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Deep Neural Networks 
for Jet Images
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Logo: Large

Lawrence Berkeley National Laboratory

Benjamin Nachman

APS DPF 2017

Tuesday, August 1st 2017

Outline: Jet Images intro ⇢ Classification 
              ⇢ Regression ⇢ Generation
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Logo: Large

2Quantum Chromodynamics (QCD)
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3Quantum Chromodynamics (QCD)

JetsJets
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4The Jet Image

jet

jet

proton-proton 
collision into/
out-of page

not to scale

jet image

jet image

�

 [G
eV

]
T

Pi
xe

l p

1

10

210

)η[Translated] Pseudorapidity (
-1 -0.5 0 0.5 1

)φ
[T

ra
ns

la
te

d]
 A

zi
m

ut
ha

l A
ng

le
 (

-1

-0.5

0

0.5

1

Jet Image: A two-dimensional fixed representation of the  
_________radiation pattern inside a jet

Boosted W ⇢ qq’
Not unlike a 2D 

calorimeter!

..and nothing like a 
‘natural’ image!

J. Cogan et al. 1407.5675
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5Why images?
Can directly visualize physics
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there is information encoded in the 
physical distance between pixels

octet ⇢ qq’

singlet ⇢ qq’

and we can benefit from the 
extensive image processing literature

(will mention other fixed representations later)
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6Why jets?
A jet is defined by a clustering algorithm (=unsupervised learning)

← Some recent attempts to 
even cluster jets using 

modern ML tools.

L. Mackey, BPN, A. Schwartzman, 
C. Stansbury, 1509.02216
Louppe et. al, 1702.00748

2. Mixture Model Jets 9

where x = x1, ...,xn are the observations (consisting for the moment of observations of par-
ticle positions (⌘,�)), ⇡

j

is the weight of cluster j so that
���
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|✓
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) is a
probability density on the same space as the observations were drawn from (in our case
the surface of the calorimeter), parameterized by variables ✓

j

. Also highlighted in the ex-
pression is a quantity much like the likelihood L for a single one of the observations for a
given set of model parameters ✓, which will become important when we discuss optimiz-
ing to find maximal likelihood choices of the parameters ✓. We observe in eq. 2.1 that the
mixture density is a ~

⇡-weighted linear combination of the mixture components �(x
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| ✓
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).
The learning objective for the model is to maximize the likelihood, or equivalently the
complete log likelihood (CLL), over all observations as a function of the model parameters
✓

j

and mixture weights ⇡
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, as given in eq. 2.1. Using the mixture density, the probability
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and so can be thought of as the normalized probability “coming from” the component j of
the mixture density.

Fuzzy Jets is Mixture Modeling

Given distribution � with parameters ~µ + fixed number of clusters k , learn

p(~X ) =
kX
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Generative model for choosing particle locations by:
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See also Bayesian Model-based Clustering
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Conrad Stansbury (SLAC) Fuzzy Jets February 11, 2015 5 / 27

Figure 2.1.: An example of the learned per-particle probability density specified in Eq. 2.1
with k = 3 and Gaussian � in n = 2 dimensions. The clusters are the individual
densities �

i

=�(µ
i

,⌃
i

) which are weighted by a prior density ⇡

j

.

In order for the mixture in eq. 2.1 to model the population of all observations, we would
hope that the shapes of the component distribution � should model the shape of the sub-
populations in the data. While this is ideal, in practice it is common to choose a normal
distribution with parameters ✓

j

=
⇣
µ

j

,⌃
j

⌘
, an m-dimensional mean giving the location of

BUT these “clusters” also have physical meaning 
e.g. can be calculated in perturbation theory

→ a great testing ground 
to bridge state-of-the-art 

ML techniques with 
physically meaningful/

interpretable algorithms
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7Pre-processing and Special Relativity

Pre-processing is an important 
aspect of image recognition
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However, some steps can 
damage the physics information 

content of a jet image

I won’t discuss this in detail here, but 
I bring it up so you are aware of it!
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h

f

particle 1 with pT = 1

particle 2 with pT = 1

The mass of this ‘jet’ is ~1.7 
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8Pre-processing: Rotations

f = +1

f = -1



particle 1 with pT = 1

particle 2 with pT = 1

If we rotate the jet 
by p/2, then the new 

jet mass is ~2.4
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9Pre-processing: Rotations

h

f
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h = -1
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10Modern Deep NN’s for Classification

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.  

Jet Image

Convolution Max-Pool Convolution Max-Pool Flatten

Fully  
Connected 
ReLU Unit

ReLU Dropout ReLU Dropout
Local 

Response 
Normalization

W’→ WZ event

Convolutions
Convolved  
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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.

Luke de Oliveiraa, Michael Aaron Kaganb, Lester Mackeyc, Benjamin Nachmanb, Ariel Schwartzmanb 

 
aStanford University, Institute for Computational and Mathematical Engineering (ICME), bSLAC National Accelerator Laboratory,  cStanford University, Department of Statistics 

Subsequent 
developments:

G. Kasieczka et al. 1701.08784 (top-tagging)

J. Barnard et al. 1609.00607 (W-tagging)
P. Komiske et al. 1612.01551 (q/g-tagging)

P. Baldi et al. 1603.09349 (W-tagging)

Convolved Feature Layers

L. de Oliviera, M. Kagan, L. Mackey, BPN, A. Schwartzman 1511.05190
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11Modern Deep NN’s for Classification
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12Learning about Learning
Jet images afford a lot of natural visualization 

as a community, we have also developed many techniques
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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.  

Jet Image
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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.

Luke de Oliveiraa, Michael Aaron Kaganb, Lester Mackeyc, Benjamin Nachmanb, Ariel Schwartzmanb 

 
aStanford University, Institute for Computational and Mathematical Engineering (ICME), bSLAC National Accelerator Laboratory,  cStanford University, Department of Statistics 
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https://indico.cern.ch/event/395374/session/6/contribution/50/attachments/1186157/1720276/SLAC_StanfordHEPML.pdf
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Every pp collision comes with 
O(10-100) other collisions we 

don’t care about (pileup)

Pileup is a strange sort of noise 
because we can measure ~2/3 of 

it (charged pileup)

https://indico.cern.ch/event/579660/contributions/2575091/attachments/1495728/2327132/BOOST_PUMML_EMM.pdf
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Inputs to NN | {z }
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Figure 1: An illustration of the convolutional neural net architecture. The input is a three-

channel image: blue represents charged radiation from the leading vertex, green is charged

pileup radiation and red is the total neutral radiation. The resolution of the charged images is

higher than for the neutral one. These images are fed into a convolutional layer with several

filters whose value at each pixel is a function of a patch around that pixel location in the

input images. The output is an image combining the pixels of each filter to one output pixel.
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Natural application of 

convolutional filters!

https://indico.cern.ch/event/579660/contributions/2575091/attachments/1495728/2327132/BOOST_PUMML_EMM.pdf
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“Pileup Mitigation with 
Machine Learning”
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https://indico.cern.ch/event/579660/contributions/2575091/attachments/1495728/2327132/BOOST_PUMML_EMM.pdf
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16And now: Modern Deep NN’s for Generation

DPythiaWhen D is maximally 
confused, G will be 
a good generator Physics-based 

simulator

M. Paganini, L. de Oliveira, and BPN 1705.05927, 1705.02355

{real,fake}

G
D

GAN

noise

Generative Adversarial Networks (GAN):  
A two-network game where one maps noise to images 
and one classifies images as fake or real.
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W - QCD
(GAN)

W - QCD
(Pythia)

Unlike `natural images’, we 
have physically meaningful 

1D manifolds (here, jet mass)

Locally Aware GAN (LAGAN)
M. Paganini, L. de Oliveira, and BPN 1705.05927
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18+ More Layers for Generation

η
z

φ

What about multiple layers with 
non-uniform granularity and a 

causal relationship?

Not jet images per se, 
but the technology is 

more general than jets!

M. Paganini, L. de Oliveira, 
and BPN 1705.02355
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19Average Images
Geant4

CaloGAN

M. Paganini, L. de Oliveira, and BPN 1705.02355



CMYK - 95c / 9m / 0y / 83kPantone - PMS 547U

Logo: Small Color: please use the mix appropriate to your application

Default Typefaces

DEFAULT SAN SERIF TYPEFACE DEFAULT SERIF TYPEFACE

Arial
Regular
Italic
Bold
Bold Italic

ABCDEFGHIJKLMNOPQRSTUVWXYZ
abcdefghijklmnopqrstuvwxyz
1234567890

Rev 09/23/14

RGB - R 0 / G 57 / B 90 

Berkeley Lab Logo Usage

Times New Roman
Regular
Italic
Bold
Bold Italic

ABCDEFGHIJKLMNOPQRSTUVWXYZ
abcdefghijklmnopqrstuvwxyz
1234567890

Logo: Large

20Timing

Generation Method Hardware Batch Size milliseconds/shower
GEANT4 CPU N/A 1772

1 13.1
10 5.11
128 2.19

CPU

1024 2.03
1 14.5
4 3.68
128 0.021
512 0.014

CALOGAN

GPU

1024 0.012

Table 2: Total expected time (in milliseconds) required to generate a single shower under
various algorithm-hardware combinations.

21

M. Paganini, L. de Oliveira, and BPN 1705.02355
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21Conclusions

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.  

Jet Image
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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.

Luke de Oliveiraa, Michael Aaron Kaganb, Lester Mackeyc, Benjamin Nachmanb, Ariel Schwartzmanb 

 
aStanford University, Institute for Computational and Mathematical Engineering (ICME), bSLAC National Accelerator Laboratory,  cStanford University, Department of Statistics 

(Jet) image-based NN classification, 
regression, and generation are 

powerful tools for fully exploiting the 
physics program at the LHC

The key to robustness is to 
study what is being learned; 
this may even help us to learn 

something new!

Beyond our 
training sample!
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22Workshop Advertisement

link

https://indico.physics.lbl.gov/indico/event/546/manage/general/
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24GAN Code and documentation

All of our training samples are public as is our 
generation, training, and plotting code:

https://github.com/hep-lbdl

1705.02355	 1701.05927	

you can find more documentation about the 
LAGAN and CaloGAN on the arXiv:

http://arxiv.org/abs/1705.02355
http://arxiv.org/abs/1701.05927
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25Locally Aware GAN (LAGAN)
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26Locally Connected Layers
Due to the structure of the problem, 

we do not have translation invariance.

However, convolutional-like architectures 
are still useful to e.g. reduce parameters

Classification 
studies found fully 

connected networks 
outperformed CNNs
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27Locally Connected Layers
Locally connected layers 

use filters on small patches
(CNN is then a special 

case with weight sharing)
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28Calorimeter Simulation
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We take as our model a 3-
layer LAr calorimeter, 
inspired by the ATLAS 
barrel EM calorimeter 

A single event may have O(103) 
of particles showering in the 

calorimeter - too cumbersome 
to do all at once (now)

We exploit factorization of 
energy depositions
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29Generator Network for CaloGAN
One ‘jet image’ 
per calo layer

One network per particle type; 
input particle energy

ReLU to 
encourage 

sparsity

use layer i as 
input to layer i+1
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30Discriminator Network for CaloGAN
help avoid 

‘mode collapse’
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31“Overtraining”

no mode 
collapse

not 
memorizing

A key challenge in training GANs is the diversity of generated 
images. This does not seem to be a problem for CaloGAN.
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32Energy per layer

N.B. can always add these (and 
others) explicitly to the training

Pions deposit much less energy 
in the first layers; leave the 

calorimeter with significant energy  
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33Depth of the shower

Depth-weighted total energy ld
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34Lateral spread

These moments and others are useful 
for classification; we have also tested 
this as a metric (NN on 3D images)

The much larger variation in the pion 
showers is a challenge for the network.
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35Shower Energy

Beyond our 
training sample!
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36Where to next

Non-uniform geometry 
as a function of h

Add angle in addition to energy; 
hadronic calorimeter

ηz

φ

Integration within experiments (ATLAS 
and possibly others?) and collaboration 

with other efforts (e.g. GeantV)


