman’s original paper [5], albeit with a constant factor of

0.47369497889. This constant was slightly refined in Ref. [6], and the factor of 1
3 was

derived in the Collier-Lin-Yin paper [7]. Explicit modular-invariant partition functions

that saturate the updated bound can be constructed using the extremal functional method

(see e.g. Ref. [16] for the explicit spectra), albeit without the constraint of integer-valued

degeneracy. Assuming integer-valued degeneracy, it is possible to obtain percent level

improvements of bound for c ↭ 1 [16]. We will not impose Eq. (2.9) in our studies, but

rather use it as a diagnostic for the survey in Sec. 7.

In Fig. 2, we show example CFT spectra for the N = 1 minimal models (N1MMs) with

m ↑ {5, 6, 7, 8, 9} [18]. The parameter m sets the central charge and spectral gap via:9

cN1MM =
3

2

(
1↓

8

m(m+ 2)

)
, !N1MM

gap =
3

m(m+ 2)
. (2.10)

To derive the primary operator spectra, we took the known partition functions for these the-

ories from Ref. [48], and did a term by term matching to Virasoro characters via Eq. (2.17)

below. The N1MM theories are rational CFTs with tgap = 0, so there are non-vacuum

operators on the ! = |j| line. While the spectrum of operators is infinite, we have imposed

a truncation to only show operators with !a < !max. In Sec. 5, these truncated N1MM

theories will be used as benchmark models to validate our analysis procedure.

In Fig. 3, we show example CFT spectra for the free boson circle branch (FBCB)

theories with R ↑ {1,
↔
2,
↔
3, 2}. The central charge and spectral gaps for these theories

are:

cFBCB = 1, !FBCB
gap =

1

2
min

(
R2,

1

R2

)
, (2.11)

where R = 1 corresponds to the self-dual radius. The spectra for these theories are well-

known [1, 2], though we also performed a partition function matching for validation. Since

we have picked rational values of R2 for these examples, they happen to all be rational

CFTs, though irrational values of R2 lead to irrational CFTs. In Sec. 4, these FBCB

theories will be used to help estimate truncation uncertainties.

2.2 Euclidean Torus Partition Function

Given the central charge and primary spectrum of a CFT, we can uniquely determine its

Euclidean torus partition function Z(ω). The torus is parametrized by a complex number

ω , and it is sometimes helpful to explicitly separate out its real and imaginary components:

ω = ω1 + i ω2. (2.12)

9For m → {3, 4}, the formula in Eq. (2.10) does not apply and the gaps are given by { 3
80 ,

1
24}, respectively.
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(a) (b)

(c) (d)

Figure 3. Spectrum of Virasoro primary operators below !max = 6 for free boson theories on the
circle branch (FBCB) with radii (a) R = 1, (b) R =

→
2, (c) R =

→
3, and (d) R = 2. These four

FBCB theories will used as baselines to estimate the uncertainty associated with truncating the
spectrum at !max. To estimate uncertainties for the N1MM models in Fig. 2 with !max = 4, we
take these FBCB baselines to have !max = 6. The spectrum of the FBCB theory with R =

→
2

in Fig. 3b is most similar visually to those of the N1MM models, and we will use it for our final
truncation uncertainty estimate.

Because we are working on a Euclidean torus, ω̄ is the complex conjugate of ω :

ω̄ = ω1 ↑ i ω2. (2.13)

It is convenient to define the squared-nome q and its complex conjugate q̄:10

q = e2ωiε , q̄ = e→2ωiε̄ . (2.14)

10In the mathematics literature, q usually represents the nome eωiε , which can be a source of confusion,
especially for sycophantic chatbots.
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While it is possible to define a more general torus partition function Z(ω, ω̄) where ω and

ω̄ are independent, we leave such studies to future work.

Each operator (!a, ja, da) in the spectrum has associated conformal weights:

ha =
!a + ja

2
, h̄a =

!a → ja
2

, (2.15)

where h and h̄ are non-negative by Eq. (2.2). For irrational CFTs, the twist gap in Eq. (2.7)

implies that only the vacuum state has h = 0 or h̄ = 0. The partition function depends on

the Virasoro characters for each operator, with an important discontinuity at h = 0:

εh=0(ω) =
q→

c→1
24

ϑ(ω)
(1→ q), εh>0(ω) =

qh→
c→1
24

ϑ(ω)
,

εh=0(ω̄) =
q̄→

c→1
24

ϑ(→ω̄)
(1→ q̄), εh̄>0(ω̄) =

q̄h̄→
c→1
24

ϑ(→ω̄)
, (2.16)

where ϑ(ω) is the Dedekind eta function, and we have used the identity ϑ(ω) = ϑ(→ω).

Putting these ingredients together, the Euclidean torus partition function is

Z(ω) =
∑

a

da εha(ω)εh̄a
(ω̄). (2.17)

Note that this sum over a includes the vacuum operator and the positive/negative spin

pairings implied by parity invariance. For the numerical optimization, we truncate the

spectrum at a maximum dimension, such that the sum over a only involves operators with

!a < !max. (2.18)

In our code implementation, we also find it convenient to work with the reduced partition

function [6]:

Zred(ω) =
↑
ω2 |ϑ(ω)|

2 Z(ω), (2.19)

which allows us to minimize calls to the Dedekind eta function, but otherwise has no impact

on the analysis.

Though we enforce a twist gap on the spectrum, some of the solutions we find have

tgap very close to zero. While the Virasoro characters are discontinuous in the tgap ↓ 0

limit, the partition function smoothly interpolates from an irrational CFT to a rational

one. Consider an operator with spin x, twist ϖ, and degeneracy 1:

(!, j, d) = (x+ ϖ, x, 1). (2.20)

In the ϖ ↓ 0 limit, the contribution to the partition function from this single operator can

be mimicked by two operators with

(!, j, d) = (x, x, 1), (!, j, d) = (x+ 1, x→ 1, 1). (2.21)
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Euclidean Torus:

Squared Nomes:

Conformal Weights:

Virasoro Characters:

(Reduced) Partition Function:

and barred versions

Nothing stops you from optimizing any parametrized function you want,
as long as its derivatives aren’t too pathological
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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)2

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…

✗

✗

τ values

-1/τ values

-0.4 -0.2 0.0 0.2 0.4

0.0

0.5

1.0

1.5

2.0

2.5

3.0

Re[τ]

Im
[τ
]

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
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Log10 Naive Loss Terms

Pr
ob
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ty

N=1 Minimal Model: m=5, Δmax=4, τ2max=6

Empirical

χ2 Expectation
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Log10 Improved Loss Terms

Pr
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ty

N=1 Minimal Model: m=5, Δmax=4, τ2max=6

⇒
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!

Ask me offline:  basically
a generalized/regularized 
version of Gauss-Newton

0 1 2 3 4

0

1

2

3

Δ

j

Spectrum After Optimization: Sven: NSV=16

c=1.09
Nprim=32
dtotal=32

0 1 2 3 4

0

1

2

3

Δ

j

Spectrum After Optimization: Gradient Descent

c=1.09
Nprim=51
dtotal=51

https://arxiv.org/abs/2604.01279
https://github.com/sambt/sven/


Grad. Descent

Sven: kSV=1

Sven: kSV=2

Sven: kSV=4

Sven: kSV=8

Sven: kSV=16

0 50 100 150 200 250 300

1

1000
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Iteration

Lo
ss

Test Loss Evolution: c=1.09 Candidate
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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!

●
●
●
●
●
●

●
●
●

●
●
●

●
●

●
●
●

●
●
●

●
●
●
●
●
●

●
●

●
●

●
●

●
●
●

●
●
●

●
●
●

●
●

●
●

●

●
●
●
●
●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●●●●●●●

44332211

10-8 10-6 10-4 0.01 1

Paras:

c:

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=1

j=1

j=1

j=1

j=1

j=2

j=2

j=2

j=3

j=3

j=3

j=3

j=3

j=3

10-8 10-6 10-4 0.01 1

of 27

c=1.09

Δ=0.0705

Δ=0.191

Δ=0.237

Δ=0.434

Δ=0.832

Δ=0.855

Δ=1.22

Δ=1.22

Δ=1.22

Δ=1.90

Δ=2.51

Δ=2.51

Δ=1.03

Δ=1.19

Δ=1.84

Δ=2.69

Δ=2.69

Δ=2.06

Δ=2.08

Δ=3.25

Δ=3.05

Δ=3.25

Δ=3.55

Δ=3.65

Δ=3.73

Δ=3.84

Fractional Uncertainty on c or Δ

Uncertainties: c=1.09 Candidate

●
●
●
●
●
●

●
●
●

●
●
●

●
●

●
●
●

●
●
●

●
●
●
●
●
●

●
●

●
●

●
●

●
●
●

●
●
●

●
●
●

●
●

●
●

●

●
●
●
●
●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●●●●●●●

44332211

10-8 10-6 10-4 0.01 1

Paras:

c:

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=1

j=1

j=1

j=1

j=1

j=2

j=2

j=2

j=3

j=3

j=3

j=3

j=3

j=3

10-8 10-6 10-4 0.01 1

of 27

c=1.09

Δ=0.0705

Δ=0.191

Δ=0.237

Δ=0.434

Δ=0.832

Δ=0.855

Δ=1.22

Δ=1.22

Δ=1.22

Δ=1.90

Δ=2.51

Δ=2.51

Δ=1.03

Δ=1.19

Δ=1.84

Δ=2.69

Δ=2.69

Δ=2.06

Δ=2.08

Δ=3.25

Δ=3.05

Δ=3.25

Δ=3.55

Δ=3.65

Δ=3.73

Δ=3.84

Fractional Uncertainty on c or Δ

Uncertainties: c=1.09 Candidate

●
●
●
●
●
●

●
●
●

●
●
●

●
●

●
●
●

●
●
●

●
●
●
●
●
●

●
●

●
●

●
●

●
●
●

●
●
●

●
●
●

●
●

●
●

●

●
●
●
●
●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●●●●●●●

44332211

10-8 10-6 10-4 0.01 1

Paras:

c:

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=1

j=1

j=1

j=1

j=1

j=2

j=2

j=2

j=3

j=3

j=3

j=3

j=3

j=3

10-8 10-6 10-4 0.01 1

of 27

c=1.09

Δ=0.0705

Δ=0.191

Δ=0.237

Δ=0.434

Δ=0.832

Δ=0.855

Δ=1.22

Δ=1.22

Δ=1.22

Δ=1.90

Δ=2.51

Δ=2.51

Δ=1.03

Δ=1.19

Δ=1.84

Δ=2.69

Δ=2.69

Δ=2.06

Δ=2.08

Δ=3.25

Δ=3.05

Δ=3.25

Δ=3.55

Δ=3.65

Δ=3.73

Δ=3.84

Fractional Uncertainty on c or Δ

Uncertainties: c=1.09 Candidate

●
●
●
●
●
●

●
●
●

●
●
●

●
●

●
●
●

●
●
●

●
●
●
●
●
●

●
●

●
●

●
●

●
●
●

●
●
●

●
●
●

●
●

●
●

●

●
●
●
●
●
●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●

●●●●●●●●

44332211

10-8 10-6 10-4 0.01 1

Paras:

c:

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=0

j=1

j=1

j=1

j=1

j=1

j=2

j=2

j=2

j=3

j=3

j=3

j=3

j=3

j=3

10-8 10-6 10-4 0.01 1

of 27

c=1.09

Δ=0.0705

Δ=0.191

Δ=0.237

Δ=0.434

Δ=0.832

Δ=0.855

Δ=1.22

Δ=1.22

Δ=1.22

Δ=1.90

Δ=2.51

Δ=2.51

Δ=1.03

Δ=1.19

Δ=1.84

Δ=2.69

Δ=2.69

Δ=2.06

Δ=2.08

Δ=3.25

Δ=3.05

Δ=3.25

Δ=3.55

Δ=3.65

Δ=3.73

Δ=3.84

Fractional Uncertainty on c or Δ

Uncertainties: c=1.09 Candidate

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


24Jesse Thaler (MIT, IAIFI, IHES, IPhT) — Descending into the Modular Bootstrap

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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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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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 
methodological merging of physical 
reasoning and computational algorithms



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

Revisiting the Modular Bootstrap

As we capitalize on emerging AI technologies, we
still need to insist on robustness and reproducibility

What Have We Actually Learned?

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) — Descending into the Modular Bootstrap 28
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Theoretical Research via Numerical Optimization

If your problem can be stated as…

Find parameters  such that  for all θ f(x; θ) = 0 x

…then it can be attacked with ML-style optimization

The lesson from our study is that you have to know
how close to “ ” you need to be to declare success

This is essentially a problem of uncertainty quantification and
I don’t know any shortcut other that detailed robustness studies

0
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“What Have We Actually Learned?” 

With very high confidence:

We found approximate solutions to the 
truncated modular bootstrap equations

CFT Candidates
Poor Optimization
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Survey Results: Loss Distribution

In fact, these examples are 
almost certainly not CFTs

The modular bootstrap does not 
constrain OPE coefficients

However, we cannot claim to
have identified new CFTs

In the primal approach, the absence of 
evidence is not evidence of absence

Maybe Sven just isn’t a powerful
enough optimizer for this problem

Moreover, we cannot even claim to 
have excluded possible CFTs!
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“What Have We Actually Learned?” 

With very high confidence:

We found approximate solutions to the 
truncated modular bootstrap equations

CFT Candidates
Poor Optimization
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Survey Results: Loss Distribution

In fact, these examples are 
almost certainly not CFTs

The modular bootstrap does not 
constrain OPE coefficients

However, we cannot claim to
have identified new CFTs

In the primal approach, the absence of 
evidence is not evidence of absence

Maybe Sven just isn’t a powerful
enough optimizer for this problem

Moreover, we cannot even claim to 
have excluded possible CFTs!What we can do is perform numerous studies to increase our 

confidence that this apparent obstruction is robust and reproducible

I do not claim that these are proofs of anything, but there 
were numerous opportunities for these checks to fail
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Visual Inspection:  (Non-)Candidate 2D CFT Spectra at c = 1.08
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Checking the Definition of Uncertainties

the candidate CFT and on the truncation level !max. It also depends on the choice of

baseline CFT, though we do not expect this choice to have too much of an impact, since

all CFTs of the same central charge have the same Cardy estimate of the density of states.

This expectation will be borne out in Table 1 below.

Because there can be accidental cancellations between Ztrunc
deformed(ω) and Ztrunc

deformed(ωS),

we treat these terms as having independent truncation uncertainties, which we add in

quadrature.16 In addition, these independent truncation uncertainties can be accidentally

small because of the oscillatory structure of the j > 0 characters, which we can mitigate

by considering just imaginary values of ω :

ω → i |ω |, ωS → i |ωS | =
i

|ω |
. (4.22)

The final truncation uncertainty is therefore:

εtrunc(ω ; c;!max)
2 =

(
Zdeformed(i |ω |; c)↑ Ztrunc

deformed(i |ω |; c;!max)
)2

+ (ω → ωS). (4.23)

Recall that Zdeformed(ω ; c) = Zdeformed(ωS ; c) by construction, and the mapping in Eq. (4.22)

ensures that Zdeformed(i |ω |; c) equals Zdeformed(i |ωS |; c).

While tedious, the steps to compute Eq. (4.23) are easily automated in Mathematica.

To obtain Ztrunc
deformed, we need to determine the ãh,h̄ coe”cients in Eq. (4.17), which requires

not only extracting the ah,h̄ terms from the (estimate of the) partition function in Eq. (4.12)

but also doing a further expansion of |ϑ(ω)|2 |q|→
1
12 . Because of a peculiarity in the way

Mathematica performs power series expansions, the current version of our code can only

handle integer values of !max, though we expect this limitation to be overcome in future

versions.

Finally, it is worth reemphasizing that Zdeformed does not correspond to an actual CFT.

Because of the logarithmic behavior of Eq. (4.6), this theory has a pathological vacuum,

which can be seen by expanding Eq. (4.20) in the small q limit:

Ztrunc
deformed(ω ; c;!max) = |q|→

c
12

(
(2ϖ!max)

c→c0
2

c→c0
2 #

(
c→c0
2

) + . . .

)
. (4.24)

This leading term corresponds to having a !max-dependent vacuum degeneracy. Luckily,

this pathological vacuum behavior drops out of the uncertainty estimate in Eq. (4.23), which

is why we think our approach is still a valid way to estimate the impact of truncation. See

App. A for an alternative deformation strategy with a completely valid vacuum state. From

the ML perspective, it is important to emphasize that this uncertainty has been determined

from theory alone and does not correspond to a learned quantity.

16These accidental cancellations occur, because sometimes Ztrunc
deformed(ω) is greater than Ztrunc

deformed(ωS), and
sometimes less, so there must be values of ω where it is zero.
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Take an known CFT partition function with central charge 
Deform it to make it have effective central charge 
Compute the uncertainty from truncating spectrum at 

c0
c

Δmax

Strategy:  

Claude’s Deformation:

In the studies in Sec. 5.4 and Sec. 6, we find evidence for a continuous space of solu-

tions. Specifically, the inverse covariance matrix is rank deficient, so there are correlated

parameter directions one can traverse that barely change the loss. To help characterize

this space, we find it informative to compute partial covariance matrices where we only

vary a few parameters at a time. This corresponds to looking at inverses of submatrices of

!→1, which is crucially di”erent from looking at submatrices of !.

4 Quantifying the Impact of Truncation

Because we are looking for numerical solutions to the modular bootstrap equations, we have

to carefully treat the issue of uncertainties. The dominant uncertainty is from truncating

the spectrum to only include primaries with # < #max. To estimate this uncertainty, we

take a known CFT with baseline central charge c0 and deform its partition function to

match the asymptotic density of states of a CFT with c > c0. We then impose the #max

truncation on the deformed partition function, which will yield a ω -dependent estimate of

the truncation uncertainty that can be used in the improved loss from Eq. (3.6). In App. A,

we explore an alternative deformation strategy with similar performance.

4.1 Deformation Strategy

Consider an exact CFT with central charge c0 and partition function:

Zexact(ω ; c0). (4.1)

Expanding around the q → 0 limit, this partition function must behave like:

Zexact(ω ; c0) = |q|→
c0
12
(
1 + . . .

)
, (4.2)

where the overall scaling is set by the vacuum character and the dots correspond to terms

that scale as positive powers of q and q̄. This partition function is modular invariant by

assumption:

Zexact(ω ; c0) = Zexact(ωS ; c0). (4.3)

To model the partition function of a CFT with c > c0, we apply the following defor-

mation:

Zdeformed(ω ; c) =
(↑

ω2 |ε(ω)|
2
)c0→c

Zexact(ω ; c0), (4.4)

again using the notation ω2 = Im(ω) from Eq. (2.12). A similar approach was pursued in

Ref. [21] to define the primary partition function.15 As previewed in Eq. (2.25),
↑
ω2 |ε(ω)|2

is modular invariant, so this deformed partition function is as well. Less obvious is that

this partition function behaves like CFT with central charge c. To see this, we can expand

Eq. (2.25) around the q → 0 limit:

↑
ω2 |ε(ω)|

2 = |q|
1
12

√
1
ω log 1

|q|
(
1 + . . .

)
. (4.5)

15Even though two of the authors of Ref. [21] are co-authors here, it was Claude Opus 4.1 who that first
identified the relevance of this approach for truncated uncertainty characterization.
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Smear out vacuum to reproduce
Cardy scaling; never a valid CFT

Human Rebuttal!

Études Scientifiques (IHES) and the Institut de Physique Théorique (IPhT) for providing

an inspiring sabbatical environment to carry out this research. NB is supported by the

U.S. Department of Energy (DOE) O!ce of High Energy Physics under grant number

DE-SC0026324. ALF and WL are supported by the U.S. Department of Energy O!ce

of Science under Award Number DE-SC0015845. This work was initiated by NB and JT

sharing an o!ce at the Aspen Center for Physics, which is supported by National Science

Foundation grant PHY-2210452.

A Alternative Deformation Strategy

In this appendix, we explore an alternative deformation strategy that provides a comple-

mentary way to estimate truncation uncertainties.21 It is conceptually simpler than the

approach in Sec. 4, but a bit more involved computationally, which is why we decided not

to choose it as our default, though it may be worth using in future studies.

Like in Sec. 4, the starting point is an exact CFT with central charge c0 and partition

function:

Zexact(ω ; c0). (A.1)

To build a deformed CFT with central charge c, we take ε copies of the exact theory, with:

ε =
c

c0
. (A.2)

The resulting deformed theory is:

Zdeformed(ω ; c) =
(
Zexact(ω ; c0)

)ω
. (A.3)

If ε were an integer, this would be a fully valid CFT partition function. For non-integer

ε, we still obtain a modular-invariant partition function, albeit one with fractional degen-

eracies.

For the baseline CFT in Eq. (4.7) with c0 = 1, its deformed partition function is

simply:

Zbaseline
deformed(ω ; c) =

(
|”2(ω)|2 + |”3(ω)|2 + |”4(ω)|2

2 |ϑ(ω)|2

)c

. (A.4)

It is instructive to expand this in the q → 0 limit:

Zbaseline
deformed(ω ; c) = |q|→

c
12

(
1 + 2 c |q|

1
4 + 2 c (c↑ 1) |q|

1
2 +

4

3
c (c2 ↑ 3c+ 2) |q|

3
4

+
2

3
c2 (c2 ↑ 6c+ 11) |q|+ c (q + q̄) + · · ·

)
. (A.5)

Compared to the analogous expression from Eq. (4.10), this expression has many more

terms, which can results in some computational headaches. On the other hand, it does not

have a logarithmic prefactor, so this deformation yields a more physical spectrum in the

sense of having a finite spectral gap.

21In contrast to footnotes 6 and 15, this approach was based entirely on human insights.
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sharing an o!ce at the Aspen Center for Physics, which is supported by National Science

Foundation grant PHY-2210452.

A Alternative Deformation Strategy

In this appendix, we explore an alternative deformation strategy that provides a comple-

mentary way to estimate truncation uncertainties.21 It is conceptually simpler than the

approach in Sec. 4, but a bit more involved computationally, which is why we decided not

to choose it as our default, though it may be worth using in future studies.

Like in Sec. 4, the starting point is an exact CFT with central charge c0 and partition

function:

Zexact(ω ; c0). (A.1)

To build a deformed CFT with central charge c, we take ε copies of the exact theory, with:

ε =
c

c0
. (A.2)

The resulting deformed theory is:

Zdeformed(ω ; c) =
(
Zexact(ω ; c0)

)ω
. (A.3)

If ε were an integer, this would be a fully valid CFT partition function. For non-integer

ε, we still obtain a modular-invariant partition function, albeit one with fractional degen-

eracies.

For the baseline CFT in Eq. (4.7) with c0 = 1, its deformed partition function is

simply:

Zbaseline
deformed(ω ; c) =

(
|”2(ω)|2 + |”3(ω)|2 + |”4(ω)|2

2 |ϑ(ω)|2

)c

. (A.4)

It is instructive to expand this in the q → 0 limit:

Zbaseline
deformed(ω ; c) = |q|→

c
12

(
1 + 2 c |q|

1
4 + 2 c (c↑ 1) |q|

1
2 +

4

3
c (c2 ↑ 3c+ 2) |q|

3
4

+
2

3
c2 (c2 ↑ 6c+ 11) |q|+ c (q + q̄) + · · ·

)
. (A.5)

Compared to the analogous expression from Eq. (4.10), this expression has many more

terms, which can results in some computational headaches. On the other hand, it does not

have a logarithmic prefactor, so this deformation yields a more physical spectrum in the

sense of having a finite spectral gap.

21In contrast to footnotes 6 and 15, this approach was based entirely on human insights.
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Take  copies of a CFT;
valid theory for integer 

α
α

Humans win on numerical accuracy!   Though AI wins on computational efficiency…
And it makes absolutely no difference to the story

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

https://arxiv.org/abs/2604.01275
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Checking the Impact of Integrality

“Allowing for non-integer degeneracies, your optimizer should 
be able to saturate the Hellerman-Collier-Lin-Yin bound”
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Main Result:  Δmax = 4
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Non-Integer Degeneracy, Δmax=4
Floating Degeneracy

⇒ With additional freedom, 
Sven does find solutions 
that fill the allowed space

Integrality appears essential 
for the obstruction

[bounds from Hellerman, JHEP 2011; Collier, Lin, Yin, JHEP 2018; Benjamin, Fitzpatrick, Li, JDT, arXiv 2026; Bright-Thonney, Harvey, Lukas, JDT, arXiv 2026]

https://arxiv.org/abs/0902.2790
https://arxiv.org/abs/1608.06241
https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279
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Checking the Impact of the Truncation Scale

“If you lower the truncation scale, the uncertainties should be larger, 
so it should be easier to find solutions to the bootstrap equations”
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Survey Results: Δmax=4
Main Result:  Δmax = 4 Lowering:  Δmax = 3

⇒ Loosening the constraints 
does yield more apparent 
solutions

High dimension (but low 
twist) operators appear 
essential for the obstruction

1.00 1.05 1.10 1.15 1.20

0.0

0.1

0.2

0.3

0.4

0.5

0.6

Central Charge: c

Sp
ec
tra
lG
ap
:
Δ
ga
p

Integer Degeneracy, Δmax=3

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

https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279
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Pushing Sven to the Max

“If you raise the truncation scale, the uncertainties should be smaller, 
so it should be harder to find solutions to the bootstrap equations”
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⇒
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Integer Degeneracy, Δmax=5
Raising:  Δmax = 5

Tightening the constraints 
does reduce the space of 
apparent solutions

Further evidence that high 
dimension (but low twist) 
operators are essential for 
the obstruction

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

https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279
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Essential Closure Test

“If you find optima with a higher truncation scale, but then truncate at , 
your answers should agree with the directly optimizing with ”

Δmax
Δmax
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Δmax=5 Spectra Truncated to Δmax=4

⇒ Same space of solutions!
Closure test passed!

More difficult optimization 
yields consistent solution to 
less constrained problem

Truncating  to Δmax = 5 4

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

https://arxiv.org/abs/2604.01275
https://arxiv.org/abs/2604.01279
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The Ultimate Test of Reproducibility
Humans wrote every line of Mathematica code with zero AI assistance (despite trying)

Could a human+AI team reproduce the results in PyTorch?  Could they go even further??

[Benjamin, Fitzpatrick, Li, JDT + Langhoff, work in progress]
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Ultra-preliminary results suggestive of an obstruction to further obstructions!
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(Recent results show that yellowish regions turn more blue with better optimization hyperparameters, but red regions persist)
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Revisiting the Dual Constraints

[Fitzpatrick, Li, JHEP 2024;
using Simmons-Duffin, JHEP 2015; Landry, Simmons-Duffin, arXiv 2019]
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If we can obtain a two sided bound on A → F!(∆a,∆b) → B, then we can impose the
additional constraint that [A,B] must contain an integer.

Now we introduce our method to get an upper and lower bound on F!(∆a,∆b) using
semi-definite programming [11, 12]. Combining (2.10) and (2.18) we obtain the following
vector equation,

(
0

ωFvac

)

+
∑

{∆,!}∈S
n∆,!

(
θ(∆ − ∆b)θ(∆a − ∆)δs,!

ωF∆,!

)

=
(
Fs(∆a,∆b)

ω0

)

(2.19)

where θ(x) and δs,l are Heaviside step function and Kronecker delta function. We will
seek a vector ωβ,

ωβ ≡
(
±1
ωα

)

, (2.20)

such that,

ωβ ·
(

θ(∆ − ∆b)θ(∆a − ∆)δs,!
ωF∆,!

)

↔ 0 for {∆, &} ∈ S. (2.21)

Then, acting ωβ on (2.19) we have,

±Fs(∆a,∆b) = ωα · ωFvac +
∑

{∆,!}∈S
(n∆,!)ωβ ·

(
θ(∆ − ∆b)θ(∆a − ∆)δs,!

ωF∆,!

)

↔ ωα · ωFvac (2.22)

So depending on which sign we choose for the top component of ωβ, we can produce either
an upper or lower bound on Fs(∆a,∆b). The strongest bound in both cases will come from
maximizing ωα · ωFvac. Below we show two typical functionals that give rise to upper and
lower bound of Fs(∆a,∆b).

In general, we find that by choosing an appropriate interval [∆a,∆b] and spin sector s,
one can always find an upper and lower bound of Fs(∆a,∆b). So unlike in section 2.2, we
don’t need to put additional assumption of the next operator to get a lower bound. Then the
natural question is whether this method can lower the previous bootstrap bound? For the
problem of bounding the lowest scaling dimension, we find that the answer is yes, though
the actual amount by which we will end up improving the bound in our applications will
be modest. We will discuss this in more detail in section 6.

3 Review of previous bootstrap results

Without assuming any symmetry beyond Virasoro, in [5] the authors found that for 1 → c → 4,
the modular bootstrap bound on the overall spectral gap converges to

∆mod = c

6 + 1
3 , c ∈ [1, 4]. (3.1)

Moreover, they identified the following extremal solutions in terms of known theories:

• At c = 1, the bound is ∆mod = 1
2 . The theory saturating this bound is free compact

boson at self-dual radius, or equivalently SU(2)1 WZW model.

– 6 –

Number of operators
in an interval…

…via standard SDPB
optimization

“If you really pushed the dual bootstrap numerics,
is there any hope to extend the known excluded region?”
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Figure 9. The upper and lower bounds on F0
(

∆a,∆a + 1
20

)
for Virasoro bootstrap, at c = 1 +

1
100 ,Λmax = 15.
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Figure 10. (a) The comparison between the integrality result at Λmax = 15, 17, 19 with the convergent
bound ∆mod = c

6+ 1
3 from [5] (b) The exact di!erence between the integrality result at Λmax = 15, 17, 19

and ∆mod = c
6 + 1

3 .

Figure 11. The di!erence of ∆mod between Λmax = 17, 19 with Λmax = 15.

– 14 –

Look for intervals
whose F-bracket
excludes integers! 

Previous study:

Δs=0 ∈ [Δgap, Δgap+
1

20 ]

⇒

https://arxiv.org/abs/2308.08725
https://arxiv.org/abs/1502.02033
https://arxiv.org/abs/1909.09745
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[Benjamin, Fitzpatrick, Langhoff, Li, JDT, work in progress;
using Fitzpatrick, Li, JHEP 2024; Simmons-Duffin, JHEP 2015; Landry, Simmons-Duffin, arXiv 2019]
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Improving modular bootstrap bounds with integrality
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Abstract: We propose methods that e!ciently impose integrality — i.e., the condition that
the coe!cients of characters in the partition function must be integers — into numerical
modular bootstrap. We demonstrate the method with a number of examples where it
can be used to strengthen modular bootstrap results. First, we show that, with a mild
extra assumption, imposing integrality improves the bound on the maximal allowed gap in
dimensions of operators in theories with a U(1)c symmetry at c = 3, and reduces it to the
value saturated by the SU(4)1 WZW model point of c = 3 Narain lattices moduli space.
Second, we show that our method can be used to eliminate all but a discrete set of points
saturating the bound from previous Virasoro modular bootstrap results. Finally, when central
charge is close to 1, we can slightly improve the upper bound on the scaling dimension gap.

Keywords: Conformal and W Symmetry, Nonperturbative Effects, Scale and Conformal
Symmetries

ArXiv ePrint: 2308.08725

Open Access, © The Authors.
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Handing a JHEP article and a
Mathematica notebook to my
unflappable research assistant…

Ultra-Preliminary
(but spot checked

by a human)

⇒

Towards a Proof of the Obstruction

!! Rigorous evidence
for an obstruction!

(stay tuned…)

https://arxiv.org/abs/2308.08725
https://arxiv.org/abs/1502.02033
https://arxiv.org/abs/1909.09745
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Exciting opportunities for discovery 
from a combination of physics 
intelligence and artificial intelligence



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

Revisiting the Modular Bootstrap

As we capitalize on emerging AI technologies, we
still need to insist on robustness and reproducibility

What Have We Actually Learned?

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) — Descending into the Modular Bootstrap 42

Descending into the Modular Bootstrap
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Backup Slides
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The Future of Artificial Intelligence and the
Mathematical and Physical Sciences (AI+MPS)

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

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

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

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

∗Corresponding authors: mlafleur@mit.edu and jthaler@mit.edu
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[Ferguson, LaFleur, Ruthotto, JDT, Ting, Tiwary, Villar, et al., MLST 2026; see MIT News March 2026]

Cross-Disciplinary
Opportunities:

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

AI Innovations from Science
Understanding AI Behaviors
Robust and Reproducible AI

https://arxiv.org/abs/2509.02661
https://news.mit.edu/2026/3-questions-future-of-ai-and-mathematical-physical-sciences-0311
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AI is Changing What it Means To…

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

Design/Build/Operate 
Experiments

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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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/2405.16279
https://arxiv.org/abs/2405.20041
https://arxiv.org/abs/2412.03747
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AI is Changing What it Means To…

e.g. generative modeling
for lattice field theory

…
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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

Representative examples, far from exhaustive!
Experimental implications in backup slides

e.g. evaluating AI reasoning
abilities on TPBench 

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

Be a Physicist

[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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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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AI is Changing What it Means To…

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
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[Assi, Lee, JDT, arXiv 2026; Assi, Lee, Höche, JDT, PRL 2025;
using Komiske, Metodiev, JDT, JHEP 2018]

Direct AI/ML:  QCD Theory Meets Information Theory

12 3 4 5 6

EFP degree d

10°5

10°4

10°3

10°2

10°1

T
ri
an

gu
la

r
D

iv
er

ge
n
ce

Æs(MZ) = 0.118 ± 20%

Reweighting transfer across observables: mixed moment constraints

Prior

d ∑ 1

d ∑ 3

d ∑ 5

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 –
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Learnable Function:
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https://arxiv.org/abs/2604.00084
https://arxiv.org/abs/2501.17219
https://arxiv.org/abs/1712.07124
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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.
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From AI Curmudgeon… to AI Evangelist!

This dream seems very far away to me now, since the search for
BSM physics appears limited by experiment not theory…

Nevertheless, AI tutors already enable Matrix-style knowledge downloads 
and AI systems can crack theory problems amenable to brute force attack

Don’t be an ostrich!  Try AI in your research and form an opinion
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Known 2D CFT Spectra:  Free Boson Circle Branch
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Known 2D CFT Spectra:  N=1 Minimal Models
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Candidate 2D CFT Spectra:  Floating Δgap
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Sven:  Sweeping Number of Singular Values
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Robustness of Loss Values

m = 5 m = 6 m = 7 m = 8 m = 9
R = 1 0.851 1.16 1.29 1.40 1.65

R =
→
2 0.649 0.904 1.02 1.12 1.32

R =
→
3 1.58 1.89 2.03 2.13 2.48

R = 2 0.777 1.03 1.14 1.24 1.46

Table 1. Loss values for the N1MM CFTs with m ↑ {5, 6, 7, 8, 9}, with truncation uncertainties
estimated from the FBCB models with radii R ↑ {1,

→
2,
→
3, 2}. Here, we take !N1MM

max = 4,
!FBCB

max = 6, and ωmax
2 = 6 as our defaults. All choices of R shown yield stable O(1) loss values, but

for concreteness we use R =
→
2 from Fig. 3b when estimating truncation uncertainties.

5 Validation with N = 1 Minimal Model

To validate our approach to finding CFT candidates, we use five known CFTs to benchmark

what CFT-like behavior looks like. We focus on theN = 1 minimal models (N1MMs) shown

in Fig. 2 with m ↑ {5, 6, 7, 8, 9}, for which we can e”ciently generate the CFT spectrum

and corresponding torus partition function. For most of this section, we focus the m = 5

theory, whose central charge of c = 81/70 is the smallest from the N1MM family that is

strictly greater than 1. We pretend that the N1MM spectrum is the result of performing

our ML-style procedure, which allows us to test every aspect of our analysis pipeline apart

from the optimization itself.

5.1 Order One Loss Implies CFT-like Behavior

The first validation we perform is to show that, once the loss is normalized by the truncation

uncertainty as in Eq. (3.6), a loss value of O(1) corresponds to CFT-like behavior. In

Table 1, we show the value of the loss for the five N1MM benchmark models, varying

which FBCB theory is used to estimate the truncation uncertainties. As desired, these loss

values are all around 1, with factor of 2 variations among di#erent choices for m and the

FBCB radius R. We therefore conclude that our uncertainty estimate is reliable, at least

for theories are similar enough in spectrum to the N1MM models. For concreteness, we

take the default FBCB radius to be:

R =
→
2, (5.1)

though through some internal tests, we found that other choices give similar results.

5.2 Loss Terms Follow Chi-Squared Distribution

As discussed in Sec. 3.2, one of the motivations for introducing the uncertainty-improved

loss was to avoid excessive sensitivity to the choice of sampled ω values. In Fig. 5a, we

show the individual terms that go into the naive loss in Eq. (3.5) for the default N1MM

scenario. We see that they span 20 orders of magnitude, implying that they are highly

sensitive to the particular values of ω being sampled.

In Fig. 5b, we show the individual terms that enter the improved loss from Eq. (3.6).

The individual terms are now highly concentrated around O(1) values. If we were perform-

ing a ε2 analysis in a setting where the uncertainties were entirely statistical in nature, we
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c = 1.05 c = 1.07 c = 1.09 c = 1.11 c = 1.13
R = 1 1.19 0.528 0.680 3.02 2.39

R =
→
2 0.878 0.395 0.510 2.24 1.80

R =
→
3 3.39 1.30 1.61 6.64 5.11

R = 2 1.14 0.513 0.649 2.78 2.18

Table 2. Same as Table 1, but now for the five candidate CFTs found through optimization. We
see the same stability as in the N1MM study as a function of R and the choice of model, though
some of the loss values are a factor of 2 smaller or larger. While this is some evidence for overfitting
(for smaller losses) and incomplete optimization (for larger losses), we do not expect this to impact
the qualitative features of the identified spectra.

of adaptation is to make sure that noisier directions are ignored later in the training.

6.3 Candidate CFT Partition Functions

After this evidence for successful optimization, we can now inspect the resulting candidate

CFT spectra, as shown in Fig. 10. To make it easier to read these plots, we have combined

operators whose dimensions are within |!a↑!b| = 0.15 of each other, to build an e”ective

operator with degeneracy greater than 1. We emphasize, though, that the degeneracies are

fixed at 1 throughout the training. Because the optimization lets operators drift past the

!max boundary, the original 60 operators have been cut down by roughly half.

Visually, these candidates look roughly as CFT-like as the N1MM scenarios from Fig. 2,

with clusters of primaries separated by noticeable gaps in the spectrum. There is perhaps

a depletion of operators with ! ↓ 3.5 compared to expectation, which is most noticeable

in the c = 1.09 and c = 1.11 models. That said, operators close to the !max = 4 boundary

are poorly constrained, so it is possible that some “true” primaries accidentally drifted

above the !max threshold. Cardy scaling suggests that the number of primary operators

should increase with c, and there is mild evidence for this trend among these five examples.

For completeness, we show the spectra for the incomplete optimizations from Fig. 9a in

App. B.

We can inspect the robustness of these solutions by studying the parameter uncertain-

ties. We focus on the c = 1.09 candidate in Fig. 11, presenting the other candidates in

App. B. Just as for the N1MM benchmark in Fig. 7, the central charge and lowest dimen-

sion primaries are highly constrained, with better than part per million accuracy. As more

operator dimensions are varied simultaneously, though, the uncertainties grow, providing

further evidence for a continuous space of solutions to the modular bootstrap equations.

As expected, the higher-spin operators are rather poorly constrained, with uncertainties

large enough in some cases that we cannot confidently claim that they are below !max.

Correspondingly, there may be operators that drifted above the !max boundary during

training whose actual dimension is below the !max threshold. To avoid accidentally small

uncertainties, we include operators with !a > !max when constructing #→1, though we do

not report their uncertainties (which are always order 1).

An interesting feature of these spectra is that they all have at least one operator with

!a ↓ |ja|. This is not surprising from the optimization perspective, since even if there is
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m = 5 m = 6 m = 7 m = 8 m = 9
R = 1 0.424 0.449 0.431 0.428 0.469

R =
→
2 0.371 0.399 0.388 0.389 0.429

R =
→
3 1.14 1.04 0.982 0.957 1.05

R = 2 0.422 0.453 0.449 0.455 0.506

Table 3. Loss values for the N1MM CFTs using an alternative truncation strategy to estimate
uncertainties. The loss values are around a factor of 2–3 smaller than for the default strategy in
Table 1, but otherwise quite similar in their qualitative patterns.

c = 1.05 c = 1.07 c = 1.09 c = 1.11 c = 1.13
R = 1 0.870 0.358 0.416 1.73 1.31

R =
→
2 0.725 0.305 0.360 1.50 1.15

R =
→
3 3.42 1.27 1.43 5.71 4.46

R = 2 0.866 0.364 0.421 1.71 1.31

Table 4. Loss values for the five candidate CFTs found in Sec. 6 using an alternative truncation
strategy to estimate uncertainties. Here, the loss values are around the same size as default strategy
in Table 2, which makes sense since we did not specifically optimize using this alternative uncertainty
strategy.

To truncate this deformed partition function at !max, we can write it as an expansion

in q and q̄:

Zdeformed(ω ; c) =
|q|

1→c
12

|ε(ω)|2

∑

h,h̄

ãh,h̄ q
h q̄h̄, (A.6)

where the coe”cients ãh,h̄ will di#er substantially from those of the exact CFT because of

multiple cross terms induced by raising the partition function to the ϑ power. Unlike the

expression in Eq. (4.17), there is no additional function of ω2, so it straightforward to keep

only the operators with ! < !max:

Ztrunc
deformed(ω ; c;!max) =

|q|
1→c
12

|ε(ω)|2

∑

h,h̄

ãh,h̄ q
h q̄h̄$

(
!max ↑ h↑ h̄

)
. (A.7)

Note that we did not have to perform any kind of inverse Laplace transform to obtain this

expression and the spectrum is discrete.

To show the behavior of this alternative deformation strategy, we recompute the loss

values from Tables 1 and 2. We use the same uncertainty formula from Eq. (4.23), just with

alternative definitions of Zdeformed and Ztrunc
deformed. In Table 3, we show the loss values for the

N1MM models computed in this alternative way. Apart from being roughly a factor of 2–3

smaller, the loss values exhibit the same qualitative features as the default approach. In

general, it seems that this alternative deformation strategy yields somewhat conservative

uncertainties, and therefore smaller loss values than the default.

In Table 4, we show the alternative loss values for the five candidate CFTs identified

in Sec. 6. Here, the loss values are quite similar to the default approach. One has to

keep in mind, though, that these candidates were identified using a loss function with the
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m = 5 m = 6 m = 7 m = 8 m = 9
R = 1 0.424 0.449 0.431 0.428 0.469

R =
→
2 0.371 0.399 0.388 0.389 0.429

R =
→
3 1.14 1.04 0.982 0.957 1.05

R = 2 0.422 0.453 0.449 0.455 0.506

Table 3. Loss values for the N1MM CFTs using an alternative truncation strategy to estimate
uncertainties. The loss values are around a factor of 2–3 smaller than for the default strategy in
Table 1, but otherwise quite similar in their qualitative patterns.

c = 1.05 c = 1.07 c = 1.09 c = 1.11 c = 1.13
R = 1 0.870 0.358 0.416 1.73 1.31

R =
→
2 0.725 0.305 0.360 1.50 1.15

R =
→
3 3.42 1.27 1.43 5.71 4.46

R = 2 0.866 0.364 0.421 1.71 1.31

Table 4. Loss values for the five candidate CFTs found in Sec. 6 using an alternative truncation
strategy to estimate uncertainties. Here, the loss values are around the same size as default strategy
in Table 2, which makes sense since we did not specifically optimize using this alternative uncertainty
strategy.

To truncate this deformed partition function at !max, we can write it as an expansion

in q and q̄:

Zdeformed(ω ; c) =
|q|

1→c
12

|ε(ω)|2

∑

h,h̄

ãh,h̄ q
h q̄h̄, (A.6)

where the coe”cients ãh,h̄ will di#er substantially from those of the exact CFT because of

multiple cross terms induced by raising the partition function to the ϑ power. Unlike the

expression in Eq. (4.17), there is no additional function of ω2, so it straightforward to keep

only the operators with ! < !max:

Ztrunc
deformed(ω ; c;!max) =

|q|
1→c
12

|ε(ω)|2

∑

h,h̄

ãh,h̄ q
h q̄h̄$

(
!max ↑ h↑ h̄

)
. (A.7)

Note that we did not have to perform any kind of inverse Laplace transform to obtain this

expression and the spectrum is discrete.

To show the behavior of this alternative deformation strategy, we recompute the loss

values from Tables 1 and 2. We use the same uncertainty formula from Eq. (4.23), just with

alternative definitions of Zdeformed and Ztrunc
deformed. In Table 3, we show the loss values for the

N1MM models computed in this alternative way. Apart from being roughly a factor of 2–3

smaller, the loss values exhibit the same qualitative features as the default approach. In

general, it seems that this alternative deformation strategy yields somewhat conservative

uncertainties, and therefore smaller loss values than the default.

In Table 4, we show the alternative loss values for the five candidate CFTs identified

in Sec. 6. Here, the loss values are quite similar to the default approach. One has to

keep in mind, though, that these candidates were identified using a loss function with the
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N1MMs Floating  Δgap

Claude’s Way:

Human’s Way:


