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Particle Colliders

• Particle colliders provide one of the most spectacular examples of a
simple underlying theory producing remarkably complicated data sets.
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• This has enabled (combined with sustained theory efforts) the
development of high fidelity simulations (Pythia, Herwig, Sherpa, ...).
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Jet Substructure

• Many remarkable phenomena of quantum field theory are imprinted in
subtle correlations in collider energy flux:

• Interactions of asymptotically free quarks and gluons.
• Real time dynamics of confinement.
• Nature of the QGP.
• Phase diagram of QCD.
• ....

Primordial fluctuations

What cosmic history gave rise to primordial fluctuations?
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Formal Theory Progress

Primordial fluctuations

What cosmic history gave rise to primordial fluctuations?
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• Formal theory has provided powerful new tools to compute these
observables, and relate them to parameters of the underlying theory.

Primordial fluctuations

W
hat cosmic history gave rise to primordial fluctuations?
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Theory-Experiment Gap

• The extraordinary complexity of the LHC dataset, has produced a gap
between what theorists want, and what can be measured.
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They are too hard 
to unfold. 

  
Perhaps ML will 

help with that in the 
future.

KITP
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From Detector Data to Theory Comparisons

• To interpret theoretically, measurements require “inverting” the
effects of the detector: Unfolding.

• “Simple” if one projects to low dimensional features such as jets.

• To measure statistical properties of energy flux requires unfolding the
full particle phase space.

Unfolding
When we call it a measurement

To correct for detector effects


• Acceptance & efficiency:    particles produced not measured


• Detector noise:    particles measured not real


• Detector bias & resolution effects


• Combinatorics:    detector can change the order of N particles


• Background processes


Necessary in order to compare the unfolded data with the theory predictions

30

( i.e. why earlier plots do not count as a measurement )

[ B. Nachman, 2019 CTEQ Summer School on QCD physics ]
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Likelihood Free Inference

• Traditional approaches to unfolding that explicitly determine the
likelihood fail:

• High dimensional input space - full phase space of detector effects
• High dimensional output space - space of energy correlations

• This is a common feature of many modern data sets in the physical
sciences, for which we have high fidelity simulations.
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Fig. 1. Examples of phenomena at various length scales described by a diverse set of simulators, each with an intractable likelihood. Contains image material from Refs. (5–9).

pretable by a domain scientist and ◊ has relatively few
components and a fixed dimensionality. Examples include
coe�cients found in the Hamiltonian of a physical sys-
tem, the virulence and incubation rate of a pathogen, or
fundamental constants of Nature.

• The latent variables z that appear in the data-generating
process may directly or indirectly correspond to a phys-
ically meaningful state of a system, but typically this
state is unobservable in practice. The structure of the
latent space varies substantially between simulators. The
latent variables may be continuous or discrete and the
dimensionality of the latent space may be fixed or may
vary depending on the control flow of the simulator. The
simulation can freely combine deterministic and stochas-
tic steps. The deterministic components of the simulator
may be di�erentiable or may involve discontinuous control
flow elements. In practice, some simulators may provide
convenient access to the latent variables, while others are
e�ectively black boxes. Any given simulator may combine
these di�erent aspects in almost any way.

• Finally, the output data x correspond to the observations.
They can range from a few unstructured numbers to high-
dimensional and highly structured data, such as images
or geospatial information.

Consider for instance the systems shown in Fig. 1. Parti-
cle physics processes often only depend on a small number
of parameters of interest such as particle masses or coupling
strengths. The latent process combines a high-energy inter-
action, rigorously described by a quantum field theory, with
the passage of the resulting particles through an incredibly
complex detector, most accurately modeled with stochastic
simulations with billions of latent variables; this second part
often does not depend on the parameters of interest. The
output data consist, in their raw form, of millions of sen-
sor read-outs, though there is an established pipeline that
compresses this raw data to tens to hundreds of observables.
Epidemiological simulations can be based on a network struc-
ture with geospatial properties, and the latent process consists
of many repeated structurally identical stochastic time steps.
In contrast, cosmological simulations of the evolution of the
Universe may consist of a highly structured stochastic initial
state followed by a smooth, deterministic time evolution.

These di�erences mean that there is no one-size-fits-all
inference method. In this review we aim to clarify the consid-
erations needed to choose the most appropriate approach for
a given problem.

B. Inference. Scientific inference tasks di�er by what is being
inferred: given observed data x, is the goal to infer the input
parameters ◊, or the latent variables z, or both? Sometimes

only a subset of the parameters (or latent variables) are of in-
terest, while the rest are nuisance parameters (i. e. parameters
that we are not directly interested in but must account for
because they influence the distributions of the data). We will
focus on the common problem of inferring ◊ in a parametric
setting, we will comment on methods that allow inference on
z, and we will not focus on non-parametric inverse problems.

Inference may be performed either in a frequentist or a
Bayesian approach and may be limited to point estimates
◊̂(x) or extended to include a probabilistic notion of uncer-
tainty. In the frequentist case, confidence sets are often formed
from inverting hypothesis tests, based on the likelihood ratio
test statistic. In Bayesian inference, the goal is typically to
calculate the posterior

p(◊|x) = p(x|◊) p(◊)s
d◊Õ p(x|◊Õ) p(◊Õ)

[1]

for observed data x and a given prior p(◊). In both cases the
likelihood function p(x|◊) is a key ingredient.

The fundamental challenge for simulation-based inference
problems is that the likelihood function p(x|◊) implicitly de-
fined by the simulator is typically not tractable, as it corre-
sponds to an integral over all possible trajectories through the
latent space, i. e. all possible execution traces of the simulator.
That is,

p(x|◊) =
⁄

dz p(x, z|◊) , [2]

where p(x, z|◊) is the joint probability density of data x
and latent variables z. For a simple sequential data gen-
eration procedure, the joint likelihood can be written as
p(x, z|◊) = p(x|◊, z)

r
i
pi(zi|◊, z<i). For real-life simulators

with large latent spaces, it is clearly impossible to compute
this integral explicitly. Since the likelihood function is the
central ingredient to both frequentist and Bayesian inference,
this is a major challenge for inference in many fields. This
paper reviews simulation-based or likelihood-free inference
techniques that enable frequentist or Bayesian inference de-
spite this intractability. These methods can be seen as a
specialization of inverse Uncertainty Quantification (UQ) on
the model parameters in situations with accurate, stochastic
simulators.

There is a second, more widely appreciated source of in-
tractability. In the case of Bayesian inference, the evidence—
the denominator of Eq. (1)—involves an integral over the
parameters ◊. In problems with high-dimensional parameters
this becomes intractable, independently of the intractability of
the likelihood function. This challenge is commonly addressed
with Markov Chain Monte Carlo (MCMC) methods (10, 11)
or variational inference (VI) (12).

2 Cranmer et al.

• Significant progress in “Likelihood free inference” using ML based
techniques.

[Cranmer, Brehmer, Louppe]
[Karagiori, Kasieczka, Kravitz, Nachman, Shih]
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Omnifold

Patrick Komiske – The Hidden Geometry of Particle Collisions

Machine-Learning-Inspired Methods for Particle Physics
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Latent space visualization reveals 
what the network has learned

Dynamic pixel sizing related to 
collinear singularity of QCD!

0.0 0.2 0.4 0.6 0.8 1.0

Quark Jet Efficiency

0.0

0.5

1.0

1.5

2.0

2.5

3.0

3.5

4.0

S
ig

n
ifi

ca
n
ce

Im
p
ro

ve
m

en
t

Quark vs. Gluon Jets

Pythia 8.230,
√

s = 14 TeV

R = 0.4, pT ∈ [500, 550] GeV

PFN-ID

RNN-ID

EFPs

DNN

CNN

Multiplicity

nSD

[PTK, Metodiev, Thaler, JHEP 2019]

Permutation symmetric neural network architecture
for events with variable numbers of particles

OmniFold

Unbinned, full-phase space unfolding of all observables simultaneously
[Andreassen, PTK, Metodiev, Nachman, Thaler, PRL 2020]
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FIG. 2. The unfolding results for six jet substructure observables, using Herwig 7.1.5 (“Data”/“Truth”) and Pythia 8.243
tune 26 (Sim./Gen.), unfolded with OmniFold and compared to IBU. OmniFold matches or exceeds the unfolding performance
of IBU on all of these observables. We emphasize that OmniFold is a single general unfolding procedure, whereas unfolding
with IBU must be done observable by observable. Statistical uncertainties are shown only in the ratio panel.

unfolded distribution of any observable using Eq. (5).
Hence, this procedure can be viewed as simultaneously
unfolding all observables.

Our study is based on proton-proton collisions gener-
ated at

p
s = 14 TeV with the default tune of Her-

wig 7.1.5 [33–35] and Tune 26 [36] of Pythia 8.243 [37–
39] in order to study a challenging setting where the “nat-
ural” and “synthetic” distributions are substantially dif-
ferent. As a proxy for detector e↵ects and a full detector
simulation, we use the Delphes 3.4.2 [40] fast simula-
tion of the CMS detector, which uses particle flow re-
construction. Jets with radius parameter R = 0.4 are
clustered using either all particle flow objects (detector-
level) or stable non-neutrino truth particles (particle-
level) with the anti-kT algorithm [41] implemented in
FastJet 3.3.2 [42, 43]. One of the simulations (Her-
wig) plays the role of “data”/“truth”, while the other
(Pythia) is used to derive the unfolding corrections. To
reduce acceptance e↵ects, the leading jets are studied
in events with a Z boson with transverse momentum
pZ

T > 200 GeV. After applying the selections, we obtain
approximately 1.6 million events from each generator.

Any suitable machine learning architecture can be used

for OmniFold. For this study, we use Particle Flow
Networks (PFNs) [44, 45] to process jets in their natu-
ral representation as sets of particles. Intuitively, PFNs
learn and processes a set of additive observables via

PFN({pi}M
i=1) = F

⇣PM
i=1 �(pi)

⌘
for an event with M

particles pi, where F and � are parameterized by fully-
connected networks. We specify the particles by their
transverse momentum pT , rapidity y, azimuthal angle
�, and particle identification code [46], restricted to the
experimentally-accessible information (PFN-Ex [44]) at
detector-level. To define separate models for Step 1 and
Step 2, we use the PFN architecture and training param-
eters of Ref. [44] with latent space dimension ` = 256,
implemented in the EnergyFlow Python package [47].
Neural networks are trained with Keras [48] and Tensor-
Flow [49] using the Adam [50] optimization algorithm.
The models are randomly initialized in the first iteration
and subsequently warm-started using the model from the
previous iteration. 20% of the events are reserved as a
validation set during training.

To investigate the unfolding performance, we consider
six widely-used jet substructure observables [51]. The
first four are jet mass m, constituent multiplicity M , the

• Seminal advance in unfolding for collider physics: Omnifold

• Rigorously proven to reduce to Iterative Bayesian Unfolding.

• Explicit expression for likelihood intractable in high dimension
=⇒ circumvented by classification task.

• Unfolding of qualitatively new observables (Energy Correlators),
combined with theory progress =⇒ transformative progress in QCD.

[Andreassen, Komiske, Metodiev, Nachman, Thaler]
[Andreassen, Nachman]
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Summary

Primordial fluctuations

What cosmic history gave rise to primordial fluctuations?
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Permutation symmetric neural network architecture
for events with variable numbers of particles

OmniFold

Unbinned, full-phase space unfolding of all observables simultaneously
[Andreassen, PTK, Metodiev, Nachman, Thaler, PRL 2020]
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Single application of OmniFold succeeds where multiple IBUs are required!
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• Collider physics inextricably ties Data Science
and Quantum Field Theory.

• Progress in Likelihood Free Inference will
enable the measurement of qualitatively new
classes of Jet Substructure observables.

• Combined with theory progress, this opens the
door to a precision physics program using jet
substructure!
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Thanks!
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