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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.

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.
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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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Theoretical and experimental questions motivate a deep 
exploration of the fundamental structure of nature

This is what motivated this challenge!

(3) We are not looking in the right place

We have performed thousands of hypothesis tests & have no 
significant evidence for physics beyond the Standard Model

(Brief) Motivation
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simulation)
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searches

(train signal 
versus data)

autoencoders

CWoLa

ANODE

Most 
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(train with 

simulations)

LDA

SALAD

new ideas! There are many new 
ideas that make use 
of modern machine 

learning

N.B. this is just for signal sensitivity 
- there is also model dependence 

for determining the background

The goal is to learn 
directly from data, 

injecting as little bias 
as possible

Adapted from BN and D. Shih, 2001.04990
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9The Challenge

We provide a list of particle for each event (700 
particles with the 3-vector of each particle)

1 dataset for R&D with labeled 
signal and background

3 black boxes with unlabeled data

The particle-level + detector-level 
simulation for background in the 

black boxes was modified for each 
dataset (think Pythia/Herwig, etc.)

Actually, all of the parameters are now public on Zenodo



10The Challenge

We provide a list of particle for each event (700 
particles with the 3-vector of each particle)

3 black boxes with 
unlabeled data

For the blind challenge, contestants reported:

The community report also 
includes unblinded results, as 
these are also very valuable!

BB = black box; (i) = blinded, (ii) = unblinded

(I’ll explain what supervision is momentarily)



11The dataset

?1

W

?2

?3

Dijet final state (allow for data-driven 
background + complex final state). 

R&D signal



12Timeline

April 4, 2019: R&D data released

Nov. 19, 2019: Black boxes released

Jan. 16, 2020: Winter Olympics + BB1 unblinded

July 16-17, 2020: Summer Olympics + BB2/3 unblinded

July 20, 2020: Invite contributions to community paper

Oct. 1, 2020: Contributions due

Jan. 20, 2021: Paper posted to arXiv

https://zenodo.org/record/2629073#.YC3ukS2ZNTZ
https://zenodo.org/record/4536624#.YC3ucC2ZNTY
https://indico.cern.ch/event/809820/sessions/329216/#20200116
https://indico.desy.de/event/25341/
https://arxiv.org/abs/2101.08320


13Solutions

BB = black box; (i) = blinded, (ii) = unblinded

I don’t have time to cover all of them - please see the 
paper for details!  I’ll just highlight some general ideas.



14Solutions

Supervision refers to the type of label 
information provided to the ML during training.

Unsupervised = no labels 
Weakly-supervised = noisy labels 
Semi-supervised = partial labels 

Supervised = full label information

*N.B. Not everyone agrees on the boundary 
between semi-supervised and weakly supervised.

These categories are not exact 
and the boundaries are not rigid!



15Solutions: Unsupervised

Typically, the goal of these methods is to look 
for events with low p(background)

Unsupervised = no labels

M. Farina, Y. Nakai, D. Shih, 1808.08992; T. Heimel, G. 
Kasieczka, T. Plehn, J. Thompson, 1808.08979; + many more

One strategy (autoencoders) is to try to 
compress events and then uncompress 

them.  When x = uncompres(compress(x)), 
then x probably has low p(x).



16Solutions: Weakly-supervised

Typically, the goal of these methods is to look for events with 
high p(possibly signal-enriched)/p(possibly signal-depleted)

Weakly-supervised = noisy labels

e.g. Classification Without Labels 
(CWoLa), events in a signal region are 

labeled “signal” and events in a sideband 
are labeled “background”.  These labels 
are “noisy” but a classifier trained with 

them can detect the presence of a signal.

E. Metodiev, BN, J. Thaler, 1708.02949; J. Collins, K. Howe, BN, 1805.02664
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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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Features for 
training CWoLa 

classifier + be careful to not pay a big trails factor

Solutions: Weakly-supervised



18Solutions: Semi-supervised

Typically, these methods use some signal 
simulations to build signal sensitivity

Semi-supervised = partial labels

S. Park, D. Rankin, S.-M. Udrescu, M. Yunus, P. Harris, 2011.03550

Quasi Anomalous 
Knowledge (QUAK)(We did not give bonus points 

for the best acronyms !)



19Results on the blinded* challenge
Black Box 1

*There are a lot more results in the summary paper (!)



20Results on the blinded challenge
Black Box 1

Z’

X

Y

q

q

q

q

mY=378 GeV

mZ’=3.8 TeV

mX=732 GeV

834 events.  Same topology as R&D dataset 
(not known to participants)



21Results on the blinded challenge



We refrained from ranking the results … all methods are an 
important contribution to this growing research area.

However, two submissions clearly stood out:

1

Conditional density estimation for anomaly detection
George Stein, Uros Seljak, Biwei Dai, He Jia

M

⌘

�

⌘

Tag N’ Train
Conditional density 

estimation for anomaly 
detection (GIS)

George Stein, Uroš Seljak, Biwei Dai, He Jia

Tag N’ Train
(CWoLa + Autoencoder)

Oz Amram and Cristina Mantilla Suarez

22…and the winners are…

https://indico.cern.ch/event/809820/contributions/3699483/attachments/1971094/3278905/george_stein_LHCO.pdf
https://indico.cern.ch/event/809820/contributions/3699483/attachments/1971094/3278905/george_stein_LHCO.pdf
https://indico.cern.ch/event/809820/contributions/3699483/attachments/1971094/3278905/george_stein_LHCO.pdf
https://indico.cern.ch/event/809820/contributions/3632634/attachments/1970254/3277173/TagNTrain_ML4Jets.pdf


23Results on the blinded challenge
Black Box 2



24Results on the blinded challenge
Black Box 2

Empty!  Multiple teams still reported (fake) signals…



25Results on the blinded challenge
Black Box 3



26Results on the blinded challenge
Black Box 3

This one was difficult - there are two decay modes.  
Without finding both, the signal is not significant.  No one 

convincingly found this signal (more work is needed!) 



27Results

That was a quick overview - please see the paper for many more 
details.  Each section has the same format and is relatively brief 

(often further details are provided in standalone papers)



28Outlook

This challenge identified new methods and exposed 
gaps in coverage.  It is clear that we will need 

multiple approaches to achieve broad coverage.

Organization of Physics Analysis Groups at the LHC

SUSYTop
Higgs

SM

B physics

Exotics/
Exotica

B2G / 
HDBSModel 

Agnostic?
Weakly Supervised

(Semi) Supervised

Unsupervised

Statistics 
forum ML 

forum

Measurement 
Groups

Search 
Groups

Supporting 
organizations

ATLAS CWoLa 

hunting search

ATLAS General 

Search / CMS MUSiC



29Outlook: the path to LHC data

ATLAS Collaboration, 2005.02983

While we clearly need more R&D, 
it is also time to start deploying 
these methods on LHC data !

There are always new 
challenges with real data

I am proud to say that 
ATLAS recently completed 

a first analysis and I am 
hopeful that this is the start 

of many more to come!



30A last thought: reinterpretation

For every signal region…
For every signal model…

For every signal cross section…

For every signal systematic uncertainty…

(probably want to repeat for low n)

Inject signal, rerun entire analysis
including whatever ensembling
 is inside the training procedure!

After all, this is a reinterpretation workshop … 
these analyses are notoriously difficult to reinterpret as the “event 
selection” often depends on the data (unique to these analyses!).

This is an interesting challenge we will have to address in the future.
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It is critical that we 
complement the current 

search program with 
model agnostic methods

Machine learning 
provides many powerful 

solutions, which were 
prototyped on the LHC 

Olympics dataset

31Summary 

…and these tools will increase 
the LHC discovery potential!



32Questions?


