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Why Precision JSS Measurements?

Metastability of  
the Universe  

“critical point” precision wishlist 

‣  :  0.2 GeV 
‣   :  60 MeV 
‣   :  0.14%

mH
mt

αs

Clues for Beyond the Standard Model

• In the absence of the direct observation of new physics, understanding
the precise structure of the Standard Model and its extrapolation to
high energies can provide clues.

• Precision wishlist (Arkani-Hamed et al.):
• 0.2 GeV for Higgs mass.
• 60 MeV for the Top quark mass.
• 0.14% for ↵s.

• Transition to measurements requires significant theoretical progress.
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Figure 5: Regions of absolute stability, meta-stability and instability of the SM vacuum in the Mt–
Mh plane (upper left) and in the �–yt plane, in terms of parameter renormalized at the Planck
scale (upper right). Bottom: Zoom in the region of the preferred experimental range of Mh and
Mt (the gray areas denote the allowed region at 1, 2, and 3�). The three boundary lines correspond
to ↵s(MZ) = 0.1184 ± 0.0007, and the grading of the colors indicates the size of the theoretical
error. The dotted contour-lines show the instability scale � in GeV assuming ↵s(MZ) = 0.1184.

determined at hadron colliders su�ers from O(�QCD) non-perturbative uncertainties [41]. A

possibility to overcome this problem and, at the same time, to improve the experimental

error on Mt, would be a direct determination of the MS top-quark running mass from ex-

periments, for instance from the tt̄ cross-section at a future e+e� collider operating above

the tt̄ threshold. In this respect, such a collider could become crucial for establishing the

structure of the vacuum and the ultimate fate of our universe.

As far as the RG equations are concerned, the error of ±0.2 GeV is a conservative

estimate, based on the parametric size of the missing terms. The smallness of this error,

compared to the uncertainty due to threshold corrections, can be understood by the smallness

of all the couplings at high scales: four-loop terms in the RG equations do not compete with

finite tree-loop corrections close to the electroweak scale, where the strong and the top-quark

Yukawa coupling are large.

The LHC will be able to measure the Higgs mass with an accuracy of about 100–200

MeV, which is far better than the theoretical error with which we are able to determine the

condition of absolute stability.
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How to Get There?

We access  
reconstruction 
level quantities

9
Peter Loch

U of ArizonaProton-Proton Collision

𝑝𝑝𝑝𝑝 collision 
final state

But need 
observables at 
generation level 
(for comparison 
with theories, 

new calibration 
routines)
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Unfolding: An Inverse Problem

Preserving New Physics while Simultaneously Unfolding All Observables (PRD, 2021)

https://arxiv.org/abs/2105.09923


• Seeing Higher-Order 
QCD Effects with 
OmniFold 

• All About Precision:
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Unfolding
Data inevitably comes with many stochastic defects: 


• Acceptance & Efficiency:    particles produced not measured


• Detector Noise (“fake”):    particles measured not real


• Detector Bias & Resolution


• Combinatorics:    detector can change the order of N particles


• Background

6



Unfolding
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• Acceptance & Efficiency:    particles produced not measured


• Detector Noise (“fake”):    particles measured not real


• Detector Bias & Resolution


• Combinatorics:    detector can change the order of N particles


• Background

Challenge:    correct all the above accurately & precisely


  preserve higher order effects  test improvements of jet modeling → →
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DIRE vs. Pythia at generation-level vs. after Delphes

7

A Timely Example: Testing Improvements of Jet Modeling

DIRE:   NLO DGLAP added in 
the parton shower


(Collinear) Energy Correlators:  
field-theoretic, broad appeal 
expect better modeling by DIRE


( ~  NLO effects in the 
slope proportional to  )     

4.4 %
αs

Test of pQCD

 extraction from EECαs

⟨ℰℰ⟩ = ∑
ij

∫ dx′ L
pT,ipT,j

p2
T,jet

δ(x′ L − xL)

https://github.com/delphes
https://dire.gitlab.io/
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Jet definition:  AK4,  Energy Flow 
algorithm from Delphes 3.5.0


Selection:   GeV,  
,  the leading jet from Z+jets


Input:  4-vectors ( , PID) of all 
the hadrons within the jet


Neural network architecture: PFN, 
Point Cloud Transformer (PCT)

pT,jet ∈ [500, 550]
η < 2.5

pT, η, ϕ

Setup DIRE vs. Pythia at generation-level vs. after Delphes

Test of pQCD

Testing Improvements of Jet Modeling

https://arxiv.org/abs/2012.09688

https://github.com/delphes
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‣ Learn this likelihood 
ratio by training a 

classifier on reco-level 
MC vs. data: 

 

‣ Reweight reco-level 
MC to match data

W(reco) = pdata(reco)
pMC(reco)

WANT

Likelihood-Free Inference
OmniFold

[ A. Andreassen et al., PRL 2020 ]

https://arxiv.org/abs/1911.09107
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( m , t )

Now with data-shaped 
reco-level MC   

can pull back to gen 
level and obtain the  

truth distribution!

→

https://arxiv.org/abs/1911.09107
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Not yet… 
Need 1-to-1 mapping 

of gen-level kinematics 

Learn another 
likelihood ratio 

 

can then apply to gen-
level sample 

W(gen) = prw MC(gen)
pMC(gen)

→

OmniFold
[ A. Andreassen et al., PRL 2020 ]

Likelihood-Free Inference

https://arxiv.org/abs/1911.09107
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Iterate the 
prior 

dependence 
away

Likelihood-Free Inference

https://arxiv.org/abs/1911.09107
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Testing Improvements of Jet Modeling

Frac. diff. from DIRE < 2.2 %

Δ(p, q) = ∫ dλ
(p(λ) − q(λ))2

p(λ) + q(λ)

[Toolkit for Multivariate Data Analysis, A. Hoecker et al. ]

https://arxiv.org/abs/physics/0703039
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Putting JSS on Track(s)
All About Precision

Motivation
Track-based measurements offer: 


• Superior angular resolution


• Pileup mitigation


• One problem: Track-based 
calculations are not IR safe in 
perturbation theory. 

Track Functions‣ IR divergences are absorbed into 
universal non-perturbative functions. 

calorimeter-based

(all-particle)

track-based

(charged-particle)

[ATLAS Collaboration, 1912.09837]
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2

[ ATLAS Collaboration, 1912.09837 ]

Much better precision with only charged particles!

https://arxiv.org/abs/1912.09837
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Momentum fraction of a hard parton converted into charged hadrons

• Describes also correlations amongst hadrons 

Fragmentation function only describes single identified hadron

  Measure    Track functions xtrk →

Putting JSS on Track(s)
Through the Magic of Track Functions

Measurement of Track Functions

• Track functions are a universal non-perturbative input of QCD.

• Can be measured experimentally by measuring the fraction, xtrk, of
energy carried by charged particles in a high energy jet.
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• Perturbative calculations to this observable can now be calculated to
high precision. Await measurement...

[Lee, Moult, Ringer, Waalewijn]
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Track functions will play two key roles in Jet Substructure: 

• Enable precision calculations of JSS observables on charged hadrons. 

• Provide interesting probes of QCD RG flows 

Track Functions as a Probe of QCD



Summary
Progress towards experimental studies of a new class of 
JSS observables Energy Correlators 

• Track functions are an important aspect of a 
precision program. 

• We have shown that Omnifold can be sensitive to 
higher order QCD effects. Bright future for 
precision measurements!
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Primordial fluctuations

W
hat cosmic history gave rise to primordial fluctuations?
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Learning Likelihood Ratios with Neural Network Classifiers
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The likelihood ratio is a crucial quantity for statistical inference in science that enables hypothesis
testing, construction of confidence intervals, reweighting of distributions, and more. Many modern
scientific applications, however, make use of data- or simulation-driven models for which computing
the likelihood ratio can be very di�cult or even impossible. By applying the so-called “likelihood
ratio trick,” approximations of the likelihood ratio may be computed using clever parametrizations
of neural network-based classifiers. A number of di↵erent neural network setups can be defined to
satisfy this procedure, each with varying performance in approximating the likelihood ratio when
using finite training data. We present a series of empirical studies detailing the performance of
several common loss functionals and parametrizations of the classifier output in approximating the
likelihood ratio of two univariate and multivariate Gaussian distributions as well as simulated high-
energy particle physics datasets.

I. INTRODUCTION

Claiming a scientific discovery requires a hypothesis
test, i.e. a statistical threshold for claiming that one’s
experimental data reject the null hypothesis in favor of
an alternative hypothesis. This might involve two prob-
ability densities:

• H0 (the null hypothesis)
• H1 (the alternative hypothesis)

By the Neyman-Pearson lemma [1], the strongest
(“uniformly most powerful”) measure of whether the ex-
perimental data x support H0 vs. H1 is a likelihood ratio
test. These tests are particularly widespread in reporting
results in High-Energy Physics (HEP), but are also com-
monly used for statistical analyses across astrophysics,
biology, medicine, and other scientific domains concerned
with hypothesis testing or confidence intervals. The need
for likelihood ratios goes beyond hypothesis testing, too
– they can also be used to reweight a distribution to align
with a target distribution, such as reweighting simulation
samples to match real data [2–9].

In the simplest form of a likelihood ratio test, where
H0 and H1 are fully-defined by parameters ✓0 and ✓1,
the background-only hypothesis is either rejected (or not)
depending on the value of the ratio of likelihoods p(✓0 | x)
under H0 and p(✓1 | x) under H1 in relation to the desired
significance level.

In practice, however, the probability densities H0 and
H1 may not be explicitly known. Worse, they might be
nearly impossible to compute, such as in instances where
they are generated by a complex simulation model. In
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these cases, we can use machine learning to directly ap-
proximate the likelihood ratio itself, bypassing the need
to approximate the individual probability densities.

A classifier function f(x) (for instance, from a neural
network) designed to distinguish data sampled from H0

(f(x) ! 0) vs. H1 (f(x) ! 1) can be used to approx-
imate the likelihood ratio by minimizing a proper loss
functional (defined in Section II):

argmin
f

L[f ] =
p(x | ✓0)

p(x | ✓1)
= L(x). (1)

For instance, in the familiar case of training a classifier
by minimizing the binary cross-entropy loss (see I), the
optimal decision function f(x) is:

f(x) =
p(x | ✓0)

p(x | ✓0) + p(x | ✓1)
. (2)

We can then approximate the likelihood ratio with a
monotonic transformation of the neural network output
f(x)1:

f(x)

1 � f(x)
=

p(x|✓0)
p(x|✓0)+p(x|✓1)

1 � p(x|✓0)
p(x|✓0)+p(x|✓1)

(3)

=
p(x | ✓0)

⇠⇠⇠⇠
p(x | ✓0) + p(x | ✓1) �⇠⇠⇠⇠

p(x | ✓0)
(4)

=
p(x | ✓0)

p(x | ✓1)
= L(x). (5)

1
This notation assumes balanced training sets for simplicity. With

imbalanced classes, one would need to modify the likelihood ratio

to include prior factors p(✓i), though the likelihood ratio trick

will still apply [10].
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Neural Networks for Full Phase-space Reweighting and Parameter Tuning

- likelihood function hard to 
approach in high dimensions


- the ratio of two likelihood 
functions can be approximated by 
the decision function of a binary 
classifier; make good use of MC


- can process variable length, 
unordered input with proper neural 
network architecture

“Likelihood-ratio trick”
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Admits multiple advantages: 


• Naturally unbinned & high dimensional


• Variable length, unordered sets  full phase space unfolding


• Converges to maximum likelihood estimate of the truth distribution


• Computationally efficient (by reweighting i.e. learning small correction)


• Beyond per-event observables, readily reinterpretable

→
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“Likelihood-ratio trick”
OmniFold



Summary
Progress towards experimental studies of a new class of 
JSS observables Energy Correlators 

• First measurement of track functions to come 
shortly from ATLAS! Stay Tuned! 

• We have shown that Omnifold can be sensitive to 
higher order QCD effects. Bright future for 
precision measurements!
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Primordial fluctuations

W
hat cosmic history gave rise to primordial fluctuations?
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