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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.
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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.

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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2Methods!

TUnfold, SVD, IBU, QUnfold, NPU, …
Pick-your-favorite profile 

likelihood tool

OmniFold, 
cINN, VLD, 
cDDPM, …

Not fast

Unbinned!
Implicit?
Choose 

your own 
adventure

Repeat

+innovations still incoming (like moment unfolding, response matrix smoothing, posterior response, …)

(see papers on new unfolding methods just this year!) 



3Try them out!

You can do the tutorials any time!  
… and the people who prepared them are 
likely happy to answer your questions :)

https://gitlab.cern.ch/RooUnfold/RooUnfold


4See them in action!

https://indico.cern.ch/event/1357972/contributions/5991477/attachments/2875657/5035943/240610_PHYSTAT.pdf
https://indico.cern.ch/event/1357972/contributions/5960384/attachments/2874708/5034004/20240610_unfolding%20workshop.pdf
https://indico.cern.ch/event/1357972/contributions/5982604/attachments/2874761/5034364/PHYSTAT2024_Unfolding.pdf
https://indico.cern.ch/event/1357972/contributions/5866602/attachments/2874994/5034569/PHYSTAT-BSMunfolding-110624.pdf


5

+CMS open data study

New last week!

New last week!

See them in action!

https://arxiv.org/pdf/2405.20041
https://arxiv.org/pdf/2303.13620.pdf
https://arxiv.org/pdf/2108.12376.pdf
https://arxiv.org/pdf/2307.07718.pdf
https://arxiv.org/pdf/2208.11691.pdf
https://arxiv.org/abs/2205.04459
https://cds.cern.ch/record/2899591/files/SMP-23-008-pas.pdf


6Challenges!

How to pick regularization?

Which method(s)?

What/how uncertainties?

How to present results?



7The conversation continues…
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Unfolding is an active field !

More R&D is required, but in 
parallel, new tools/ideas are already 
starting to deliver science results!

Interesting progress in 
both binned and 

unbinned approaches.



8Thank you for the great discussions!



9Thank you !!



10Safe travels home !

Let’s see how the future unfolds, for unfolding …


(not my pun!)

Dall E 2’s take on “RooUnfold”
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