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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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�4Flavor tagging in CMS

DeepJet

EMIL BOLS (VUB) 10

1x1 Convolutional layers
Automatic feature engineering

RNN (LSTM layers)
Builds summary of the information

Multiclass output
Can work as c-tagger, b-tagger and 

quark gluon tagger
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DeepJet
•Large improvement in 
performance in simulation

•However simulation is never 
perfect

•Will this gain translate into 
data?

EMIL BOLS (VUB) 11

CMS DP-2018/033
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DeepJet
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Patrick Komiske – Energy Flow Networks

Deep Sets for Particle Jets
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Particle Flow Network (PFN)
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Energy Flow Network (EFN)

IRC-safe latent space
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Classification Performance
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Visualizing Q/G EFN Filters
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Patrick Komiske – Energy Flow Networks

Measuring Q/G EFN Filters

Power-law dependence between filter size and 
distance from center is observed

Slope of 2 is predicted at leading log

Non-perturbative physics, axis recoil, higher 
order effects cause deviations from slope of 2
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CONVOLUTION ON REGULAR GRIDS
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Convolution

???
???
???

Regular grid

Point cloud

Conventional convolution only operates on regular grids and 
cannot be applied on point clouds 

point clouds are irregular 

how to define a “local” patch to convolve? 

point clouds are unordered 

conventional convolution operation (Σi Ki xi)  
is not invariant under permutation of the points (xi)
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NETWORK ARCHITECTURE
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EdgeConv
K=6, C=32

EdgeConv
K=6, C=32

EdgeConv
K=6, C=64

EdgeConv
K=6, C=64

EdgeConv
K=8, C=64

EdgeConv
K=8, C=64

EdgeConv
K=8, C=128

EdgeConv
K=8, C=128

EdgeConv
K=10, C=128

EdgeConv
K=10, C=128

EdgeConv
K=10, C=256

EdgeConv
K=10, C=256

Dense
256

Dropout
p=0.1

Dense
512

Dropout
p=0.5

Output

+ + +

Implemented with 

3 stages: k-nearest neighbors updated at the beginning of each stage 

batch normalization (BN) used after each EdgeConv operation 

residual connection (RC) [1512.03385, 1603.05027] added between EdgeConv layers 

BN and RC helped greatly for stabilizing the training and also improving the performance
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PERFORMANCE: TOP TAGGING
Top tagging: 

only particle 4-momentum is available 

train/val/test 1.2M/400k/400k 

results of more algorithms available at link 

We managed to push the boundary a bit further 
>20% lower background at signal efficiency of 30% 

Is the gain real? Or is it just learning more details of the 
parton shower model? 

but personally I would not really consider the jet tagging 
problem as “solved” 

especially facing realistic experimental challenges like 
pileup, detector effects, and additional information (e.g., 
tracking, timing, etc.)
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Performance on top-tagging dataset

Algorithm Accuracy ROC AUC 1/εbkg @ εsig=30%
1D P-CNN 0.930 0.9804 780

2D CNN [ResNeXt50] 0.936 0.9838 1086
DGCNN 0.937 0.9842 1160

PFN-r.r. [arXiv:1810.05165] 0.932 0.9819 ± 0.0001 888±17

better
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12

Jet ID | Traditional vs E2E Image

Tracks 
ECAL 
HCAL

Traditional 
jet image

E2E 
jet image

Note: Not the same jet.Michael Andrews
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• Calibration with numerical inversion:
- Train on jets with known energies x, take output value with 

maximum likelihood: f(x) = <pT
reco|pT

true=x>
- Invert function for unknown observed values: pT

reco->f-1(pT
reco)

- Independent of the distribution of true energies used in training
• Processes in LHC have different true energy distributions!
• Guarantees closure* when conditioning on pT

true=x
- This is what we do in ATLAS right now for MCJES and GSC
- *Formal details: arXiv:1609.05195

6

Introduction: Numerical Inversion

x1 Instrument y1 ± σ1 x1

x2 Instrument y2 ± σ2 x2

x3 Instrument y3 ± σ3 x3

<
<
<

>
>
>

Aviv Cukierman
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• Generalized numerical inversion:
- L(x;θ) = <pT

reco|pT
true=x;θ>

- Calibration: pT
reco -> C(pT

reco;θ) = L-1(pT
reco;θ)

- Advantages:
• Still independent of underlying pT distribution
• Easy to add in other features, unbinned
• Can take into account correlations between features 8

Generalized Numerical Inversion

pTtrue
pTreco pTreco

pTtrueL L-1( · ; θ)
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• Residual dependence
- Simultaneous is flat at 0 – demonstration of method

14

Generalized Numerical Inversion – Final Results



�18Physics-inspired generative models

Summary So Far

=�
CmMBT`

p1

pn

XXX

p2
PD2i({p1 . . . pn})mMQ#b2`p�#H2 Z*. 2pQHmiBQM

JUNIPR computes the probability of a jet…

=�
CmMBT`t = 1

t = 2
t = 3

t = 4

PD2i({p1 . . . pn}) = Pt=1 · · · Pt=nt = 5
U2M/V

…as a product over time steps in its clustering tree…

…where each time step is decomposed into 3 parts:

Pt = P2M/ · PKQi?2` · P#`�M+?

Anders Andreassen



�19Physics-inspired generative models

7mHHv
+QMM2+i2/
M2irQ`F

7mHHv
+QMM2+i2/
M2irQ`F

7mHHv
+QMM2+i2/
M2irQ`F

2ti2`M�H BMTmi
� �� �

� �� �
M2irQ`F QmiTmi, T`Q#�#BHBiv /Bbi`B#miBQMb

h(t�1)

P2M/(Z2) PKQi?2`(Zt) P#`�M+?(R4)

_LL, h(t)

� CmMBT`

/�m;?i2`b
�i bi2T t

KQi?2`
�i bi2T t

• STEP 2) feed        into neural networks computing probability distributions  
 
 
 
 
 
— each component is  
    neural network  
 
 
— simple building blocks 
    model arbitrarily  
    general functions

h(t)

Implementation with RNN



�20Physics-inspired generative models
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�21Weak supervision turned on its head

Disentangling Jet Categories

An Example

Eric M. Metodiev, MIT 8

Let’s model physicists as random jargon emitters.

IRC safety!

Deep Learning 
for Jet Tagging? 

Trivial.

Deep Learning 
for Jet Tagging? 

Use ROOT.



�22Weak supervision turned on its head

Disentangling Jet Categories

An Example

Eric M. Metodiev, MIT 9

Listen to the jargon emitted from two different conferences.

𝑁"ROOT"
Conf. 𝐴

𝑁"ROOT"
Conf. 𝐵 =

𝑓Expt.Conf.𝐴

𝑓Expt.Conf.𝐵
𝑁"Trivial"
Conf. 𝐴

𝑁"Trivial"
Conf. 𝐵 =

1 − 𝑓Expt.Conf.𝐴

1 − 𝑓Expt.Conf.𝐵

Deep Learning 
for Jet Tagging? 

Trivial.

Deep Learning 
for Jet Tagging? 

IRC safety!
Use ROOT.



�23Weak supervision turned on its head

Disentangling Jet Categories

An Example

Eric M. Metodiev, MIT 10

Disentangle theorist and experimentalist vocabularies from the jargon at conferences.

Pure theorist and 
experimentalist jargon 
“phase space” is key

𝑁"ROOT"
Conf. 𝐴

𝑁"ROOT"
Conf. 𝐵 =

𝑓Expt.Conf.𝐴

𝑓Expt.Conf.𝐵
𝑁"Trivial"
Conf. 𝐴

𝑁"Trivial"
Conf. 𝐵 =

1 − 𝑓Expt.Conf.𝐴

1 − 𝑓Expt.Conf.𝐵

Deep Learning 
for Jet Tagging? 

IRC safety!

Deep Learning 
for Jet Tagging? 

Trivial.
Use ROOT.



�24Weak supervision turned on its head

Disentangling Jet Categories

Demixing the mixtures

Eric M. Metodiev, MIT 16

𝑝𝐴 𝒙 = 𝑓𝐴
𝑞 𝑝quark 𝒙 + 1 − 𝑓𝐴

𝑞 𝑝gluon(𝒙)
𝑝𝐵 𝒙 = 𝑓𝐵

𝑞 𝑝quark 𝒙 + 1 − 𝑓𝐵
𝑞 𝑝gluon(𝒙)

𝜅AB ≡ min
𝒙

𝑝𝐴 𝒙
𝑝𝐵 𝒙

= 1−𝑓𝐴
𝑞

1−𝑓𝐵
𝑞

𝜅BA ≡ min
𝒙

𝑝𝐵 𝒙
𝑝𝐴 𝒙

= 𝑓𝐵
𝑞

𝑓𝐴
𝑞

𝑓𝐴
𝑞 =

1 − 𝜅AB
1 − 𝜅AB𝜅BA

𝑓B
𝑞 =

𝜅BA(1 − 𝜅AB)
1 − 𝜅AB𝜅BA

With reducibility factors 𝜅AB and 𝜅BA, solve for the quark and gluon fractions and distributions:

𝑝quark 𝒙 = 𝑝𝐴 𝒙 −𝜅AB 𝑝𝐵 𝒙
1−𝜅AB

𝑝gluon 𝒙 = 𝑝𝐵 𝒙 −𝜅BA 𝑝𝐴 𝒙
1−𝜅BA



�25Weak supervision for new physics?

CWoLa Hunting
15

Case Study: Dijet Resonances

How do existing di-SM searches use 

substructure information?

1) Propose specific signal resonance hypothesis

2) Apply pre-defined model-specific substructure cut 

using a couple of expert variables or supervised NN

3) Perform bump-hunt in distribution of selected events 

Z’

W

W

CWoLa Hunting Proposal

1) Propose generic signal resonance hypothesis

2) Let Machine look for signal region overdensity in 

some substructure phase space region

3) Perform bump-hunt in distribution of selected 

events 

Jack Collins
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CWoLa Hunting
16

Fully Supervised learning vs Weak Supervision



�27Weak supervision for new physics?

CWoLa Hunting
34

Mass Scan



�28Autoencoders!

Autoencoder for Physics

• Train on pure QCD light quark/gluon jets

• Use top tagging reference sample 
 https://goo.gl/XGYju3

• Train only on QCD events

• New physics identified as anomaly

• Tail of the loss function 

!5

Autoencoder

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)

3

Input

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)

3

Output

Xij eXij

Gregor Kasieczka 



�29Autoencoders!

Combined Setup

 12

Autoencoder

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)

3

Input

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)

3

Output

Xij eXij

Adversary

fM

LAuto =
X

Pixels ij

⇣
Xij � eXij

⌘

LAdv = CCE
⇣
M, fM(Xij � eXij)

⌘

L = LAuto � �LAdv

Decorrelated Jet Substructure Tagging using 
Adversarial Neural Networks

C Shimmin, P Sadowski, P Baldi, E Weik, D 
Whiteson, E Goul, A Søgaard 1703.03507



�30Autoencoders!

Mass Sculpting
• Counteract with adversary:

• Tune mass dependency with Lagrange multiplier

• Defines control regions in data

!13

L = LAuto � �LAdv
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