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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.
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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.
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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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2Snowmass

• Complete a letter of interest 
• Develop a plan for completing a white paper 

• Could be the “proceedings” activity of this 
year’s BOOST.  Timescale: ~1 year.

Plan for today:

The Particle Physics Community Planning Exercise (a.k.a. “Snowmass”) is organized by the 
Division of Particles and Fields (DPF) of the American Physical Society. Snowmass is a 
scientific study. It provides an opportunity for the entire particle physics community to come 
together to identify and document a scientific vision for the future of particle physics in the U.S. 
and its international partners. The P5 (Particle Physics Project Prioritization Panel) will take the 
scientific input from Snowmass and develop a strategic plan for U.S. particle physics that can 
be executed over a 10 year timescale, in the context of a 20-year global vision for the field.

- https://snowmass21.org
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This will be interactive!  At the very least, you will have 
a chance to enter your name in the letter of interest.  
Please also consider contributing to the discussion!



4Letter of Interest

https://docs.google.com/document/d/1bbunwSYY3-
dtSNwaNCVDS0k5RKNYEAcKUSU8qg8mYl0/edit

“…The focus will be on qualitatively new capabilities…”
We should try to keep a focused scope to the extent possible.



5White paper plan

• Everyone is busy so it would be good to carefully 
consider what to say and what new studies (if any) are 
actually need to make our case.

• Remember, our ultimate goals are to influence the 
decision on the choice of the next energy frontier 
machine, influence the decision of the detectors (and 
other expensive resources like trigger/computing) at 
said machine and the EIC, and to make a case for 
funding research / training programs in jet substructure 
(P5 driver?).



6White paper plan proposal

• A few working groups, where we collect existing studies and make 
projections for the future.  I think it may be possible to craft such a 
report without extensive MC studies: 

• Theory precision
• Standard model parameters (𝛼s (including running), mtop, etc.) 
• Unique tests of fundamental physics 
• General-purpose Monte Carlo generators 

• Experimental precision
• Detector optimization (e.g. calorimeter granularity) 
• Low-level calibration 
• Online algorithms 

• Enhancing sensitivity 
• Uncovered scenarios (e.g. LLP/complex dark sectors) 
• New observables (track-based, …) 
• Machine learning
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• If people agree with the plan, I am happy to help lead.  I 
would propose to make an egroup / slack channel to 
coordinate activities.   

• We can then make an overleaf where an outline can 
naturally evolve and we can attach names to sections.

• Would be great to have contributions from anyone who 
wants to participate (and anyone should be able to 
sign), but should have a smaller coordinating / editing 
group.



8Discussion

• First, let’s go over the LOI

• Then, let’s discuss the white paper plan


