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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.

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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2Questions in fundamental physics
Theoretical and experimental questions motivate a deep 

exploration of the fundamental structure of nature

Hierarchy problem Strong CP

Why is the Higgs 
boson so light?

Why do neutrons have 
no dipole moment?
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3Questions in fundamental physics
Theoretical and experimental questions motivate a deep 

exploration of the fundamental structure of nature

See also: dark energy
See also: Where did all the anti-
particles go?  (Baryogengesis)
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Dark Matter Flavor puzzles

What is the extra 
gravitational matter?

Why do neutrinos 
have a mass?
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We have performed thousands of hypothesis tests & have no 
significant evidence for physics beyond the Standard Model

Three 
possibilities 

Dark matter

Dark energy

Hierarchy problem

Baryogengesis

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

(1) Nothing new at accessible energies
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Theoretical and experimental questions motivate a deep 

exploration of the fundamental structure of nature

(2) Patience!  (new physics is rare)

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

(1) Nothing new at accessible energies
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(2) Patience!  (new physics is rare)

(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

(1) Nothing new at accessible energies
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8Questions in fundamental physics
Theoretical and experimental questions motivate a deep 

exploration of the fundamental structure of nature

This is what keeps me up at night!

(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



9Large Hadron Collider

Many of the deep questions in fundamental 
physics can be probed at the LHC.
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Not to scale!

We detect these 
particles with 

O(100 M) 
readout channels

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

Key challenges
(and opportunity!) 

Many of the deep questions in fundamental 
physics can be probed at the LHC.
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12Current Search Paradigm

SUSY

quark-proxy 
4-vector 

(“jet”)

+Simple 
combinations of 
4-vectors, e.g. 

invariant masses

(well-motivated) theory-biased 
& low-dimensional observables

SUSY = Supersymmetry

?



13Current paradigm for searches

? SUSY

quark-proxy 
4-vector 

(“jet”)

+Simple 
combinations of 
4-vectors, e.g. 

invariant masses

(well-motivated) theory-
biased & low-dimensional 

observables

SUSY = Supersymmetry

Can we relax model 
assumptions and explore high-
dimensional feature spaces?

(clearly, we should still do model-dependent searches as well!)
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Suppose you want to search for a new signal process
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B. Nachman, D. Shih, Phys. Rev. D 101, 075042 (2020)
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Model dependence

> 99% of searches at the 
LHC are of this type
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Standard 
Model

Most searches
(train with 

simulations)

Some searches
(train signal 
versus data)

Data versus 
simulation

Model dependence

R. T. D’Agnolo and A. Wulzer, PRD 99 (2019) 015014, R. T. D’Agnolo et al. 1912.12155

B. Knuteson et al., D0, H1, CDF, CMS (“MUSiC”), ATLAS (“General Search”)
A. De Simone, T. Jacques, 1807.06038, A. Casa, Giovanna, 1809.02977, and others

signal model independent
background model dependent



signal model independence

Some searches
(train signal 
versus data)

autoencoders

CWoLa
ANODE

Signal sensitivity

Most searches
(train with 

simulations)

LDA

SALAD

19

new ideas!
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Can we develop new 
methods that also 
assume as little as 
possible about the 

signal and learn from 
data (no simulation)?

Model dependence

Data versus 
simulation

B. Nachman, D. Shih, 2001.04990 A. Andreassen, B. Nachman, D. Shih,  2001.05001
J. Collins, K. Howe, B. Nachman, PRL 121 (2018) 241803B. Dillon et al., PRD 100 (2019) 056002

M. Farina, Y, Nakai, D. Shih, 1808.08992,  
T. Heimel et al. SciPost Phys. 6 (2019) 030, and others

TNT

O. Amram, C. Suarez, 2002.12376



20One idea: weak supervision

Can we learn signal events from two datasets that are 
mixtures of signal and background with no labels?
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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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[Metodiev, BPN, Thaler, JHEP 10 (2017) 51]
[Dery, BPN, Rubbo, Schwartzman, JHEP 05 (2017) 145]

[Cohen, Freytsis, Ostdiek, JHEP 02 (2018) 034]
[Komiske, Metodiev, BPN, Schwartz, PRD 98 (2018) 011502]
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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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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
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Classification Without Labels

Yes !
One can show that this 

procedure asymptotically 
converges to the optimal 

classifier (with labels).

[Metodiev, BPN, Thaler, JHEP 10 (2017) 51]
[Dery, BPN, Rubbo, Schwartzman, JHEP 05 (2017) 145]

[Cohen, Freytsis, Ostdiek, JHEP 02 (2018) 034]
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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.
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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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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
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set new limits
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48Anomaly detection: Overview
J. Collins, K. Howe, BPN,  

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



49Collision data results NewNew

First round, keep it simple: feature space is 2D (jet masses)
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ATLAS Collaboration, 2005.02983 
Phys. Rev. Lett. 125, 131801
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First round, keep it simple: feature space is 2D (jet masses)
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Deep learning + weak 
supervision + anomaly 

detection leading to 
real physics output!
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59Computational Challenges

6 signal regions

5-fold cross validation

Average over 4 possible validation sets

1 part test, 1 part val, 3 parts train

Take the best over 3 different random initializations
(due to very small signal, this is important)

360 NNs
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For every signal model (6)

For every signal cross section (5)

[For every systematic uncertainty]

360 NNs

10k NNs
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picture from Aviv Cukierman



62Computational Challenges

For the first analysis, we used a low-
dimensional feature space and so a few days 
of a generic CPU batch cluster was sufficient.

In the future: we want to increase the number of 
features and explore many more regions of the 
parameter space.  We will need massive (GPU) 

compute (!) … fortunately, this is possible with HPCs.



63The other challenge of higher-dimensions

See e.g. K. Benkendorfer,  
L. Le Pottier, BPN, 2009.02205

For many anomaly 
detection methods, we 
need that the classifier 

does not introduce 
artificial bumps

There are basically two 
ways to solve this:

(1) Preprocessing  
(use features that are 

~independent of mass)
(2) Use a training procedure 
that is robust to correlations



Deep-learning based 
anomaly detection has a 

great potential for discovery!

As we use more complex less-than-supervised 
approaches, we will need significant computing 

power to ensure this program is successful.

64Conclusions and outlook

Check out the LHC 
Olympics: a community 
challenge for comparing 

anomaly detection 
techniques

https://lhco2020.github.io/
homepage/
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68All signal regions


