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What new elds and
discoveries await?
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How will modern ML enable new kinds of physics?
With modern ML, we can extract more information from data than ever before.

Data: “events” xi

∈ R drawn iid from some distribution p(x)
d

• All the information contained in the data is contained in p(x).
• Generally, the underlying p(x) of the data is unknown.
• Modern ML can access p(x) (explicitly or implicitly) from data, even for very
high dimensional x!
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Modern Machine Learning
In what ways can modern ML access the full likelihood of the data?

• p(x) itself [density estimation, eg Normalizing Flows]
• conditional densities p(x | y) [conditional density estimation, also NFs]
• sampling from p(x) [generative modeling, eg GANs, VAEs, NFs]
• ratios of densities p1(x)/p2(x) [classi cation, eg CNNs, RNNs, transformers, GNNs, …]
• ….

fi
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Modern Machine Learning
Modern Machine Learning will enable us to extract much more physics from
data than ever before

Data

Modern
Machine Learning

Physics

• Opens up entirely new frontiers in data analysis
• Qualitatively new kinds of physics analyses that weren’t possible before
• A Golden Era of method development, proofs-of-concept and new results
5

Modern Machine Learning
Modern Machine Learning will enable us to extract much more physics from
data than ever before
New physics searches

Data

Modern
Machine Learning

Triggering
Fast simulation
Instrumentation
Measurement

Apologies in advance if I can’t cover everything in this talk!!

Theory
…
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new physics are very model speci c
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ML for New Physics Searches
Future Organization of Physics Analysis Groups at the LHC??
Unsupervised

B physics

Weakly Supervised

(Semi) Supervised

Statistics
forum

SM

Measurement
Groups

B2G /
HDBS

Model
Agnostic?

ML
forum

Search
Groups

Supporting
organizations
Top

Higgs

Exotics/
Exotica

SUSY

from 2101.08320

The vast majority of LHC searches for
new physics are very model speci c

Why aren’t there more model-agnostic
new physics searches?

fi
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ML for New Physics Searches
https://arxiv.org/abs/2105.14027
`

The LHC Olympics 2020

The Dark Machines Anomaly Score Challenge:
Benchmark Data and Model Independent Event
Classification for the Large Hadron Collider
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A lot of community interest in model-agnostic NP
searches!
Both theorists and experimentalists are proposing
many new approaches using modern ML
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Autoencoders

Figure 1: The schematic diagram of an autoencoder. The input is mapped into a low(er) dimensional
representation, in this case 6-dim, and then decoded.

Fully unsupervised
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FIG. 1. Schematic view of the bump hunt. The signal (blue)
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ML for New Physics Searches
fit signal regions are defined as the mJJ signal regions
the NN used for training, combined with the adjacent
halves of the left and right neighboring regions; the fit
sidebands are defined as the complement of the fit
signal regions. An iterative procedure is applied until
the p value from the fit sideband χ 2 is greater than
0.05. Since the NN is trained to distinguish the
signal region from its CWoLa
neighboring
regions, it is
Hunting

expected that the mJJ spectrum is smooth in the fit sideband
region in the presence or absence of a true signal. First, the
p2 −ξ1 p3 −p3
ð1
−
xÞ
x
,
where
data are pfit
to
dn=dx
¼
p
1
ffiffi
x ¼ mJJ = s, pi are fit parameters, and the ξi are chosen
to ensure that the pi are uncorrelated. If the fit quality
is insufficient, an extended function is used instead
[100]: dn=dx ¼ p1 ð1 − xÞp2 −ξ1 p3 x−p3 þðp4 −ξ2 p3 −ξ3 p2 Þ logðxÞ .
If the fit quality remains insufficient, a variation of the

Proofs-of-concept are becoming actual LHC searches!
ATLAS, PRL 125 131801 (2020)
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• Many more analyses from ATLAS and CMS on the way!
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Fast ML for Online Anomaly Detection
• ML for triggers and DAQ used since the 90s (CDF, H1); widely used at LHC at
both L1 and HLT

• New avenue with modern ML: anomaly detection at trigger level
anomaly score > threshold

Events

Fast anomaly
detection

Keep event
Discard event
anomaly score < threshold
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Fast ML for Online Anomaly Detection
• ML for triggers and DAQ used since the 90s (CDF, H1); widely used at LHC at
both L1 and HLT

• New avenue with modern ML: anomaly detection at trigger level
• Autoencoders for anomaly detection at trigger level [Cerri et al 1811.10276, Knapp et al
2005.01598, Dillon et al 2206.14225, …]

• Autoencoders on FPGAs for L1T [Govorkova et al. 2108.03986]
• Double Decorrelated Autoencoders for anomaly detection and background estimation
at trigger level [Mikuni, Nachman & DS 2111.06417]
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Fast ML for Online Anomaly Detection

Ongoing data challenge for Fast Anomaly Detection [2107.02157]
Organizers: Govorkova, Puljak, Ngadiuba, Pierini, Aarrestad
Deadline: ML4Jets2022@Rutgers in November
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Fast ML for Online Anomaly Detection

ost Physics

Submission

Crazy idea: what if we could replace LHC with a generative model?
Online

Offline
generate
synthetic
events

ONLINEFLOW

Analysis

If generative model is perfect, we have
successfully encoded SM (plus any NP in the
data)!

Measurement
Up

LVL1 Trigger

te
a
d

HL Trigger

Analysis
save
few
events

Train generative model (eg Normalizing Flow)
on every event (or every event after L1T).

Can potentially discard LHC (after all the
data is taken) and just perform o ine
analysis on events from generative model?!

Butter, Diefenbacher, Kasieczka, Nachman, Plehn, DS & Winterhalder 2202.09375
ffl

gure 2: Illustration of the proposed workflow. First, we train a generative model on
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Fast ML for
Surrogate Modeling

17

Fast ML for Surrogate Modeling
https://twiki.cern.ch/twiki/bin/view/CMSPublic/CMSO ineComputingResults

CERN-LHCC-2022-005

Detector simulation (GEANT4) and event generation (MG5, Pythia, Herwig, …)
are major — and growing — bottlenecks at LHC and other experiments
ffl
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Fast ML for Surrogate Modeling
GEANT4

GEANT4

10

10 events

SLOW but ACCURATE

5

10 events

10

10 events

Surrogate model
(GAN, VAE, Normalizing Flow, …)
Learn underlying distribution of GEANT4 events

FAST and ACCURATE?
ML methods can provide fast and accurate “surrogate models” for GEANT4 etc
• Snowmass WP — detector sim — 2203.08806
• Snowmass WP — event generation — 2203.07460

19

Fast ML for Surrogate Modeling
ML methods are achieving impressive performance on high-dimensional
surrogate modeling tasks
CaloFlow [Krause & DS, 2106.05285, 2110.11377]
— rst ever GEANT4 surrogate model based on
those
voxels are always zero. This
is a sign of mode collapse, since the GAN did not learn to
normalizing
ows
cover the full available phase space.

Table 1. blahblabblah

AUC

GEANT4 vs. CaloGAN

GEANT4 vs. CaloFlow

e+

1.000(0)

0.847(8)

1.000(0)

0.660(6)

1.000(0)

0.632(2)

⇡+

First to ever pass the “ultimate classi er metric” test
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time [s]
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GEANT 4
CaloFlow v1
CaloFlow v2
CaloGAN
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Toy ATLAS ECAL from CaloGAN [Paganini, de Oliveira & Nachman
1705.02355, 1712.10321] — 3 layers, 504 voxels

103
103

time [h]

1010

100
104

105

4

106
107
Generated Showers

108

109

1010

20
10
×
faster
than
GEANT4!
Figure 12. Comparison of shower generation times, using the fastest CaloGAN numbers for com-

Fast ML for Surrogate Modeling
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Bib-AE Buhmann et al [2005.05334, 2112.09709]
Combination
ofof High
VAE
and
GAN
Getting
High: High Fidelity Simulation
Granularity
Calorimeters
with High Speed

5

Getting High:
High Fidelity
Simulation
of High
Calorimeters
with
High
Speed
Fig. 4 Diagram of the BIB-AE architecture,
including
the additional
MMD
term Granularity
defined in Sec.
3.4 and the
Post
Processor
Network defined in Sec. 3.5. The blue line shows where the true energy is used as an input. The loss functions and feedback
loops are explained in the text.

7

Fig. 6 Di↵erential distributions comparing the per-cell energy (left) and the number of hits ab
Geant4 and the di↵erent generative models. Shown are Geant4 (grey, filled), our GAN setup (blu
terms have a similar interaction. Here the KLD term dotted) and the BIB-AE (green, solid). The energy per-cell is measured in MeV for the bottom
regularizes our complete latent space by reducing the expected energy deposit of a minimum ionizing particle (MIP) for the top axis.

As it is an overarching model, an instructive way
for describing the base BIB-AE framework is by taking
a VAE and expanding upon it. A default VAE consist
di↵erence between the average latent space distribution
and a normal Gaussian. The KLD is, however, largely
of four general components: an encoder, a decoder, a
Finally, the two plots on the bottom show the lonlatent-space regularized by the Kullback–Leibler diverblind to the shape of the individual latent space dimengence (KLD), and an LN -norm to determine the di↵ersions, as it only cares about the average. The sampling gitudinal and radial energy distributions. We see that
ence between the original and the reconstructed data.
based latent space regularization term fills this niche by while all models are able the reproduce the bulk of the
distributions
well,
deviations for the WGAN apThese components are all present
as5well
in the of
BIBlooking
at photon
every latent
dimension
individually.
Fig.
Examples
individual
50 GeV
showersspace
generated
by Geant4
(left), the GAN
(center left),very
WGAN
(center
right), and
BIB-AE (right)
Colorsimplementation
encode the deposited
energy
per cell.
AE setup. Additionally, one introduces
a GAN-like
ad- architectures.
Our specific
of the
BIB-AE
frame- pear around the edges.
versarial network, trained to distinguish between real
work is shown in Fig. 4. For our sampling based laWe next test how well the relation of visible energy
tent regularization we use both an adversary and an to the incident photon energy is reproduced. To this end
and reconstructed data, as well as a sampling based
a WGAN with additional energy constrainer (Sec. 3.2),
the thickness at the edges of sensitive cells or that are
method of regularizing the latent space, such as anMMD term. The adversaries are implemented as crit- we use a Geant4 sample where we simulated photons at
and a BIB-AE with energy-MMD and post processing
stopped. The region below half a MIP, corresponding
other adversarial network or a maximum mean discrepics trained with gradient penalty, similar to the WGAN

of the simulated incident pa
hits nhit , and the ratio betwe
the 1st/2nd/3rd third of the
visible energy, labeled E1 /E
results are shown in Fig. 9. T
correlations for Geant4 show
di↵erence to Geant4 for the
21 (
(bottom left), and BIB-AE

30x30x30 = 27,000 voxels ILD prototype (similar scale to CMS HGCAL)
— current frontier in dimensionality

Fast ML for Surrogate Modeling

Ongoing data challenge for fast calorimeter simulation
Organizers: Giannelli, Kasieczka, Krause, Nachman, Salamani, DS, Zaborowska
3 datasets:
2
• “easy” — o cial ATLAS CaloSim (~10 voxels)
3
• “medium” — GEANT4 example detector (~10 voxels)
4
10
“hard”
—
GEANT4
example
detector
(~
voxels)
•
Deadline: ML4Jets2022@Rutgers in November

ffi

https://calochallenge.github.io/homepage/

22

Other new avenues for ML in HEP
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ML for Instrumentation
Optimizing detector design
Fully di erentiable surrogate model => could be very useful in designing
experiments

• MODE collaboration WP “End-to-End
Optimization of Particle Physics
Instruments with Di erentiable
Programming” 2203.13818

• See also AI-assisted design of EIC
detector [Fanelli et al 2205.09185]

from 2203.13818

ff

ff

Figure 1: Block diagram for the optimization of a generic detector. Data from a
simulator (left, cans labeled “Particle-level truth” and “Detector response”) are used
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ML for Instrumentation
Accelerator/detector operations
from Kain et al

• Many promising applications of Reinforcement Learning to real-time accelerator
operations
•
•
•
•

Pang et al “Autonomous Control of a Particle Accelerator using Deep Reinforcement Learning” 2010.08141
St. John et al “Real-time Arti cial Intelligence for Accelerator Control: A Study at the Fermilab Booster” 2011.07371
Kain et al “Sample-e cient reinforcement learning for CERN accelerator control” Phys.Rev.Accel.Beams 23 (2020) 12, 124801
Scheinker et al “Advanced Control Methods for Particle Accelerators (ACM4PA) 2019 Workshop Report” 2001.05461

• “self-driving triggers”
•
•

Bartoldus et al Snowmass WP 2203.07620
Y. Chen et al., “Self-driving data trigger, ltering, and acquisition”, Snowmass LOI (2020)

• “self-driving telescopes”
Nord et al, “Cycle and symbiosis: AI and Cosmology intersect to produce new knowledge and tools”, Snowmass LOI (2020)
fi

fi
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•

ML for Measurements
Potential for performing measurements using full unbinned phase space
“Simulation based inference”

Cranmer, Brehmer, Louppe 1911.01429
Brehmer & Cranmer 2010.06439

from 1908.06980

from 1805.00013
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ML for Measurements
Potential for performing measurements using full unbinned phase space
“Omnifold”

Andreassen et al 1911.09107

Full phase space unfolding detector->particle
level
2

is j), IBU proceeds itern:

p(w,X) (x)
=
,
p(w0 ,X 0 ) (x)

(3)

y density of x estimated
amples X. The function
pproximated using a clas, X) from (w0 , X 0 ). This

Truth
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FIG. 1. An illustration of OmniFold, applied to a set of synthetic and natural data. As a first step, starting from prior
weights ⌫0 , the detector-level synthetic data (“simulation”) is

Ratio to
Truth

(2)

Natural

,

Particle-level
0.06

Synthetic

easure i) Pr(measure i)

Detector-level

1.15
1.0
0.85

0

20
40
60
Jet Constituent Multiplicity M

80
27

ML for Theory
Modern ML is also making inroads into Theory
• ML4Lattice Snowmass WP [2202.05838]
7

Eg using NFs to sample e ciently from lattice con gurations
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ML
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from 1904.12072

FIG. 3: Zero-momentum Green’s functions evaluated for parameter set E5. Results computed using 106 configurations
from the HMC, local Metropolis, and machine-learned (ML)
ensembles are consistent within statistical errors. Error bars
indicate 68% confidence intervals estimated using bootstrap
resampling with bins of size 100.

from Kanwar Lattice 2019 talk
FIG. 4: E↵ective pole masses evaluated for parameter set E5,
defined by the arccosh estimator given in the main text. Results computed using 106 configurations from the HMC, local
Metropolis, and machine-learned (ML) ensembles are consistent within statistical errors. Error bars indicate 68% confidence intervals estimated using bootstrap resampling with
bins of size 100.

fi

ffi

• …

fi

• Symbolic tasks (regression, learning physical laws, simpli cation)
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ML for Theory
What the future holds?

from M. Schwartz Mainz DLEP22 Workshop talk
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Summary
• Modern ML is a powerful new tool that enables qualitatively new kinds of
physics analyses that weren’t possible before.

• Modern ML holds enormous potential for new physics searches, triggering,
fast simulation, instrumentation, theory and more.

• There has been an explosion of development of new methods and proofs-ofconcept. Many of these are beginning to be ported over to real data.
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Outlook
I believe we are witnessing the dawn of a new era of data-driven physics…
…and also the dawn of a new kind of physicist — the “data physicist”.

Theory

Experiment

Data Science

These are exciting times for ML and HEP!

31

