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Partonic Strategy Hadronic Strategy

Background Estimation
Essential for Understanding BSM signals at LHC

Exclusive Event Generation
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Returning to My Roots!
Event Generation with GenEvA, version of parton shower/matrix element merging/matching

“Ideal” Strategy
Exclusive event generator that reproduces the 
results of any inclusive measurement function

to the calculated accuracy.

O(αs
i) beyond Born Level

Resummation of αs
n log2n-j r terms

(r is ratio of kinematic scales)

NiLO :

NjLL :

MC@NLO is a concrete example in this direction
for NLO/LL calculations (see also POWHEG)

Fully hadronized events (exclusive)
using best perturbative calculations (inclusive). 

[slides from my 2008 talk; Bauer, Tackmann, JDT, JHEP 2008a, JHEP 2008b]

I was “dissuaded” from pursuing this further by a DOE Reviewer in 2011…

https://arxiv.org/abs/0801.4026
https://arxiv.org/abs/0801.4028
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Fully hadronized events (exclusive)
using best perturbative calculations (inclusive). 

[slides from my 2008 talk; Bauer, Tackmann, JDT, JHEP 2008a, JHEP 2008b]

From a 2011 DOE Review:  “…it is not clear that Thaler even understands all of the issues involved…”[from Campbell, Diefenthaler, Hobbs, Höche, Isaacson, Kling, Mrenna, Reuter, et al., Snowmass 2022]
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FIG. 1: Left: Geneva predictions for the diphoton transverse momentum in pp → ωω in comparison to
experimental data from ATLAS. Right: GenevapT predictions for pp → ε+ε→, achieved using pT resumma-
tion provided by RadISH in comparison to 13 TeV data from ATLAS.

An important consideration when matching fixed order calculations to parton showers is the
relationship between the ordering variable of the shower and the jet resolution variable used in the
matching. The flexibility that GENEVA provides with respect to the choice of the latter means that
one could use either numerical or analytic resummation to match to showers with NLL accuracy
while use a non-standard evolution parameter. Once such a shower is publicly available, this would
be an interesting avenue to explore.

The NNLOPS and MiNNLOPS methods

The MiNNLOPS [878, 879] technique was introduced as an extension of the MiNLO→ procedure
of [880, 881]. The latter method obtained NNLOPS accuracy using a reweighting procedure, and
it was applied to some simple LHC processes, namely Higgs-boson production [882], the Drell-Yan
process [883] and Higgs to bottom quark decays [884], and more complicated LHC processes, such
as the two Higgs-strahlung reactions [885, 886], and the production of two opposite-charge leptons
and two neutrinos (W+W↑) [887].

Compared to NNLOPS, the MiNNLOPS procedure addresses more directly the requirement of
NNLO accuracy and thus, besides not requiring any reweighting, can be more easily generalized
to processes beyond massive color-singlet production. It has the following features:

• NNLO corrections are calculated directly during the generation of the events and without
any additional a posteriori reweighting.

• No merging scale is required to separate di!erent multiplicities in the generated event sam-
ples.

• The matching to the parton shower is performed according to the POWHEG method [529, 873,

Now NNLO+PS matching with GENEVA
(and NNLOPS, MiNNLOPS, TOMTE, …)! 

Can these be merged with showers that 
go to NLL accuracy or beyond leading 
color (e.g. PanScales, Deductor)? 

Non-perturbative corrections?  
“Proper” theory systematics?

https://arxiv.org/abs/0801.4026
https://arxiv.org/abs/0801.4028
https://arxiv.org/abs/2203.11110
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Today:  Theory Synthesis from “Thinking like a Machine”

Instead of treating parton shower/matrix element merging/
matching as a domain-specific problem in QCD, we can 
treat it as a generic problem in information theory 

[Assi, Lee, Höche, JDT, arXiv 2025]

Remarkably, this will reveal a new understanding about the 
difference between fixed-order and resummed calculations, 
as captured by ordinary versus logarithmic moments

Possibility that this approach could dramatically simplify 
the experiment/theory interface for precision predictions
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Proof of concept:  thrust at LEP

https://arxiv.org/abs/2501.17219
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Logarithmic moments are particularly powerful probes of 
QCD that distinguish resummed from fixed-order calculations

Logarithmic Moments and QCD

When physicists “think like a machine”, we can translate 
thorny theoretical challenges into optimization problems

Colloquium Version of the Story
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Figure 1. Recurrent networks of 𝑁𝑁 binary nodes 𝑠𝑠𝑖𝑖 (0 or 1), with connection weights 𝑤𝑤𝑖𝑖𝑖𝑖. 
(Left) The Hopfield model. (Centre) Boltzmann machine. The nodes are divided  into  two 
groups,  visible  (open  circles)  and  hidden  (grey)  nodes.  The  network  is  trained  to 
approximate the probability distribution of a given set of visible patterns. Once trained, the 
network  can  be  used  to  generate  new  instances  from  the  learned  distribution.  (Right) 
Restricted Boltzmann Machine (RBM). Same as the Boltzmann machine, but without any 
couplings within the visible layer or between hidden nodes. This variant can be used for 
layer-by-layer pre-training of deep networks. 
 

 

The 1980s 
The  1980s  saw  major  breakthroughs  in  the  areas  of  both  recurrent  and  feedforward  neural 

networks, which led to a rapid expansion of the ANN field. 

 

John Hopfield, a theoretical physicist, is a towering figure in biological physics. His seminal work 

in  the  1970s  examined  electron  transfer  between  biomolecules  [11]  and  error  correction  in 

biochemical reactions (kinetic proofreading) [12]. 

 

In  1982, Hopfield published a dynamical model  for an associative memory based on a  simple 

recurrent neural network [13]. Collective phenomena frequently occur in physical systems, such 

as domains  in magnetic  systems and  vortices  in  fluid  flow. Hopfield  asked whether  emergent 

collective phenomena in large collections of neurons could give rise to “computational” abilities.  

 

Noting that collective properties in many physical systems are robust to changes in model details, 

he addressed this question using a neural network with N binary nodes si (0 or 1). The dynamics 

were asynchronous with threshold updates of individual nodes at random times. The new value 

of a node si was determined by a weighted sum over all other nodes, 
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The NSF Institute for Artificial Intelligence and
Fundamental Interactions  (IAIFI  /aɪ-faɪ/  iaifi.org)

Deep Learning (AI)  +  Deep Thinking (Physics)  =  Deeper Understanding

Launched August 2020

http://iaifi.org
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2024:  Recognition for “AI + Physics”!
Along with AI+Science more generally!
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Learning through dynamical systems, power of statistical reasoning, 
broad implications for scientific discovery

[discussed at IAIFI Fireside Chat]

https://www.youtube.com/live/QkT73q1QjS0?feature=shared
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Lessons from the HEP + ML Collision

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

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

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

The Power of “Centaur Science”
Progress in computation and information theory has long been intertwined with 
progress in the physical sciences (e.g. statistical mechanics, quantum computers)

?
ML

HEP
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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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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

1

ar
X

iv
:2

40
5.

18
09

5v
2 

 [s
ta

t.M
L]

  3
1 

M
ay

 2
02

4

…

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

1

ar
X

iv
:2

40
5.

18
09

5v
2 

 [s
ta

t.M
L]

  3
1 

M
ay

 2
02

4

An inspiring/infuriating paper!

https://arxiv.org/abs/2405.18095
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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
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Taking Inspiration from Boltzmann (Machines)
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Figure 1. Recurrent networks of 𝑁𝑁 binary nodes 𝑠𝑠𝑖𝑖 (0 or 1), with connection weights 𝑤𝑤𝑖𝑖𝑖𝑖. 
(Left) The Hopfield model. (Centre) Boltzmann machine. The nodes are divided  into  two 
groups,  visible  (open  circles)  and  hidden  (grey)  nodes.  The  network  is  trained  to 
approximate the probability distribution of a given set of visible patterns. Once trained, the 
network  can  be  used  to  generate  new  instances  from  the  learned  distribution.  (Right) 
Restricted Boltzmann Machine (RBM). Same as the Boltzmann machine, but without any 
couplings within the visible layer or between hidden nodes. This variant can be used for 
layer-by-layer pre-training of deep networks. 
 

 

The 1980s 
The  1980s  saw  major  breakthroughs  in  the  areas  of  both  recurrent  and  feedforward  neural 

networks, which led to a rapid expansion of the ANN field. 

 

John Hopfield, a theoretical physicist, is a towering figure in biological physics. His seminal work 

in  the  1970s  examined  electron  transfer  between  biomolecules  [11]  and  error  correction  in 

biochemical reactions (kinetic proofreading) [12]. 

 

In  1982, Hopfield published a dynamical model  for an associative memory based on a  simple 

recurrent neural network [13]. Collective phenomena frequently occur in physical systems, such 

as domains  in magnetic  systems and  vortices  in  fluid  flow. Hopfield  asked whether  emergent 

collective phenomena in large collections of neurons could give rise to “computational” abilities.  

 

Noting that collective properties in many physical systems are robust to changes in model details, 

he addressed this question using a neural network with N binary nodes si (0 or 1). The dynamics 

were asynchronous with threshold updates of individual nodes at random times. The new value 

of a node si was determined by a weighted sum over all other nodes, 
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stationary states of the analog model corresponded to mean-field solutions of the binary system 

at an effective adjustable temperature, and approached the stationary states of the binary model 

at low temperature.  

 

The  close  correspondence  between  the  analog  and  binary  models  was  subsequently  used  by 

Hopfield and David Tank [18,19] to develop a method for solving difficult discrete optimization 

problems based on the continuous-time dynamics of the analog model. Here, the optimization 

problem to be solved, including constraints, is encoded in the interaction parameters (weights) of 

the network.  They chose to use the dynamics of the analog model in order to have a “softer” energy 

landscape and thereby  facilitate  the search. The above-mentioned effective  temperature of  the 

analog system was gradually decreased, as in global optimization with simulated annealing [20]. 

Optimization occurs through integration of the equations of motion of an electronic circuit, during 

which  the  nodes  evolve  without  instructions  from  a  central  unit.  This  approach  constitutes  a 

pioneering  example  of  using  a  dynamical  system  to  seek  solutions  to  difficult  discrete 

optimization problems [21]. A more recent example is quantum annealing [22]. 

 

By creating and exploring the above physics-based dynamical models – not only the milestone 

associative  memory  model  but  also  those  that  followed  –  Hopfield  made  a  foundational 

contribution to our understanding of the computational abilities of neural networks. 
 
In 1983–1985 Geoffrey Hinton, together with Terrence Sejnowski and other coworkers, developed 

a  stochastic  extension of Hopfield’s model  from 1982,  called  the Boltzmann machine  [23,24]. 

Here,  each  state  s=(s1,…,sN)  of  the  network  is  assigned  a  probability  given  by  the  Boltzmann 

distribution 

 
𝑃𝑃(𝒔𝒔) ∝ 𝑒𝑒−𝐸𝐸/𝑇𝑇                 𝐸𝐸 = −∑𝑖𝑖<𝑗𝑗𝑤𝑤𝑖𝑖𝑗𝑗𝑠𝑠𝑖𝑖𝑠𝑠𝑗𝑗 − ∑𝑖𝑖𝜃𝜃𝑖𝑖𝑠𝑠𝑖𝑖  

 

where T is a fictive temperature and 𝜃𝜃𝑖𝑖 is a bias, or local field.  
 

The Boltzmann machine is a generative model. Unlike the Hopfield model, it focuses on statistical 

distributions of patterns rather than individual patterns. It contains visible nodes that correspond 

to the patterns to be learned as well as additional hidden nodes, where the latter are included to 

enable modelling of more general probability distributions.  

Boltzmann Machine:  Generative model that 
samples according to a statistical distribution

 
[Fahlman, Hinton, Sejnowski, AAAI 1983; Ackley, Hinton, Sejnowski, Cogn. Sci. 1985; Boltzmann 1877]

Boltzmann Factor:  Maximum entropy solution
subject to constraint on average energy

From spins to continuous phase space (and entropy to relative entropy)

<latexit sha1_base64="DAQ5e3i51QQSyQIn7r5m0I9o7zc="></latexit>

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

i
Prior Sets Partition Function

Lagrange Multipler Constrained Quantity
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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
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✓

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�
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(�)
1

=
2↵s
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C

�

1

C
(�)
1

ln
R

�
0
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(�)
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.
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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.
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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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Proof-of-Concept Study with “Thrust”

[Assi, Lee, Höche, JDT, arXiv 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!
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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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Figure 1. Recurrent networks of 𝑁𝑁 binary nodes 𝑠𝑠𝑖𝑖 (0 or 1), with connection weights 𝑤𝑤𝑖𝑖𝑖𝑖. 
(Left) The Hopfield model. (Centre) Boltzmann machine. The nodes are divided  into  two 
groups,  visible  (open  circles)  and  hidden  (grey)  nodes.  The  network  is  trained  to 
approximate the probability distribution of a given set of visible patterns. Once trained, the 
network  can  be  used  to  generate  new  instances  from  the  learned  distribution.  (Right) 
Restricted Boltzmann Machine (RBM). Same as the Boltzmann machine, but without any 
couplings within the visible layer or between hidden nodes. This variant can be used for 
layer-by-layer pre-training of deep networks. 
 

 

The 1980s 
The  1980s  saw  major  breakthroughs  in  the  areas  of  both  recurrent  and  feedforward  neural 

networks, which led to a rapid expansion of the ANN field. 

 

John Hopfield, a theoretical physicist, is a towering figure in biological physics. His seminal work 

in  the  1970s  examined  electron  transfer  between  biomolecules  [11]  and  error  correction  in 

biochemical reactions (kinetic proofreading) [12]. 

 

In  1982, Hopfield published a dynamical model  for an associative memory based on a  simple 

recurrent neural network [13]. Collective phenomena frequently occur in physical systems, such 

as domains  in magnetic  systems and  vortices  in  fluid  flow. Hopfield  asked whether  emergent 

collective phenomena in large collections of neurons could give rise to “computational” abilities.  

 

Noting that collective properties in many physical systems are robust to changes in model details, 

he addressed this question using a neural network with N binary nodes si (0 or 1). The dynamics 

were asynchronous with threshold updates of individual nodes at random times. The new value 

of a node si was determined by a weighted sum over all other nodes, 

 

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



We can leverage the flexibility of loss functions to learn and 
constrain physically meaningful moments of distributions

Basics of ML and Information Theory

Logarithmic moments are particularly powerful probes of 
QCD that distinguish resummed from fixed-order calculations

Logarithmic Moments and QCD

When physicists “think like a machine”, we can translate 
thorny theoretical challenges into optimization problems

Colloquium Version of the Story
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as domains  in magnetic  systems and  vortices  in  fluid  flow. Hopfield  asked whether  emergent 

collective phenomena in large collections of neurons could give rise to “computational” abilities.  

 

Noting that collective properties in many physical systems are robust to changes in model details, 

he addressed this question using a neural network with N binary nodes si (0 or 1). The dynamics 

were asynchronous with threshold updates of individual nodes at random times. The new value 

of a node si was determined by a weighted sum over all other nodes, 

 

17
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Jets: Manifestation
of underlying
Quarks & Gluons

Though one jet carries ~no information by itself…
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[see e.g. Cranmer, Pavez, Louppe, arXiv 2015; D’Agnolo, Wulzer, PRD 2019;
simulation-based inference in Cranmer, Brehmer, Louppe, PNAS 2020;

relation to f-divergences in Nguyen, Wainwright, Jordan, AoS 2009; Nachman, JDT, PRD 2021]

Learnable Function:

Training Data: Finite samples P and Q

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

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

Loss Function(al):  L = �
⌦
log f(x)

↵
P
+
⌦
f(x)� 1

↵
Q

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

Machine Learning 101:  Likelihood Ratio Trick
Key example of simulation-based inference

Many HEP problems can be 
expressed in this form!

x

prob(x)

P
Q

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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Learnable Function:

Training Data: Finite samples P and Q

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

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

�min
f(x)

L =

Z
dx p(x) log

p(x)

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

Loss Function(al):  

Asymptotically:  

Kullback–Leibler divergence

argmin
f(x)

L =
p(x)

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

Likelihood ratio

L = �
⌦
log f(x)

↵
P
+
⌦
f(x)� 1

↵
Q

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

x

x

prob(x)

log r(x)

P
Q

Machine Learning 101:  Likelihood Ratio Trick
Key example of simulation-based inference

Many HEP problems can be 
expressed in this form!

[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]

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


x

x

prob(x)

log r(x)

P
Q

[see e.g. Cranmer, Pavez, Louppe, arXiv 2015; D’Agnolo, Wulzer, PRD 2019;
simulation-based inference in Cranmer, Brehmer, Louppe, PNAS 2020;

relation to f-divergences in Nguyen, Wainwright, Jordan, AoS 2009; Nachman, JDT, PRD 2021]

Machine Learning 101:  Likelihood Ratio Trick
Key example of simulation-based inference

Many HEP problems can be 
expressed in this form!
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Asymptotically, same structure as Lagrangian mechanics!

Action:

Lagrangian:

Euler-Lagrange: Solution:

L =

Z
dxL(x)
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@L
@f

= 0
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f(x) =
p(x)

q(x)
<latexit sha1_base64="quzVQzouxbo/tOnoZlw/ZCJVKpE="></latexit><latexit sha1_base64="quzVQzouxbo/tOnoZlw/ZCJVKpE="></latexit><latexit sha1_base64="quzVQzouxbo/tOnoZlw/ZCJVKpE="></latexit><latexit sha1_base64="htVSx2ZZujuo2Hdt9ibMaWlHcBA="></latexit>

L(x) = �p(x) log f(x) + q(x)
�
f(x)� 1

�
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Requires shift in focus from solving problems to specifying problems

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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Applications of Likelihood Ratio Trick

Detector Unfolding Resolution EstimationMonte Carlo Reweighting

Theme:  Convert sampled data into usable function approximation
Important subtlety (not for this talk):  How do you quantify the accuracy/uncertainty of your approximation?

Simulation

Sy
nt

he
ti

c
N

at
ur

al

Detector-level

Data

Particle-level

Generation

Truth

Pull Weights

Push Weights

Step 1: 
Reweight Sim. to Data

Step 2: 
Reweight Gen.

νn−1

ωn

−−→ νn
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νn−1

Data
−−−→ ωn
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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

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
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Recent Example:  Rediscovering the Upsilon (Υ →μ+μ–)

[Gambhir, Mastandrea, Nachman, JDT, arXiv 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

Classification of observed data in signal region versus background interpolation from sidebands

Leverage relation to likelihood ratio to enhance sensitivity beyond simple cuts

“cut & count”

likelihood 
reweighting

https://arxiv.org/abs/2502.14036
https://arxiv.org/abs/2109.00546
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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)
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Maximizing (unconstrained) entropy is equivalent to choosing a prior

Continuum Version

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

�0 = 0
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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)

⌘

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

Extremum:

<latexit sha1_base64="B2UishZmoGdhltXy+tertO5seHM="></latexit>

p(x) = exp
h
� �0(x)�

X

j

�j(x) fj(x)
i
q(x)

Relative Entropy:
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�DKL(PkQ) =

Z
dx p(x) log

q(x)

p(x)
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Z
dx p(x)
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Information Theory and Numerical Constrained Optimization
“Predicting” a distribution by maximizing entropy with fixed moments and auto-differentiation

Loss Function:

Target Moment:  Current Moment:
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dj =

Z
dx p(x) fj(x)
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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 
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Alternative:  Information Theory and Adversarial Networks
4

Data

Re-weighted
Simulation

Re-weighted
GenerationGeneration

Detector Level

Particle Level

g

d
emulated
detector

detector

Truth

Target

Estimate

FIG. 1. A schematic diagram of the training setup for Moment Unfolding. Like a GAN, g is the generator and d is the
discriminator, but now g is simply a reweighting factor given by Eq. (11). The reweighted simulation dataset inherits its weight
from the matching generation dataset. The detector emulations are only run once, since a new simulated dataset is created via
importance weights and not by changing the features themselves.

A. Leveraging Boltzmann Weights

Moment Unfolding uses a weight function g(z), similar
to OmniFold’s ω(z) in Sec. II C. Instead of determining
the weight functions in an iterative fashion, though, Mo-
ment Unfolding uses a fixed functional form:

g(z) =
1

P
exp

[
→

n∑

a=1

εa z
a

]
, (11)

where n is the number of moments to be simultaneously
unfolded, εa are parameters to be determined, and P is
a normalization constant, similar to the partition func-
tion from statistical mechanics. When we want to unfold
moments conditional on another observable y, the param-
eters εa are replaced with functions εa(y), as discussed
more in Sec. IVC. The exponential form of Eq. (11) is
inspired by the e→ωE Boltzmann factor from statistical
physics, whose derivation is reviewed in App. A.

To better understand this choice, recall that the
Maxwell–Boltzmann distribution is the one that maxi-
mizes the entropy of an ensemble while holding mean en-
ergy constant. This logic can be extended beyond means
to arbitrary constraints, yielding the maximum entropy
probability distribution [59]. In this language, Eq. (11)
optimizes the relative entropy of the reweighted truth-
level distribution with respect to the Z prior, while hold-
ing the first n moments fixed to some value.

As described in more detail in Sec. III B, we determine
the values of εa by maximizing the Maximum Likelihood
Classifier loss [60–62] between the reweighted detector-

level simulation and experimental data.3 Crucially, the
learned values of εa are not the learned moments them-
selves. Rather, analogously to Eq. (10), the moments are
given by

↑Zk
↓MomentUnfolding =

∑

z↑Gen.

g(z) zk , (12)

where the sums run over synthetic particle-level events,
and the normalization P is determined numerically:

P =
∑

z↑Gen.

exp

[
→

∑

a

εaz
a

]
. (13)

In this way, the extracted kth moment depends on all n
εa values.4

There is some arbitrariness in the choice of g(z), since
many weight functions with n free parameters can in
principle be used to match n moments of a distribu-
tion. The advantage of our choice of g(z) is that, for the
training procedure described below, Moment Unfolding
provably converges to the truth moments under certain
conditions, as described in App. B.

The hyperparameter n sets the degree of the polyno-
mial in the exponent, i.e. the number trainable weights in
the generator and consequently the number of moments

3
See Ref. [63] for related discussions using the Binary Cross En-

tropy loss.
4
This distinction is why we use k to index the measured moments

but a to index the learned parameters.

Reversing likelihood ratio trick, you can 
“integrate in” discriminator (d) to turn 
entropy minimization to adversarial 
optimization of weight function (g)

This allows you to unfold the 
detector response and learn 
moments from experimental data

[Desai, Nachman, JDT, PRD 2024]

7

TABLE I. Moments of jet observables at particle level. The uncertainties in the Truth and Generation columns are computed
by bootstrapping the datasets. The uncertainties in the Moment Unfolding column are computed by adding the uncertainty
in Generation in quadrature to the empirical uncertainty obtained by computing the 1ω confidence interval for the moment
predicted by Moment Unfolding on the same dataset multiple times.

Observable Truth Generation Moment Unfolding

→M↑ (2.182± 0.030)↓ 101 (2.064± 0.043)↓ 101 (2.173± 0.047)↓ 101

〈
M2

〉
(6.049± 0.222)↓ 102 (5.360± 0.350)↓ 102 (6.115± 0.364)↓ 102

→Q↑ (1.006± 0.037)↓ 10→2 (1.582± 0.038)↓ 10→2 (1.090± 0.040)↓ 10→2

〈
Q2

〉
(1.216± 0.082)↓ 10→2 (1.508± 0.074)↓ 10→2 (1.207± 0.074)↓ 10→2

→W ↑ (1.498± 0.025)↓ 10→1 (1.231± 0.029)↓ 10→1 (1.499± 0.029)↓ 10→1

〈
W 2

〉
(3.370± 0.113)↓ 10→2 (2.421± 0.128)↓ 10→2 (3.374± 0.128)↓ 10→2

→Zg↑ (2.334± 0.029)↓ 10→1 (2.457± 0.030)↓ 10→1 (2.353± 0.059)↓ 10→1

〈
Z2

g

〉
(6.789± 0.166)↓ 10→2 (7.425± 0.165)↓ 10→2 (6.767± 0.330)↓ 10→2

(i) (ii)

(iii) (iv)

FIG. 3. Distributions of (i) jet mass, (ii) jet charge, (iii) jet width, and (iv) groomed momentum fraction at particle-level,
comparing truth, generation, and the results from Moment Unfolding.

(Prior is theory MC generator used in simulation)

https://arxiv.org/abs/2407.11284
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Machine learning provides a bridge between 
well-established statistical methodologies and 
sampled data in particle physics (and beyond) 



We can leverage the flexibility of loss functions to learn and 
constrain physically meaningful moments of distributions

Basics of ML and Information Theory

Logarithmic moments are particularly powerful probes of 
QCD that distinguish resummed from fixed-order calculations

Logarithmic Moments and QCD

When physicists “think like a machine”, we can translate 
thorny theoretical challenges into optimization problems

Colloquium Version of the Story

Jesse Thaler (MIT, IAIFI) — QCD Theory meets Information Theory
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Figure 1. Recurrent networks of 𝑁𝑁 binary nodes 𝑠𝑠𝑖𝑖 (0 or 1), with connection weights 𝑤𝑤𝑖𝑖𝑖𝑖. 
(Left) The Hopfield model. (Centre) Boltzmann machine. The nodes are divided  into  two 
groups,  visible  (open  circles)  and  hidden  (grey)  nodes.  The  network  is  trained  to 
approximate the probability distribution of a given set of visible patterns. Once trained, the 
network  can  be  used  to  generate  new  instances  from  the  learned  distribution.  (Right) 
Restricted Boltzmann Machine (RBM). Same as the Boltzmann machine, but without any 
couplings within the visible layer or between hidden nodes. This variant can be used for 
layer-by-layer pre-training of deep networks. 
 

 

The 1980s 
The  1980s  saw  major  breakthroughs  in  the  areas  of  both  recurrent  and  feedforward  neural 

networks, which led to a rapid expansion of the ANN field. 

 

John Hopfield, a theoretical physicist, is a towering figure in biological physics. His seminal work 

in  the  1970s  examined  electron  transfer  between  biomolecules  [11]  and  error  correction  in 

biochemical reactions (kinetic proofreading) [12]. 

 

In  1982, Hopfield published a dynamical model  for an associative memory based on a  simple 

recurrent neural network [13]. Collective phenomena frequently occur in physical systems, such 

as domains  in magnetic  systems and  vortices  in  fluid  flow. Hopfield  asked whether  emergent 

collective phenomena in large collections of neurons could give rise to “computational” abilities.  

 

Noting that collective properties in many physical systems are robust to changes in model details, 

he addressed this question using a neural network with N binary nodes si (0 or 1). The dynamics 

were asynchronous with threshold updates of individual nodes at random times. The new value 

of a node si was determined by a weighted sum over all other nodes, 
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Returning to Proof-of-Concept Study with “Thrust”

[Assi, Lee, Höche, JDT, arXiv 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

hø 2 ln2 øi

hø 3 ln øi

hø ln3 øi

hø 3i

hln3 øi

hø 2 ln øi

hø ln2 øi

hø 2i

hln2 øi

hø ln øi

høi

hln øi -3.046

0.06638

-0.1584

9.934

0.00798

0.4184

-0.0151

-34.13

0.001402

-1.205

-0.002263

0.03154

122.1

0.0003034

NNLL0 + O(Æ2
s)

NLL0 + O(Æs)

LL

Priors from imperfect generators yield 
consistent results after moment reweighting!

exp{−λ00 − ∑m,n λm,nτ
m lnn

τ} 0 ≤ m < n ≤ 4

m = 0, 0 < n ≤ 4

0 ≤ m < n ≤ 4

NNLL′ + O(α2
s )

τ-reweighted parton shower
residual prior variation
parton shower prior
prior variation

10−3

10−2

10−1

1

10 1

1/
σ

d
σ

/
d

T

0.6
0.7
0.8
0.9

1
1.1
1.2
1.3
1.4

0.65 0.7 0.75 0.8 0.85 0.9 0.95

0.6
0.7
0.8
0.9

1
1.1
1.2
1.3
1.4

T = 1 − τ

R
at

io
to

N
N

L
L
′
+
O
(α

2 s
)

https://arxiv.org/abs/2501.17219
https://arxiv.org/abs/1502.01719
https://arxiv.org/abs/2407.11284
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Pushing the Precision Frontier
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[Assi, Lee, Höche, JDT, arXiv 2025]

Comparison to LEP Data Impact on Complementary Observables

Broadening ≃ Thrust Aplanarity ≄ Thrust

Thrust moments improve predictions for dijet kinematics

https://arxiv.org/abs/2501.17219
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Pushing the Precision Frontier

[Assi, Lee, Höche, JDT, arXiv 2025]

By pattern matching, we drew an analogy between 
Sudakov form factors and Boltzmann factors,

which motivated calculation of logarithmic moments

How can we understand the importance of 
logarithmic moments directly from QCD perspective?

https://arxiv.org/abs/2501.17219
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Aside 1:  Computational Complexity as Muse

Jets with Anti-kT:
O(M log M) vs. O(M3)
to cluster M particles

Figure 1: A sample parton-level event (generated with Herwig [8]), together with many random soft
“ghosts”, clustered with four different jets algorithms, illustrating the “active” catchment areas of
the resulting hard jets. For kt and Cam/Aachen the detailed shapes are in part determined by the
specific set of ghosts used, and change when the ghosts are modified.

the jets roughly midway between them. Anti-kt instead generates a circular hard jet, which clips a
lens-shaped region out of the soft one, leaving behind a crescent.

The above properties of the anti-kt algorithm translate into concrete results for various quanti-
tative properties of jets, as we outline below.

2.2 Area-related properties

The most concrete context in which to quantitatively discuss the properties of jet boundaries for
different algorithms is in the calculation of jet areas.

Two definitions were given for jet areas in [4]: the passive area (a) which measures a jet’s
susceptibility to point-like radiation, and the active area (A) which measures its susceptibility to
diffuse radiation. The simplest place to observe the impact of soft resilience is in the passive area for
a jet consisting of a hard particle p1 and a soft one p2, separated by a y → φ distance ∆12. In usual
IRC safe jet algorithms (JA), the passive area aJA,R(∆12) is πR2 when ∆12 = 0, but changes when
∆12 is increased. In contrast, since the boundaries of anti-kt jets are unaffected by soft radiation,

4

[Cacciari, Salam, Soyez, JHEP 2008]

When you are trying to make
sub-microsecond decisions, 
polynomial speedups can 
open up new scientific vistas!

O(M) vs. O(M2) Jet Generation 12

of di↵erent observables have been proposed to tag jets
with multi-prong hadronic substructure at the LHC,
including 2-pronged decays of boosted W bosons and 3-
pronged decays of boosted top quarks, along with other
more exotic scenarios [63, 64]. These jet substructure
observables have since found significant experimental
application at the LHC for multi-prong tagging and new
physics searches [65]. While most current LHC analyses
focus on � = 1 observables, comparable (or better)
performance can be obtaining using � = 2 for standard
tagging applications [7, 8].

As concrete examples, Ref. [7] established a family of

N -prong tagging observables C(�)
N , which can be written

as ratios of EFPs with complete graphs [9]. For 2- and 3-
prong tagging, these dimensionless ratio observables are:

C(�)
2 = , C(�)

3 = , (56)

where factors of I = can be restored by ensuring equal
numbers of vertices in the numerator and denominator.
Note that these observables are traditionally defined
using the rapidity-azimuth distance rather than Eq. (14),
though these are equivalent for narrow jets and our O(M)
moment logic can be applied in both cases.

These CN observables are in general O(MN+1) to com-
pute, which becomes quickly computationally intractable
with increasing N . Using power counting arguments,
Ref. [8] established a di↵erent combination of energy

correlators as an improved 2-pronged tagger called D(�)
2 ,

given by the expression:

D(�)
2 = , (57)

which naively requires O(M3) to compute. These observ-
ables can be measured before or after grooming [66–70]
is applied, as they operate on generic sets of particles.
Note that the jet substructure observable N2 cannot
be expressed as an exact combination of EFPs, since
the angular structure of the generalized correlators in
Ref. [24] does not take the form of Eq. (2).

In the case of � = 2, these tagging observables
can all be computed in O(M) using our moment-based
approach. Further, C2 and D2 benefit (for any �) from
the fast matrix multiplication speedups to O(M2.81)
discussed in Sec. III B. In Fig. 1, we compare the overall

computational time of C(�=2)
3 and D(�=2)

2 using the naive
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FIG. 1. Compute time (in seconds) for three jet

substructure observables: C(�=2)
3 (naively O(M4)), D(�=2)

2

(naively O(M3)), and C(�=2)
1 (naively O(M2)) on an Intel

Xeon 2.0 GHz processor. The observables are computed
for di↵erent numbers of particles by (dashed) evaluating the
nested sums and (solid) using the moment-based approach
developed here. The fast matrix multiplication approach
using Strassen’s algorithm (dotted) is also used to compute
D2. The moment strategy shows the expected linear scaling
across all observables.

approach and the moment-based approach. We also show
the fast matrix multiplication approach for computing
D2 using BLAS [71] via NumPy [72, 73] on eight CPU
cores. (The use of multiple cores merely shifts the curve
vertically and does not alter the asymptotic scaling.)
For comparison, we include the computational time of
a single 2-correlator (relevant for 1-prong quark/gluon
discrimination [8]):

C(�)
1 = , (58)

which has a naive scaling of O(M2).

We can see the significant benefit of linear compu-
tational complexity, resulting in very large practical
speedups for realistic numbers of particles at the LHC
(i.e. 100–1000). Furthermore, this opens the door to the
use of higher-N correlators for collider physics, which
until now have appeared computationally prohibitive.
The O(M) implementations of all these observables are
available in the EnergyFlow Python package [15].

[Komiske, Metodiev, JDT, PRD 2020]

13

Table 2: Top jet generation with 150 constituents: Summary of performance metrics for generated jets using the Frechét ParticleNet Distance
(FPND), the negative log-posterior (NLP) of a ParticleNet multi-model classifier (with N = 5 classes), and the Kullback-Leibler divergence
for various features with respect to JetNet-150 test dataset.

Generation Model FPND NLP KLm(→10↑3) KLpconst
T (→10↑3) KLω21 (→10↑3) KLω32 (→10↑3) KLD2 (→10↑3)

Conditional EPiC-JeDi 0.52 5.67 9.10± 0.79 6.42± 0.76 14.32± 1.08 19.92± 1.21 9.40± 0.88
EPiC-FM 0.12 0.12 4.30± 0.53 0.84± 0.02 9.43± 0.61 11.22± 1.02 4.28± 0.56

Unconditional
EPiC-GAN 0.93 11.6 6.50± 0.63 2.22± 0.09 20.60± 1.55 69.64± 3.30 6.04± 0.64
EPiC-JeDi 1.93 5.70 27.46± 1.24 6.39± 0.60 20.15± 1.25 36.50± 1.81 11.70± 0.98
EPiC-FM 0.18 0.98 12.95± 0.90 0.87± 0.02 10.59± 0.88 12.14± 0.97 4.39± 0.55

point cloud sizes, i.e. for simulating calorimeter showers
with O(1000) points [51, 53], the advantage of EPiC-JeDi
and EPiC-FM would be even more dramatic.

For reference, the EPiC-GAN generates jets in about
10 µs, which is 250→ faster than EPiC-JeDi and EPiC-FM.
This is consistent as we generate samples with the mid-
point ODE solver using 200 model evaluations per jet. The
timing results of our novel EPiC models could be further
improved by applying a distillation technique, such as pro-
gressive distillation [89] or consistency distillation [90].
For generative models on the JetNet dataset, this has been
done for the transformer diffusion models in Refs. [48,
52]. Our approach to speed up the jet generation using
the EPiC layers is complimentary to these distillation tech-
niques.

Fig. 6: Generation time per jet as a function of generated particle
multiplicity. The generation time is measured on the same hard-
ware using an NVIDIA® A100 40 GB graphics card, with per-jet times
calculated as the average for all test events generated. The batch
size was optimised for optimal generation speed. As EPiC-JeDi and
EPiC-FM share the same architecture the timing is representative
for either approach. For reference, EPiC-GAN generates jets with 10
(150) particles in a little over 1 µs (10 µs).

6 Conclusion

In this work we addressed the challenge of jet generation
at the LHC through deep generative models, emphasizing
the representation of jets as permutation-invariant parti-
cle clouds. This led to two notable developments: i) The
integration of the EPiC network into score-based diffusion
models, termed EPiC-JeDi, which aimed for a balance be-
tween computational efficiency and model accuracy when
compared to its transformer-based predecessor, PC-JeDi.
ii) We introduced the first permutation-equivariant flow-
based model for particle cloud generation by leveraging
the flow-matching objective in conjunction with the EPiC
architecture in order to efficiently train a continuous nor-
malizing flow, resulting in EPiC-FM.

Both flow-based and diffusion-based generative mod-
eling evolve a simple Gaussian prior into a complex one
approximating the training data, utilizing continuous-
time dynamics. These models aim to learn the probability
density paths connecting the target data to the Gaussian
distribution by training a deep neural networks to regress
a suitable conditional vector field. Once trained, these
models are capable of generating synthetic data by
evolving noise samples towards the data distribution
using deterministic or stochastic samplers. Since both
generative models share many elements in common, we
were able to explore different sampling methods, assess
the impact of conditional versus unconditional models,
and offer direct comparisons in terms of performance
metrics.

In our experiments, we found that both EPiC-JeDi
and EPiC-FM achieve state-of-the-art performance for the
JetNet-30 top-quark dataset, as well as the more challeng-
ing JetNet-150 dataset, when compared to prior leading
methods like EPiC-GAN and PC-JeDi. The flow-based
EPiC-FM model, in particular, demonstrated a superior
performance consistently across all performance metrics
in both the conditional and unconditional cases. Fur-
thermore, we also showed that both generative models
gained a higher accuracy if conditional information from
the jet, such as the jet mass and pT was included during
training. Interestingly, the improvement in performance

[Figure from Buhmann, et al., arXiv 2023;
based on Buhmann, Kasieczka, JDT, SciPost 2023]
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GPU Runtimes

Cluster NVIDIA A-100, 16GB

SPECTER

SHAPER�=10�3

�=0.95

POT

Figure 4: Runtimes for various (S)EMD algorithms as a function of the number of particles

N in each event, as run on a NVIDIA A100 GPU with 16 GB of memory. The SEMD, as

evaluated by Specter, is shown in red. The ordinary EMD, as estimated by the Sinkhorn

algorithm with Shaper and in full with the Python Optimal Transport library, are shown in

purple and blue, respectively. All lines eventually scale as N→2 or better.

proximations, the EMD computation is also an approximation using the debiased Sinkhorn

divergence [47, 53–56].

3.2 Runtime Benchmarks

In Figs. 4 and 5, we show the runtime of Specter to calculate the SEMD between two events

with N particles. For comparison, we also show the runtime for calculating the ordinary EMD

using the approximate Sinkhorn algorithm via Shaper, and an exact calculation using the

Python Optimal Transport library (POT) [22]. Fig. 4 shows the runtimes when running on a

compute cluster GPU (specifically, a NVIDIA A100 with 16 GB of memory) and Fig. 5 shows

the runtimes when running on an ordinary laptop CPU (specifically, one of the authors’ Dell

– 14 –

[Gambhir, Larkoski, JDT, JHEP 2024]

https://arxiv.org/abs/0802.1189
https://arxiv.org/abs/2410.05379
https://arxiv.org/abs/1911.04491
https://arxiv.org/abs/2310.00049
https://arxiv.org/abs/2301.08128


Faster Computation for Better Science
Example outside of ML:  Energy correlators
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[Alipour-fard, Budhraja, JDT, Waalewijn, arXiv 2024;
[variant of Basham, Brown, Ellis, Love, PRL 1978; see also Komiske, Moult, JDT, Zhu, PRL 2022]

2

Review of Energy Correlators — In proton-proton col-
lisions – the focus of this Letter – PENCs are usually
defined via [25]:

1

ω

dωN

dRL

=

〈 ∑

i1...iN

zi1zi2 . . . ziN ε
(
RL→max

k,ω

{Rik,iω}
)〉

. (1)

Here, zi = pT,i/
∑

j
pT,j is the transverse momen-

tum fraction carried by particle i in the jet, Rik,iω =√
(yik,iω)

2 + (ϑik,iω)
2 is the angular separation between

particles ik and iω in the rapidity-azimuth plane, and
the angular brackets indicate an expectation value over
a sample of many hadronic jets. The sum over {ik}

N

k=1
indicates the sum over all sets of N particles of a jet, and
the variable RL characterizes the maximum pairwise an-
gular separation between the ik.

However, the expression of Eq. (1) is computation-
ally expensive due to the intricate phase space constraint
RL = maxk,ω{Rik,iω}. For example, the time required to
compute the (integer) PENC scales as M

N
/N ! for a jet

with M particles; when analytically continued to non-
integer values of N , the PENC su!ers a computational
scaling of 22M .1 This computational cost impedes sev-
eral exciting PENC applications. For example, PENCs
have an approximate scaling behavior related to the N -
th Mellin moment of the DGLAP splitting functions [25];
the analytic continuation of the PENC to non-integer N

therefore provides access both to the full splitting func-
tions of QCD and, in the limit N ↑ 0, a unique opportu-
nity to study small-x physics and BFKL dynamics with
jets [25, 36, 58]. At very large values of N , PENCs also
encode additional fundamental features of QCD [25, 59],
such as level crossings with twist-4 operators. Further-
more, in the high-multiplicity environment of heavy ion
collisions, even computing PENCs for N = 3 has been
computationally challenging, limiting their potential in
studying medium e!ects [51]. Improved computational
e”ciency is therefore necessary to leverage the full po-
tential of PENCs in the study of realistic data samples.

Higher-point ENCs also yield more detailed shape in-
formation about the structure of radiation inside jets.
For example, recent work has leveraged the E3C to pro-
pose a new method for extracting the top quark mass
from experimental data [38–40]. Notably, for N > 3 the
parametrization of ENCs in terms of the Rik,iω is over-
complete: the Rik,iω describe

(
N

2

)
distances, while only

2N → 3 are independent.
New Angles: the Projected Case — In this Letter, we

introduce a new parametrization of PENCs with a sim-

1 FastEEC [35] achieves a substantial speed up by replacing parti-
cles with subjets whose radius is chosen dynamically, depending
on the desired level of angular resolution. For non-integer N ,
FastEEC furthermore uses a recursive algorithm that reduces
the standard 22M scaling down to M 2M [36].

FIG. 2. PENC distributions for N = {3, 4.5, 6}, calculated
using our new parametrization (solid) and the traditional
parametrization (dashed). R→ denotes the largest distance to
the special particle for our new parametrization (R1), and the
largest separation between the N particles for the traditional
one (RL). The di!erences are small in the perturbative region
R→→ ”QCD/pT , but become noticeable in the transition be-
tween perturbative and non-perturbative regimes (indicated
by the vertical dashed lines).

pler phase space structure:

1

ω

dωN

dR1
=

〈 M∑

s=1

zs

∑

i1...iN→1

zi1 . . . ziN→1ε(R1→max
j

{Rs,ij})

〉
,

↓ PENC(R1) . (2)

The sums on s and {ij}
N→1
j=1 again run over all M particles

within a jet. The crucial simplification is that our PENC
is based on a new variable, R1, that indicates the max-
imum distance max{Rs,ij} between the single particle s

and any of the remaining N → 1 particles {ij}
N→1
j=1 .

Like the old variable RL of Eq. (1), R1 still roughly
characterizes the maximum angular scale between a set
of N particles, since RL/2 ↔ R1 ↔ RL by the trian-
gle inequality. Indeed, the PENCs displayed in Fig. 2
show that the di!erence between our parametrization
and that of Eq. (1) is small, and that both parametriza-
tions have similar scaling behavior in the perturbative
region (though there are some di!erences in the perturba-
tive to non-perturbative transition). Figs. 2, 3, and 4 all
feature energy correlators evaluated on the CMS 2011A
Jet Primary Dataset [60, 61], also available in MIT Open
Data format [62, 63], on jets with transverse momenta
p
jet
T

↗ [500, 550] GeV and pseudo-rapidity |ϖ
jet

| < 1.9.
Improved Computation Time — The computational ef-

ficiency of our parametrization is more evident in the
(normalized) cumulative distribution:

#N (R1)=
1

ω

∫
R1

0
dR

↑
1

dωN

dR
↑
1

=

〈∑

s

zs[zdisk(s, R1)]
N→1

〉
,

(3)

Partonic PhaseHadronic Phase

Old method (dashed): O(MN)
New method (solid): O(M2 log M) ∀ N

Probing the QCD Phase Transition

Primordial fluctuations

W
hat cosmic history gave rise to primordial fluctuations?
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FIG. 3. Polar heat maps visualizing (a) our new RE3C applied to CMS Open Data, (b) the traditional E3C applied to CMS
Open Data, and (c) our new parametrization applied to W -boson-initiated jets from Pythia 8.310. In (a) and (c), the radial
variables correspond to R2/R1, the polar angle corresponds to ω2, and we show the RE3C in the bin R1 → [0.27, 0.3]. In (b)
the radius corresponds to RS/RL, the polar angle corresponds to the angle between associated lines of length RS and RL, and
we show the E3C in the bin RL → [0.27, 0.3]. In all three plots, we see collinear enhancements for the RE3C near the origin,
when two particles become very close in angle. In (a) and (c), we also see collinear enhancements as R2/R1 ↑ 1 and ω2 ↑ 0,
and (c) exhibits additional non-collinear enhancements correlated with the W -boson mass.

where zdisk(s, R1) denotes the total transverse momen-
tum fraction of all particles within a radius R1 of the
special particle s. Notably, the simple form of Eq. (3)
holds even for non-integer N . A practical way to evalu-
ate Eq. (3) (and Eq. (2) after di!erentiation) is, for each
s, to first sort all particles by their distance with respect
to s, and then to compute ”N (R1) by beginning with
R1 = 0 and then increasing it. Sorting particles by their
distance to s takes M ln M time, and the remaining sum
over s scales with M , resulting in an overall computation
time scaling as M

2 ln M . This computational speed up
is especially interesting for heavy-ion collisions where M

is typically very large.
Theoretical Perspectives — The factorization formula

for the traditional PENCs [25] also applies to our new
PENCs, with one small di!erence: because the vari-
ables R1 and RL di!er for three or more emissions, the
jet function for our PENCs di!ers from the old one at
O(ω2

s
), or at next-to-next-to-leading logarithmic accu-

racy (NNLL). In the supplemental material, we discuss
how the NLL equivalence of jet functions implies that
”N (RL) = ”N (R1 = RL[1 + O(ωs)]). Furthermore, at
NNLL and beyond, we expect that the simple dependence
of Eq. (3) on N will substantially simplify the calculation
of the jet function for R1. By contrast, the jet function
using the old parametrization requires dedicated calcula-
tions for each individual value of N [24, 31].

Finally, we note that Eq. (3) is the N -th Mellin mo-
ment in z of

1

ε

dε

dz
(R1) =

〈∑

s

zs ϑ
[
z → zdisk(s, R1)

]〉
, (4)

which is also the di!erential jet rate in a jets-without-
jets approach if R1 is treated as a jet radius [64, 65].
A similar moment relation between the jet rate and the
original ENC was noted in Ref. [66].

New Angles: the General Case — By including (or
resolving) more detailed angular information about the
positions and relative orientations of particles within the
jet, we may generalize our new parametrization for the
PENC to introduce the RENC:

RENC(R1, R2, ϖ2, R3, ϖ3, . . . ) ↑
1

ε

dεN

dR1dR2dϖ2dR3dϖ3 . . .

=

〈∑

s

zs

∑

i1→···→iN→1

zi1 . . . ziN→1

(
N

n1 n2 . . .

)
ϑ(R1→Rs,i1)

↓ ϱi2(R2, ϖ2) ϱi3(R3, ϖ3) . . .

〉
, (5)

where for each s, the ij are indexed such that Rs,i1 ↔

Rs,i2 ↔ . . ., and the summand involves the per-particle
densities:

ϱij (Rj , ϖj) = ϑ(Rj → Rs,ij ) ϑ(ϖj → ϖij→1,ij ) . (6)

The “. . . ” correspond to additional Rj and ϖj , and nk

denotes how often particle k of the jet appears among the
ij (such that terms with nk > 1 encode self-correlations

of particle k), with
∑

M

k=1 nk = N .
Our parametrization is visualized in Fig. 1, and utilizes

polar coordinates around s, ordered in radius R1 >R2 >

. . . and with an oriented azimuthal angle ϖj taken rela-
tive to the (j→1)-th resolved emission. The Rj and ϖj use
2N →3 variables to completely characterize the positions
of all particles in the jet, relative to the axis defined by
particles s and i1. The multinomial coe#cient in Eq. (5)
arises due to the ordering of the Rj , and accounts for
the possibility that two or more of the ij may be equal.
Integrating inclusively over {Rj , ϖj}

N

j=2 (which sets the
third line of Eq. (5) to unity) reduces the RENC to the
PENC from Eq. (2).
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FIG. 3. Polar heat maps visualizing (a) our new RE3C applied to CMS Open Data, (b) the traditional E3C applied to CMS
Open Data, and (c) our new parametrization applied to W -boson-initiated jets from Pythia 8.310. In (a) and (c), the radial
variables correspond to R2/R1, the polar angle corresponds to ω2, and we show the RE3C in the bin R1 → [0.27, 0.3]. In (b)
the radius corresponds to RS/RL, the polar angle corresponds to the angle between associated lines of length RS and RL, and
we show the E3C in the bin RL → [0.27, 0.3]. In all three plots, we see collinear enhancements for the RE3C near the origin,
when two particles become very close in angle. In (a) and (c), we also see collinear enhancements as R2/R1 ↑ 1 and ω2 ↑ 0,
and (c) exhibits additional non-collinear enhancements correlated with the W -boson mass.

where zdisk(s, R1) denotes the total transverse momen-
tum fraction of all particles within a radius R1 of the
special particle s. Notably, the simple form of Eq. (3)
holds even for non-integer N . A practical way to evalu-
ate Eq. (3) (and Eq. (2) after di!erentiation) is, for each
s, to first sort all particles by their distance with respect
to s, and then to compute ”N (R1) by beginning with
R1 = 0 and then increasing it. Sorting particles by their
distance to s takes M ln M time, and the remaining sum
over s scales with M , resulting in an overall computation
time scaling as M

2 ln M . This computational speed up
is especially interesting for heavy-ion collisions where M

is typically very large.
Theoretical Perspectives — The factorization formula

for the traditional PENCs [25] also applies to our new
PENCs, with one small di!erence: because the vari-
ables R1 and RL di!er for three or more emissions, the
jet function for our PENCs di!ers from the old one at
O(ω2

s
), or at next-to-next-to-leading logarithmic accu-

racy (NNLL). In the supplemental material, we discuss
how the NLL equivalence of jet functions implies that
”N (RL) = ”N (R1 = RL[1 + O(ωs)]). Furthermore, at
NNLL and beyond, we expect that the simple dependence
of Eq. (3) on N will substantially simplify the calculation
of the jet function for R1. By contrast, the jet function
using the old parametrization requires dedicated calcula-
tions for each individual value of N [24, 31].

Finally, we note that Eq. (3) is the N -th Mellin mo-
ment in z of

1

ε

dε

dz
(R1) =

〈∑

s

zs ϑ
[
z → zdisk(s, R1)

]〉
, (4)

which is also the di!erential jet rate in a jets-without-
jets approach if R1 is treated as a jet radius [64, 65].
A similar moment relation between the jet rate and the
original ENC was noted in Ref. [66].

New Angles: the General Case — By including (or
resolving) more detailed angular information about the
positions and relative orientations of particles within the
jet, we may generalize our new parametrization for the
PENC to introduce the RENC:

RENC(R1, R2, ϖ2, R3, ϖ3, . . . ) ↑
1

ε

dεN

dR1dR2dϖ2dR3dϖ3 . . .

=

〈∑

s

zs

∑

i1→···→iN→1

zi1 . . . ziN→1

(
N

n1 n2 . . .

)
ϑ(R1→Rs,i1)

↓ ϱi2(R2, ϖ2) ϱi3(R3, ϖ3) . . .

〉
, (5)

where for each s, the ij are indexed such that Rs,i1 ↔

Rs,i2 ↔ . . ., and the summand involves the per-particle
densities:

ϱij (Rj , ϖj) = ϑ(Rj → Rs,ij ) ϑ(ϖj → ϖij→1,ij ) . (6)

The “. . . ” correspond to additional Rj and ϖj , and nk

denotes how often particle k of the jet appears among the
ij (such that terms with nk > 1 encode self-correlations

of particle k), with
∑

M

k=1 nk = N .
Our parametrization is visualized in Fig. 1, and utilizes

polar coordinates around s, ordered in radius R1 >R2 >

. . . and with an oriented azimuthal angle ϖj taken rela-
tive to the (j→1)-th resolved emission. The Rj and ϖj use
2N →3 variables to completely characterize the positions
of all particles in the jet, relative to the axis defined by
particles s and i1. The multinomial coe#cient in Eq. (5)
arises due to the ordering of the Rj , and accounts for
the possibility that two or more of the ij may be equal.
Integrating inclusively over {Rj , ϖj}

N

j=2 (which sets the
third line of Eq. (5) to unity) reduces the RENC to the
PENC from Eq. (2).
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(using β=2 EMD variant)
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Ta ble  3 
Re s ults  fo r c%(M~ ) with  combine d  e xpe rime nta l e rro rs  a nd e rro rs  due  to  mode l corre c tions  toge the r with  coe fficie nts  o fa  pa ra me te ri- 
za tion for the  cha nge  cq ( f)  - ~s  ( f=  0.25 ) = q In ( 4 f ) + c2 In 2 ( 4 f ). The  la s t co lumn give s  a  lowe r limit fo r the  sca le  p a ra m e te rfwh e re  the  
pa ra me te riza tion  is  s till with in  the  s ta tis tica l e rro r o f the  fitte d va lue . 

Dis tribu tion  a s  (M~),  f=  0.25 c j c2 fmi. 

CEEC 0.118 +_ 0.002 +_ 0.005 0.00371 0,00034 0.002 
T 0.123 + 0.004 _+ 0.006 0.00449 0,00035 0.001 
C 0.124 +_ 0.004 +_ 0.006 0.00427 0.00037 0.001 
O 0.115 + 0.004 _+ 0.005 0.00375 0.00035 0.001 

ore tica l e rro rs .  Th e  c o m b in e d  s ca le  d e p e n d e n c e  is  7 .  Co nc lus io ns  
th e n  

O~s( M~,  f ) -o ~ (  M ~ , f  ---0.25 ) 
= 0 . 0 0 3 5 6  ln ( 4 f)  +0 . 0 0 0 3 5  ln 2 (4 f)  , 

wh ic h  le a ds  to  a  va ria tio n  o f -o.oo9+°°°6 for s ca le s  ra n g in g  
fro m  th e  b -q u a rk m a s s  u p  to  Mz. 

490  

The  s tro ng  c o upling  c o ns ta nt ha s  be e n  m e a s u re d  
fro m a n a na lys is  o f the  s truc ture  o f pre -c lus te re d 
e ve nts .  Ene rg y-e ne rg y  c o rre la tio n,  thrus t,  C-pa ra m-  
e te r a nd o bla te ne s s  a ll y ie ld  c o ns is te nt va lue s  fo r 
~ s ( M~ )  with  mo de ra te  the o re tic a l e rrors .  The  c o rn- 

<latexit sha1_base64="ot2uM3tdzaJwzYrzAxgX4Hk/bMM="></latexit>

1� t

2ECM
<latexit sha1_base64="TC+aKbySQ2gaLpd+Ik4ZOPd6mQo="></latexit>

t(E) = min
E02PBB

2

EMD2(E , E 0)

https://arxiv.org/abs/2004.04159
https://www.sciencedirect.com/science/article/abs/pii/003191636491176X
https://journals.aps.org/prl/abstract/10.1103/PhysRevLett.39.1587
https://www.sciencedirect.com/science/article/abs/pii/037026939191926M
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Figure 9: The shape-normalized I
#=128

Ring cross-section in data (closed circles), compared with predictions from
several Monte Carlo generators. Events with �T2 � 500 GeV and #jet � 2 are included. The middle panel displays
the ratios of different event generator predictions to the unfolded data. Event generator predictions are displayed
as different marker styles. The grey band in the upper and middle panels indicates the total uncertainty of the
measurement. If the ratio of a prediction to the unfolded data is outside the range of values displayed in the middle
panel, an arrow is drawn at the edge of the panel as an indicator. The lower panel summarises the various sources of
systematic uncertainty in the measurement. Systematic uncertainties are summarized in groups, with different line
styles. The total uncertainty is shown as a solid black line. Some uncertainty bands take values outside the range
displayed in the figure: the range is selected for maximum clarity in the bulk of the distribution.
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Figure 9: The shape-normalized I
#=128

Ring cross-section in data (closed circles), compared with predictions from
several Monte Carlo generators. Events with �T2 � 500 GeV and #jet � 2 are included. The middle panel displays
the ratios of different event generator predictions to the unfolded data. Event generator predictions are displayed
as different marker styles. The grey band in the upper and middle panels indicates the total uncertainty of the
measurement. If the ratio of a prediction to the unfolded data is outside the range of values displayed in the middle
panel, an arrow is drawn at the edge of the panel as an indicator. The lower panel summarises the various sources of
systematic uncertainty in the measurement. Systematic uncertainties are summarized in groups, with different line
styles. The total uncertainty is shown as a solid black line. Some uncertainty bands take values outside the range
displayed in the figure: the range is selected for maximum clarity in the bulk of the distribution.
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Event Isotropy through Optimal Transport
How isotropic is an event?

[Cesarotti, JDT, JHEP 2020; ATLAS, JHEP 2023; see also Cesarotti, Reece, Strassler, JHEP 2021]
[generalizations in Ba, Dogra, Gambhir, Tasissa, JDT, JHEP 2023; Gambhir, Larkoski, JDT, JHEP 2024]
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ATLAS CONF Note

CONF-STDM-2022-12

15th August 2022

Measurements of multijet event isotropies using
optimal transport with the ATLAS detector

The ATLAS Collaboration

A measurement of novel event shapes quantifying the isotropy of collider events is performed
in 139 fb�1 of proton–proton collisions with

p
B = 13 TeV centre-of-mass energy recorded

with the ATLAS detector at CERN’s Large Hadron Collider. These event shapes are defined
as the Wasserstein distance between collider events and isotropic reference geometries. This
distance is evaluated by solving optimal transport problems, using the ‘energy-mover’s
distance.’ Isotropic references with cylindrical and circular symmetries are studied, to probe
the symmetries of interest at hadron colliders. The novel event shape observables defined
in this way are infrared- and collinear-safe, have improved dynamic range and have greater
sensitivity to isotropic radiation patterns than other event shapes. The measured event-shape
variables are corrected for detector e�ects, and presented in inclusive bins of jet multiplicity
and the scalar sum of the leading jet pair transverse momentum.

© 2022 CERN for the benefit of the ATLAS Collaboration.
Reproduction of this article or parts of it is allowed as specified in the CC-BY-4.0 license.

(!!)
(a) (b) (c)

Figure 2: Reference geometries with (a) cylindrical and ring-like symmetry with (b) 2 and (c) 128 reference points.
The radius at which the points in the ring-like geometry are located is arbitrary.

DIPOLE



RING
θ

Figure 3: A schematic of the 1D ring-like EMDs calculated for each event in this analysis. The minimum distance of
each event E to the manifold of two-particle back-to-back events P⌫⌫

2 and to the uniform ring-like geometry with
# = 128 reference particles is calculated.

Di�erent ground measures \8 9 are made for the di�erent reference geometries. For the cylindrical case, the
ground measure is taken to be the squared rapidity-azimuth distance between particles, where H8 and q8 are
the rapidity and azimuth of each input particle, H8 9 and q8 9 are their di�erences between initial position
8 and new position 9 , and Hmax = 4.5 is the maximum rapidity acceptance the cylinder. The choice of
squared distances rather than absolute ones produces larger EMDs for large displacements relative to small
ones, and is also faster to compute. The normalisation factor is determined by computing the distance
between a U

cyl
#

( |H | < Hmax) and the maximally distant particle configuration: a two-particle event with
balanced transverse momenta located at Hmax.

For the ring geometry, the ground measure is taken to be the transversely-projected opening angle q between
particles 8 and 9 . The EMD is normalised by the distance that conserves transverse momentum and saturates
the EMD to U

ring
#

: for large # , this is the distance from a balanced, back-to-back two-particle configuration.

In the special case of # = 2, the ring geometry is reduced to the two-particle event Uring
2 2 P

BB
2 . The most

distant configuration from this reference is instead a balanced three-particle event with an angle of 2c/3
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Figure 7: The shape-normalized I
#=2

Ring cross-section in data (closed circles), compared with predictions from several
Monte Carlo generators. Events with �T2 � 500 GeV and #jet � 2 are included. The middle panel displays the ratios
of different event generator predictions to the unfolded data. Event generator predictions are displayed as different
marker styles. The grey band in the upper and middle panels indicates the total uncertainty of the measurement. If
the ratio of a prediction to the unfolded data is outside the range of values displayed in the middle panel, an arrow
is drawn at the edge of the panel as an indicator. The lower panel summarises the various sources of systematic
uncertainty in the measurement. Systematic uncertainties are summarized in groups, with different line styles. The
total uncertainty is shown as a solid black line. Some uncertainty bands take values outside the range displayed in the
figure: the range is selected for maximum clarity in the bulk of the distribution.

than the ring-like geometries. Events with dĳet systems in the forward region on one side of ATLAS (e.g.
Figure 11(a)) produce the smallest values of this observable; the highest values are produced by multĳet
events that evenly cover the rapidity–azimuth plane with activity in both the central and forward regions
(e.g. Figure 11(b)). None of the MC predictions accurately describe this observable, although the best
descriptions occur near the peak of the distribution around 1 � I

#=16
Cyl ⇠ 0.8. The H����� angle-ordered

and dipole parton shower models predict distributions that have a peak at respectively larger and smaller
values than that observed in the measured data. This results in large differences between their respective
ratios to the unfolded data. As a result, they surround the data points across the entire distribution except for
the highest-value bin. The predictions from the P�����, P�����+P����� and P�����+H����� samples
are consistent except at low values, where the P����� sample overestimates the observed cross-section.
Once again, no sensitivity to the hadronisation models implemented in S����� is observed. The precision
of the measurement in this #jet and �T2 bin is everywhere better than 10%, and is dominated throughout

18

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
2
RingI

2−10

1−10

1

10

210

310 ATLAS
-1 = 13 TeV, 140 fbs

 2≥ jetsN
 500 GeV≥ T2H

Data Pythia

Powheg+Pythia Powheg+Herwig

Sherpa (AHADIC) Sherpa (Lund)
Herwig (Ang. ord.) Herwig (Dipole)

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
2
RingI

0.8
1

1.2

 D
at

a
R

at
io

 to

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
2
RingI

0.1−

0.05−

0

0.05

0.1

un
ce

rta
in

ty
R

el
at

iv
e Total Syst. Stat. Unfolding

MC Model JES+JER Conditions

)
2 R

in
g

I
d(

σd
 

σ1

Figure 7: The shape-normalized I
#=2

Ring cross-section in data (closed circles), compared with predictions from several
Monte Carlo generators. Events with �T2 � 500 GeV and #jet � 2 are included. The middle panel displays the ratios
of different event generator predictions to the unfolded data. Event generator predictions are displayed as different
marker styles. The grey band in the upper and middle panels indicates the total uncertainty of the measurement. If
the ratio of a prediction to the unfolded data is outside the range of values displayed in the middle panel, an arrow
is drawn at the edge of the panel as an indicator. The lower panel summarises the various sources of systematic
uncertainty in the measurement. Systematic uncertainties are summarized in groups, with different line styles. The
total uncertainty is shown as a solid black line. Some uncertainty bands take values outside the range displayed in the
figure: the range is selected for maximum clarity in the bulk of the distribution.

than the ring-like geometries. Events with dĳet systems in the forward region on one side of ATLAS (e.g.
Figure 11(a)) produce the smallest values of this observable; the highest values are produced by multĳet
events that evenly cover the rapidity–azimuth plane with activity in both the central and forward regions
(e.g. Figure 11(b)). None of the MC predictions accurately describe this observable, although the best
descriptions occur near the peak of the distribution around 1 � I
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and dipole parton shower models predict distributions that have a peak at respectively larger and smaller
values than that observed in the measured data. This results in large differences between their respective
ratios to the unfolded data. As a result, they surround the data points across the entire distribution except for
the highest-value bin. The predictions from the P�����, P�����+P����� and P�����+H����� samples
are consistent except at low values, where the P����� sample overestimates the observed cross-section.
Once again, no sensitivity to the hadronisation models implemented in S����� is observed. The precision
of the measurement in this #jet and �T2 bin is everywhere better than 10%, and is dominated throughout
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Lies, Damned Lies, and Statistics

Problem of Moments (in 1-D):

Given infinite set of moments, reconstruct the underlying distribution

<latexit sha1_base64="XQ9pbDFAeWoiR2bFuhD2sy3ulJ4="></latexit>

dj =

Z
dx p(x)xj j 2 {1, 2, 3, . . .}

For physics applications, this is rarely the right question to ask

E.g. Cauchy 
distribution:

<latexit sha1_base64="puG6jlNtB7sNvNuiaeqy5Abzhe8="></latexit>

p(x;x0, �) =
1

⇡

�

(x� x0)2 + �2

 Famously, this has no mean (or higher moments),
even though it is “obvious” that ⟨x⟩ should be x0
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Lies, Damned Lies, and Statistics

More relevant question:  Given a probability distribution,
what summary statistics best capture the key physical properties?

I don’t know a generic way to answer this question (do you?)
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Calculating Thrust
Extracting strong coupling constant from QCD event shapes

[Abbate, Fickinger, Hoang, Mateu, Stewart, PRD 2012]

12

C. E↵ects of QED and the b-mass

The experimental correction procedures applied to the
AMY, JADE, SLC, DELPHI and OPAL data sets were
typically designed to eliminate initial state photon radi-
ation, while those of the TASSO, L3 and ALEPH collab-
orations eliminated initial and final state photon radia-
tion. It is straightforward to test for the e↵ect of these
di↵erences in the fits by using our theory code with QED
e↵ects turned on or o↵ depending on the data set. Using
our N3LL order code in the Rgap scheme we obtain the
central values ↵s(mZ) = 0.1143 and ⌦1 = 0.376 GeV.
Comparing to our default results given in Tabs. I and II,
which are based on the theory code were QED e↵ects are
included for all data sets, we see that the central value
for ↵s is larger by 0.0003 and the one for ⌦1 is smaller
by 0.001 GeV. This shift is substantially smaller than
our perturbative uncertainty. Hence our choice to use
the theory code with QED e↵ects included everywhere
as the default for our analysis does not cause an observ-
able bias regarding experiments which remove final state
photons.

By comparing the N3LL (pure massless QCD) and
N3LL (QCD+mb) entries in Tabs. I and II we see that in-
cluding finite b-mass corrections causes a very mild shift
of ' +0.0004 to ↵s(mZ), and a somewhat larger shift
of ' �0.033GeV to ⌦1. In both cases these shifts are
within the 1-� theory uncertainties. In the N3LL (pure
massless QCD) analysis the b-quark is treated as a mass-
less flavor, hence this analysis di↵ers from that done by
JADE [23] where primary b quarks were removed using
MC generators.

D. Final Results

As our final result for ↵s(mZ) and ⌦1, obtained at
N3LL order in the Rgap scheme for ⌦1(R�, µ�), includ-
ing bottom quark mass and QED corrections we obtain

↵s(mZ) = 0.1140 ± (0.0004)exp (34)

± (0.0013)hadr ± (0.0007)pert,

⌦1(R�, µ�) = 0.377 ± (0.013)exp

± (0.042)↵s(mZ) ± (0.039)pert GeV,

where R� = µ� = 2 GeV and we quote individual 1-�
uncertainties for each parameter. Here �2/dof = 1.33.
Eq. (34) is the main result of this work.

In Fig. 8 we show the first moment of the thrust dis-
tribution as a function of the center of mass energy Q,
including QED andmb corrections. We use here the best-
fit values given in Eq. (34). The band displays the theo-
retical uncertainty and has been determined with a scan
on the parameters included in our theory, as explained in
App. A. The fit result is shown in comparison with data
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M1HQL

Fit at N3LL for asHmZL and W1
theory scan error

ALEPH
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TASSO

FIG. 8: First moment of the thrust distribution as a func-
tion of the center of mass energy Q, using the best-fit values
for ↵s(mZ) and ⌦1 in the Rgap scheme as given in Eq. (34).
The blue band represents the perturbative uncertainty deter-
mined by our theory scan. Data is from ALEPH, OPAL, L3,
DELPHI, JADE, AMY and TASSO.
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FIG. 9: Comparison of ↵s(mZ) and ⌦1 determinations from
thrust first moment data (red upper right ellipses) and thrust
tail data (blue lower left ellipses). The plot corresponds to
fits with N3LL accuracy and in the Rgap scheme. The tail
fits are performed with our improved code which uses a new
nonsingular two-loop function, and the now known two-loop
soft function. Dashed lines correspond to theory uncertain-
ties, solid lines correspond to ��2 = 1 combined theoretical
and experimental error ellipses, and wide-dashed lines corre-
spond to ��2 = 2.3 combined error ellipses (corresponding
to 1-� uncertainty in two dimensions).

from ALEPH, OPAL, L3, DELPHI, JADE, AMY and
TASSO. Good agreement is observed for all Q values.

It is interesting to compare the result of this analysis

(One Minus) Thrust Mean vs. Q

What moments best characterize…
Experimental thrust distribution?

Theoretical thrust calculation?
{
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Fig. 10. The measured distributions, after correction for backgrounds and detector effects, of thrust, − ln y3, heavy jet mass and
wide jet broadening at energies between 91.2 and 206 GeV together with the fitted QCD predictions. The error bars correspond
to statistical uncertainties. The fit ranges cover the central regions indicated by the solid curves, the theoretical predictions
extrapolate well outside the fit ranges, as shown by the dotted curves. The plotted distributions are scaled by arbitrary factors
for presentation

The experimental situation at energies above MZ is dif-
ferent from that at MZ. Statistical uncertainties are larger
and background conditions are more difficult. In general
theoretical uncertainties limit the precision of the mea-
surements, except for the very small data sets at 161 and
172 GeV, where statistical errors dominate. At these ener-
gies it is particularly important to combine measurements
from different variables.

A study using simulated distributions reveals that the
fit procedure is systematically biased towards lower values
of αs in the case of small event statistics, as encountered at
161 and 172 GeV. This bias originates from larger weights of
downward fluctuating bins in the distributions compared
to upward fluctuations. It is overcome by replacing the
measured statistical uncertainties of a distribution by the
expected statistical errors. The expected uncertainties are

Thrust Distribution vs. Q

[ALEPH, EPJC 2024]

Sudakov 
Peak

https://arxiv.org/abs/1204.5746
https://doi.org/10.1140/epjc/s2004-01891-4
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Simplified Thrust Calculation
Leading log at fixed coupling
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Example of “Sudakov Safe” Observable

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

Sudakov Form Factor

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


Sudakov Form Factor
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Simplified Thrust Calculation
Leading log at fixed coupling
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[Assi, Lee, Höche, JDT, arXiv 2025; 
Sudakov safety in Larkoski, Marzani, JDT, PRD 2015]

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
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Many QCD Subtleties to Incorporate and Understand

For Thrust Specifically:

Choice of Priors
Estimating Theory Uncertainties
Non-Perturbative Corrections
Treatment of Mixed Moments
Convergence of Moment Expansion

In General:

Sudakov Shoulder Resummation
Three Jet Power Corrections
Shape Function Parametrization

Future Directions: Multi-differential Distributions
Alternative Basis Functions
Inclusive Observables (e.g. EECs)

[see Tackmann, arXiv 2024]

https://arxiv.org/abs/2411.18606
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Different summary statistics capture different
physical effects, and logarithmic moments offer
important insights into QCD resummation



We can leverage the flexibility of loss functions to learn and 
constrain physically meaningful moments of distributions

Basics of ML and Information Theory

Logarithmic moments are particularly powerful probes of 
QCD that distinguish resummed from fixed-order calculations

Logarithmic Moments and QCD

When physicists “think like a machine”, we can translate 
thorny theoretical challenges into optimization problems

Colloquium Version of the Story
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Figure 1. Recurrent networks of 𝑁𝑁 binary nodes 𝑠𝑠𝑖𝑖 (0 or 1), with connection weights 𝑤𝑤𝑖𝑖𝑖𝑖. 
(Left) The Hopfield model. (Centre) Boltzmann machine. The nodes are divided  into  two 
groups,  visible  (open  circles)  and  hidden  (grey)  nodes.  The  network  is  trained  to 
approximate the probability distribution of a given set of visible patterns. Once trained, the 
network  can  be  used  to  generate  new  instances  from  the  learned  distribution.  (Right) 
Restricted Boltzmann Machine (RBM). Same as the Boltzmann machine, but without any 
couplings within the visible layer or between hidden nodes. This variant can be used for 
layer-by-layer pre-training of deep networks. 
 

 

The 1980s 
The  1980s  saw  major  breakthroughs  in  the  areas  of  both  recurrent  and  feedforward  neural 

networks, which led to a rapid expansion of the ANN field. 

 

John Hopfield, a theoretical physicist, is a towering figure in biological physics. His seminal work 

in  the  1970s  examined  electron  transfer  between  biomolecules  [11]  and  error  correction  in 

biochemical reactions (kinetic proofreading) [12]. 

 

In  1982, Hopfield published a dynamical model  for an associative memory based on a  simple 

recurrent neural network [13]. Collective phenomena frequently occur in physical systems, such 

as domains  in magnetic  systems and  vortices  in  fluid  flow. Hopfield  asked whether  emergent 

collective phenomena in large collections of neurons could give rise to “computational” abilities.  

 

Noting that collective properties in many physical systems are robust to changes in model details, 

he addressed this question using a neural network with N binary nodes si (0 or 1). The dynamics 

were asynchronous with threshold updates of individual nodes at random times. The new value 

of a node si was determined by a weighted sum over all other nodes, 
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