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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.
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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  
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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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Data are unlabeled and in the best case, come to us  
as mixtures of two classes (“signal” and “background”).

B

S

S

S

S

S

S

S

S

B

S

S

B

S

B

S

S

B

S

B

S

S

S

S

S

����� ���	
� �

S

B

S

B

B

S

B

B

S

B

B

B

B

B

B

B

S

B

B

S

B

B

B

S

B

����� ���	
� �

0 1

���������

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 –
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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.
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distinguish M1 from M2 is also optimal for distinguishing S from B.
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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
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the label proportions f1 and f2 are not required for training. Of course, this proof only
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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
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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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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.
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(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples
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which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since
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the label proportions f1 and f2 are not required for training. Of course, this proof only
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+ be careful to not pay a big trials factor
(ask if interested)

CWoLa for anomaly detection
J. Collins, K. Howe, BPN,  

Phys. Rev. Lett. 121 (2018) 
241803, 1805.02664
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Figure 8. Left: mJJ distribution of dijet events (including injected signal, indicated by the filled
histogram) before and after applying jet substructure cuts using the NN classifier output for the
mJJ ' 3 TeV mass hypothesis. The dashed red lines indicate the fit to the data points outside of the
signal region, with the gray bands representing the fit uncertainties. The top dataset is the raw dijet
distribution with no cut applied, while the subsequent datasets have cuts applied at thresholds with
e�ciency of 10�1, 10�2, 2 ⇥ 10�3, and 2 ⇥ 10�4. Right: Local p0-values for a range of signal mass
hypotheses in the case that no signal has been injected (left), and in the case that a 3 TeV resonance
signal has been injected (right). The dashed lines correspond to the case where no substructure cut
is applied, and the various solid lines correspond to cuts on the classifier output with e�ciencies of
10�1, 10�2, and 2 ⇥ 10�3.

Figure 9. Events projected onto the 2D plane of the two jet masses. The classifiers are trained to
discriminate events in the signal region (left plot) from those in the sideband (second plot). The third
plot shows in red the 0.2% most signal-like events determined by the classifier trained in this way. The
rightmost plot shows in red the truth-level signal events.

signal region from those of the sideband, the 0.2% most signal-like events as determined by

the classifier are plotted in red in the third plot of Fig. 9, overlaid on top of the remaining

events in gray. The classifier has selected a population of events with mJ A ' 400 GeV and

– 15 –

set new limits
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40Anomaly detection: Overview
J. Collins, K. Howe, BPN,  

Phys. Rev. Lett. 121 (2018) 
241803, 1805.02664



41Collision data results

ATLAS Collaboration 
PRL 125 (2020) 13801, 2005.02983

First round, keep it simple: feature space is 2D (jet masses)
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data, for each 

signal cross section, 
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49Collision data results

Deep learning + weak 
supervision + anomaly 

detection leading to 
real physics output!
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50Extending CWoLa

CWoLa is 100% simulation independent. 
 Can we use simulation to improve it but still be as 

independent from simulation as possible?

General idea of CWoLa: train a classifier 
to distinguish data in the signal region 

from data in a reference sample.
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 Can we use simulation to improve it but still be as 

independent from simulation as possible?

General idea of CWoLa: train a classifier 
to distinguish data in the signal region 

from data in a reference sample.
SA-CWoLa

SALAD



52New Method I: SA-CWoLa

Need the CWoLa 
classifier to ignore 

information 
correlated with mjj

K. Benkendorfer, L. Le Pottier, BPN, 2009.02205
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Need the CWoLa 
classifier to ignore 

information 
correlated with mjj

Loss = (SR vs. SB in data) - λ (SR vs. SB in MC)

Can use simulation 
to enforce this*!

*Can’t combine CWoLa with standard decorrelation approaches because they may wash out the signal

K. Benkendorfer, L. Le Pottier, BPN, 2009.02205
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Need the CWoLa 
classifier to ignore 

information 
correlated with mjj

Loss = (SR vs. SB in data) - λ (SR vs. SB in MC)

Can use simulation 
to enforce this*!

*Can’t combine CWoLa with standard decorrelation approaches because they may wash out the signal

Better

K. Benkendorfer, L. Le Pottier, BPN, 2009.02205



55New Method II: SALAD

We want the reference 
sample to be as close 
to the SR background 

as possible.

A. Andreassen, BPN, D. Shih, PRD 101 (2020) 095004

We can take 
simulation as the 

reference, but train a 
parameterized 

reweighting model 
in the sidebands

Parameterized high-dimensional reweighting (DCTR): A. Andreassen and BPN, PRD 101 (2020) 091901(R)

The reweighting function 
(also a NN) is a function of mjj



56New Method II: SALAD
A. Andreassen, BPN, D. Shih, PRD 101 (2020) 095004

We want the reference 
sample to be as close 
to the SR background 

as possible.

The reweighting function 
(also a NN) is a function of mjj

Better We can take 
simulation as the 

reference, but train a 
parameterized 

reweighting model 
in the sidebands



57Selected Method Summary

Method Reference Bin Reference 
Sample Approach

CWoLa Sideband 
Region Data Standard 

classifier

SA-CWoLa Sideband 
Region Data Decorrelated 

classifier

ANODE Signal Region Data Density 
estimation

SALAD Signal Region Simulation Reweighted 
classifier





59Outcome of the LHC Olympics

Z’

X

Y

q

q

q

q

mY=378 GeV

mZ’=3.8 TeV

mX=732 GeV



60Outcome of the LHC Olympics

Z’

X

Y

q

q

q

q

mY=378 GeV

mZ’=3.8 TeV

mX=732 GeV

Black box 1 of 3



Correct answer

N.B. not everyone reported an uncertainty (answer - true)/uncert

(order is arbitrary)

61Sample outcomes



62LHC Olympics, big picture

Several teams did well on 
the first black box, but 

black boxes 2 (no signal) 
and 3 (multijet + multiple 

decays) were much harder. 

The LHC Olympics 20201

A Community Challenge for Anomaly2

Detection in High Energy Physics3

4

Gregor Kasieczka (ed),1 Benjamin Nachman (ed),2,3 David Shih (ed),4 Oz Amram,55

Anders Andreassen,6 Kees Benkendorfer,2,7 Blaz Bortolato,8 Gustaaf Brooijmans,96

Florencia Canelli,10 Jack H. Collins,11 Biwei Dai,12 Felipe F. De Freitas,13 Barry M.7

Dillon,8,14 Ioan-Mihail Dinu,5 Zhongtian Dong,15 Julien Donini,16 Javier Duarte,17 D.8

A. Faroughy10 Julia Gonski,9 Philip Harris,18 Alan Kahn,9 Jernej F. Kamenik,8,199

Charanjit K. Khosa,20,30 Patrick Komiske,21 Luc Le Pottier,2,22 Pablo10

Mart́ın-Ramiro,2,23 Andrej Matevc,8,19 Eric Metodiev,21 Vinicius Mikuni,10 Inês11

Ochoa,24 Sang Eon Park,18 Maurizio Pierini,25 Dylan Rankin,18 Veronica Sanz,20,2612

Nilai Sarda,27 Uros̆ Seljak,2,3,12 Aleks Smolkovic,8 George Stein,2,12 Cristina Mantilla13

Suarez,5 Manuel Szewc,28 Jesse Thaler,21 Steven Tsan,17 Silviu-Marian Udrescu,1814

Louis Vaslin,16 Jean-Roch Vlimant,29 Daniel Williams,9 Mikaeel Yunus1815

1Institut für Experimentalphysik, Universität Hamburg, Germany16

2Physics Division, Lawrence Berkeley National Laboratory, Berkeley, CA 94720, USA17

3Berkeley Institute for Data Science, University of California, Berkeley, CA 94720, USA18

4NHETC, Department of Physics & Astronomy, Rutgers University, Piscataway, NJ 08854, USA19

5Department of Physics & Astronomy, The Johns Hopkins University, Baltimore, MD 21211,20

USA21

6Google, Mountain View, CA 94043, USA22

7Physics Department, Reed College, Portland, OR 97202, USA23

8Jožef Stefan Institute, Jamova 39, 1000 Ljubljana, Slovenia24

9Nevis Laboratories, Columbia University, 136 S Broadway, Irvington NY, USA25

10Physik Institut, University of Zurich, Winterthurerstrasse 190, 8057 Zurich, Switzerland26

11SLAC National Accelerator Laboratory, Stanford University, Stanford, CA 94309, USA27

12Berkeley Center for Cosmological Physics, University of California, Berkeley28

13Departamento de F́ısica da Universidade de Aveiro and CIDMA Campus de Santiago, 3810-18329

Aveiro, Portugal30

14Institute for Theoretical Physics, University of Heidelberg, Heidelberg, Germany31

15Department of Physics & Astronomy, University of Kansas, 1251 Wescoe Hall Dr., Lawrence,32

Stay tuned for our community report with 
may more details ! (ETA: next week)

This was an incredibly 
rewarding exercise and we 
hope it will be an important 
benchmark for the future! 



63Conclusions and Outlook

Deep-learning based 
anomaly detection has a 

great potential for discovery!

We still need new ideas and clever ways of 
implementing (including computing challenges!) 

and extending current proposals. 

Check out the LHC 
Olympics website and stay 
tuned for our community 
report (ETA: next week)

https://lhco2020.github.io/
homepage/
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