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This is a slide deck I made for the Snowmass
decadal planning process for HEP in the US

This is a high-level overview aimed at ML skeptics (so not really this audience)
The content is from February/March 2022 (so already out of date)

I hope it sparks some discussion, and happy to go into more detail on anything



The NSF AI Institute for Artificial Intelligence and
Fundamental Interactions  (IAIFI  /aɪ-faɪ/  iaifi.org)

Advance physics knowledge — from the smallest building blocks of nature

to the largest structures in the universe — and galvanize AI research innovation
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http://iaifi.org
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Symmetries, conservation laws, scaling relations, limiting behaviors, 
locality, causality, unitarity, gauge invariance, entropy, least action, 
factorization, unit tests, exactness, systematic uncertainties, 
reproducibility, verifiability, …

Infuse physics intelligence
into artificial intelligence

http://iaifi.org
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Overhyping deep learning, which is just
one of many computational strategies
relevant for the physical sciences

I loathe this question

Reframes the scientific process and
raises questions about what aspects of
reductionist logic could be automated

I love this question

https://www.nytimes.com/2020/11/23/science/artificial-intelligence-ai-physics-theory.html
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Reasons for Skepticism

“How could a machine possibly 
outcompete a century of 
triumphs in theoretical physics?”

“But these are games with a 
precise meaning to success and 
amenable to brute force search”
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[h/t David Kaiser, MIT SERC; Suresh, Guttag, arXiv 2019]

(a) Data Generation

(b) Model Building and Implementation

1. Historical bias arises when there is a misalignment be-
tween world as it is and the values or objectives to be
encoded and propagated in a model. It is a normative con-
cern with the state of the world, and exists even given per-
fect sampling and feature selection.

2. Representation bias arises while defining and sampling
a development population. It occurs when the develop-
ment population under-represents, and subsequently fails
to generalize well, for some part of the use population.

3. Measurement Bias arises when choosing and measur-
ing features and labels to use; these are often proxies for
the desired quantities. The chosen set of features and la-
bels may leave out important factors or introduce group-
or input-dependent noise that leads to differential perfor-
mance.

4. Aggregation bias arises during model construction, when
distinct populations are inappropriately combined. In
many applications, the population of interest is heteroge-
neous and a single model is unlikely to suit all subgroups.

5. Evaluation bias occurs during model iteration and evalu-
ation. It can arise when the testing or external benchmark
populations do not equally represent the various parts of
the use population. Evaluation bias can also arise from the
use of performance metrics that are not appropriate for the
way in which the model will be used.

6. Deployment Bias occurs after model deployment, when
a system is used or interpreted in inapppropriate ways.

Reasons to be Wary
“A Framework for Understanding Unintended Consequences of Machine Learning”

For HEP, “bias” ≈ “systematic uncertainty”

https://computing.mit.edu/cross-cutting/social-and-ethical-responsibilities-of-computing/
https://arxiv.org/abs/1901.10002
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High energy physics has been irreversibly 
impacted by the rise of deep learning

The buzz is around “AI”, but we should leverage
analysis strategies from various areas of
mathematics, statistics, and computer science

We have an opportunity to translate aspects of
high energy physics into a computational language
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My (Evolving) Perspective

[see HEPML-LivingReview for extensive bibliography; see March 2021 KITP talk with Dreyer for related discussion]

Apologies: citations in this talk are representative, not exhaustive!

https://iml-wg.github.io/HEPML-LivingReview/
https://online.kitp.ucsb.edu/online/precision21/thaler_dreyer/
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The Lens of Machine Learning

What formalisms are needed to leverage ML for HEP theory?
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E.g. Likelihood Ratio Trick
Key example of simulation-based inference

[see e.g. 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):  

−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>

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>

https://arxiv.org/abs/1806.02350
https://arxiv.org/abs/1911.01429
https://arxiv.org/abs/math/0510521
https://arxiv.org/abs/2101.07263


E.g. Likelihood Ratio Trick
Key example of simulation-based inference

[see e.g. D’Agnolo, Wulzer, PRD 2019; simulation-based inference in Cranmer, Brehmer, Louppe, PNAS 2020; 
relation to f-divergences in Nguyen, Wainwright, Jordan, AoS 2009; Nachman, JDT, PRD 2021]
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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
�

<latexit sha1_base64="K298pScNYU/Ys1xSLKz/x92RmiM="></latexit><latexit sha1_base64="K298pScNYU/Ys1xSLKz/x92RmiM="></latexit><latexit sha1_base64="K298pScNYU/Ys1xSLKz/x92RmiM="></latexit><latexit sha1_base64="CIzs/gC4UpWwhuj1TBR+6hF4fYI="></latexit>

Requires shift in theoretical focus from solving problems to specifying problems

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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Well-Specified Loss

Many HEP theory tasks can phrased as ML optimization

Machine Learning Ingredients

Physics input essential for robust usage of these tools,
but interdisciplinary training also valuable

E.g. classification, regression, generation, …
With implicit or explicit regularization

Reliable Training Data
Real or synthetic, fixed or dynamic
Labeled, partially labeled, or unlabeled

Learnable Function
Linear/logit function, neural network,
normalizing flow, other parametrized form, …
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E.g. Neural Resampling for MC Beyond LO

Classifier

1 0

Sample with wrong physics 
but all positive weights

Sample with correct physics 
but some negative weights

<latexit sha1_base64="dxaYhJyRgnmGu1Ql0Qq0LPx8Mz4="></latexit>

× w(x)⇒

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

MC@NLO: large 
weight cancellations

Reweighting recovers 
desired distribution

Resampling recovers
desired uncertainties

Using custom ML strategy

https://arxiv.org/abs/2007.11586
https://arxiv.org/abs/2005.09375
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E.g. Detector Unfolding

Simulation

S
y
n

th
e
ti

c
N

a
tu

ra
l

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;
Komiske, McCormack, Nachman, PRD 2021; see unfolding comparison in Petr Baron, arXiv 2021]

[see alternative in Bellagente, Butter, Kasieczka, Plehn, Rousselot, Winterhalder, Ardizzone, Köthe, SciPost 2020]]

Multi-dimensional unbinned detector corrections 
via iterated application of likelihood ratio trick

Use ML to compute
reweighting factors

OmniFold

https://arxiv.org/abs/1911.09107
https://arxiv.org/abs/2105.04448
https://arxiv.org/abs/2105.09923
https://arxiv.org/abs/2104.03036
https://arxiv.org/abs/2006.06685
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E.g. Detector Unfolding
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Pythia 6 + Geant 3 Sim.
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[talk by Badea, ICHEP 2020; cf. ALEPH, EPJC 2004]
[see also Badea, Baty, Chang, Innocenti, Maggi, McGinn, Peters, Sheng, JDT, Lee, PRL 2019; H1, DIS2021]

Back to the Future with ALEPH Archival Data

thrust axis

intrinsically
unbinned!

binned
archive

[Andreassen, Komiske, Metodiev, Nachman, JDT, PRL 2020; + Suresh, ICLR SimDL 2021;
Komiske, McCormack, Nachman, PRD 2021; see unfolding comparison in Petr Baron, arXiv 2021]

[see alternative in Bellagente, Butter, Kasieczka, Plehn, Rousselot, Winterhalder, Ardizzone, Köthe, SciPost 2020]]

https://indico.cern.ch/event/868940/contributions/3814556/
https://doi.org/10.1140/epjc/s2004-01891-4
https://arxiv.org/abs/1906.00489
https://www-h1.desy.de/psfiles/confpap/DIS2021/H1prelim-21-031.pdf
https://arxiv.org/abs/1911.09107
https://arxiv.org/abs/2105.04448
https://arxiv.org/abs/2105.09923
https://arxiv.org/abs/2104.03036
https://arxiv.org/abs/2006.06685
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“Ok, but what is the machine learning?”

Hmm, I’d like to move away from anthropomorphizing algorithms…
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Machine Learning:  

Algorithms based on
learning solutions through
the use of data

Deep Learning: 

Algorithms based on
learning parameters of
multi-layer neural networks

Space of Analysis Strategies

ML

DL

Artificial Intelligence:  

Algorithms to perform tasks
that are typically associated

with intelligent beings AI

Is linear regression a type of AI?

“Physics Intelligence”: 

Algorithms to perform tasks 
that are typically associated 
with physics majors/PhDs

“PhyI”Is phase space integration a type of AI?

In most cases, the machine is learning an approximate solution
to a well-specified optimization problem
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High energy physics has been irreversibly 
impacted by the rise of deep learning

The buzz is around “AI”, but we should leverage
analysis strategies from various areas of
mathematics, statistics, and computer science

We have an opportunity to translate aspects of
high energy physics into a computational language

Jesse Thaler (MIT) — Machine Learning for High Energy Physics
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Industry collaboration to develop custom AI tools

Equations governing the strong nuclear force are known, but precision
computations are extremely demanding (>10% of open supercomputing in US)

Custom generative models based on normalizing flows
achieve 1000-fold acceleration while

preserving symmetries & guaranteeing exactness  

Tools designed 
for physics find 

interdisciplinary 
applications

[Kanwar, Albergo, Boyda, Cranmer, Hackett, Racanière, Rezende, Shanahan, PRL 2020]

Deep Learning for Lattice Field Theory (TF05)

https://arxiv.org/abs/2003.06413
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Equations governing the strong nuclear force are known, but precision
computations are extremely demanding (>10% of open supercomputing in US)

[Kanwar, Albergo, Boyda, Cranmer, Hackett, Racanière, Rezende, Shanahan, PRL 2020]

Deep Learning for Lattice Field Theory (TF05)
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Deep Learning ⇔ “Deep Thinking”
Normalizing Flows Gauge EquivarianceCompact Domains

https://arxiv.org/abs/2003.06413
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Deep Learning for Colliders (TF07)

Parameter Inference

[e.g. Brehmer, Kling, Espejo, Cranmer, CSBS 2020]

Jet Classification

[e.g. Kasieczka, Plehn, et al., SciPost 2019]

…

Parton Distribution Functions

[e.g. NNPDF Collaboration, JHEP 2022]

Parton Shower Modeling/Tuning

[e.g. Lai, Neill, Płoskoń, Ringer, arXiv 2020;
see also Andreassen, Feige, Frye, Schwartz, EPJC 2019]

https://arxiv.org/abs/1907.10621
https://arxiv.org/abs/1902.09914
https://arxiv.org/abs/2109.14636
https://arxiv.org/abs/2012.06582
https://arxiv.org/abs/1804.09720
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More Deep Learning for Colliders (TF07)

Amplitude Approximations

[e.g. Badger, Bullock, JHEP 2020]

Pileup Mitigation

η
φ

b
ea
m

Leading vertex charged

Pileup charged

Total neutral

Leading vertex neutral
Inputs to NN | {z }

10 filters ×2

[e.g. Komiske, Metodiev, Nachman, Schwartz, JHEP 2017]

…

Phase Space Integration
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[e.g. Bothmann, Janßen, Knobbe, Schmale, Schumann, SciPost 2020;
see also Gao, Höche, Isaacson, Krause, Schulz, PRD 2020]

Simulation
S
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n
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N
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l

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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Deconvolution/Unfolding

[e.g. Andreassen, Komiske, Metodiev, Nachman, JDT, PRL 2020;
see also Bellagente, Butter, Kasieczka, Plehn, Rousselot, 

Winterhalder, Ardizzone, Köthe, SciPost 2020]

https://arxiv.org/abs/2002.07516
https://arxiv.org/abs/1707.08600
https://arxiv.org/abs/2001.05478
https://arxiv.org/abs/2001.10028
https://arxiv.org/abs/1911.09107
https://arxiv.org/abs/2006.06685
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Progress made not just because of

increased computational power and large datasets…

…but also because we have understood the

structure of the underlying problems

(and the structure of HEP theory problems are often optimization tasks)
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Theoretical Priors ⇒ Network Architectures

[review in Kagan, arXiv 2020]

Pixelized Calorimetry

… …
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r1<latexit sha1_base64="2YWYnOtQjFGMNDA3DlPs39N6QeU="></latexit><latexit sha1_base64="2YWYnOtQjFGMNDA3DlPs39N6QeU="></latexit><latexit sha1_base64="2YWYnOtQjFGMNDA3DlPs39N6QeU="></latexit><latexit sha1_base64="2YWYnOtQjFGMNDA3DlPs39N6QeU="></latexit>
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r2<latexit sha1_base64="H/ax1x6wPdrxtnIu9kUbkBFPI/E="></latexit><latexit sha1_base64="H/ax1x6wPdrxtnIu9kUbkBFPI/E="></latexit><latexit sha1_base64="H/ax1x6wPdrxtnIu9kUbkBFPI/E="></latexit><latexit sha1_base64="H/ax1x6wPdrxtnIu9kUbkBFPI/E="></latexit>

s3
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s3
<latexit sha1_base64="R/2nL6KTDOvoTEtcUA8dgJ1Ukhg="></latexit><latexit sha1_base64="R/2nL6KTDOvoTEtcUA8dgJ1Ukhg="></latexit><latexit sha1_base64="R/2nL6KTDOvoTEtcUA8dgJ1Ukhg="></latexit><latexit sha1_base64="R/2nL6KTDOvoTEtcUA8dgJ1Ukhg="></latexit>

r2<latexit sha1_base64="H/ax1x6wPdrxtnIu9kUbkBFPI/E="></latexit><latexit sha1_base64="H/ax1x6wPdrxtnIu9kUbkBFPI/E="></latexit><latexit sha1_base64="H/ax1x6wPdrxtnIu9kUbkBFPI/E="></latexit><latexit sha1_base64="H/ax1x6wPdrxtnIu9kUbkBFPI/E="></latexit>

Hierarchical Showers

[e.g. Brehmer, Macaluso, Pappadopulo,
Cranmer, NeurIPS 2020]

Pairwise Interactions

[e.g. Moreno, Cerri, Duarte, Newman, Nguyen,
Periwal, Pierini, Serikova, Spiropulu, Vlimant, EPJC 2020]

O3

O1 O2
E1

E2 E3

E4

E5 E6

Lorentz Equivariance

[e.g. Bogatskiy, Anderson, Offermann,
Roussi, Miller, Kondor, arXiv 2020]

Lund Plane Emissions

[e.g. Dreyer, Qu, JHEP 2021]

2 0 4 0 6 0 8 1 0

Infrared and Collinear Safety

[e.g. Komiske, Metodiev, JDT, JHEP 2019;
see also Dolan, Ore, PRD 2021;

Konar, Ngairangbam, Spannowsky, JHEP 2022]

https://arxiv.org/abs/2012.09719
https://arxiv.org/abs/2011.08191
https://arxiv.org/abs/1908.05318
https://arxiv.org/abs/2006.04780
https://arxiv.org/abs/2012.08526
https://arxiv.org/abs/1810.05165
https://arxiv.org/abs/2012.00964
https://arxiv.org/abs/2109.14636
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High energy physics has been irreversibly 
impacted by the rise of deep learning

The buzz is around “AI”, but we should leverage
analysis strategies from various areas of
mathematics, statistics, and computer science

We have an opportunity to translate aspects of
high energy physics into a computational language

Jesse Thaler (MIT) — Machine Learning for High Energy Physics
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Optimal Transport for Collider Geometry

[Komiske, Metodiev, JDT, PRL 2019; code at Komiske, Metodiev, JDT, energyflow.network; open data study in Komiske, Mastandrea, Metodiev, Naik, JDT, PRD 2020]
[based on Peleg, Werman, Rom, IEEE 1989; Rubner, Tomasi, Guibas, ICCV 1998, ICJV 2000; Pele, Werman, ECCV 2008; Pele Taskar, GSI 2013] 

[flavored variant in Crispim Romão, Castro, Milhano, Pedro, Vale, EPJC 2021]

EMD(E , E 0)

<latexit sha1_base64="z55n668HemUN3nYolBTR9GOfYLg="></latexit><latexit sha1_base64="z55n668HemUN3nYolBTR9GOfYLg="></latexit><latexit sha1_base64="z55n668HemUN3nYolBTR9GOfYLg="></latexit><latexit sha1_base64="t95ikZwjCZIdRYKyRaxLrx8TTdY="></latexit>

E
0

<latexit sha1_base64="0o64kQWULZqPqWN7iJFUCGwJWeI=">AAACB3icdVDLSgMxFL1TX7W+6mPnJlhEV2VGhNZdQQSXFWwttEPJpJk2NJMJSUYYhn6AP+BW/8CduPUz/AG/w3SqYH0cCBzOuZd7cgLJmTau++YUFhaXlleKq6W19Y3NrfL2TlvHiSK0RWIeq06ANeVM0JZhhtOOVBRHAac3wfh86t/cUqVZLK5NKqkf4aFgISPYWKnXi7AZEcyzi8lRv1xxq2c11wL9Jl7VzVFp7EGOZr/83hvEJImoMIRjrbueK42fYWUY4XRS6iWaSkzGeEi7lgocUe1neeYJOrTKAIWxsk8YlKvfNzIcaZ1GgZ2cZtQ/van4l9dNTFj3MyZkYqggs0NhwpGJ0bQANGCKEsNTSzBRzGZFZIQVJsbWNHclpKmI5KRki/n6PfqftE+qnlv1rk4rjfqsISjCPhzAMXhQgwZcQhNaQEDCPTzAo3PnPDnPzststOB87uzCHJzXDw/pmoQ=</latexit><latexit sha1_base64="0o64kQWULZqPqWN7iJFUCGwJWeI=">AAACB3icdVDLSgMxFL1TX7W+6mPnJlhEV2VGhNZdQQSXFWwttEPJpJk2NJMJSUYYhn6AP+BW/8CduPUz/AG/w3SqYH0cCBzOuZd7cgLJmTau++YUFhaXlleKq6W19Y3NrfL2TlvHiSK0RWIeq06ANeVM0JZhhtOOVBRHAac3wfh86t/cUqVZLK5NKqkf4aFgISPYWKnXi7AZEcyzi8lRv1xxq2c11wL9Jl7VzVFp7EGOZr/83hvEJImoMIRjrbueK42fYWUY4XRS6iWaSkzGeEi7lgocUe1neeYJOrTKAIWxsk8YlKvfNzIcaZ1GgZ2cZtQ/van4l9dNTFj3MyZkYqggs0NhwpGJ0bQANGCKEsNTSzBRzGZFZIQVJsbWNHclpKmI5KRki/n6PfqftE+qnlv1rk4rjfqsISjCPhzAMXhQgwZcQhNaQEDCPTzAo3PnPDnPzststOB87uzCHJzXDw/pmoQ=</latexit><latexit sha1_base64="0o64kQWULZqPqWN7iJFUCGwJWeI=">AAACB3icdVDLSgMxFL1TX7W+6mPnJlhEV2VGhNZdQQSXFWwttEPJpJk2NJMJSUYYhn6AP+BW/8CduPUz/AG/w3SqYH0cCBzOuZd7cgLJmTau++YUFhaXlleKq6W19Y3NrfL2TlvHiSK0RWIeq06ANeVM0JZhhtOOVBRHAac3wfh86t/cUqVZLK5NKqkf4aFgISPYWKnXi7AZEcyzi8lRv1xxq2c11wL9Jl7VzVFp7EGOZr/83hvEJImoMIRjrbueK42fYWUY4XRS6iWaSkzGeEi7lgocUe1neeYJOrTKAIWxsk8YlKvfNzIcaZ1GgZ2cZtQ/van4l9dNTFj3MyZkYqggs0NhwpGJ0bQANGCKEsNTSzBRzGZFZIQVJsbWNHclpKmI5KRki/n6PfqftE+qnlv1rk4rjfqsISjCPhzAMXhQgwZcQhNaQEDCPTzAo3PnPDnPzststOB87uzCHJzXDw/pmoQ=</latexit><latexit sha1_base64="gegd3AJG8TEzIfq9YwTW3G7srgs=">AAACB3icdVDLSgMxFM34rPVVdekmWERXw4wIrbuCCC4r2Ad0hpJJM21okglJRijDfIA/4Fb/wJ249TP8Ab/DTFvB+jgQOJxzL/fkRJJRbTzv3VlaXlldWy9tlDe3tnd2K3v7bZ2kCpMWTliiuhHShFFBWoYaRrpSEcQjRjrR+LLwO3dEaZqIWzORJORoKGhMMTJWCgKOzAgjll3lJ/1K1XMvap4F/E1815uiCuZo9isfwSDBKSfCYIa07vmeNGGGlKGYkbwcpJpIhMdoSHqWCsSJDrNp5hweW2UA40TZJwycqt83MsS1nvDIThYZ9U+vEP/yeqmJ62FGhUwNEXh2KE4ZNAksCoADqgg2bGIJworarBCPkELY2JoWrsRkIrjMy7aYr9/D/0n7zPU91785rzbq84pK4BAcgVPggxpogGvQBC2AgQQP4BE8OffOs/PivM5Gl5z5zgFYgPP2CZcumjA=</latexit>

E

<latexit sha1_base64="yvFx+StuSuW/bUaEGokakvU66aw=">AAACBnicdVDJSgNBEK2JW4xbXG5eGoPgaZgRIfEWEMFjBLPAJISeTk/SpKd76O4RwpC7P+BV/8CbePU3/AG/w85Ewbg8KHi8V0VVvTDhTBvPe3MKS8srq2vF9dLG5tb2Tnl3r6VlqghtEsml6oRYU84EbRpmOO0kiuI45LQdji9mfvuWKs2kuDGThPZiPBQsYgQbKwXdGJsRwTy7nPbLFc89r3oW6DfxXS9HpX4AORr98nt3IEkaU2EIx1oHvpeYXoaVYYTTaambappgMsZDGlgqcEx1L8tPnqJjqwxQJJUtYVCufp/IcKz1JA5t5+xE/dObiX95QWqiWi9jIkkNFWS+KEo5MhLN/kcDpigxfGIJJorZWxEZYYWJsSktbInoRMTJtGSD+foe/U9ap67vuf71WaVemycERTiEIzgBH6pQhytoQBMISLiHB3h07pwn59l5mbcWnM+ZfViA8/oBqDOaUw==</latexit><latexit sha1_base64="yvFx+StuSuW/bUaEGokakvU66aw=">AAACBnicdVDJSgNBEK2JW4xbXG5eGoPgaZgRIfEWEMFjBLPAJISeTk/SpKd76O4RwpC7P+BV/8CbePU3/AG/w85Ewbg8KHi8V0VVvTDhTBvPe3MKS8srq2vF9dLG5tb2Tnl3r6VlqghtEsml6oRYU84EbRpmOO0kiuI45LQdji9mfvuWKs2kuDGThPZiPBQsYgQbKwXdGJsRwTy7nPbLFc89r3oW6DfxXS9HpX4AORr98nt3IEkaU2EIx1oHvpeYXoaVYYTTaambappgMsZDGlgqcEx1L8tPnqJjqwxQJJUtYVCufp/IcKz1JA5t5+xE/dObiX95QWqiWi9jIkkNFWS+KEo5MhLN/kcDpigxfGIJJorZWxEZYYWJsSktbInoRMTJtGSD+foe/U9ap67vuf71WaVemycERTiEIzgBH6pQhytoQBMISLiHB3h07pwn59l5mbcWnM+ZfViA8/oBqDOaUw==</latexit><latexit sha1_base64="yvFx+StuSuW/bUaEGokakvU66aw=">AAACBnicdVDJSgNBEK2JW4xbXG5eGoPgaZgRIfEWEMFjBLPAJISeTk/SpKd76O4RwpC7P+BV/8CbePU3/AG/w85Ewbg8KHi8V0VVvTDhTBvPe3MKS8srq2vF9dLG5tb2Tnl3r6VlqghtEsml6oRYU84EbRpmOO0kiuI45LQdji9mfvuWKs2kuDGThPZiPBQsYgQbKwXdGJsRwTy7nPbLFc89r3oW6DfxXS9HpX4AORr98nt3IEkaU2EIx1oHvpeYXoaVYYTTaambappgMsZDGlgqcEx1L8tPnqJjqwxQJJUtYVCufp/IcKz1JA5t5+xE/dObiX95QWqiWi9jIkkNFWS+KEo5MhLN/kcDpigxfGIJJorZWxEZYYWJsSktbInoRMTJtGSD+foe/U9ap67vuf71WaVemycERTiEIzgBH6pQhytoQBMISLiHB3h07pwn59l5mbcWnM+ZfViA8/oBqDOaUw==</latexit><latexit sha1_base64="PtXXnmdCsMbXLaN+2VpDyN1cQaM=">AAACBnicdVDLSsNAFJ3UV62vqks3g0VwVRIRWncFEVxWsA9IQ5lMJ+3QeYSZiRBC9v6AW/0Dd+LW3/AH/A4nbQXr48CFwzn3cu89YcyoNq777pRWVtfWN8qbla3tnd296v5BV8tEYdLBkknVD5EmjArSMdQw0o8VQTxkpBdOLwu/d0eUplLcmjQmAUdjQSOKkbGSP+DITDBi2VU+rNbc+kXDtYC/iVd3Z6iBBdrD6sdgJHHCiTCYIa19z41NkCFlKGYkrwwSTWKEp2hMfEsF4kQH2ezkHJ5YZQQjqWwJA2fq94kMca1THtrO4kT90yvEvzw/MVEzyKiIE0MEni+KEgaNhMX/cEQVwYalliCsqL0V4glSCBub0tKWiKSCx3nFBvP1PfyfdM/qnlv3bs5rreYiojI4AsfgFHigAVrgGrRBB2AgwQN4BE/OvfPsvDiv89aSs5g5BEtw3j4BL4eZ/w==</latexit>

−R −R/2 0 R/2 R

Translated Rapidity y

−R

−R/2

0

R/2

R

T
ra
n
sl
a
te
d
A
zi
m
u
th
a
l
A
n
g
le

φ

EMD: 159.3 GeV

CMS 2011 Open Data

AK5 Jets, CHS

Scaled to 400 GeV

Jet 1 Jet 2

Energy Mover’s Distance ⇒ Metric Space of Collider Events

New insights into high-energy physics facilitated by
advances in mathematics, statistics, and computer science

https://arxiv.org/abs/1902.02346
http://energyflow.network/
https://arxiv.org/abs/1908.08542
https://ieeexplore.ieee.org/document/192468
https://ieeexplore.ieee.org/document/710701
https://link.springer.com/article/10.1023/A:1026543900054
https://link.springer.com/chapter/10.1007/978-3-540-88690-7_37
https://link.springer.com/chapter/10.1007/978-3-642-40020-9_43
https://arxiv.org/abs/2004.09360
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Optimal Transport for Collider Geometry

[Komiske, Metodiev, JDT, PRL 2019; code at Komiske, Metodiev, JDT, energyflow.network; open data study in Komiske, Mastandrea, Metodiev, Naik, JDT, PRD 2020]
[based on Peleg, Werman, Rom, IEEE 1989; Rubner, Tomasi, Guibas, ICCV 1998, ICJV 2000; Pele, Werman, ECCV 2008; Pele Taskar, GSI 2013] 

[flavored variant in Crispim Romão, Castro, Milhano, Pedro, Vale, EPJC 2021]

The Hidden Geometry of Particle Collisions 30Eric M. Metodiev, MIT

1960 2020
1977

Thrust, Sphericity

1993𝑘𝑇 jet clustering

2010-2015
N-(sub)jettiness, XCone

1997-1998
C/A jet clustering

2014-2019
Constituent Subtraction

1962-1964
Infrared Safety

Taming infinities Event Shapes Jet Algorithms Jet Substructure

[Kinoshita, JMP 1962]
[Lee, Nauenberg, PR 1964]

[Farhi, PRL 1977]
[Georgi, Machacek, PRL 1977]

[Catani, Dokshitzer, Seymour, Webber, NPB 1993]
[Ellis, Soper, PRD 1993]

[Wobisch, Wengler, 1998]

[Doskhitzer, Leder, Moretti,Webber, JHEP 1997]

[Berta, Spousta, Miller, Leitner, JHEP 2014]

[Stewart, Tackmann, Waalewijn, PRL 2010]
[Thaler, Van Tilburg, JHEP 2011]
[Stewart, Tackmann, Thaler, Vermilion, Wilkason, JHEP 2015]

[Berta, Masetti, Miller, Spousta, JHEP 2019]

Pileup

And many more!

IRC Safety is smoothness
in the space of events

Event shapes are distances
from events to manifolds.

Jets are projections to
few-particle manifolds.

Substructure resolves
emissions within the jet.

Pileup mitigation moves
away from uniform radiation.

ℐ ൌ argminℇᇲ∈𝒫𝑁 EMD𝛽,𝑅 ℇ, ℇ′𝒪ሺℇሻ ൌ minℇᇲ∈ℳ EMD𝛽,𝑅ሺℇ, ℇ′ሻ ℇ𝐶 ൌ argminℇᇲ EMD ℇ, ℇ′ ൅ 𝜌𝒰 .𝜏ሺℐሻ ൌ minℇᇲ∈𝒫𝑁 EMD𝛽 ℐ, ℇ′ .

Translating Six Decades of Collider Physics

[Komiske, Metodiev, JDT, JHEP 2020; timeline by Metodiev]

https://arxiv.org/abs/1902.02346
http://energyflow.network/
https://arxiv.org/abs/1908.08542
https://ieeexplore.ieee.org/document/192468
https://ieeexplore.ieee.org/document/710701
https://link.springer.com/article/10.1023/A:1026543900054
https://link.springer.com/chapter/10.1007/978-3-540-88690-7_37
https://link.springer.com/chapter/10.1007/978-3-642-40020-9_43
https://arxiv.org/abs/2004.09360
https://arxiv.org/abs/2004.04159
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Opening a Dialogue Between Communities
HEP domain knowledge ⇔ interdisciplinary insights

[Cai, Cheng, Craig, Craig, PRD 2020, arXiv 2021]

Analyzing Jets with
Linearized Transport

& Partial Transport 

Interpolating between
Optimal Transport
& Kernel Methods

[Feydy, Séjourné, Vialard, Amari, Trouvé, Peyré, arXiv 2018]
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(see next slide to justify color coding)

https://arxiv.org/abs/2008.08604
https://arxiv.org/abs/2111.03670
https://arxiv.org/abs/1810.08278


29Jesse Thaler (MIT) — Machine Learning for High Energy Physics

[Feydy, Geometric data analysis, beyond convolutions]

Siloing in the Scientific Community

Kernel methods. Formulas in the mould of Eqs. (3.99-3.101) are ubiquitous in applied
sciences: from physics to machine learning, applying a convolution is the simplest way of
modelling spatial correlations and pair-wise interactions. Unfortunately though, few papers
and textbooks take the time to draw explicit links between fields that have, at first glance,
very little in common. Before going any further, we devote a few pages to a short panorama
around the sixmajor interpretations of Eq. (3.99). As we identify with each other the theories of:

1. Newtonian gravitation and electrostatics in physics,
2. blurred squared distances in imaging sciences,
3. Sobolev norms in functional analysis,
4. maximum mean discrepancies in statistics,
5. reproducing kernel Hilbert spaces in machine learning and
6. Kriging, splines or Gaussian processes in geostatistics, imaging and probabilities,

we will hopefully help the reader to get a deeper understanding of a theory that is central to
modern data sciences.

Kernelk(–, —) = 1

2
È–, k ı –Í ≠ È–, k ı —Í + 1

2
È—, k ı —Í

= 1

2

Nÿ

i=1

Nÿ

j=1

–i–j k(xi, xj) ≠
Nÿ

i=1

Mÿ

j=1

–i—j k(xi, yj) + 1

2

Mÿ

i=1

Mÿ

j=1

—i—j k(yi, yj)

http://www.jeanfeydy.com/geometric_data_analysis.pdf
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Wasserstein Elsewhere in HEP 

[Erdmann, Geiger, Glombitza, Schmidt, CSBS 2018; Erdmann, Glombitza, Quast, CSBS 2019; 
Chekalina, Orlova, Ratnikov, Ulyanov, Ustyuzhanin, Zakharov, CHEP 2018]
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Generative Modeling

Estimated Simulation/Unfolding

[Cai, Cheng, Craig, Craig, PRD 2020][Howard, Mandt, Whiteson, Yang, arXiv 2021]

Jet Classification

BSM Characterization

[Cesarotti, Reece, Strassler, JHEP 2021, arXiv 2020]
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https://arxiv.org/abs/1802.03325
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E.g. Thrust
How dijet-like is an event?

P
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[Komiske, Metodiev, JDT, JHEP 2020]
[Brandt, Peyrou, Sosnowski, Wroblewski, PL 1964; Farhi, PRL 1977;  ALEPH, PLB 1991]

All Back-to-Back Two Particle Configurations
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(using β=2 EMD variant)
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Fig. 5. Measured dis tributions  for T, C and O for Yc,t = 0.03 together with uncorrected and corrected QCD pre dictions  for a = ½Mz. 

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- 

1−
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<latexit sha1_base64="ssH/DqpuHJHfFAwagi09v/Cr6gE=">AAACE3icdVDLSgMxFL3j2/qqD9y4CRbBVcn4dld047KCbYW2lkyaaYNJZkgyQhnnM/wBt/oH7sStH+AP+B2mUwUVPRA4nHMv9+QEseDGYvzmjY1PTE5Nz8wW5uYXFpeKyyt1EyWashqNRKQvA2KY4IrVLLeCXcaaERkI1giuT4d+44ZpwyN1YQcxa0vSUzzklFgndYrrLUlsnxKRVrOrtKUlOjnJOjudYgmX97F/fIARLuMcOTnyd33kfyqlyhrkqHaK761uRBPJlKWCGNP0cWzbKdGWU8GyQisxLCb0mvRY01FFJDPtNM+foS2ndFEYafeURbn6fSMl0piBDNzkMK357Q3Fv7xmYsOjdspVnFim6OhQmAhkIzQsA3W5ZtSKgSOEau6yItonmlDrKvtxJWQDJeOs4Ir5+j36n9R3yj4u++d7pQoeNQQzsAGbsA0+HEIFzqAKNaBwC/fwAI/enffkPXsvo9Ex73NnFX7Ae/0A/pSerQ==</latexit><latexit sha1_base64="ssH/DqpuHJHfFAwagi09v/Cr6gE=">AAACE3icdVDLSgMxFL3j2/qqD9y4CRbBVcn4dld047KCbYW2lkyaaYNJZkgyQhnnM/wBt/oH7sStH+AP+B2mUwUVPRA4nHMv9+QEseDGYvzmjY1PTE5Nz8wW5uYXFpeKyyt1EyWashqNRKQvA2KY4IrVLLeCXcaaERkI1giuT4d+44ZpwyN1YQcxa0vSUzzklFgndYrrLUlsnxKRVrOrtKUlOjnJOjudYgmX97F/fIARLuMcOTnyd33kfyqlyhrkqHaK761uRBPJlKWCGNP0cWzbKdGWU8GyQisxLCb0mvRY01FFJDPtNM+foS2ndFEYafeURbn6fSMl0piBDNzkMK357Q3Fv7xmYsOjdspVnFim6OhQmAhkIzQsA3W5ZtSKgSOEau6yItonmlDrKvtxJWQDJeOs4Ir5+j36n9R3yj4u++d7pQoeNQQzsAGbsA0+HEIFzqAKNaBwC/fwAI/enffkPXsvo9Ex73NnFX7Ae/0A/pSerQ==</latexit><latexit sha1_base64="ssH/DqpuHJHfFAwagi09v/Cr6gE=">AAACE3icdVDLSgMxFL3j2/qqD9y4CRbBVcn4dld047KCbYW2lkyaaYNJZkgyQhnnM/wBt/oH7sStH+AP+B2mUwUVPRA4nHMv9+QEseDGYvzmjY1PTE5Nz8wW5uYXFpeKyyt1EyWashqNRKQvA2KY4IrVLLeCXcaaERkI1giuT4d+44ZpwyN1YQcxa0vSUzzklFgndYrrLUlsnxKRVrOrtKUlOjnJOjudYgmX97F/fIARLuMcOTnyd33kfyqlyhrkqHaK761uRBPJlKWCGNP0cWzbKdGWU8GyQisxLCb0mvRY01FFJDPtNM+foS2ndFEYafeURbn6fSMl0piBDNzkMK357Q3Fv7xmYsOjdspVnFim6OhQmAhkIzQsA3W5ZtSKgSOEau6yItonmlDrKvtxJWQDJeOs4Ir5+j36n9R3yj4u++d7pQoeNQQzsAGbsA0+HEIFzqAKNaBwC/fwAI/enffkPXsvo9Ex73NnFX7Ae/0A/pSerQ==</latexit><latexit sha1_base64="dJttqGz1EWV3twGSS0kVVtxlisU=">AAACE3icdVDLSgMxFM3UV62vUcGNm2ARXJVMfdVdqRuXFewD2loyaaYNTTJDkhHKOJ/hD7jVP3Anbv0Af8DvMH0IVvRA4HDOvdyT40ecaYPQh5NZWFxaXsmu5tbWNza33O2dug5jRWiNhDxUTR9rypmkNcMMp81IUSx8Thv+8HLsN+6o0iyUN2YU0Y7AfckCRrCxUtfdawtsBgTzpJreJm0lYKWSdotdN48Kp8i7OEMQFdAEE1Lyjj3ozZQ8mKHadT/bvZDEgkpDONa65aHIdBKsDCOcprl2rGmEyRD3actSiQXVnWSSP4WHVunBIFT2SQMn6s+NBAutR8K3k+O0+rc3Fv/yWrEJSp2EySg2VJLpoSDm0IRwXAbsMUWJ4SNLMFHMZoVkgBUmxlY2dyWgIymiNGeL+f49/J/UiwUPFbzrk3wZzSrKgn1wAI6AB85BGVyBKqgBAu7BI3gCz86D8+K8Om/T0Ywz29kFc3DevwCF6J5Z</latexit>

t
<latexit sha1_base64="xsud14FDcektnrghDiXFlY0IVqE=">AAAB/HicdVDJSgNBEK1xjXGLy81LYxA8hR7XeAt48ZiAWSCG0NOpSRp7eobuHiGE+ANe9Q+8iVf/xR/wO+xMIqjog4LHe1VU1QsSKYyl9N2bm19YXFrOreRX19Y3Ngtb2w0Tp5pjnccy1q2AGZRCYd0KK7GVaGRRILEZ3F5O/OYdaiNidW2HCXYi1lciFJxZJ9Vst1CkpVPqX5xRQks0Q0bK/rFP/JlSrOxChmq38HHTi3kaobJcMmPaPk1sZ8S0FVziOH+TGkwYv2V9bDuqWISmM8oOHZMDp/RIGGtXypJM/T4xYpExwyhwnRGzA/Pbm4h/ee3UhuXOSKgktaj4dFGYSmJjMvma9IRGbuXQEca1cLcSPmCaceuy+bElxKGKknHeBfP1PfmfNI5KPi35tZNihU4TghzswT4cgg/nUIErqEIdOCA8wCM8effes/fivU5b57zZzA78gPf2Calkldo=</latexit><latexit sha1_base64="xsud14FDcektnrghDiXFlY0IVqE=">AAAB/HicdVDJSgNBEK1xjXGLy81LYxA8hR7XeAt48ZiAWSCG0NOpSRp7eobuHiGE+ANe9Q+8iVf/xR/wO+xMIqjog4LHe1VU1QsSKYyl9N2bm19YXFrOreRX19Y3Ngtb2w0Tp5pjnccy1q2AGZRCYd0KK7GVaGRRILEZ3F5O/OYdaiNidW2HCXYi1lciFJxZJ9Vst1CkpVPqX5xRQks0Q0bK/rFP/JlSrOxChmq38HHTi3kaobJcMmPaPk1sZ8S0FVziOH+TGkwYv2V9bDuqWISmM8oOHZMDp/RIGGtXypJM/T4xYpExwyhwnRGzA/Pbm4h/ee3UhuXOSKgktaj4dFGYSmJjMvma9IRGbuXQEca1cLcSPmCaceuy+bElxKGKknHeBfP1PfmfNI5KPi35tZNihU4TghzswT4cgg/nUIErqEIdOCA8wCM8effes/fivU5b57zZzA78gPf2Calkldo=</latexit><latexit sha1_base64="xsud14FDcektnrghDiXFlY0IVqE=">AAAB/HicdVDJSgNBEK1xjXGLy81LYxA8hR7XeAt48ZiAWSCG0NOpSRp7eobuHiGE+ANe9Q+8iVf/xR/wO+xMIqjog4LHe1VU1QsSKYyl9N2bm19YXFrOreRX19Y3Ngtb2w0Tp5pjnccy1q2AGZRCYd0KK7GVaGRRILEZ3F5O/OYdaiNidW2HCXYi1lciFJxZJ9Vst1CkpVPqX5xRQks0Q0bK/rFP/JlSrOxChmq38HHTi3kaobJcMmPaPk1sZ8S0FVziOH+TGkwYv2V9bDuqWISmM8oOHZMDp/RIGGtXypJM/T4xYpExwyhwnRGzA/Pbm4h/ee3UhuXOSKgktaj4dFGYSmJjMvma9IRGbuXQEca1cLcSPmCaceuy+bElxKGKknHeBfP1PfmfNI5KPi35tZNihU4TghzswT4cgg/nUIErqEIdOCA8wCM8effes/fivU5b57zZzA78gPf2Calkldo=</latexit><latexit sha1_base64="3a3GJjcdt+LQtD5NsG2okswqLl0=">AAAB/HicdVDLSgNBEJz1GeMr6tHLYBA8hVmf8Rbw4jEB84BkCbOT3mTI7OwyMyssIf6AV/0Db+LVf/EH/A4nmxWMaEFDUdVNd5cfC64NIR/O0vLK6tp6YaO4ubW9s1va22/pKFEMmiwSker4VIPgEpqGGwGdWAENfQFtf3wz89v3oDSP5J1JY/BCOpQ84IwaKzVMv1QmlQviXl8STCokQ0aq7pmL3Vwpoxz1fumzN4hYEoI0TFCtuy6JjTehynAmYFrsJRpiysZ0CF1LJQ1Be5Ps0Ck+tsoAB5GyJQ3O1J8TExpqnYa+7QypGenf3kz8y+smJqh6Ey7jxIBk80VBIrCJ8OxrPOAKmBGpJZQpbm/FbEQVZcZms7AlgFSG8bRog/n+Hv9PWqcVl1Tcxnm5RvKICugQHaET5KIrVEO3qI6aiCFAj+gJPTsPzovz6rzNW5ecfOYALcB5/wIwuJWG</latexit>
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New! Event Isotropy
How isotropic is an event?

[Cesarotti, JDT, JHEP 2020;
see also Cesarotti, Reece, Strassler, JHEP 2021]

I
<latexit sha1_base64="HP9X7Vlc+Ec5e+wd37erqWB7owo=">AAACBnicbVDLSsNAFL2pr1pf9bFzM1gEVyURQZcFN7qrYB+QhjKZTtqhk0mYmQghZO8PuNU/cCdu/Q1/wO9wknZhWw8MHM65l3vm+DFnStv2t1VZW9/Y3Kpu13Z29/YP6odHXRUlktAOiXgk+z5WlDNBO5ppTvuxpDj0Oe3509vC7z1RqVgkHnUaUy/EY8ECRrA2kjsIsZ4QzLP7fFhv2E27BFolzpw0WidQoj2s/wxGEUlCKjThWCnXsWPtZVhqRjjNa4NE0RiTKR5T11CBQ6q8rIyco3OjjFAQSfOERqX6dyPDoVJp6JvJIqJa9grxP89NdHDjZUzEiaaCzA4FCUc6QsX/0YhJSjRPDcFEMpMVkQmWmGjT0sKVgKYijPOaKcZZrmGVdC+bjt10Hq4aLXvWEFThFM7gAhy4hhbcQRs6QCCCF3iFN+vZerc+rM/ZaMWa7xzDAqyvX2KUmh8=</latexit><latexit sha1_base64="HP9X7Vlc+Ec5e+wd37erqWB7owo=">AAACBnicbVDLSsNAFL2pr1pf9bFzM1gEVyURQZcFN7qrYB+QhjKZTtqhk0mYmQghZO8PuNU/cCdu/Q1/wO9wknZhWw8MHM65l3vm+DFnStv2t1VZW9/Y3Kpu13Z29/YP6odHXRUlktAOiXgk+z5WlDNBO5ppTvuxpDj0Oe3509vC7z1RqVgkHnUaUy/EY8ECRrA2kjsIsZ4QzLP7fFhv2E27BFolzpw0WidQoj2s/wxGEUlCKjThWCnXsWPtZVhqRjjNa4NE0RiTKR5T11CBQ6q8rIyco3OjjFAQSfOERqX6dyPDoVJp6JvJIqJa9grxP89NdHDjZUzEiaaCzA4FCUc6QsX/0YhJSjRPDcFEMpMVkQmWmGjT0sKVgKYijPOaKcZZrmGVdC+bjt10Hq4aLXvWEFThFM7gAhy4hhbcQRs6QCCCF3iFN+vZerc+rM/ZaMWa7xzDAqyvX2KUmh8=</latexit><latexit sha1_base64="HP9X7Vlc+Ec5e+wd37erqWB7owo=">AAACBnicbVDLSsNAFL2pr1pf9bFzM1gEVyURQZcFN7qrYB+QhjKZTtqhk0mYmQghZO8PuNU/cCdu/Q1/wO9wknZhWw8MHM65l3vm+DFnStv2t1VZW9/Y3Kpu13Z29/YP6odHXRUlktAOiXgk+z5WlDNBO5ppTvuxpDj0Oe3509vC7z1RqVgkHnUaUy/EY8ECRrA2kjsIsZ4QzLP7fFhv2E27BFolzpw0WidQoj2s/wxGEUlCKjThWCnXsWPtZVhqRjjNa4NE0RiTKR5T11CBQ6q8rIyco3OjjFAQSfOERqX6dyPDoVJp6JvJIqJa9grxP89NdHDjZUzEiaaCzA4FCUc6QsX/0YhJSjRPDcFEMpMVkQmWmGjT0sKVgKYijPOaKcZZrmGVdC+bjt10Hq4aLXvWEFThFM7gAhy4hhbcQRs6QCCCF3iFN+vZerc+rM/ZaMWa7xzDAqyvX2KUmh8=</latexit><latexit sha1_base64="OOILMQpFDBu6ed402+1G+ee/oh4=">AAACBnicbVDLSgMxFM3UV62vqks3wSK4KjMi6LLgRncVbCu0Q8mkd9rQTDIkGWEYZu8PuNU/cCdu/Q1/wO8w087Cth4IHM65l3tygpgzbVz326msrW9sblW3azu7e/sH9cOjrpaJotChkkv1GBANnAnoGGY4PMYKSBRw6AXTm8LvPYHSTIoHk8bgR2QsWMgoMVbqDyJiJpTw7C4f1htu050BrxKvJA1Uoj2s/wxGkiYRCEM50brvubHxM6IMoxzy2iDREBM6JWPoWypIBNrPZpFzfGaVEQ6lsk8YPFP/bmQk0jqNAjtZRNTLXiH+5/UTE177GRNxYkDQ+aEw4dhIXPwfj5gCanhqCaGK2ayYTogi1NiWFq6EkIoozmu2GG+5hlXSvWh6btO7v2y03LKiKjpBp+gceegKtdAtaqMOokiiF/SK3pxn5935cD7noxWn3DlGC3C+fgHp2ZnL</latexit>

U
<latexit sha1_base64="KCK9oqMlgumUFByC6OTcW+zbbxU=">AAACBnicdVDLSsNAFL2pr1pf9bFzM1gEVyERoXVXcOOygmkLaSiT6aQdOpmEmYkQQvb+gFv9A3fi1t/wB/wOp62CzwMXDufcy733hClnSjvOq1VZWl5ZXauu1zY2t7Z36rt7XZVkklCPJDyR/RArypmgnmaa034qKY5DTnvh9GLm926oVCwR1zpPaRDjsWARI1gbyR/EWE8I5oVXDusNxz5vOgboN3FtZ45G+wDm6Azrb4NRQrKYCk04Vsp3nVQHBZaaEU7L2iBTNMVkisfUN1TgmKqgmJ9comOjjFCUSFNCo7n6daLAsVJ5HJrO2YnqpzcT//L8TEetoGAizTQVZLEoyjjSCZr9j0ZMUqJ5bggmkplbEZlgiYk2KX3bEtFcxGlZM8F8fo/+J91T23Vs9+qs0W4tEoIqHMIRnIALTWjDJXTAAwIJ3ME9PFi31qP1ZD0vWivWx8w+fIP18g7Bw5pj</latexit><latexit sha1_base64="KCK9oqMlgumUFByC6OTcW+zbbxU=">AAACBnicdVDLSsNAFL2pr1pf9bFzM1gEVyERoXVXcOOygmkLaSiT6aQdOpmEmYkQQvb+gFv9A3fi1t/wB/wOp62CzwMXDufcy733hClnSjvOq1VZWl5ZXauu1zY2t7Z36rt7XZVkklCPJDyR/RArypmgnmaa034qKY5DTnvh9GLm926oVCwR1zpPaRDjsWARI1gbyR/EWE8I5oVXDusNxz5vOgboN3FtZ45G+wDm6Azrb4NRQrKYCk04Vsp3nVQHBZaaEU7L2iBTNMVkisfUN1TgmKqgmJ9comOjjFCUSFNCo7n6daLAsVJ5HJrO2YnqpzcT//L8TEetoGAizTQVZLEoyjjSCZr9j0ZMUqJ5bggmkplbEZlgiYk2KX3bEtFcxGlZM8F8fo/+J91T23Vs9+qs0W4tEoIqHMIRnIALTWjDJXTAAwIJ3ME9PFi31qP1ZD0vWivWx8w+fIP18g7Bw5pj</latexit><latexit sha1_base64="KCK9oqMlgumUFByC6OTcW+zbbxU=">AAACBnicdVDLSsNAFL2pr1pf9bFzM1gEVyERoXVXcOOygmkLaSiT6aQdOpmEmYkQQvb+gFv9A3fi1t/wB/wOp62CzwMXDufcy733hClnSjvOq1VZWl5ZXauu1zY2t7Z36rt7XZVkklCPJDyR/RArypmgnmaa034qKY5DTnvh9GLm926oVCwR1zpPaRDjsWARI1gbyR/EWE8I5oVXDusNxz5vOgboN3FtZ45G+wDm6Azrb4NRQrKYCk04Vsp3nVQHBZaaEU7L2iBTNMVkisfUN1TgmKqgmJ9comOjjFCUSFNCo7n6daLAsVJ5HJrO2YnqpzcT//L8TEetoGAizTQVZLEoyjjSCZr9j0ZMUqJ5bggmkplbEZlgiYk2KX3bEtFcxGlZM8F8fo/+J91T23Vs9+qs0W4tEoIqHMIRnIALTWjDJXTAAwIJ3ME9PFi31qP1ZD0vWivWx8w+fIP18g7Bw5pj</latexit><latexit sha1_base64="mLPVFXE76qSokMb3S8pdhR3NoWo=">AAACBnicdVDLSsNAFJ34rPVVdelmsAiuQiJC667gxmUF0xbSUibTSTt0HmFmIoSQvT/gVv/Anbj1N/wBv8NJW8H6OHDhcM693HtPlDCqjee9Oyura+sbm5Wt6vbO7t5+7eCwo2WqMAmwZFL1IqQJo4IEhhpGeokiiEeMdKPpVel374jSVIpbkyVkwNFY0JhiZKwU9jkyE4xYHhTDWt1zLxueBfxNfNeboQ4WaA9rH/2RxCknwmCGtA59LzGDHClDMSNFtZ9qkiA8RWMSWioQJ3qQz04u4KlVRjCWypYwcKZ+n8gR1zrjke0sT9Q/vVL8ywtTEzcHORVJaojA80VxyqCRsPwfjqgi2LDMEoQVtbdCPEEKYWNTWtoSk0zwpKjaYL6+h/+Tzrnre65/c1FvNRcRVcAxOAFnwAcN0ALXoA0CgIEED+ARPDn3zrPz4rzOW1ecxcwRWILz9glJF5oP</latexit>

I(E) = EMD(E ,U)
<latexit sha1_base64="YLHQoDj6hzfetCL286HgRysq9JE="></latexit><latexit sha1_base64="YLHQoDj6hzfetCL286HgRysq9JE="></latexit><latexit sha1_base64="YLHQoDj6hzfetCL286HgRysq9JE="></latexit><latexit sha1_base64="5Um7CHIyV0W3v8QLVUK9oepvxiY="></latexit>
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Event Isotropy

qq

N=10, AUC = 0.997

N=25, AUC = 1.000

N=50, AUC = 1.000

E
<latexit sha1_base64="yvFx+StuSuW/bUaEGokakvU66aw=">AAACBnicdVDJSgNBEK2JW4xbXG5eGoPgaZgRIfEWEMFjBLPAJISeTk/SpKd76O4RwpC7P+BV/8CbePU3/AG/w85Ewbg8KHi8V0VVvTDhTBvPe3MKS8srq2vF9dLG5tb2Tnl3r6VlqghtEsml6oRYU84EbRpmOO0kiuI45LQdji9mfvuWKs2kuDGThPZiPBQsYgQbKwXdGJsRwTy7nPbLFc89r3oW6DfxXS9HpX4AORr98nt3IEkaU2EIx1oHvpeYXoaVYYTTaambappgMsZDGlgqcEx1L8tPnqJjqwxQJJUtYVCufp/IcKz1JA5t5+xE/dObiX95QWqiWi9jIkkNFWS+KEo5MhLN/kcDpigxfGIJJorZWxEZYYWJsSktbInoRMTJtGSD+foe/U9ap67vuf71WaVemycERTiEIzgBH6pQhytoQBMISLiHB3h07pwn59l5mbcWnM+ZfViA8/oBqDOaUw==</latexit><latexit sha1_base64="yvFx+StuSuW/bUaEGokakvU66aw=">AAACBnicdVDJSgNBEK2JW4xbXG5eGoPgaZgRIfEWEMFjBLPAJISeTk/SpKd76O4RwpC7P+BV/8CbePU3/AG/w85Ewbg8KHi8V0VVvTDhTBvPe3MKS8srq2vF9dLG5tb2Tnl3r6VlqghtEsml6oRYU84EbRpmOO0kiuI45LQdji9mfvuWKs2kuDGThPZiPBQsYgQbKwXdGJsRwTy7nPbLFc89r3oW6DfxXS9HpX4AORr98nt3IEkaU2EIx1oHvpeYXoaVYYTTaambappgMsZDGlgqcEx1L8tPnqJjqwxQJJUtYVCufp/IcKz1JA5t5+xE/dObiX95QWqiWi9jIkkNFWS+KEo5MhLN/kcDpigxfGIJJorZWxEZYYWJsSktbInoRMTJtGSD+foe/U9ap67vuf71WaVemycERTiEIzgBH6pQhytoQBMISLiHB3h07pwn59l5mbcWnM+ZfViA8/oBqDOaUw==</latexit><latexit sha1_base64="yvFx+StuSuW/bUaEGokakvU66aw=">AAACBnicdVDJSgNBEK2JW4xbXG5eGoPgaZgRIfEWEMFjBLPAJISeTk/SpKd76O4RwpC7P+BV/8CbePU3/AG/w85Ewbg8KHi8V0VVvTDhTBvPe3MKS8srq2vF9dLG5tb2Tnl3r6VlqghtEsml6oRYU84EbRpmOO0kiuI45LQdji9mfvuWKs2kuDGThPZiPBQsYgQbKwXdGJsRwTy7nPbLFc89r3oW6DfxXS9HpX4AORr98nt3IEkaU2EIx1oHvpeYXoaVYYTTaambappgMsZDGlgqcEx1L8tPnqJjqwxQJJUtYVCufp/IcKz1JA5t5+xE/dObiX95QWqiWi9jIkkNFWS+KEo5MhLN/kcDpigxfGIJJorZWxEZYYWJsSktbInoRMTJtGSD+foe/U9ap67vuf71WaVemycERTiEIzgBH6pQhytoQBMISLiHB3h07pwn59l5mbcWnM+ZfViA8/oBqDOaUw==</latexit><latexit sha1_base64="PtXXnmdCsMbXLaN+2VpDyN1cQaM=">AAACBnicdVDLSsNAFJ3UV62vqks3g0VwVRIRWncFEVxWsA9IQ5lMJ+3QeYSZiRBC9v6AW/0Dd+LW3/AH/A4nbQXr48CFwzn3cu89YcyoNq777pRWVtfWN8qbla3tnd296v5BV8tEYdLBkknVD5EmjArSMdQw0o8VQTxkpBdOLwu/d0eUplLcmjQmAUdjQSOKkbGSP+DITDBi2VU+rNbc+kXDtYC/iVd3Z6iBBdrD6sdgJHHCiTCYIa19z41NkCFlKGYkrwwSTWKEp2hMfEsF4kQH2ezkHJ5YZQQjqWwJA2fq94kMca1THtrO4kT90yvEvzw/MVEzyKiIE0MEni+KEgaNhMX/cEQVwYalliCsqL0V4glSCBub0tKWiKSCx3nFBvP1PfyfdM/qnlv3bs5rreYiojI4AsfgFHigAVrgGrRBB2AgwQN4BE/OvfPsvDiv89aSs5g5BEtw3j4BL4eZ/w==</latexit>

https://arxiv.org/abs/2004.06125
https://arxiv.org/abs/2009.08981
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Leafless Multigraphs
Connected All

Edges d A307317 A307316

1 0 0
2 1 1
3 2 2
4 4 5
5 9 11
6 26 34
7 68 87
8 217 279
9 718 897

10 2 553 3 129

11 9 574 11 458

12 38 005 44 576

13 157 306 181 071

14 679 682 770 237

15 3 047 699 3 407 332

16 14 150 278 15 641 159

Kinematic Decomposition
via Graph Theory

[Komiske, Metodiev, JDT, 
JHEP 2018, PRD 2020]

[Komiske, Metodiev, JDT, JHEP 2018;
Brewer, JDT, Turner; PRD 2021]

Quark/Gluon Definitions
via Blind Source Separation

Other Examples from My Group’s Research

New insights into high-energy physics facilitated by
advances in mathematics, statistics, and computer science

 (and vice versa!)

https://arxiv.org/abs/1712.07124
https://arxiv.org/abs/1911.04491
https://arxiv.org/abs/1809.01140
https://arxiv.org/abs/2008.08596


34

High energy physics has been irreversibly 
impacted by the rise of deep learning

The buzz is around “AI”, but we should leverage
analysis strategies from various areas of
mathematics, statistics, and computer science

We have an opportunity to translate aspects of
high energy physics into a computational language

Jesse Thaler (MIT) — Machine Learning for High Energy Physics
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NN-QFT correspondence: Progress by considering one from the other’s perspective

Neural Network 
(NN): 

Theory of
random

functions

Defined by their 
construction

NSF AI Institute for
Artificial Intelligence & Fundamental Interactions

Quantum Field 
Theory (QFT): 

Theory of
random

functions

Defined by their 
distribution

Other work progress:
[Gukov, Halverson],  [Halverson, Maiti, Stoner, Schwartz]

See also: [Roberts, Yaida], [Erbin, Lahoche, Samary]

QFT ideas for NNs:  [Halverson, Maiti, Stoner] 2020
Modeling NN Densities

● Non-Gaussian phenomenological model of NN density.
● Compute NN ensemble correlations with Feynman 

diagrams.
● RG flow arises in some density models.
● Agreement with NN experiments.

QFT ideas for NNs:            [Halverson, Maiti, Stoner] 2021
Symmetry-via-Duality

● Deduce symmetries of NN actions by study of correlations 
computed in parameter space.

● Input / output symmetries of NN are analog of spacetime / 
internal symmetries in QFT.

● Both continuous and discrete symmetries,
Abelian and non-abelian.

NN ideas for QFTs:        [Halverson] in progress
Building Quantum Fields out of Neurons

● Reframe randomness of QFs in parameter-space;
How we build fields, not how we draw them.

● Use NNs to define Lorentz-invariant, unitary QFTs.
● Explains prevalence near-Gaussianity in QFT.

ML for Formal Theory?

[image from Halverson; see Halverson, Maiti, Stoner, MLST 2021; Roberts, Yaida, Hanin, CUP 2022]

E.g. NN-QFT Correspondence

What aspects of formal theory could be rephrased as a
data science problem (albeit with theoretical data)?

https://arxiv.org/abs/2008.08601
https://arxiv.org/abs/2106.10165
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ML for BSM Physics?

[see Kasieczka, Nachman, Shih et al., RPP 2021] 

What aspects of BSM phenomenology could
be streamlined, systematized, and automated?

Ask me how we got it so wrong!

E.g. Anomaly Detection at the LHC Olympics 2020

https://arxiv.org/abs/2101.08320
https://arxiv.org/abs/2101.08320
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[plots from Apyan, Cuozzo, Klute, Saito, Schott, Sintayehu, JINST 2020]

ML for SM Physics?

E.g. Open Data / Uncertainty Quantification

Can we more tightly integrate theory and
experiment to future-proof analyses?

https://arxiv.org/abs/1907.08197
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ML for QCD

A New Category of
“Data Physicist”?
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EMD(E , E 0)
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Happy to tell you more of this story if you are interested!
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https://www.nytimes.com/2020/11/23/science/artificial-intelligence-ai-physics-theory.html
https://arxiv.org/abs/2205.04459
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Reaching Across Disciplines (though not ML)
“Non-Gaussianities” in collider energy flux

Technique from
collider physics

and QCD

Analyzed
with public

collider data

Interpreted
through lens of

cosmology

Computed
through lens of

conformal field theory
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What cosmic histo
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UV to IR

Phenomenological to Formal

Theory to Experiment

https://arxiv.org/abs/2205.02857
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High energy physics has been irreversibly 
impacted by the rise of deep learning

The buzz is around “AI”, but we should leverage
analysis strategies from various areas of
mathematics, statistics, and computer science

We have an opportunity to translate aspects of
high energy physics into a computational language

Jesse Thaler (MIT) — Machine Learning for High Energy Physics

Machine Learning for HEP

In the spirit of Snowmass, looking forward to your ideas and perspectives!


