
Correcting for Detector Effects 
(Unfolding/Deconvolution) with 

Machine Learning

Deep Convolutional Architectures for  
Jet-Images at the Large Hadron Collider

Introduction 
The Large Hadron Collider (LHC) at CERN is the largest and most powerful particle accelerator in 
the world, collecting 3,200 TB of proton-proton collision data every year. A true instance of Big 
Data, scientists use machine learning for rare-event detection, and hope to catch glimpses of new 
and uncharted physics at unprecedented collision energies.  

Our work focuses on the idea of the ATLAS detector as a camera, with events captured as 
images in 3D space. Drawing on the success of Convolutional Neural Networks in Computer 
Vision, we study the potential of deep leaning for interpreting LHC events in new ways.

The ATLAS detector 
The ATLAS detector is one of the two general-purpose experiments at the LHC. The 100 million 
channel detector captures snapshots of particle collisions occurring 40 million times per second. 
We focus our attention to the Calorimeter, which we treat as a digital camera in cylindrical space. 
Below, we see a snapshot of a 13 TeV proton-proton collision.

LHC Events as Images 
We transform the ATLAS coordinate system (η, φ) to a rectangular grid that allows for an image-
based grid arrangement. During a collision, energy from particles are deposited in pixels in (η, φ) 
space. We take these energy levels, and use them as the pixel intensities in a greyscale analogue. 
These images — called Jet Images — were first introduced by our group [JHEP 02 (2015) 118], 
enabling the connection between LHC physics event reconstruction and computer vision.. We 
transform each image in (η, φ), rotate around the jet-axis, and normalize each image, as is often 
done in Computer Vision, to account for non-discriminative difference in pixel intensities.  

In our experiments, we build discriminants on top of Jet Images to distinguish between a 
hypothetical new physics event, W’→ WZ, and a standard model background, QCD.  
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Physics Performance Improvements 
Our analysis shows that Deep Convolutional Networks significantly improve the classification of 
new physics processes compared to state-of-the-art methods based on physics features, 
enhancing the discovery potential of the LHC.  More importantly, the improved performance 
suggests that the deep convolutional network is capturing features and representations beyond 
physics-motivated variables.  

Concluding Remarks 
We show that modern Deep Convolutional Architectures can significantly enhance the discovery 
potential of the LHC for new particles and phenomena. We hope to both inspire future research 
into Computer Vision-inspired techniques for particle discovery, and continue down this path 
towards increased discovery potential for new physics.

Difference in average 
image between signal 

and background

Deep Convolutional Networks 
Deep Learning — convolutional networks in particular — currently represent the state of the art in 
most image recognition tasks. We apply a deep convolutional architecture to Jet Images, and 
perform model selection. Below, we visualize a simple architecture used to great success.  

We found that architectures with large filters captured the physics response with a higher level of 
accuracy. The learned filters from the convolutional layers exhibit a two prong and location based 
structure that sheds light on phenomenological structures within jets. 

Visualizing Learning 
Below, we have the learned convolutional filters (left) and the difference in between the average 
signal and background image after applying the learned convolutional filters (right). This novel 
difference-visualization technique helps understand what the network learns.

2D  
Convolutions 
to Jet Images

Understanding Improvements 
Since the selection of physics-driven variables is driven by physical understanding, we want to be 
sure that the representations we learn are more than simple recombinations of basic physical 
variables. We introduce a new method to test this — we derive sample weights to apply such that 

meaning that physical variables have no discrimination power. Then, we apply our learned 
discriminant, and check for improvement in our figure of merit — the ROC curve.

Standard physically motivated 
discriminants — mass (top)  
and n-subjettiness (bottom)

Receiver Operating Characteristic

Notice that removing out the individual effects of 
the physics-related variables leads to a likelihood 
performance equivalent to a random guess, but 
the Deep Convolutional Network retains some 
discriminative power. This indicates that the deep 
network learns beyond theory-driven variables — 
we hypothesize these may have to do with 
density, shape, spread, and other spatially driven 
features.
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Not to scale!

1. Brief unfolding primer 
2. The hyper challenge 
3. Reweighting (DCTR) 
4. OmniFold 
5. Plans for the future
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The key challenge is that there 
is a detector in the way!
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Measurements in HEP

We need to remove 
detector effects in 
order to compare 

with theory.  We call 
this Unfolding.

other people call it 
deconvolution
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The key challenge is that there 
is a detector in the way!
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We need to remove 
detector effects in 
order to compare 

with theory.  We call 
this Unfolding.

other people call it 
deconvolution

Typical situation:

dN
/d

x
x

We measure a 
histogram and 

want to know the 
distribution of x 
prior to detector 

distortions.

Measurements in HEP



5What does unfolding do?

In general, unfolding needs to correct for interrelated effects:

• Acceptance and efficiency 
➡ Particles produced may not be measured 

• Detector noise 
➡ Particles measured may not be from real particles 

• Background processes 
➡ If you want to measure process X, need to remove Y  

• Combinatorics 
➡ If N particles, chance that detector can change order 

• Detector distortions 
➡ Bias and resolution effects



6Illustrative toy example

m = Rt m = measured; t = true

We usually call R the “response matrix” because 
m and t are binned (and thus vectors). 

In HEP, we (usually) get R from extremely  
detailed detector simulations. 



7Illustrative toy example

m = Rt m = measured; t = true

What you want to do is to define t = R-1 m.



8Illustrative toy example

m = Rt m = measured; t = true

In the next slides, I hope to convince 
you that this is not usually a good idea.

What you want to do is to define t = R-1 m.



9Illustrative toy example

R =

✓
1� ✏ ✏
✏ 1� ✏

◆
m = Rt m = measured; t = true

Consider this case, where 0  ✏  0.5



10Illustrative toy example

R =

✓
1� ✏ ✏
✏ 1� ✏

◆
m = Rt

Var(R�1m) / 1/Det(R) = 1� 2✏

m = measured; t = true

Statistical uncertainty blows up as 𝜖 → 0.5



11Same idea, more bins
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12Unfolding by Matrix Inversion
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13The HEP solution
Our solution is to do regularized matrix inversion.

There are two main techniques that we use:

“Iterative Bayesian Unfolding” “Singular Value  
Decomposition (SVD) Unfolding”

Main tool: RooUnfold (ROOT-based C++ code)

Nucl. Inst. Meth. A 362 (1995) 487 Nucl. Inst. Meth. A 372 (1995) 469
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regularization 
= number of iterations
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Our solution is to do regularized matrix inversion.

There are two main techniques that we use:
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Note: regularized matrix inversion depends 
on unphysical irregularization parameters 

One choses parameters to tradeoff bias and uncertainty.

- depend on prior
- depends on # 

of iterations

- depend on t

IBU Unfolding SVD Unfolding

(one can show that this converged to 
the maximum likelihood estimator)



15Example: Iterative Bayesian Unfolding
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Unfolding in action
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diagrams = interference

proton proton → two W 
bosons and two b-quarks

Analysis Team: T. Eifert, C. Herwig, BPN
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Unfolded data + state-of-the-art 
calculations = new insight to 

fundamental interactions

These quantum effects were then used to make the most 
precise direct measurement of the top quark width
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b` spectra for each value of the top-quark width
and to extract the �2-minimizing value for each variation.

An uncertainty due to the finite number of simu-
lated events is estimated from an ensemble of pseudo-
experiments where the predicted yields for all bins of each
value of the top-quark width are varied within their un-
certainties. A width is obtained for each trial to assess
the impact on the final extracted parameter.

For the MG5 aMC@NLO signal model, an identical set
of uncertainties are assessed, employing the same esti-
mation methods, with the following modification: the
NNPDF23 nlo as 0119 PDF set is used as the nominal
value for this sample. The top-quark mass uncertainty
is assessed using samples with mt = 170, 175 GeV, in-
terpolating to obtain the same 1 GeV variations as used
above.

The nominal b bbar 4l prediction is compared to AT-
LAS data in Figure 1. Predictions for alternate values of
the top-quark width are also shown, as well as the theo-
retical uncertainty on the nominal estimate. A summary
of the uncertainties on the width extracted using both
signal models is presented in Table I. Changes to the
top-quark width are found to produce larger variations
in the relative fraction of events in the m

minimax

b` tail for
samples generated using MG5 aMC@NLO than b bbar 4l.
As a result, the impact of uncertainties on the extracted
width parameter is generally smaller when using the LO
simulation, despite the impact on the normalized di↵er-
ential cross section being similar. This e↵ect leads to a
smaller uncertainty due to scale variations, among others,
in the LO sample than in the more accurate b bbar 4l
calculation.

TABLE I. Uncertainty on the top-quark width extracted for
data, with individual contributions shown from experimental,
theoretical, and statistical sources.

Uncertainty [GeV] b bbar 4l MG5 aMC@NLO

Experimental +0.27/-0.26 ±0.20

Theory

PDF ±0.06 ±0.04
Scale ±0.10 ±0.06
mt ±0.03 ±0.03
↵s ±0.06 ±0.04
Combined ±0.14 ±0.10

Simulation Stats. ±0.04 ±0.04
Total ±0.30 ±0.22

RESULTS

Using the b bbar 4l signal description, a top-quark
width of 1.28 ± 0.30 GeV is extracted (1.33 ± 0.29 GeV
expected), as shown in Figure 2. A width is also ex-
tracted using the leading order MG5 aMC@NLO simulation,
obtaining 1.18 ± 0.22 GeV (1.33 ± 0.23 GeV expected).
These measurements are more precise than the previously

5−10

4−10

3−10

bl
dm

in
im

ax
-m

σd
 

σ1 PRL 121 (2018) 152002

1.33 GeV Theory unc.
1.00 GeV 1.66 GeV
0.66 GeV 2.00 GeV

b_bbar_4l topΓevents, varied 

200 250 300 350 400
 [GeV]blminimax-m

0.5

1

1.5

=1
.3

3 
G

eV
t

Γ   
R

at
io

 to

FIG. 1. The m
minimax
b` spectrum predicted using b bbar 4l is

shown for various values of the top-quark width. Data from
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the width.

most precise direct measurement of (1.76+0.86
�0.76 GeV) [5].

0 0.5 1 1.5 2 2.5
 [GeV]tΓ

Expected σ1 σ2 Observed σ1 σ2

0.29 GeV± = 1.33Exp
tΓ

0.30 GeV± = 1.28Obs
tΓ

0.23 GeV± = 1.33Exp
tΓ

0.22 GeV± = 1.18Obs
tΓ

b_bbar_4l

MG5_aMC

FIG. 2. Observed and expected top-quark widths for the
b bbar 4l and MG5 aMC@NLO signal models.

These results can also be interpreted into a limit on
the BSM decays of the top-quark through the relation

BR(t ! BSM) <
�+95%

ext
� �SM

t!bW
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ext

, (6)

where �SM

t!bW is the SM partial width for t ! Wb

and �+95%

ext
is the (one-sided) upper limit on the top-

quark width at the 95% confidence level. The limit is
BR(t ! BSM) < 29% using the b bbar 4l model (30%
expected) and 18% using the MG5 aMC@NLO model (26%

(ATLAS data)
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NNPDF23 nlo as 0119 PDF set is used as the nominal
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ential cross section being similar. This e↵ect leads to a
smaller uncertainty due to scale variations, among others,
in the LO sample than in the more accurate b bbar 4l
calculation.
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Measure thisWant this

Can we measure the all hadrons (not just 1D histograms)?
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Image inspired by JHEP 02 (2009) 007

We detect these 
particles with 

O(100 M) 
readout channels

Not to scale!

Key challenge and opportunity: hypervariate phase space 
& hyper spectral data

Typical collision events 
at the LHC produce 
O(1000+) particles
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We detect these 
particles with 

O(100 M) 
readout channels

Not to scale!

Key challenge and opportunity: hypervariate phase space 
& hyper spectral data

Typical collision events 
at the LHC produce 
O(1000+) particles
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Measure thisWant this

Can we measure the all hadrons (not just 1D histograms)?
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Measure thisWant this

p(meas. | true) = “response matrix” or “point spread function”

If you know p(meas. | true), could do maximum likelihood, i.e.

true
unfolded = argmax p(measured | true)

Full phase space unfolding
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p(meas. | true) = “response matrix” or “point spread function”

Challenge: measured is hyperspectral and true is 
hypervariate … p(meas. | true) is intractable !!

If you know p(meas. | true), could do maximum likelihood, i.e.

true
unfolded = argmax p(measured | true)

Full phase space unfolding
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p(meas. | true) = “response matrix” or “point spread function”

Challenge: measured is hyperspectral and true is 
hypervariate … p(meas. | true) is intractable !!

However: we have simulators that we can 
use to sample from p(meas. | true) 

→ Simulation-based (likelihood-free) inference

If you know p(meas. | true), could do maximum likelihood, i.e.

true
unfolded = argmax p(measured | true)

Full phase space unfolding
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I’ll briefly show you one solution to give you a 
sense of the power of likelihood-free inference.



26Reweighting

I’ll briefly show you one solution to give you a 
sense of the power of likelihood-free inference.

The solution will be built on reweighting

dataset 1: sampled from p(x) 
dataset 2: sampled from q(x)

Create weights w(x) = q(x)/p(x) so that when dataset 1 
is weighted by w, it is statistically identical to dataset 2.
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I’ll briefly show you one solution to give you a 
sense of the power of likelihood-free inference.

The solution will be built on reweighting

Create weights w(x) = q(x)/p(x) so that when dataset 1 
is weighted by w, it is statistically identical to dataset 2.

What if we don’t (and can’t easily) know q and p?

Reweighting

dataset 1: sampled from p(x) 
dataset 2: sampled from q(x)



28Classification for reweighting

Solution: train a neural network to 
distinguish the two datasets!

Fact: Neutral networks learn to 
approximate the likelihood ratio = q(x)/p(x)

This turns the problem of density estimation 
(hard) into a problem of classification (easy)

(or something monotonically related to it in a known way)



Image: Linear Collider Detector Project

29Classification for reweighting

e- e+

Particularly useful for particle physics, where collisions may 
produce a variable # of particles which are interchangeable



30Example: electron-positron collisions

Learn a classifier on the full observable phase 
space (momenta + particle flavor) and then 

check with some standard observables.

Our events have a variable number of particles & due to 
quantum mechanics, are permutation invariant.  Thus, we 
use a deep-sets variant called particle flow networks. 

PFNs: Komiske, Metodiev, Thaler, JHEP 01 (2019) 121
Deep sets: Zaheer et al., NIPS 2017 



31Example: electron-positron collisions

Learn a classifier on the full observable phase 
space (momenta + particle flavor) and then 

check with some standard observables.

Our events have a variable number of particles & due to 
quantum mechanics, are permutation invariant.  Thus, we 
use a deep-sets variant called particle flow networks. 

PFNs: Komiske, Metodiev, Thaler, JHEP 01 (2019) 121
Deep sets: Zaheer et al., NIPS 2017 

Just to stress: this gives you a 
new simulation with all the 4-

vectors that is statistically 
indistinguishable.
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Reweight the full phase space and then 
check for various binned 1D observables.
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We call this Deep neural networks using Classification for Tuning and Reweighting or “DCTR”
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simulations are 
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34Unfold by iterating: OmniFold
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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.

ferent. As a proxy for detector e↵ects and a full detector
simulation, we use the Delphes 3.4.2 [32] 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 [33] implemented in
FastJet 3.3.2 [34, 35]. 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) [36, 37] 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 [38], restricted to the
experimentally-accessible information (PFN-Ex [36]) at
detector-level. To define separate models for Step 1 and
Step 2, we use the PFN architecture and training param-
eters of Ref. [36] with latent space dimension ` = 256,
implemented in the EnergyFlow Python package [39].
Neural networks are trained with Keras [40] and Tensor-
Flow [41] using the Adam [42] 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 [43]. The
first four are jet mass m, constituent multiplicity M , the

N -subjettiness ratio ⌧21 = ⌧ (�=1)
2 /⌧ (�=1)

1 [44, 45], and the

jet width w (implemented as ⌧ (�=1)
1 ). Since jet groom-

ing [46–50] is of recent interest, we also show the jet mass
ln ⇢ = ln m2

SD/p2
T and momentum fraction zg after Soft

Drop grooming [49, 50] with zcut = 0.1 and � = 0. Sev-
eral of these observables are computed with the help of
FastJet Contrib 1.042 [51].

The unfolding performance of OmniFold is shown in

A. Andreassen, P. Komiske, E. Metodiev, BPN, J. Thaler, PRL 124 (2020) 182001
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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.

ferent. As a proxy for detector e↵ects and a full detector
simulation, we use the Delphes 3.4.2 [32] 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 [33] implemented in
FastJet 3.3.2 [34, 35]. 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) [36, 37] 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 [38], restricted to the
experimentally-accessible information (PFN-Ex [36]) at
detector-level. To define separate models for Step 1 and
Step 2, we use the PFN architecture and training param-
eters of Ref. [36] with latent space dimension ` = 256,
implemented in the EnergyFlow Python package [39].
Neural networks are trained with Keras [40] and Tensor-
Flow [41] using the Adam [42] 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 [43]. The
first four are jet mass m, constituent multiplicity M , the

N -subjettiness ratio ⌧21 = ⌧ (�=1)
2 /⌧ (�=1)

1 [44, 45], and the

jet width w (implemented as ⌧ (�=1)
1 ). Since jet groom-

ing [46–50] is of recent interest, we also show the jet mass
ln ⇢ = ln m2

SD/p2
T and momentum fraction zg after Soft

Drop grooming [49, 50] with zcut = 0.1 and � = 0. Sev-
eral of these observables are computed with the help of
FastJet Contrib 1.042 [51].

The unfolding performance of OmniFold is shown in

OmniFold is:
- Unbinned
- Maximum likelihood 
- Full phase space (compute observables post-facto) 
- Improves the resolution from auxiliary features
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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.

ferent. As a proxy for detector e↵ects and a full detector
simulation, we use the Delphes 3.4.2 [32] 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 [33] implemented in
FastJet 3.3.2 [34, 35]. 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) [36, 37] 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 [38], restricted to the
experimentally-accessible information (PFN-Ex [36]) at
detector-level. To define separate models for Step 1 and
Step 2, we use the PFN architecture and training param-
eters of Ref. [36] with latent space dimension ` = 256,
implemented in the EnergyFlow Python package [39].
Neural networks are trained with Keras [40] and Tensor-
Flow [41] using the Adam [42] 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 [43]. The
first four are jet mass m, constituent multiplicity M , the

N -subjettiness ratio ⌧21 = ⌧ (�=1)
2 /⌧ (�=1)

1 [44, 45], and the

jet width w (implemented as ⌧ (�=1)
1 ). Since jet groom-

ing [46–50] is of recent interest, we also show the jet mass
ln ⇢ = ln m2

SD/p2
T and momentum fraction zg after Soft

Drop grooming [49, 50] with zcut = 0.1 and � = 0. Sev-
eral of these observables are computed with the help of
FastJet Contrib 1.042 [51].

The unfolding performance of OmniFold is shown in

OmniFold is:
- Unbinned 
- Maximum likelihood
- Full phase space (compute observables post-facto) 
- Improves the resolution from auxiliary features

49Results



[A. Andreassen, P. Komiske, E. Metodiev, BPN, J. Thaler, 1907.08209]
3

0.00

0.01

0.02

0.03

0.04

0.05

0.06

N
or

m
al

iz
ed

C
ro

ss
S
ec

ti
on

[G
eV

�
1
]

D/T: Herwig 7.1.5 default
S/G: Pythia 8.243 tune 26
Delphes 3.4.2 CMS Detector
Z+jet: pZ

T > 200 GeV, R = 0.4

“Data”

Sim.

IBU m

“Truth”

Gen.

OmniFold

0 20 40 60

Jet Mass m [GeV]

0.85

1.0

1.15

R
at

io
to

T
ru

th

0.00

0.01

0.02

0.03

0.04

0.05

0.06

N
or

m
al

iz
ed

C
ro

ss
S
ec

ti
on

D/T: Herwig 7.1.5 default
S/G: Pythia 8.243 tune 26
Delphes 3.4.2 CMS Detector
Z+jet: pZ

T > 200 GeV, R = 0.4

“Data”

Sim.

IBU M

“Truth”

Gen.

OmniFold

0 20 40 60 80
Jet Constituent Multiplicity M

0.85

1.0

1.15
R

a
ti
o

to
T
ru

th

0

2

4

6

8

10

N
or

m
al

iz
ed

C
ro

ss
S
ec

ti
on

D/T: Herwig 7.1.5 default
S/G: Pythia 8.243 tune 26
Delphes 3.4.2 CMS Detector
Z+jet: pZ

T > 200 GeV, R = 0.4

“Data”

Sim.

IBU w

“Truth”

Gen.

OmniFold

0.0 0.1 0.2 0.3 0.4 0.5 0.6
Jet Width w

0.85

1.0

1.15

R
at

io
to

T
ru

th

0.00

0.05

0.10

0.15

0.20

0.25

0.30

N
or

m
al

iz
ed

C
ro

ss
S
ec

ti
on

D/T: Herwig 7.1.5 default
S/G: Pythia 8.243 tune 26
Delphes 3.4.2 CMS Detector
Z+jet: pZ

T > 200 GeV, R = 0.4

“Data”

“Truth”

Sim.

Gen.

IBU ln ⇢

OmniFold

�14 �12 �10 �8 �6 �4 �2
Soft Drop Jet Mass ln ⇢

0.85

1.0

1.15

R
a
ti
o

to
T
ru

th

0.0

0.5

1.0

1.5

2.0

2.5

3.0

N
or

m
al

iz
ed

C
ro

ss
S
ec

ti
on

D/T: Herwig 7.1.5 default
S/G: Pythia 8.243 tune 26
Delphes 3.4.2 CMS Detector
Z+jet: pZ

T > 200 GeV, R = 0.4

“Data”

“Truth”

Sim.

Gen.

IBU ⌧ (�=1)
21

OmniFold

0.0 0.2 0.4 0.6 0.8 1.0 1.2

N -subjettiness Ratio ⌧ (�=1)
21

0.85

1.0

1.15

R
at

io
to

T
ru

th

0

2

4

6

8

N
or

m
al

iz
ed

C
ro

ss
S
ec

ti
on

D/T: Herwig 7.1.5 default
S/G: Pythia 8.243 tune 26
Delphes 3.4.2 CMS Detector
Z+jet: pZ

T > 200 GeV, R = 0.4

“Data”

Sim.

IBU zg

“Truth”

Gen.

OmniFold

0.0 0.1 0.2 0.3 0.4 0.5
Groomed Jet Momentum Fraction zg

0.85

1.0

1.15

R
at

io
to

T
ru

th

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.

ferent. As a proxy for detector e↵ects and a full detector
simulation, we use the Delphes 3.4.2 [32] 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 [33] implemented in
FastJet 3.3.2 [34, 35]. 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) [36, 37] 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 [38], restricted to the
experimentally-accessible information (PFN-Ex [36]) at
detector-level. To define separate models for Step 1 and
Step 2, we use the PFN architecture and training param-
eters of Ref. [36] with latent space dimension ` = 256,
implemented in the EnergyFlow Python package [39].
Neural networks are trained with Keras [40] and Tensor-
Flow [41] using the Adam [42] 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 [43]. The
first four are jet mass m, constituent multiplicity M , the

N -subjettiness ratio ⌧21 = ⌧ (�=1)
2 /⌧ (�=1)

1 [44, 45], and the

jet width w (implemented as ⌧ (�=1)
1 ). Since jet groom-

ing [46–50] is of recent interest, we also show the jet mass
ln ⇢ = ln m2

SD/p2
T and momentum fraction zg after Soft

Drop grooming [49, 50] with zcut = 0.1 and � = 0. Sev-
eral of these observables are computed with the help of
FastJet Contrib 1.042 [51].

The unfolding performance of OmniFold is shown in

OmniFold is:
- Unbinned 
- Maximum likelihood 
- Full phase space (compute observables post-facto)
- Improves the resolution from auxiliary features
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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.

ferent. As a proxy for detector e↵ects and a full detector
simulation, we use the Delphes 3.4.2 [32] 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 [33] implemented in
FastJet 3.3.2 [34, 35]. 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) [36, 37] 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 [38], restricted to the
experimentally-accessible information (PFN-Ex [36]) at
detector-level. To define separate models for Step 1 and
Step 2, we use the PFN architecture and training param-
eters of Ref. [36] with latent space dimension ` = 256,
implemented in the EnergyFlow Python package [39].
Neural networks are trained with Keras [40] and Tensor-
Flow [41] using the Adam [42] 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 [43]. The
first four are jet mass m, constituent multiplicity M , the

N -subjettiness ratio ⌧21 = ⌧ (�=1)
2 /⌧ (�=1)

1 [44, 45], and the

jet width w (implemented as ⌧ (�=1)
1 ). Since jet groom-

ing [46–50] is of recent interest, we also show the jet mass
ln ⇢ = ln m2

SD/p2
T and momentum fraction zg after Soft

Drop grooming [49, 50] with zcut = 0.1 and � = 0. Sev-
eral of these observables are computed with the help of
FastJet Contrib 1.042 [51].

The unfolding performance of OmniFold is shown in

OmniFold is:
- Unbinned 
- Maximum likelihood 
- Full phase space (compute observables post-facto) 
- Improves the resolution from auxiliary features

51Results

extreme example: measured|true = true +X

X ⇠ N (µ,�)

If you control for X (=auxiliary feature), response is a delta-function!
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We have started an 
effort to perform an 

OmniFold in the 
Z+jets final state.

Eric Metodiev (MIT) has 
joined ATLAS as a short 

term associate to 
collaborate on this project.

Exciting challenges (just to name a few): uncertainties?  How 
to present the result?  (unbinned + high-dimensional)



Deep learning has a great 
potential to enhance, 

accelerate, and 
empower HEP analyses

The full phase space of our experiments is now 
explorable with deep learning … it is an exciting time to 

be the pioneers in this hypervariate phase space !
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Today, I only spoke about 
unfolding, but there is great 

potential in other areas as well.
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Siódmok, Peter Skands, Gregory Soyez, and Jesse
Thaler, “Systematics of quark/gluon tagging,” JHEP 07,
091 (2017), arXiv:1704.03878 [hep-ph].

[56] Samuel Bright-Thonney and Benjamin Nachman, “Inves-
tigating the Topology Dependence of Quark and Gluon
Jets,” JHEP 03, 098 (2019), arXiv:1810.05653 [hep-ph].

[57] Patrick T. Komiske, Eric M. Metodiev, and Jesse Thaler,
“Metric Space of Collider Events,” Phys. Rev. Lett. 123,
041801 (2019), arXiv:1902.02346 [hep-ph].

[58] Patrick T. Komiske, Radha Mastandrea, Eric M.
Metodiev, Preksha Naik, and Jesse Thaler, “Explor-
ing the Space of Jets with CMS Open Data,” (2019),
arXiv:1908.08542 [hep-ph].

[59] B. Nachman, M. Urbanek, W. A. de Jong, and C. Bauer,
“Unfolding Quantum Computer Readout Noise,” (2019),
arXiv:1910.01969 [quant-ph].

[60] Xiaoli Chen, Sünje Dallmeier-Tiessen, Robin Dasler, Se-

bastian Feger, Pamfilos Fokianos, Jose Benito Gonzalez,
Harri Hirvonsalo, Dinos Kousidis, Artemis Lavasa, Salva-
tore Mele, Diego Rodriguez Rodriguez, Tibor Šimko, Tim
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No hyper-parameter tuning - out of the box!
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