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Top tagging and machine learning
Overview and future prospects

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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• Boosted Top Jet Classification 
• Jet Representations 

• Beyond Standard Classification
• Less-than-supervised 

• Generation (more in Anja’s talk) 

• Weak supervision 
• Anomaly detection (more in Jernej and Bryan’s talks) 

• Parameter estimation / unfolding 
• Domain adaptation
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Looks like a 
digital image!
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Can directly visualize physics
and we can benefit from the 

extensive image processing literature

_
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Can directly visualize physics
and we can benefit from the 

extensive image processing literature
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Can directly visualize physics
and we can benefit from the 

extensive image processing literature
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1212Images and Beyond

SciPost Physics Submission

Figure 5: ROC curves for all algorithms evaluated on the same test sample, shown as the
AUC ensemble median of multiple trainings. More precise numbers as well as uncertainty
bands given by the ensemble analysis are given in Tab. 1.

Instead of extracting these performance measures from single models we can use ensembles.
For this purpose we train nine models for each tagger and define 84 ensemble taggers, each time
combining six of them. They allow us to evaluate the spread of the ensemble taggers and define
mean-of-ensemble and median-of-ensemble results. We find that ensembles leads to a 5 ... 15%
improvement in performance, depending on the algorithm. For the uncertainty estimate of the
background rejection we remove the outliers. In Tab. 1 we see that the background rejection
varies from around 1/600 to better than 1/1000. For the ensemble tagger the ParticleNet,
ResNeXt, TreeNiN, and PFN approaches again lead to the best results. Phrased in terms
of the improvement in the signal-to-background ratio they give factors ✏S/✏B > 300, vastly
exceeding the current top tagging performance in ATLAS and CMS.

Altogether, in Fig. 5 and Tab. 1 we see that some of the physics-motivated setups remain
competitive with the technically much more advanced ResNeXt and ParticleNet networks.
This suggests that even for a straightforward task like top tagging in fat jets we can develop
e�cient physics-specific tools. While their performance does not quite match the state-of-
the-art standard networks, it is close enough to test both approaches on key requirements in
particle physics, like treatment of uncertainties, stability with respect to detector e↵ects, etc.

The obvious question in any deep-learning analysis is if the tagger captures all relevant
information. At this point we have checked that including full or partial information on

15

G. Kasieczka and T. Plehn et al., SciPost Phys. 7, 014 (2019)
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Figure 11: Comparison of the identification algorithms for hadronically decaying t quark in
terms of ROC curves in two regions based on the pT of the generated particle; Left: 300 < pT <
500 GeV, and Right: 1000 < pT < 1500 GeV. Additional fiducial selection criteria applied to the
jets are listed on the plots.
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Figure 12: Comparison of the identification algorithms for hadronically decaying W boson in
terms of ROC curves in two regions based on the pT of the generated particle; Left: 300 < pT <
500 GeV, and Right: 1000 < pT < 1500 GeV. Additional fiducial selection criteria applied to the
jets are listed on the plots.
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Figure 41: Summary of the scale factors (SF) measured for each of the t quark (upper) and
W boson (lower) identification algorithms. The markers correspond to the SF value, the error
bars to the statistical uncertainty on the SF measurement, and the band is the total uncertainty,
including the systematic component.

information, allowing the exploitation of more information, where lower-level information
is processed using advanced machine-learning methods. Moreover, the BEST and DeepAK8
algorithms are developed to provide multi-class tagging capabilities. Finally, dedicated ver-
sions of the algorithms that are only weakly correlated with the jet mass are developed. Such
tools are particularly important for analyses that rely on the jet mass sidebands to estimate the
background contribution under the heavy resonance mass. The mass-decorrelated algorithms
(mSD + N

DDT
2 , ImageTop-MD, and DeepAK8-MD) typically show weaker discriminating power

than their counterparts. However, they can yield better sensitivity in some physics analyses be-
cause of smaller uncertainties in background estimations.

The performances of the various tagging algorithms are directly compared using simulation
in a jet pT range from 200 to 2000 GeV. Overall, the application of machine-learning tech-
niques for jet tagging shows strong improvement compared to cutoff-based methods. The
approaches based on low-level information yield the best performance, with as much as an
order of magnitude gain in background rejection for the same signal efficiency. Another im-
portant aspect essential for the application of the new techniques in physics analysis is the
systematic uncertainties associated to each algorithm. Those based on low-level features and



1515One last comment: low-level learning
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17Generative models

You will hear all about this in Anja’s talk, but I 
wanted to quickly highlight this exciting possibility.

What is a generative model?   
Answer: A function from noise to structure.
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Figure 9: Total energy response of the calorimeter to photons with an energy of approximately 65 GeV in the range
0.20 < |⌘ | < 0.25. The calorimeter response for the full detector simulation (black markers) is shown as reference
and compared to the ones of a VAE (solid red line) and a GAN (solid blue line). The shown error bars and the
hatched bands indicate the statistical uncertainty of the reference data and the synthesized samples, respectively.
The underflow and overflow is included in the first and last bin of each distribution, respectively.

1.3
ATLAS Simulation 3reliminary
γ, 0.20 < |η| < 0.25
χ2/ndf= 400 (9A()
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The underflow and overflow is included in the first and last bin of each distribution, respectively.
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See also ATL-SOFT-PUB-2018-001

See also M. Paganini, L. de Oliveira, and B. Nachman, PRD 97 (2018) 014021
M. Paganini, L. de Oliveira, and B. Nachman, PRL 120 (2018) 042003

These are being used for parton showers, background 
estimation, distribution subtraction, unfolding, … 

These are already being 
integrated into the 

experimental workflow 
and may be able to 
improve top physics 

analyses in the future!
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20Why can’t we learn directly from data?

Why can’t I just pay some physicists to label events  
and then train a neural network using those labels?

Answer: this is not cats-versus-dogs … thanks to quantum 
mechanics it is not possible to know what happened.

Image credit: pixabay.com

http://pixabay.com
http://pixabay.com


21What is the problem?

The data are unlabeled and in the best case, come to us  
as mixtures of two classes (“signal” and “background”).
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that

– 5 –

(we don’t get to observe the color of the circles)
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that

– 5 –

E. Metodiev, BPN, J. Thaler, JHEP 10 (2017) 51

Weak supervision: 
Classification Without Labels

Can we learn 
without any label 

information?
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that

– 5 –

Yes !
Training on impure 

samples is 
(asymptotically) 

equivalent to training 
on pure samples

Can we learn 
without any label 

information?

E. Metodiev, BPN, J. Thaler, JHEP 10 (2017) 51
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6

6 Cross sections
To measure the ttbb cross section we require, in addition to the preselection criteria, the pres-
ence of at least eight jets, and P(c2) > 10�6. The distributions in the QGLR and of the CWoLa
BDT discriminants for selected events are shown in Fig. 1. The cross section is extracted from
a binned maximum likelihood fit to a two-dimensional distribution (referred to as 2DCSV)
constructed using the largest and second-largest b tagging discriminator scores among the jets
determined to be additional jets by the permutation BDT. In order to increase the signal pu-
rity and the precision in the measurement, we define a signal region (SR) by requiring that the
CWoLa BDT score be above 0.5, and the QGLR be above 0.8. These thresholds are optimized to
obtain the best expected precision in the cross section. About 20% of the ttbb signal that passes
the offline preselection is selected into the SR.
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Figure 1: Distributions in the QGLR (left) and the CWoLa BDT discriminants (right). Both are
after preselection, requiring P(c2) > 10�6 and at least eight selected jets. All the contribu-
tions are based on simulation. The multijet contribution is scaled to match the total yields in
data, after the other processes including the ttbb signal have been normalized to their corre-
sponding theoretical cross sections. This choice takes into account only the effect of the shape
variation from the multijet background. The small backgrounds include ttV, ttH, single top
quark, V+jets, and diboson production. The lower panels show the ratio between the observed
data and the predictions. The dashed lines indicate the boundaries between the signal and
control regions defined in Section 6. Hatched bands indicate the statistical uncertainty in the
predictions without considering the systematic sources, dominated by the uncertainties in the
simulated multijet background. Underflow and overflow events were added to the first and
last bins, respectively.

The multijet background is also estimated from data. Three independent control regions (CRs),
orthogonal to the SR, are defined by inverting the requirements on the CWoLa BDT and the
QGLR: the CR1 (BDT > 0.5, QGLR < 0.8), the CR2 (BDT < 0.5, QGLR < 0.8), and the CR3
(BDT < 0.5, QGLR > 0.8). For multijet production, the CWoLa BDT score and the QGLR
are nearly independent, so that in each bin i of the 2DCSV distribution the number of multijet
events in the SR, N

SR
i

, can be estimated from the number of multijet events in the CRs as

N
SR
i

= N
CR3
i

N
CR1
i

N
CR2
i

. (2)

Multijet background is 
hard to model - learn a 
classifier directly from 

data using jet 
substructure to make 

two samples and use jet 
kinematics to train the 

CWoLa classifier
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2626Anomaly Detection

Weak supervision was motivated by inaccurate models; 
what if we do not even know what we are looking for?

We can use machine learning to ask if there 
are anomalous features in our data.

(Boosted) top quarks have been a key benchmark 
to study the performance of these new tools.
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Figure 2: Distribution of reconstruction error computed with a CNN autoencoder on test samples of
QCD background (gray) and two signals: tops (blue) and 400GeV gluinos (orange).

We see that the autoencoder works as advertised: it learns to reconstruct the QCD

background that it has been trained on (to be precise, we train on 100k QCD jets and

then we evaluate the autoencoder on a separate sample of QCD jets), and it fails to

reconstruct the signals that it has never seen before. This is further illustrated in Fig. 3,

which shows the average QCD, top and gluino jet image before and after autoencoder

reconstruction. We see by eye that the QCD images are reconstructed well on average,

while the others contain more errors.

By sliding the reconstruction loss threshold L > LS around, we can turn the his-

tograms in Fig. 2 into ROC curves. The ROC curves for the di↵erent autoencoder

architectures are shown in Fig. 4 for the top and gluino signals. For comparison we have

also included the ROC curve obtained by cutting on jet mass as an anomaly threshold.

While the three architectures have comparable performances it is clear there are some

important di↵erences. For tops, the CNN outperforms the others, while for gluinos the

situation is largely reversed. Surprisingly, for gluinos, the CNN is even outperformed

by the humble PCA autoencoder at all but the lowest signal e�ciencies! We will ex-

plore this in more detail in section 4.2, but a clue as to what’s going on is shown in

the comparison of the PCA ROC curve with the jet mass ROC curve. For gluinos,

they track each other extremely closely, suggesting that the PCA reconstruction error is

highly correlated with jet mass. We will confirm this in section 4.2. Evidently, the PCA

autoencoder (and to a lesser extent the dense autoencoder) has learned to reconstruct

7

M. Farinia, Y. Nakai, D. Shih, 
PRD 101, 075021 (2020)

Multiple 
proposals for 
asking “which 
jets/events are 

strange”?

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.

threshold.

For concreteness, we will focus in this work on distinguishing “fat” QCD jets from

other types of heavier, boosted resonances decaying to jets. Building on previous work

on top tagging [12], we will concentrate on machine learning algorithms that take jet

images as inputs. For signal, we will consider all-hadronic top jets, as well as 400 GeV

gluinos decaying to 3 jets via RPV. Obviously, this is not meant to be an exhaustive

study of all possible backgrounds and signals and methods but is just meant to be a

proof of concept. The idea of autoencoders for anomaly detection is fully general and not

limited to these signals. We will comment on other forms of inputs in section 5. Moreover

there are many other anomaly detection techniques that are not based on autoencoder

and/or on reconstruction (loss) which are worth exploring in future work. At the same

time autoencoders have been recently used in other high energy physics applications:

in parton shower simulation [28], for feature selection of a supervised classification [30],

and for automated detection of detector aberrations in CMS [31].

We will explore various architectures for the autoencoder, from simple dense neural

networks to convolutional neural networks (CNNs), as well as a shallow linear represen-

tation in the form of Principal Component Analysis (PCA). We will see that while they

are all e↵ective at improving S/B by factors of ⇠ 10 or more, they have important dif-

ferences. The reconstruction errors of the dense and PCA autoencoders correlate more

highly with jet mass, leading to greater S/B improvement for the 400 GeV gluinos com-

pared to the CNN autoencoder. While this may seem better at first glance, we discuss

how one might want to use an autoencoder that is decorrelated with jet mass, in order

to obtain data-driven side-band estimates of the QCD background and perform a bump

hunt in jet mass. Indeed, we show how cutting on the reconstruction error of the CNN

autoencoder results in stable jet mass distributions, and we show how this can be used

to improve S/B by a factor of ⇠ 6 in a jet mass bump hunt for the 400 GeV gluino

2
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Figure 7: Background event distribution from simulation before (left) and after (right) applying the anomaly selection.
From top to bottom: HT , MJ , NJ , and Nb. Distributions are normalized to an integrated luminosity

R
L = 4.4 fb�1.

At this stage, one would gain an intuition about the nature of the new rare process. For instance, one could study the
ASTF distribution using as a reference quantity on the x axis the run period at which an event was taken. Anomalies

10

O. Knapp et al., 2005.01598

Figure 2: Distribution of reconstruction error computed with a CNN autoencoder on test samples of
QCD background (gray) and two signals: tops (blue) and 400GeV gluinos (orange).

We see that the autoencoder works as advertised: it learns to reconstruct the QCD

background that it has been trained on (to be precise, we train on 100k QCD jets and

then we evaluate the autoencoder on a separate sample of QCD jets), and it fails to

reconstruct the signals that it has never seen before. This is further illustrated in Fig. 3,

which shows the average QCD, top and gluino jet image before and after autoencoder

reconstruction. We see by eye that the QCD images are reconstructed well on average,

while the others contain more errors.

By sliding the reconstruction loss threshold L > LS around, we can turn the his-

tograms in Fig. 2 into ROC curves. The ROC curves for the di↵erent autoencoder

architectures are shown in Fig. 4 for the top and gluino signals. For comparison we have

also included the ROC curve obtained by cutting on jet mass as an anomaly threshold.

While the three architectures have comparable performances it is clear there are some

important di↵erences. For tops, the CNN outperforms the others, while for gluinos the

situation is largely reversed. Surprisingly, for gluinos, the CNN is even outperformed

by the humble PCA autoencoder at all but the lowest signal e�ciencies! We will ex-

plore this in more detail in section 4.2, but a clue as to what’s going on is shown in

the comparison of the PCA ROC curve with the jet mass ROC curve. For gluinos,

they track each other extremely closely, suggesting that the PCA reconstruction error is

highly correlated with jet mass. We will confirm this in section 4.2. Evidently, the PCA

autoencoder (and to a lesser extent the dense autoencoder) has learned to reconstruct

7
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PRD 101, 075021 (2020)

SciPost Physics Submission

Figure 7: Jet mass distributions from the adversarial autoencoder trained on a mixed sample
with 3% top jets using � = 5 · 10�4, and tested on a QCD sample or on the same mixed
sample.

the ROC curves are not the final word, though. Because the jet mass is removed from the
autoencoder, we now see a clear top mass peak in the least QCD-like selection. This peak
can be extracted using a shape analysis of the jet mass distribution with fully controlled side
bands. This feature makes a huge experimental di↵erence and clearly shows how the adversary
in the jet mass promotes the autoencoder to a powerful experimental discriminator.

Finally, we can combine the same adversary part of the network with the 4-vector-based
autoencoder described in Sec. 2.2. The combined loss function is now given by Eq. 8, but
including the 4-vector-based loss function of Eq.(6). The ROC curve for a background shaping
similar to the choice � = 5 · 10�4 for the images shows that in the LoLa setup it is much
harder to de-correlate the jet mass. Correspondingly, the networks are less stable and have a
worse performance. This is because the LoLa architecture in Eq.(5) focuses the network on
learning the jet mass, which should then not be the one observable we de-correlate through the
adversarial network. For that reason, we will focus on image-based adversarial autoencoders
for the rest of this paper.

2.4 Realistic analysis setup

The problem in an actual analysis based on fully un-supervised learning on QCD jets will be
that we cannot avoid a certain signal contamination of the training data. If the QCD training
sample includes a small fraction of non-QCD, or in our case top jet, the autoencoder will
accommodate top jets as QCD-like more easily. With the adversarial autoencoder we have
developed an approach that can identify anomalous jets uncorrelated from any variable of
choice.

In Fig. 7 we show the usual jet mass distribution for the image-based network, but trained
on a QCD sample contaminated by 3% top jets. We keep � = 5 · 10�4, but choose a much
smaller bottleneck of 10 because the network now tends to accept tops as QCD-like jets, so
we need to squeeze it harder in extracting non-QCD features. The performance with these
settings is almost the same as for the adversarial training on QCD jets only, shown in Fig. 6,

11

T. Heimel, et. al,  
SciPost Phys. 6, 030 (2019)

Multiple 
proposals for 
asking “which 
jets/events are 

strange”?
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One feature of unsupervised learning is that it gives you 
access to events with low p(x).  However, the signal may 

have high p(x) but p(x|signal) is far from p(x|background).

Semi-supervised methods may be useful in this case.
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One possibility is 
to combine 

CWoLa with a 
bump hunt:
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
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, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since
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= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have
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+ be careful to not pay a big trials factor
(ask if interested)
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B = top, C = BSM? See J. Kim et al., JHEP 04 (2020) 30
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Yes, ML can be 
used also for SM 
measurements!



33Could we use all of the information?

For our measurements of top quark event properties, would 
it be possible to use all of the information in the event?

…all hadrons, their 4-vectors, charge, …
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We detect these 
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Key challenge and opportunity: hypervariate phase space 
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Typical collision events 
at the LHC produce 
O(1000+) particles
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Measure thisWant this

p(meas. | true) = “response matrix”

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

true
unfolded = argmax p(measured | true)

Example: Unfolding
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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)

p(meas. | true) = “response matrix”

Example: Unfolding



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)

Example: Unfolding (Deconvolution)

p(meas. | true) = “response matrix”

Example: Unfolding 39Example: Unfolding



40Reweighting

One solution is based 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.



41Reweighting

One solution is based 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.

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



42Classification 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)



43Example: electron-positron collisions
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44Achieving precision
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Works also when 
the differences 

between the two 
simulations are 
small (left) or 

localized (right).

These are 
histogram ratios 
for a series of 

one-dimensional 
observables
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45Achieving precision

Could we use this for systematic variations in top quark 
simulations?  Maybe we would not need N different 

detector simulated samples if we can full phase space 
reweight one to the other at particle-level.



46Unfold by iterating: OmniFold
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47Iterative reweighting
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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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50How to get around data/MC diffs?

A variety of recent proposals to cope with data/MC 
differences.  This is related to anomaly detection 

and weak supervision, but the goal here is not to be 
completely model independent.



51Example 1: Automated ABCD Method

One example: a common strategy for background 
estimation is the ABCD method.  Is there a way to pick the 

two defining features automatically instead of by hand?

We need the two features to be good at distinguishing 
signal (e.g. top events) from background, but also they 

need to be independent of each other.



52Example 1: Automated ABCD Method

Figure 7. A scatter plot of background rejection and normalized signal contamination (r)

across DisCo parameters, epochs and thresholds on the two features, for ✏signal = 30% and

background ABCD closure better than 10%. High density regions are depicted with individual

data points while low density regions are drawn as shaded regions.

All the features are rescaled to be between 0 and 1. The neural network specification

is 3 hidden layers of 64 nodes each, ReLU activations, and batch normalization after

the first hidden layer. We train for 200 epochs with fixed learning rate of 10�3 and the

default Adam optimizer. We use a large batch size of 10k to ensure an accurate DisCo

sampling estimate.

For Single DisCo, we train a single neural network on just the subjettiness variables

(we could have included bm and pT too with little change). For Double DisCo, we train

two neural networks on all the features (bm, pT , and the subjettiness variables). The

neural networks specifications, feature preprocessing, and training details are all the

same for Single and Double DisCo. However, for Double DisCo, in addition to the usual

DisCo loss term described in Eq. (3.2), we include a second DisCo term which only

takes the tail of the neural network outputs (again for background only) as inputs. This

was found to help with the stability of the ABCD prediction for lower signal e�ciencies,

which can be sensitive to the extreme tails of the background. For the tail we required

the simultaneous cuts of y1 > (y1)bg,50 and y2 > (y2)bg,50, where y1,2 are the outputs of

the two neural networks and “bg,50” refers to the 50th percentile cut on the background

distributions.

– 16 –

correction is useful when N is low, but for su�ciently large training datasets with large

enough batches, the correlation has little impact on the results.

For the Double Disco ABCD method, we use the loss function

L[f, g] = Lclassifier[f(X), y] + Lclassifier[g(X), y] + � dCorr2y=0[f(X), g(X)], (3.2)

where now f and g are two neural networks that are trained simultaneously. When � =

0, the loss will be minimized when f = g is the optimal classifier (up to degeneracies).

When � ! 1, f and g will be forced to be independent even if one or both of them

does not classify well at all. In practice, if � is taken too large, the DisCo term will tend

to overwhelm the training and poor classification performance will result. Thus there

should be an optimal � at some finite value which we can be determined by scanning

over �.

4 Applications

This section explores the e�cacy of Single and Double DisCo in some applications of

the ABCD method.

4.1 Simple Example: Three-Dimensional Gaussian Random Variables

We begin with a simple example to build some intuition and validate our methods.

Consider a three-dimensional space (X0, X1, X2), where the signal and background are

both multivariate Gaussian distributions. We choose the means ~µ and a covariance

matrix ⌃ for background and signal as

~µb = (0, 0, 0), ⌃b = �
2
b

0

@
1 ⇢b 0

⇢b 1 0

0 0 1

1

A , �b = 1.5, ⇢b = �0.8 , (4.1)

and

~µs = (2.5, 2.5, 2), ⌃s = �
2
s

0

@
1 0 0

0 1 0

0 0 1

1

A , �s = 1.5 . (4.2)

So for the background, all three features are centered at the origin and features X0

and X1 are correlated with each other but independent of X2. For the signal, all three

features are independent but are centered away from the origin. The first feature X0

will play the role of the known feature for Single DisCo in Sec. 3.

All of the neural networks presented in this section use three hidden layers with

128 nodes per layer. The rectified linear unit (ReLU) activation function is used for

– 10 –
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(contamination relative to signal region, not absolute!)

Fun fact: this project 
started in part to 

answer why mass is 
special.  Turns out the 
“mass information” is 
quantized, i.e. is only 
in f or g, but not both.

f = m, learn g

Learn f and g 
at same time



53Example 2: penalize learning data/MC 

(a) (b)

(c) (d)

Figure 4: Label predictor response to signal (blue) and background (orange) for di�erent values of
�. The label predictor is trained on the source domain and applied to a statistically independent part
of the source domain (lines) and the target domain (area). Each of the distribution is normalised to
1. (a) � = 0 (b) � = 0.58 (c) � = 1.5 ( d) � = 20 . Discussion see text.

the lowest Kolmogorv-Smirnov distance. This criterion for the optimal � has the advantage that it
can be applied without using the target labels. To validate it of � selection we compute the AUC
obtained for the target domain as in our study target labels were provided by the simulation.

With � = 0, corresponding to no adversarial network, an AUC on the target domain of 0.657
is achieved. This value is improved to 0.756 using � = 20 for set-up A, and 0.760 using � = 10�5

for set-up B. This improvements have the cost of reducing the AUC obtained for the source domain
from 0.776 in the no adversarial case, to 0.757 and 0.760 for set-ups A and B respectively with the
selected � values. Increasing � above those values only decreases the performance, but in the case
of set-up B a plateau exist such that taking � values up to 100 times the selected one keeps the same
performance.

To further approximate the significance as reported in Higgs discovery searches as performance

– 9 –

ttH

See also CMS, 1912.12238

(a) (b)

(c) (d)

Figure 4: Label predictor response to signal (blue) and background (orange) for di�erent values of
�. The label predictor is trained on the source domain and applied to a statistically independent part
of the source domain (lines) and the target domain (area). Each of the distribution is normalised to
1. (a) � = 0 (b) � = 0.58 (c) � = 1.5 ( d) � = 20 . Discussion see text.

the lowest Kolmogorv-Smirnov distance. This criterion for the optimal � has the advantage that it
can be applied without using the target labels. To validate it of � selection we compute the AUC
obtained for the target domain as in our study target labels were provided by the simulation.

With � = 0, corresponding to no adversarial network, an AUC on the target domain of 0.657
is achieved. This value is improved to 0.756 using � = 20 for set-up A, and 0.760 using � = 10�5

for set-up B. This improvements have the cost of reducing the AUC obtained for the source domain
from 0.776 in the no adversarial case, to 0.757 and 0.760 for set-ups A and B respectively with the
selected � values. Increasing � above those values only decreases the performance, but in the case
of set-up B a plateau exist such that taking � values up to 100 times the selected one keeps the same
performance.

To further approximate the significance as reported in Higgs discovery searches as performance
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J. Clavijo, P. Glaysher, J. Katzy, 2005.00568
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Simulation 2

Nominal Penalty term in loss



1

1

1
1

1

1

1

• Boosted Top Jet Classification 
• Jet Representations 

• Beyond Standard Classification
• Less-than-supervised 

• Generation (more in Anja’s talk) 

• Weak supervision 
• Anomaly detection (more in Jernej and Bryan’s talks) 

• Parameter estimation / unfolding 
• Domain adaptation

54Outline



Deep learning has a great 
potential to enhance, 

accelerate, and 
empower top physics.

There is still work to do on all fronts to consider top quark 
events holistically in their natural high dimensionality!

55Conclusions and outlook
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Disclaimer: I have given 
you a biased perspective of 

new developments!



56Interested in learning more?

https://iml-wg.github.io/HEPML-LivingReview/

https://github.com/iml-wg/HEPML-LivingReview


57Questions?


