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Accelerating HEP Inference 
with Deep Neural Networks
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Luke de Oliveira, Benjamin Nachman, Michela Paganini

Joint WLCG and HSF Workshop, Napoli, March 27, 2018

Phys. Rev. Lett. 120, 042003 (2018), 1705.02355
Phys. Rev. D 97, 014021 (2018), 1712.10321

Comput Softw. Big Sci. (2017) 1: 4, 1701.05927

See also related work by S. Vallecorsa et al. (GeantV), 
 C. Guthrie et al. (NYU), W. Wei et al. (LCD dataset group), 

D. Salamani et al. (Geneva), D. Rousseau et al. (Orsay)

For more 
details:

https://github.com/hep-lbdl (code + data)

https://indico.cern.ch/event/658060/contributions/2890746/
https://indico.cern.ch/event/567550/contributions/2656673/attachments/1511208/2372569/DetSim_MachineLearning.pdf
https://github.com/pinesol/hep-calo-generative-modeling
https://indico.fnal.gov/event/13497/contribution/11/material/slides/0.pdf
https://indico.cern.ch/event/567550/contributions/2656673/attachments/1511208/2372569/DetSim_MachineLearning.pdf
https://indico.in2p3.fr/event/13811/contributions/15450/attachments/12892/15807/tr170615_DavidRousseau_LHC_computing_LSSTLyon_v1.pptx.pdf
https://github.com/hep-lbdl
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Logo: Large

2Simulation at the LHC

Inspired by Sherpa 1.1 
paper - can you spot the 

differences?

Spanning 10-20 m up to 1 m 
can take O(min/event)
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Logo: Large

State-of-the-art for material 
interactions is Geant 4.

Includes electromagnetic and 
hadronic physics with a variety of 

lists for increasing/decreasing 
accuracy (at the cost of time)

This accounts for O(1) fraction 
of all HEP computing resources! 

Material Interactions
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It is important to mention that after 
Geant4, each experiment has 
custom code for digitization

this can also be slow; but is usually 
faster than G4 and reconstruction 

Digitization
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It is important to mention that after 
Geant4, each experiment has 
custom code for digitization

this can also be slow; but is usually 
faster than G4 and reconstruction 

Part IV: Digitization

N.B. calorimeter energy deposits 
factorize (sum of the deposits is 

the deposit of the sum) but 
digitization (w/ noise) does not!

calorimeter energy depositscalorimeter energy deposits

digitization



6

This work: attack the most important part: 
Calorimeter Simulation 

Goal: replace (or augment) simulation steps 
with a faster, powerful generator based on 

state-of-the-art machine learning techniques  
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JetsJets
First step: instead of studying the detailed 

structure of calorimeter showers, we consider
Jet images
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Logo: Large

8And now: Modern Deep NN’s for Generation
Generative Adversarial Networks (GAN):  
A two-network game where one maps noise to images 
and one classifies images as fake or real.

{real,fake}

G
D

DPythia

GAN

noise

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

simulator



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

9Locally 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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10Locally Connected Layers
Locally connected layers 

use filters on small patches
(CNN is then a special 

case with weight sharing)
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11

W - QCD
(GAN)

W - QCD
(Pythia)

Unlike `natural images’, we 
have physically meaningful 

1D manifolds (here, jet mass)

Locally Aware GAN (LAGAN)
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12+ 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!
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13Calorimeter 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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14Generator 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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15Discriminator Network for CaloGAN
help avoid 

‘mode collapse’
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16Average Images
Geant4

CaloGAN
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17“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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18Energy 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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19Shower Energy

Beyond our 
training sample!
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20Timing

Figure 4. Interpolation across physical range of x
0

as a conditioning latent factor for e+ showers.
Note in the ATLAS coordinate system, x represents the vertical direction in this dataset. Each
point in the interpolation is an average of 10 showers, with each point along the traversal build
from an identical latent prior z.

Figure 5. Interpolation across physical range of ✓ as a conditioning latent factor for e+
showers, with ✓ increasing from left to right. Each point in the interpolation is an average
of 10 showers subtracted from the middle point along the interpolation path, with each point
along the traversal build from an identical latent prior z.

controllability of generation procedures, but much future work remains. In particular, a thorough
investigation around dynamics between the attribute estimation portion of the network, ⌅, and
the overall training objective should be pursued, particularly as it relates to the final fidelity of
the attribute estimates. In addition, future work should examine newer GAN formulations (as
outlined in Sec. 3) and their ability to improve image quality.
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Fix noise, scan latent variable corresponding to energy

Fix noise, scan latent variable corresponding to x-position

Figure 2. Nearest GAN-generated neighbors (bottom) for seven random Geant4-generated
e

+ showers (bottom) for the first layer (left), second layer (middle), and last layer (right) of the
calorimeter.

Figure 3. Interpolation across physical range of incident energy as a conditioning latent factor
for e+ showers, with energy increasing from 1 GeV to 100 GeV from left to right. Each point in
the interpolation is an average of 10 showers, with each point along the traversal build from an
identical latent prior z.

for seven Geant4 images and used to validate that (a) our model does not memorize shower
patterns, and (b) that the full space of displacements (both angular and positional) are explored.

At the nearest-neighbor level, the model produces convincing energy deposition patterns, as
shown in Figure 2. The model does not appear to memorize the training dataset. In addition,
positional variance (observed by noticing energy centroid deviations from the center of the
calorimeter image) is well explored by the GAN, as shown by GAN-generated images matching
all positions given by Geant4.

To further verify our models ability to condition on physical attributes, the latent space for
each conditioning variable is traversed, showing how the model learns about each conditioning
factor. In any practical setting, such conditioning mechanisms will need to be tuned to a high
level of fidelity.

To illustrate the model’s internal representation, incident energy, x
0

, and ✓ manifolds are
traversed at regular intervals along the trained range. In Figure 3, incident energy is traversed,
clearly showing more energetic behavior as the incident energy is increased from left to right.

Similarly, the latent space for x

0

is traversed, and the resulting impact on generated image
is shown in Figure 4. We note that as x

0

increases, shower position shifts downward, which is
consistent with the ATLAS coordinates used in the dataset described in Sec. 2.

Finally, as we traverse ✓ (Fig. 5) we illustrate the shower behavior dynamic using a di↵erence
between the middle point in interpolation space and each point along the ✓ traversal. As ✓

increases, we note that the width and dispersion decreases and the showers become significantly
more centralized2, which is consistent with the ATLAS definition of ✓.

7. Conclusion
In this work, we explore the ability of GANs to be conditioned on physically meaningful
attributes towards the ultimate goal of creating a viable, comprehensive solution for fast, high
fidelity simulation of electromagnetic calorimeters. Clearly, GANs show great potential for

2 In Figure 5, areas turning blue indicate that less energy is deposited in that particular section of the image at
a given point in latent space.
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21Timing

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

NVIDIA K80

Intel Xeon 
E5-2670

(clearly these numbers will change as both technologies 
improve - this is simply meant to be qualitative and motivating!)
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22Conclusions and Outlook

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  

Feature Layers

Max-Pooling

Repeat

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 

Neural-network generation is a 
systematically improvable path 

toward a high(er) fidelity simulator.

Implementing these tools in 
an experimental workflow is 
a key challenge but a lot of 
active R&D efforts ongoing!
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24Depth of the shower

Depth-weighted total energy ld
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25Lateral 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.


