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T E H MCollider Event
Collection of points in (momentum) space

▸ After “particle-flow reconstruction,”  can think of event as a collection of points in 
momentum space
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T E H MCollider Event
Collection of points in (momentum) space

▸ After “particle-flow reconstruction,”  can think of event as a collection of points in 
momentum space

▸ For jets (localized  
clusters of particles),  
dimensionality 
(Nparticles ∼ 100, 4 + M)
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T E H MCollider Event
Collection of points in (momentum) space

▸ After “particle-flow reconstruction,”  can think of event as a collection of points in 
momentum space

▸ For jets (localized  
clusters of particles),  
dimensionality 
(Nparticles ∼ 100, 4 + M)

▸ Variable jet length  
requires:

▸ Preprocessing into  

another rep. (tab. data, 
 jet images, …)


▸ Truncation to fixed size 

▸ Graph NN
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▸ Tabular data: use physics knowledge to preprocess  
jet information into a set of high-level features


▸ Substructure variable: 

▸ jet mass


▸ energy correlation  functions, e.g. Nβ=1
2 = 2e

β=1
3 /(1e

β=1
3 )2

TABULAR DATA: JET SUBSTRUCTURE VARIABLES
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• N2
1 is defined in terms of 

generalized energy correlation 
functions 
 

 

• behaves similar to two-prong 
tagger N-subjettiness ratio τ21  

• more stable vs jet mass and pT 

• Decorrelated version N2
1,DDT
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Figure 3: (a) Schematic of a 1-prong jet, showing the dominant soft (green) and collinear

(blue) radiation, as well as the characteristic scales zs and ✓cc. (b) Schematic of a 2-

prong jet, showing the dominant soft (green), collinear (blue), and collinear-soft (orange)

radiation, as well as the characteristic scales, zs, ✓cc, zcs, and ✓12.

ment itself allows for a powerful understanding of the jet’s energy and angular structure.

Arguments along these lines are ubiquitous in the e↵ective field theory (EFT) community.

For example, in Soft Collinear E↵ective Theory (SCET) [108–111], they are used to identify

the appropriate EFT modes required to describe a particular set of measurements.

In the context of power counting, soft and collinear emissions are defined by their

parametric scalings. A soft emission, denoted by s, is defined by

zs ⌧ 1 , ✓sx ⇠ 1 . (2.12)

Here, zs is the momentum fraction, as defined in Eq. (2.2), and ✓sx is the angle to any

other particle x in the jet, including other soft particles. The scaling ✓sx ⇠ 1 means that

✓sx is not assigned any parametric scaling associated with the measurement. A collinear

emission, denoted by c, is defined by

zc ⇠ 1 , ✓cc ⌧ 1 , ✓cs ⇠ 1 . (2.13)

Here, ✓cc is the angle between two collinear particles, while ✓cs is the angle between a

collinear particle and a soft particle. In an EFT context, overlaps between soft and collinear

regions are systematically removed using the zero-bin procedure [112], but this is not

relevant for the arguments here. The soft and collinear modes are illustrated in Fig. 3a

and their scalings are summaried in Table 1a.

We now use the simple example of e2 to demonstrate how an applied measurement

sets the scaling of soft and collinear radiation.7 The analysis of more general observables

7In this analysis, we do not consider the scale set by the jet radius, R. For R ⌧ 1, the jet radius must

also be considered in the power counting and the scale R appears in perturbative calculations. For recent

work on the resummation of logarithms associated with this scale, see Refs. [113–116].
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In particular, three dimensionless ratios, corresponding to the three variants of the 3-point cor-420
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Their performance were studied in simulation [49], before and after grooming. From these422

studies we conclude that N2 with b = 1 is the variable which provides the most discrimination423

power and shows similar discrimination power as t21424

The N2 observable has one clear advantage over t21, besides being theoretically well defined,425

and that is its stability against jet mass and pT.426

Because we want to preserve a smoothly falling jet mass distribution as a function of pT, it is427

natural to determine a substructure variable’s stability as a function of the QCD scaling variable428

r = log(m2
SD/p2

T). Since the QCD (quark or gluon-initated) jet mass scales with pT, decorrelat-429

ing a given substructure variable as a function of r and pT is a well-bounded procedure.430

The decorrelation procedure applied is derived for a specific background efficiency point. The431

procedure is described in great detail in this document [49].432

Given this map of the N1
2 as a function of r, at certain fixed background efficiency eQCD, we433

define a transformation which fixes the background efficiency at eQCD. The background effi-434

ciency point has been chosen following the optimization described in sec. 4 for tDDT
21 which435

corresponds to eQCD = 26%.436

The 2D map is shown in Fig. 22 for eQCD = 26%. Therefore, the transformation is defined as:

N1,DDT
2 = N1

2 � N1
2 (cut at 26%) (12)

Using this transformation map, we can show now the correlation between N1,DDT
2 and r. We437

see this in Fig. 21 where now by definition the background is flat at 26% at a cut value of438

N1,DDT
2 = 0.439

In Fig. 23 the jet N1,DDT
2 distribution is shown for the pT leading jet for simulated signal (left)440

and background (right) events.441
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Even more non-linearity: Going Deep

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 

Repeat

Apply deep learning techniques on jet images! [3]

convolutional nets are a standard image 
processing technique; also consider maxout

Figure 5: The convolution neural network concept as applied to jet-images.

4.1 Architectural Selection

For the MaxOut architecture, we utilize two FC layers with MaxOut activation (the first with 256
units, the second with 128 units, both of which have 5 piecewise components in the MaxOut-operation),
followed by two FC layers with ReLU activations (the first with 64 units, the second with 25 units),
followed by a FC sigmoid layer for classification. We found that the He-uniform initialization [35]
for the initial MaxOut layer weights was needed in order to train the network, which we suspect is
due to the sparsity of the jet-image input. In cases where other initialization schemes were used, the
networks often converged to very sub optimal solutions. This network is trained (and evaluated) on
un-normalized jet-images using the transverse energy for the pixel intensities

For the deep convolution networks, we use a convolutional architecture consisting of three sequen-
tial [Conv + Max-Pool + Dropout] units, followed by a local response normalization (LRN) layer [8],
followed by two fully connected, dense layers. We note that the convolutional layers used are so called
“full” convolutions – i.e., zero padding is added the the input pre-convolution. Our architecture can
be succinctly written as:

[Dropout ! Conv ! ReLU ! MaxPool] ⇤ 3 ! LRN ! [Dropout ! FC ! ReLU] ! Dropout ! Sigmoid.

(4.1)
The convolution layers each utilize 32 feature maps, or filters, with filter sizes of 11 ⇥ 11, 3 ⇥ 3,

and 3 ⇥ 3 respectively. All convolution layers are regularized with the L
2 weight matrix norm. A

down-sampling of (2, 2), (3, 3), and (3, 3) is performed by the three max pooling layers, respectively.
A dropout [8] of 20% is used before the first FC layer, and a dropout 10% is used before the output
layer. The FC hidden layer consists of 64 units.

After early experiments with the standard 3 ⇥ 3 filter size, we discovered significantly worse
performance over a more basic MaxOut [7] feedforward network. After further investigation into larger
convolutional filter size, we discovered that larger-than-normal filters work well on our application.
Though not common in the Deep Learning community, we hypothesize that this larger filter size is
helpful when dealing with sparse structures in the input images. In Table 1, we compare di↵erent
filter sizes, finding the optimal filter size of 11⇥ 11, when considering the Area Under the ROC Curve
(AUC) metric, based on the ROC curve outlined in Sections 3 and 5.
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Figure 5: ROC curves for all algorithms evaluated on the same test sample, shown as the
AUC ensemble median of multiple trainings. More precise numbers as well as uncertainty
bands given by the ensemble analysis are given in Tab. 1.

Instead of extracting these performance measures from single models we can use ensembles.
For this purpose we train nine models for each tagger and define 84 ensemble taggers, each time
combining six of them. They allow us to evaluate the spread of the ensemble taggers and define
mean-of-ensemble and median-of-ensemble results. We find that ensembles leads to a 5 ... 15%
improvement in performance, depending on the algorithm. For the uncertainty estimate of the
background rejection we remove the outliers. In Tab. 1 we see that the background rejection
varies from around 1/600 to better than 1/1000. For the ensemble tagger the ParticleNet,
ResNeXt, TreeNiN, and PFN approaches again lead to the best results. Phrased in terms
of the improvement in the signal-to-background ratio they give factors ✏S/✏B > 300, vastly
exceeding the current top tagging performance in ATLAS and CMS.

Altogether, in Fig. 5 and Tab. 1 we see that some of the physics-motivated setups remain
competitive with the technically much more advanced ResNeXt and ParticleNet networks.
This suggests that even for a straightforward task like top tagging in fat jets we can develop
e�cient physics-specific tools. While their performance does not quite match the state-of-
the-art standard networks, it is close enough to test both approaches on key requirements in
particle physics, like treatment of uncertainties, stability with respect to detector e↵ects, etc.

The obvious question in any deep-learning analysis is if the tagger captures all relevant
information. At this point we have checked that including full or partial information on
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AUC Acc 1/✏B (✏S = 0.3) #Param
single mean median

CNN [16] 0.981 0.930 914±14 995±15 975±18 610k
ResNeXt [31] 0.984 0.936 1122±47 1270±28 1286±31 1.46M

TopoDNN [18] 0.972 0.916 295±5 382± 5 378 ± 8 59k
Multi-body N -subjettiness 6 [24] 0.979 0.922 792±18 798±12 808±13 57k
Multi-body N -subjettiness 8 [24] 0.981 0.929 867±15 918±20 926±18 58k
TreeNiN [43] 0.982 0.933 1025±11 1202±23 1188±24 34k
P-CNN 0.980 0.930 732±24 845±13 834±14 348k
ParticleNet [47] 0.985 0.938 1298±46 1412±45 1393±41 498k

LBN [19] 0.981 0.931 836±17 859±67 966±20 705k
LoLa [22] 0.980 0.929 722±17 768±11 765±11 127k
LDA [54] 0.955 0.892 151±0.4 151.5±0.5 151.7±0.4 184k
Energy Flow Polynomials [21] 0.980 0.932 384 1k
Energy Flow Network [23] 0.979 0.927 633±31 729±13 726±11 82k
Particle Flow Network [23] 0.982 0.932 891±18 1063±21 1052±29 82k

GoaT 0.985 0.939 1368±140 1549±208 35k

Table 1: Single-number performance metrics for all algorithms evaluated on the test sample.
We quote the area under the ROC curve (AUC), the accuracy, and the background rejection
at a signal e�ciency of 30%. For the background rejection we also show the mean and median
from an ensemble tagger setup. The number of trainable parameters of the model is given as
well. Performance metrics for the GoaT meta-tagger are based on a subset of events.

the event-level kinematics of the fat jets in the event sample has no visible impact on our
quoted performance metrics. We can then test how correlated the classifier output of the
di↵erent taggers are, leading to the pair-wise correlations for a subset of classifier outputs
shown in Fig. 6. The correlation matrix is given in Tab. 2. As expected from strong classifier
performances, most jets are clustered in the bottom left and top right corners, corresponding
to identification as background and signal, respectively. The largest spread is observed for
correlations with the EFP. Even the two strongest individual classifier outputs with relatively
little physics input — ResNeXt and ParticleNet — are not perfectly correlated.

Given this limited correlation, we investigate whether a meta-tagger might improve per-
formance. Note that this GoaT (Greatest of all Taggers) meta-tagger should not be viewed
as a potential analysis tool, but rather as a benchmark of how much unused information is
still available in correlations. It is implemented as a fully connected network with 5 layers
containing 100-100-100-20-2 nodes. All activation functions are ReLu, apart from the final
layer’s SoftMax. Training is performed with the Adam [30] optimizer with an initial learning
rate of 0.001 and binary cross-entropy loss. We train for up to 50 epochs, but terminate if
there is no improvement in the validation loss for two consecutive epochs, so a typical training
ends after 5 epochs. The training data is provided by individual tagger output on the previous
test sample and split intro three subsets: GoaT-training (160k events), GoaT-testing (160k
events) and GoaT-validation (80k events). We repeat training/testing nine times, re-shu✏ing
the events randomly between the three subsets for each repetition. The standard deviation
of these nine repetitions is reported as uncertainty for GoaT taggers in Tab. 1. We show two
GoaT versions, one using a single output value per tagger as input (15 inputs), and one using

16

arXiv:1902.09914

http://arXiv.org/abs/1902.09914


INNOVATING WITH NEW REPRESENTATIONS 12
arXiv:2007.13681 
arXiv:2012.01249

https://arxiv.org/abs/2007.13681
https://arxiv.org/abs/2012.01249


INNOVATING WITH NEW REPRESENTATIONS 12

▸ In deep learning, tailoring algorithms to the structure (and symmetries) of the 
data has led to groundbreaking performance

arXiv:2007.13681 
arXiv:2012.01249

https://arxiv.org/abs/2007.13681
https://arxiv.org/abs/2012.01249


INNOVATING WITH NEW REPRESENTATIONS 12

▸ In deep learning, tailoring algorithms to the structure (and symmetries) of the 
data has led to groundbreaking performance
▸ CNNs for images

arXiv:2007.13681 
arXiv:2012.01249

https://miro.medium.com/max/700/1*Fw-ehcNBR9byHtho-Rxbtw.gif
https://arxiv.org/abs/2007.13681
https://arxiv.org/abs/2012.01249


INNOVATING WITH NEW REPRESENTATIONS 12

▸ In deep learning, tailoring algorithms to the structure (and symmetries) of the 
data has led to groundbreaking performance
▸ CNNs for images

▸ RNNs for language processing

arXiv:2007.13681 
arXiv:2012.01249

https://miro.medium.com/max/700/1*n-IgHZM5baBUjq0T7RYDBw.gif
https://miro.medium.com/max/700/1*Fw-ehcNBR9byHtho-Rxbtw.gif
https://arxiv.org/abs/2007.13681
https://arxiv.org/abs/2012.01249


INNOVATING WITH NEW REPRESENTATIONS 12

▸ In deep learning, tailoring algorithms to the structure (and symmetries) of the 
data has led to groundbreaking performance
▸ CNNs for images

▸ RNNs for language processing

▸ What about high energy physics data like jets?

arXiv:2007.13681 
arXiv:2012.01249

https://miro.medium.com/max/700/1*n-IgHZM5baBUjq0T7RYDBw.gif
https://miro.medium.com/max/700/1*Fw-ehcNBR9byHtho-Rxbtw.gif
https://arxiv.org/abs/2007.13681
https://arxiv.org/abs/2012.01249


INNOVATING WITH NEW REPRESENTATIONS 12

▸ In deep learning, tailoring algorithms to the structure (and symmetries) of the 
data has led to groundbreaking performance
▸ CNNs for images

▸ RNNs for language processing

▸ What about high energy physics data like jets?

▸ Distributed 
unevenly in space


▸ Sparse

▸ Variable size

▸ No defined order

▸ Interconnections 
→ Graphs

arXiv:2007.13681 
arXiv:2012.01249

https://miro.medium.com/max/700/1*n-IgHZM5baBUjq0T7RYDBw.gif
https://miro.medium.com/max/700/1*Fw-ehcNBR9byHtho-Rxbtw.gif
https://arxiv.org/abs/2007.13681
https://arxiv.org/abs/2012.01249


NODE, EDGE, GRAPH FEATURES IN HEP (E.G. JET) 13



NODE, EDGE, GRAPH FEATURES IN HEP (E.G. JET) 13

p = [E, px, py, pz] ≡ [pT, η, ϕ, m]▸ Node features : particle 4-momentum 
 
 

vi



NODE, EDGE, GRAPH FEATURES IN HEP (E.G. JET) 13

p = [E, px, py, pz] ≡ [pT, η, ϕ, m]

ΔR = Δη2 + Δϕ2

▸ Node features : particle 4-momentum 
 
 

vi

▸ Edge features : pseudoangular distance 
between particles 
 
 
 

ek



NODE, EDGE, GRAPH FEATURES IN HEP (E.G. JET) 13

p = [E, px, py, pz] ≡ [pT, η, ϕ, m]

ΔR = Δη2 + Δϕ2

m = ∑
i∈jet

E2
i − p2

x,i − p2
y,i − p2

z,i

▸ Node features : particle 4-momentum 
 
 

vi

▸ Edge features : pseudoangular distance 
between particles 
 
 
 

ek

▸ Graph (global) features : jet massu



" ÅĎ· Ď»±{Ď�55±ï" ÅĎ· Ď»±{Ď�55±ïHOW TO USE GNNS IN HEP 14Source: https://youtu.be/uF53xsT7mjc

ϕ(xi, xj)

https://youtu.be/uF53xsT7mjc


" ÅĎ· Ď»±{Ď�55±ï" ÅĎ· Ď»±{Ď�55±ï" ÅĎ· Ď»±{Ď�55±ïHOW TO USE GNNS IN HEP 14Source: https://youtu.be/uF53xsT7mjc

▸ Node-level tasks

▸ Identify "pileup" particles

ϕ(xi, xj)

https://youtu.be/uF53xsT7mjc


" ÅĎ· Ď»±{Ď�55±ï" ÅĎ· Ď»±{Ď�55±ï" ÅĎ· Ď»±{Ď�55±ïHOW TO USE GNNS IN HEP 14" ÅĎ· Ď»±{Ď�55±ï Source: https://youtu.be/uF53xsT7mjc

▸ Node-level tasks

▸ Identify "pileup" particles

▸ Graph-level tasks

▸ Jet tagging

ϕ(xi, xj)

https://youtu.be/uF53xsT7mjc


" ÅĎ· Ď»±{Ď�55±ï" ÅĎ· Ď»±{Ď�55±ï" ÅĎ· Ď»±{Ď�55±ïHOW TO USE GNNS IN HEP 14" ÅĎ· Ď»±{Ď�55±ï" ÅĎ· Ď»±{Ď�55±ï Source: https://youtu.be/uF53xsT7mjc

▸ Node-level tasks

▸ Identify "pileup" particles

▸ Graph-level tasks

▸ Jet tagging

▸ Edge-level tasks

▸ Identify good track doublets

ϕ(xi, xj)

https://youtu.be/uF53xsT7mjc


coordinates features

EdgeConv Block
k = 16, C = (64, 64, 64)

EdgeConv Block
k = 16, C = (128, 128, 128)

EdgeConv Block
k = 16, C = (256, 256, 256)

Global Average Pooling

Fully Connected
256, ReLU, Dropout = 0.1

Fully Connected
2

Softmax

PARTICLENET: GNN FOR TAGGING H(BB) IN CMS 15
arXiv:1902.08570 
CMS-DP-2020-002" ÅĎ· Ď»±{Ď�55±ï

https://arxiv.org/abs/1902.08570
https://cds.cern.ch/record/2707946/


coordinates features

EdgeConv Block
k = 16, C = (64, 64, 64)

EdgeConv Block
k = 16, C = (128, 128, 128)

EdgeConv Block
k = 16, C = (256, 256, 256)

Global Average Pooling

Fully Connected
256, ReLU, Dropout = 0.1

Fully Connected
2

Softmax

▸ ParticleNet, using “dynamic edge convolutions:” graph is constructed based on 
“closeness” in an abstract “latent” space 

PARTICLENET: GNN FOR TAGGING H(BB) IN CMS 15
arXiv:1902.08570 
CMS-DP-2020-002" ÅĎ· Ď»±{Ď�55±ï

https://arxiv.org/abs/1902.08570
https://cds.cern.ch/record/2707946/


8

Figure 3. Performance of the algorithms for identifying hadronically decaying Higgs bosons (Left: H→bb; Right:
H→cc). A selection on the jet mass, 90 < mSD < 140 GeV, is applied in addition to the ML-based identification
algorithm when evaluating the signal and background efficiencies. For the signal (background), the generated
Higgs bosons (quarks and gluons) are required to satisfy 500 < pT < 1000 GeV and |η| < 2.4. For each of the two
DeepAK8-DDT algorithms, the marker indicates the performance of the nominal working point, DeepAK8-DDT
> 0, and its background efficiency (shown in the vertical axis) is different from the design value (5% or 2%) due to
the additional selection on the jet mass.
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▸ ParticleNet, using “dynamic edge convolutions:” graph is constructed based on 
“closeness” in an abstract “latent” space 

▸ Identifies H(bb) with an efficiency of ~50% while rejecting 99.9% of 
background
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2⨉ improvement 
over previous  

non-GNN algorithm!
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Figure 1: An illustration of the di�erences between symmetry group invariance and equivariance for the
example case of identifying a handwritten letter in an image. Here, 5 : - ! . is a map between vector spaces
- and . . d6 (G) ⌘ d(6, G) is an action of a group ⌧ on - and d
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. . The invariant model (left) will output the same result on both the original and translated images, while the
equivariant model (right) will transform the translated image in a way that reflects the underlying symmetry
group. More formally, this means that the map 5 is equivariant with respect to the actions d : ⌧ ⇥ - ! -

and d
0 : ⌧ ⇥ . ! . if 5 (d6 (G)) = d
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Lorentz Group Equivariant Block. We use hl = (hl1, h
l
2, · · · , hlN ) to denote the node

embedding scalars, and xl = (xl1, x
l
2, · · · , xlN ) to denote the coordinate embedding vectors in

the l-th LGEB layer. When l = 0, x0i equals the input of the 4-momenta vi and h0i equals the
embedded input of the scalar variables si. LGEB aims to learn deeper embeddings hl+1, xl+1

via current hl, xl. Motivated by Equation (3.1), the message passing of LorentzNet is written
as follows. We use mij to denote the edge message between particle i and j, and it encodes
the scalar information of the particle i and j, i.e.,

ml
ij = �e

⇣
hli, h

l
j , (kxli � xljk2), (hxli, xlji)

⌘
, (3.2)

where �e(·) is a neural network and  (·) = sgn(·) log(| · | + 1) in Equation (3.2) is to
normalize large numbers from broad distributions for ease of optimization. Except for the
embedding of the scalar features hli and hlj , according to Proposition 3.1, the input of the
neural network contains the Minkowski dot product hxi, xji. The kxli�xljk2 is also included
because the interaction between particles relies on this term and we include it as a prior
feature for ease of learning.

According to Equation (3.1), we design Minkowski dot product attention as

xl+1
i = xli + c

X

j2[N ]

�x(m
l
ij) · xlj (3.3)

where �x(·) 2 R is a scalar function modeled by neural networks. To ensure the equiv-
ariance, we can not arbitrarily apply the normalization trick to control the scale of xl+1

i .
Therefore, the hyperparameter c is introduced to control the scale of xl+1

i to avoid the scale
exploding. This step captures the interactions of the i-th particle with other particles via
the ensemble of the 4-momenta of all particles. Unlike most of the symmetry-preserving
neural networks such as LGN and EGNN [56] (for E(n) equivariance)1 which only apply

1
The relation with EGNN is discussed in the Appendix B.
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If we perform Lorentz boost along the x-spatial axis, then the Lorentz transformation
between these two frames is the matrix

Q =

0

BBB@

� ��� 0 0

��� � 0 0

0 0 1 0

0 0 0 1

1

CCCA
.

Lorentz group equivariance. Let Tg : V ! V and Sg : U ! U be group actions of
g 2 G on sets V and U , respectively. We say a function � : V ! U is equivariant to group
G if

�(Tg(v)) = Sg(�(v)) (2.1)

holds for all v 2 V and g 2 G. In this work, we only consider the case that the type of
the output is a scalar or vector. Therefore, we explore the following equivariance on a set
of particles V 2 RN⇥4. Let Q be the Lorentz transformation, the Lorentz equivariance of
�(·) means:

Q�(v) =�(Qv), for �(v) 2 R4; (2.2)
�(v) =�(Qv), for �(v) 2 R. (2.3)

Note that when the output is a scalar, the group equivariance equals the group invariance.

2.3 Graph Neural Network for Particle Cloud

A jet can be denoted as a graph when we regard the constituent particles as nodes. For the
particle with index i, we use its 4-momentum vector vi = (Ei, pix, p

i
y, p

i
z) as the coordinate

of node i in Minkowski space. We use si = (si1, s
i
2, · · · , si↵) to denote the scalars, such as

mass, charge and particle identity information, etc, which compose the node attributes.
Now fi = vi � si contains essential features for tagging. The graph can be denoted as
G = (V,E) where V is the set of nodes and E is the set of edges. The edges characterize
the message passing between two particles, hence the interaction of two individual sets of
particle-wise features. If there is no such interaction, there will be no edge between the two
corresponding nodes. Here, we regard the graph as a fully connected graph as we do not
assume that we have any prior on the interactions among these particles.

Graph neural networks are natural to learn representations for graph-structured data
[62]. Given a graph G = (V,E), assuming L steps in total, the l-th message passing step
on the graph can be described as [63]:

ml+1
i =

X

j2N (i)

Ml(h
l
i, h

l
j , eij); (2.4)

hl+1
i = Ul(h

l
i,m

l+1
i ); (2.5)

where h0i = fi is the input feature, eij is the edge feature, N (i) is the set of neighbors of
the node i, and Ml, Ul are neural networks. For a classification problem, the output ŷ can
be obtained by applying the softmax function after decoding {hLi ; i 2 [N ]}.
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Model Accuracy AUC 1/"B
("S = 0.5)

1/"B
("S = 0.3)

ResNeXt 0.936 0.9837 302± 5 1147± 58

P-CNN 0.930 0.9803 201± 4 759± 24

PFN 0.932 0.9819 247± 3 888± 17

ParticleNet 0.940 0.9858 397± 7 1615± 93

EGNN 0.922 0.9760 148± 8 540± 49

LGN 0.929 0.9640 124± 20 435± 95

LorentzNet 0.942 0.9868 498± 18 2195± 173

Table 1. Performance comparison between LorentzNet and other representative algorithms on top
tagging dataset. The results for LorentzNet and EGNN are averaged on 6 runs. The results for
other baselines are referred to [36, 37, 61].

Model Accuracy AUC 1/"B
("S = 0.5)

1/"B
("S = 0.3)

ResNeXt 0.821 0.8960 30.9 80.8

P-CNN 0.827 0.9002 34.7 91.0

PFN � 0.9005 34.7± 0.4 �
ParticleNet 0.840 0.9116 39.8± 0.2 98.6± 1.3

EGNN 0.803 0.8806 26.3± 0.3 76.6± 0.5

LGN 0.803 0.8324 16.0 44.3

LorentzNet 0.844 0.9156 42.4± 0.4 110.2± 1.3

Table 2. Performance comparison between LorentzNet and other representative algorithms on
quark-gluon tagging dataset. The results for LorentzNet, EGNN and LGN are averaged on 6 runs.
The results for other baselines are referred to [36, 37].

Figure 2. A comparison of ROC curves between LorentzNet and other algorithms on top tagging
dataset (left) and quark-gluon dataset (right).
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Model Equivariance Accuracy AUC 1/"B
("S = 0.5)

1/"B
("S = 0.3)

LorentzNet (w/o) 7 0.934 0.9832 290± 30 1105± 59

LorentzNet 3 0.942 0.9868 498± 18 2195± 173

Table 4. Performance comparison between LorentzNet and corresponding non-equivalent version
on top tagging dataset. Both of the results are averaged on 6 runs.

gap between the tagging accuracy and AUC between LorentzNet and ParticleNet becomes
larger as the number of training data becomes smaller. The results clearly show the benefit
of the preservation of Lorentz group symmetry in jet tagging.

4.4 Equivariance test

Another advantage of symmetry-preserving deep learning models is their robustness under
Lorentz transformation. To verify it, we rotate the test data by Lorentz transformation with
different scales of � along the x�axis, i.e., the value of (E, px) in the 4-momentum vector
will be rotated. As � becomes larger, the difference between the distributions of training
and test data will become larger. We test the model trained on the original training data,
and the tagging accuracy on the rotated test data is reported in Fig. 3. The horizontal
axis of Fig. 3 shows the value of � and the vertical axis shows the tagging accuracy on the
top tagging dataset under Lorentz transformation with corresponding �. The results show
that the accuracy of LorentzNet and LGN on the test data after Lorentz transformation is
robust in a large range of �, while the test accuracy of other non-equivariant models will
drop as � becomes larger. According to special relativity, the fundamental quantities to
clarify the particles will not be changed. Even compared with LGN, LorentzNet is more
stable when � approaches 1, and the instability of LGN is caused by the rounding errors in
float arithmetic as described in its original paper [61].

Figure 3. Equivariant test under Lorentz boosts on top tagging dataset.
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LANDSCAPE OF BSM SEARCHES
▸ Supervised = full label information
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LANDSCAPE OF BSM SEARCHES
▸ Supervised = full label information
▸ Semi-supervised = partial labels
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LANDSCAPE OF BSM SEARCHES
▸ Supervised = full label information
▸ Semi-supervised = partial labels
▸ Weakly-supervised = noisy labels 
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36Unsupervised

Typically, the goal of these methods is to look 
for events with low p(background)

Unsupervised = no labels

M. Farina, Y. Nakai, D. Shih, 1808.08992; T. Heimel, G. 
Kasieczka, T. Plehn, J. Thompson, 1808.08979; + many more

One strategy (autoencoders) is to try to compress 
events and then uncompress them.  When x is far from 
uncompres(compress(x)), then x probably has low p(x).

LANDSCAPE OF BSM SEARCHES
▸ Supervised = full label information
▸ Semi-supervised = partial labels
▸ Weakly-supervised = noisy labels 
▸ Unsupervised = no labels
▸ Example: autoencoders compress data and 

then uncompress it

▸ Assumption: if  is far from 
, then  has low 

x
Decoder(Encoder(x)) x pbkgd(x)
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LHC OLYMPICS 2020 21

▸ Challenge with “black box” signals run in 2020—2021

▸ Plethora of new techniques
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GENERATIVE ADVERSARIAL NETWORKS

▸ Train two neural networks in tandem: 


▸ one to generate realistic “fake” data 


▸ the other to discriminate “real” from “fake” data
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GENERATIVE ADVERSARIAL NETWORKS

▸ Train two neural networks in tandem: 


▸ one to generate realistic “fake” data 


▸ the other to discriminate “real” from “fake” data
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GENERATIVE AI EVALUATION METRICS
▸ Evaluation of generative models is in general difficult

▸ We want to evaluate quantitatively: 

▸ the quality of the data

▸ the diversity of the data 

▸ ultimately, physics performance


▸ To do so, we proposed with four physics- and computer-vision-inspired metrics
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On the Evaluation of Generative Models in High Energy Physics

Raghav Kansal,⇤ Anni Li, and Javier Duarte
University of California, San Diego

Nadezda Chernyavskaya, Maurizio Pierini
European Center for Nuclear Research (CERN)

Breno Orzari, Thiago Tomei
Universidade Estadual Paulista, São Paulo/SP

(Dated: November 16, 2022)

There has been a recent explosion in research into machine-learning- (ML-) based generative
modeling to tackle computational challenges for simulations in high energy physics (HEP). In order
to use such alternative simulators in practice, we need a well defined metrics to compare di↵erent
generative models and evaluate their discrepancy from the true distributions. We present the first
systematic review and investigation into evaluation metrics and their sensitivity to failure models
of generative models, using the framework of two-sample goodness-of-fit testing, and their relevance
and viability for HEP. Inspired by previous work in both physics and computer vision, we propose
two new metrics, the Fréchet and Kernel Physics Distances (FPD and KPD), and perform a variety
of experiments measuring their performance on simple Gaussian-distributed, and simulated high
energy jet datasets. We find FPD, in particular, to be the most sensitive metric to all alternative
jet distributions tested and recommend its adoption, along with KPD and Wasserstein distances
between individual feature distributions, for evaluating generative models in HEP. We finally demon-
strate the e�cacy of these proposed metrics in evaluating and comparing a novel attention-based
generative model, GAPT, to the state-of-the-art MPGAN jet simulation model.

I. INTRODUCTION

In high energy physics (HEP), accurate simulations are
critical for precision measurements and searches such as
those performed at the CERN Large Hadron Collider
(LHC). These are traditionally performed using Monte
Carlo (MC) event generators, detailed modeling of parti-
cles’ propagation and interaction through detectors (typ-
ically with the GEANT4 [1] package), and reconstruction
algorithms to unfold detector measurements back to par-
ticles and high-level objects such as jets. While these
methods have been highly successful for the physics goals
of the LHC, scaling up to the simulation challenges of
the upcoming high-luminosity phase of the LHC (HL-
LHC) [2] necessitates significant advancements in speed
and resource requirements [3–5], while maintaining the
quality of current simulations.

To tackle this problem, a plethora of techniques for
fast simulation of calorimeter showers and jets have been
developed and explored in the last few years, particularly
using generative modeling techniques in machine learn-
ing (ML) [6–21]. Reviews of these approaches can be
found in Refs. [22, 23]. For an experimental collabora-
tion to apply one of these techniques in real data anal-
yses, however, they require methods to objectively com-
pare the performance of di↵erent simulation techniques
and extensively validate the produced simulations. This
calls for the study and adoption of standard quantitative
evaluation metrics for generative modeling in HEP.

⇤
Also at Fermilab; rkansal@ucsd.edu

Recently, several metrics have been proposed to ad-
dress this challenge. However, to our knowledge, there
has been no systematic investigation of their sensitivity
to expected failure modes of generative models, and their
relevance to validation and feasibility for broad adop-
tion in HEP. To this end, we study the performance of
proposed metrics from HEP and computer vision. In-
spired by both domains, we develop two novel metrics we
call the Frèchet and Kernel Physics Distances (FPD and
KPD, respectively), and find them to collectively have
excellent sensitivity to all tested data mismodeling, and
to satisfy practical requirements for evaluation and com-
parison of generative models in HEP. We conclude our
experiments by recommending the adoption of FPD and
KPD, along with quantifying di↵erences in individual fea-
ture distributions using the Wasserstein 1-Distance, and
demonstrate their use in evaluating a novel attention-
based generative model we call the generative adversarial
particle transformer, or GAPT. How

to
re-
move
this
white
space?

This paper is structured as follows. In Section II we
define our criteria for evaluation metrics in HEP and re-
view existing metrics. We present results on the perfor-
mance of these metrics on Gaussian-distributed synthetic
toy data and simulated high energy jets in Sections III
and IV respectively. Based on these experiments, we pro-
vide our recommendations and concretely illustrate their
application by evaluating and comparing GAPT to the
current state-of-the-art (SOTA) MPGAN [17] model in
Section V. Finally, we conclude in Section VI.

New print on arXiv this week!
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CALO CHALLENGE
▸ Ongoing challenge for generative modeling of calorimeter showers in HEP!

▸ Many new approaches presented at ML4Jets 2022: https://indico.cern.ch/

event/1159913/

calochallenge.github.io 26

� Shower images
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DIFFUSION MODELS IN HEP
▸ Diffusion models 

have very recently 
dethroned GANs for 
natural images


▸ Generative model is 
trained using a 
diffusion process that 
slowly perturbs the 
data by adding noise 
— model learns to 
denoise


▸ Generation of new 
samples by reversing 
the diffusion process

arXiv:2011.13456 
arXiv:2206.11898 27

3

t=1t=0 t=0.75t=0.25

Forward diffusion (training)

Reverse-time diffusion (data generation)

FIG. 1. The score-based generative model is trained using a di↵usion process that slowly perturbs the data. Generation of new
samples is carried out by reversing the di↵usion process using the learned score-function, or the gradient of the data density.
For di↵erent time-steps, we show the distribution of deposited energies versus generated particle energies (top) and the energy
deposition in a single layer of a calorimeter (bottom), generated with our proposed CaloScore model.

data, matching the score of the smearing function re-
quires computing the smeared data and an expectation
value over the smeared data.

Given a Gaussian perturbation kernel p�(x̃|x) :=
N (x,�2) and p�(x̃) :=

R
pdata(x)p�(x̃|x)dx, the proba-

bility density of the perturbed data, the loss function
minimized during training is:

1

2
Ep�(x̃|x)pdata

h
ks✓(x̃)�rx̃ log p�(x̃|x)k

2
2

i
. (4)

The advantage of this strategy is that we can directly
estimate the last term in Eq. 4, since:

rx̃ log p�(x̃|x) =
x� x̃

�2
⇠

N (0, 1)

�
(5)

The time component can be made explicit by rewriting
the loss function in Eq. 4 as:

1

2
EtEp(xt|x0)p(x0)

h
�(t) ks✓(x, t)�rxt log pt(xt|x0)k

2
2

i
.

(6)
The weighting function �(t) : R ! R ensures

the loss function has the same order of magnitude at
all times and is chosen to be inversely proportional

to E
h
krxt log pt(xt|x0)k

2
2

i
. When the drift coe�cient

f(x, t) is chosen to be an a�ne function of x, the result-
ing perturbation kernel is always Gaussian [58] and can
be chosen such that both mean and variance are known
in closed form, making Eq. 6 e�cient to compute during
training.

III. CHOICE OF DRIFT AND DIFFUSION
COEFFICIENTS

In this work we investigate three di↵erent choices of
drift and di↵usion coe�cients that result in perturbation
kernels that are easy to calculate in closed form. The
first SDE, initially proposed in [53], is defined as:

dx =

r
d[�2(t)]

dt
dw. (7)

The parameter �(t) = �min

⇣
�max
�min

⌘t
is defined with

�min = 0.01 and �max = 50 to ensure x(1) ⇠ N (0,�2
max)

is independent from x(0). Since the time-dependent vari-
ance of the resulting perturbation explodes when t ! 1,
this SDE is often referred to variance exploding (VE)
SDE.
The second SDE is a continuous version of the discrete

▸ Distribution of deposited energies for generated 
particle energies (top) and the energy deposition in a 
single layer of a calorimeter (bottom) vs time step

https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2206.11898
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▸ Codesign: intrinsic development 
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training, and implementation 

▸ Compression


▸ Maintain high performance while 
removing redundant operations

▸ Quantization


▸ Reduce precision from 32-bit 
floating point to 16-bit, 8-bit, …

▸ Parallelization


▸ Balance parallelization (how fast) 
with resources needed (how costly)
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▸ hls4ml for scientists or ML experts to translate ML algorithms into RTL firmware
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▸ Can we use unsupervised algorithms to detect non-SM-like anomalies?
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6

AUTOENCODERS FOR ANOMALY DETECT ION

Using Autoencoders for anomaly detection 
Encode input in smaller dimensional space 
Train on typical LHC background 
Anomalous data will have higher loss  
Calculating the loss requires to store the input until the 
output is computed

3.2 Baseline performance

The models described in the previous section are trained with floating point precision on an NVIDIA RTX2080 GPU.
We refer to these models as baseline (B). Figures 4 and 5 shows the distribution of the anomaly-detection scores
considered in this paper (IO AD for the AE models, Rz and DKL(ADs for the VAE models). For completeness, results
obtained from the IO AD score of the VAE models are also shown.

Figure 4: Distribution of four anomaly detection scores (IO AD for AE and VAE models, Rzand DKLADs for the VAE
models) for the DNN model, for the SM cocktail and the four new physics benchmark models.

The model performance is assessed using the four new physics benchmark models. The receiver operating characteristic
(ROC) curves in Fig. 6 show the dependence of the true positive rate (TPR) as a function of the false positive rate (FPR),
computing by changing the lower threshold applied on the different anomaly scores. We further quantify the anomaly
detection performance quoting the area under the ROC curve (AUC) and the TPR corresponding to to a working point
of SM false positive rate "SM = 10

�5 (see Table 1), which corresponds to the average of ⇡ 1000 SM events accepted
every month [1].
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term [57] usually adopted for VAEs

DKL(~µ,~�) = �
1

2

X

i

�
log(�2

i )� �2
i � µ2

i + 1
�
, (2)

and � is a hyperparameter defined in the range [0, 1] [58].

Both models are trained for 100 epochs with a batch size
of 1024, using early stopping if there is no improvement in
the loss observed after ten epochs. All models are trained
with floating point precision on an NVIDIA RTX2080
GPU. We refer to these as the baseline floating-point
(BF) models.

IV. ANOMALY DETECTION SCORES

An autoencoder is optimized to retain the minimal set
of information needed to reconstruct a accurate estimate
of the input. During inference, an autoencoder might have
problems generalizing to features it was not exposed to
during training. Selecting events where the autoencoder
output is far from the given input is often seen as an
e↵ective AD algorithm. For this purpose, one could use
a metric that measures the distance between the input
and the output. The simplest solution is to use the same
metric that defines the training loss function. In our case,
we use the MSE between the input and the output. We
refer to this strategy as input-output (IO) AD.

In the case of a VAE deployed in the L1T, one cannot
simply exploit an IO AD strategy since this would require
sampling random numbers on the FPGA. The trigger
decision would not be deterministic, something usually
tolerated only for service triggers, and not for triggers
serving physics studies. Moreover, one would have to store
random numbers on the FPGA, which would consume
resources and increase the latency. To deal with this
problem, we consider an alternative strategy by defining
an AD score based on the ~µ and ~� values returned by
the encoder (see Eq. (1)). In particular, we consider two
options: the KL divergence term entering the VAE loss
(see Eq. (2)) and the z-score of the origin ~0 in the latent
space with respect to a Gaussian distribution centered at
~µ with standard deviation ~� [10]:

Rz =
X

i

µ2
i

�2
i

. (3)

These two AD scores have several benefits we take advan-
tage of: Gaussian sampling is avoided; we save significant
resources and latency by not evaluating the decoder; and
we do not need to bu↵er the input data for computation
of the MSE. During the model optimization, we tune
� so that we obtain (on the benchmark signal models)
comparable performance for the DKL AD score and the
IO AD score of the VAE.

V. PERFORMANCE AT FLOATING-POINT
PRECISION

The model performance is assessed using the four new
physics benchmark models. The anomaly-detection scores
considered in this paper are IO AD for the AE models,
Rz and DKL ADs for the VAE models. For completeness,
results obtained from the IO AD score of the VAE models
are also shown. The receiver operating characteristic
(ROC) curves in Figures II and III show the true positive
rate (TPR) as a function of the false positive rate (FPR),
computed by changing the lower threshold applied on the
di↵erent anomaly scores. We further quantify the AD
performance quoting the area under the ROC curve (AUC)
and the TPR corresponding to a FPR working point of
10�5 (see Table I), which on this dataset corresponds to
the reduction of the background rate to approximately
1000 events per month.

From the ROC curves, we conclude that DKL can be
used as an anomaly metric for both the DNN and CNN
VAE. This has the potential to significantly reduce the
inference latency and on-chip resource consumption as
only half of the network (the encoder) needs to be evalu-
ated and that there no longer is a need to bu↵er the input
in order to compute an MSE loss. The Rz metric per-
forms worse and is therefore not included in the following
studies.

VI. MODEL COMPRESSION

We adopt di↵erent strategies for model compression.
First of all, we compress the BF model by pruning the
dense and convolutional layers by 50% of their connec-
tions, following the same procedure as Ref. [19]. Pruning
is enforced using the polynomial decay implemented in
TensorFlow pruning API, a Keras-based [59] inter-
face consisting of a simple drop-in replacement of Keras
layers. A sparsity of 50% is targeted, meaning only 50%
of the weights are retained in the pruned layers and the
remaining ones are set to zero. The pruning is set to start
from the fifth epoch of the training to ensure the model
is closer to a stable minimum before removing weights
deemed unimportant. By pruning the BF model layers
to a target sparsity of 50%, the number of floating-point
operations required when evaluating the model, can be
significantly reduced. We refer to the resulting model
as the baseline pruned (BP) model. For the VAE, only
the encoder is pruned, since only that will be deployed
on FPGA. The BP models are taken as a reference to
evaluate the resource saving of the following compression
strategies, including QAT and PTQ.
Furthermore, we perform a QAT of each model de-

scribed in Section III, implementing them in the QKeras
library [23]. The bit precision is scanned between 2 and
16 with a 2-bit step. When quantizing a model, we also
impose a pruning of the dense (convolutional) layers by
50%, as done for the DNN (CNN) BP models. The results

Key observation: Can build an anomaly 
score from the latent space of VAE directly! 
No need to run decoder!
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Model DSP [%] LUT [%] FF [%] BRAM 
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II  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TPR @ 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CNN VAE 
Rz

10 12 4 2 365 115 86 0.06%

CNN AE 7 47 5 6 1480 895 96 0.10%
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▸ VAE fits in latency and resource requirements for HL-LHC!
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Even more non-linearity: Going Deep

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 
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Repeat

Apply deep learning techniques on jet images! [3]

convolutional nets are a standard image 
processing technique; also consider maxout

Figure 5: The convolution neural network concept as applied to jet-images.

4.1 Architectural Selection

For the MaxOut architecture, we utilize two FC layers with MaxOut activation (the first with 256
units, the second with 128 units, both of which have 5 piecewise components in the MaxOut-operation),
followed by two FC layers with ReLU activations (the first with 64 units, the second with 25 units),
followed by a FC sigmoid layer for classification. We found that the He-uniform initialization [35]
for the initial MaxOut layer weights was needed in order to train the network, which we suspect is
due to the sparsity of the jet-image input. In cases where other initialization schemes were used, the
networks often converged to very sub optimal solutions. This network is trained (and evaluated) on
un-normalized jet-images using the transverse energy for the pixel intensities

For the deep convolution networks, we use a convolutional architecture consisting of three sequen-
tial [Conv + Max-Pool + Dropout] units, followed by a local response normalization (LRN) layer [8],
followed by two fully connected, dense layers. We note that the convolutional layers used are so called
“full” convolutions – i.e., zero padding is added the the input pre-convolution. Our architecture can
be succinctly written as:

[Dropout ! Conv ! ReLU ! MaxPool] ⇤ 3 ! LRN ! [Dropout ! FC ! ReLU] ! Dropout ! Sigmoid.

(4.1)
The convolution layers each utilize 32 feature maps, or filters, with filter sizes of 11 ⇥ 11, 3 ⇥ 3,

and 3 ⇥ 3 respectively. All convolution layers are regularized with the L
2 weight matrix norm. A

down-sampling of (2, 2), (3, 3), and (3, 3) is performed by the three max pooling layers, respectively.
A dropout [8] of 20% is used before the first FC layer, and a dropout 10% is used before the output
layer. The FC hidden layer consists of 64 units.

After early experiments with the standard 3 ⇥ 3 filter size, we discovered significantly worse
performance over a more basic MaxOut [7] feedforward network. After further investigation into larger
convolutional filter size, we discovered that larger-than-normal filters work well on our application.
Though not common in the Deep Learning community, we hypothesize that this larger filter size is
helpful when dealing with sparse structures in the input images. In Table 1, we compare di↵erent
filter sizes, finding the optimal filter size of 11⇥ 11, when considering the Area Under the ROC Curve
(AUC) metric, based on the ROC curve outlined in Sections 3 and 5.

– 8 –

As a concrete example of Eq. (4.1), consider:
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Thus, we only need to perform summations for the computation of prime EFPs, with the

composite ones given by Eq. (4.1). Note that if one were combining EFPs with a nonlinear

method, such as a neural network, the composite EFPs would not be needed as separate inputs

since the model could in principle learn to compute them on its own. The composite EFPs

are, however, required to have a linear basis and should be included when linear methods are

employed, such as those in Secs. 5 and 6.

The relationship between prime and composite EFPs is just the simplest example of

the algebraic structure of the energy flow basis. The EFPs depend on M energies and
�M
2

�

pairwise angles, but there are only 3M � 4 degrees of freedom for the phase space of M

massless particles, leading generically to additional (linear) relations among the EFPs. Hence,

the EFPs are an overcomplete linear basis. We leave further analysis and exploration of these

relations to future work, and simply remark here that linear methods continue to work even

if there are redundancies in the basis elements.

4.2 Dispelling the O(MN ) myth for N-particle correlators

It is useful to analyze the complexity of computing an EFP.7 A naive implementation of

Eq. (1.1) runs in O(MN ) due to the N nested sums over M particles. There is a computational

simplification, however, that can be used to tremendously speed up calculations of certain

EFPs by making use of the graph structure of G. As an example, consider the following EFP:
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(4.3)

which can be computed in O(M2) rather than O(M4) by first computing the M objects in

parentheses in Eq. (4.3) and then performing the overall sum.

In general, since the summand is a product of factors, the distributive property allows

one to put parentheses around combinations of sum operators and factors. A clever choice

of such parentheses, known as an elimination ordering, can often be used to perform the N

sums of Eq. (1.1) in a way which greatly reduces the number of operations needed to obtain

the value of the EFP for a given set of particles. This technique is known as the Variable

Elimination (VE) algorithm [77] (see also Ref. [112] for a review).

7
The title of this section is inspired by Ref. [111].
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▸ Different representations of HEP data, from 

tabular data, image data, set data, graph data, 
paired with corresponding algorithms can 
achieve excellent performance
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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.  
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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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Figure 5: The convolution neural network concept as applied to jet-images.

4.1 Architectural Selection

For the MaxOut architecture, we utilize two FC layers with MaxOut activation (the first with 256
units, the second with 128 units, both of which have 5 piecewise components in the MaxOut-operation),
followed by two FC layers with ReLU activations (the first with 64 units, the second with 25 units),
followed by a FC sigmoid layer for classification. We found that the He-uniform initialization [35]
for the initial MaxOut layer weights was needed in order to train the network, which we suspect is
due to the sparsity of the jet-image input. In cases where other initialization schemes were used, the
networks often converged to very sub optimal solutions. This network is trained (and evaluated) on
un-normalized jet-images using the transverse energy for the pixel intensities

For the deep convolution networks, we use a convolutional architecture consisting of three sequen-
tial [Conv + Max-Pool + Dropout] units, followed by a local response normalization (LRN) layer [8],
followed by two fully connected, dense layers. We note that the convolutional layers used are so called
“full” convolutions – i.e., zero padding is added the the input pre-convolution. Our architecture can
be succinctly written as:

[Dropout ! Conv ! ReLU ! MaxPool] ⇤ 3 ! LRN ! [Dropout ! FC ! ReLU] ! Dropout ! Sigmoid.

(4.1)
The convolution layers each utilize 32 feature maps, or filters, with filter sizes of 11 ⇥ 11, 3 ⇥ 3,

and 3 ⇥ 3 respectively. All convolution layers are regularized with the L
2 weight matrix norm. A

down-sampling of (2, 2), (3, 3), and (3, 3) is performed by the three max pooling layers, respectively.
A dropout [8] of 20% is used before the first FC layer, and a dropout 10% is used before the output
layer. The FC hidden layer consists of 64 units.

After early experiments with the standard 3 ⇥ 3 filter size, we discovered significantly worse
performance over a more basic MaxOut [7] feedforward network. After further investigation into larger
convolutional filter size, we discovered that larger-than-normal filters work well on our application.
Though not common in the Deep Learning community, we hypothesize that this larger filter size is
helpful when dealing with sparse structures in the input images. In Table 1, we compare di↵erent
filter sizes, finding the optimal filter size of 11⇥ 11, when considering the Area Under the ROC Curve
(AUC) metric, based on the ROC curve outlined in Sections 3 and 5.
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As a concrete example of Eq. (4.1), consider:
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Thus, we only need to perform summations for the computation of prime EFPs, with the

composite ones given by Eq. (4.1). Note that if one were combining EFPs with a nonlinear

method, such as a neural network, the composite EFPs would not be needed as separate inputs

since the model could in principle learn to compute them on its own. The composite EFPs

are, however, required to have a linear basis and should be included when linear methods are

employed, such as those in Secs. 5 and 6.

The relationship between prime and composite EFPs is just the simplest example of

the algebraic structure of the energy flow basis. The EFPs depend on M energies and
�M
2

�

pairwise angles, but there are only 3M � 4 degrees of freedom for the phase space of M

massless particles, leading generically to additional (linear) relations among the EFPs. Hence,

the EFPs are an overcomplete linear basis. We leave further analysis and exploration of these

relations to future work, and simply remark here that linear methods continue to work even

if there are redundancies in the basis elements.

4.2 Dispelling the O(MN ) myth for N-particle correlators

It is useful to analyze the complexity of computing an EFP.7 A naive implementation of

Eq. (1.1) runs in O(MN ) due to the N nested sums over M particles. There is a computational

simplification, however, that can be used to tremendously speed up calculations of certain

EFPs by making use of the graph structure of G. As an example, consider the following EFP:
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which can be computed in O(M2) rather than O(M4) by first computing the M objects in

parentheses in Eq. (4.3) and then performing the overall sum.

In general, since the summand is a product of factors, the distributive property allows

one to put parentheses around combinations of sum operators and factors. A clever choice

of such parentheses, known as an elimination ordering, can often be used to perform the N

sums of Eq. (1.1) in a way which greatly reduces the number of operations needed to obtain

the value of the EFP for a given set of particles. This technique is known as the Variable

Elimination (VE) algorithm [77] (see also Ref. [112] for a review).

7
The title of this section is inspired by Ref. [111].
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SUMMARY AND OUTLOOK
▸ Different representations of HEP data, from 

tabular data, image data, set data, graph data, 
paired with corresponding algorithms can 
achieve excellent performance

▸ Plethora of ML techniques in HEP from anomaly 
detection to generative modeling have exploded 
in recent years

▸ Availability of public datasets and challenges 

have advanced the state-of-the-art
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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.  
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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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Figure 5: The convolution neural network concept as applied to jet-images.

4.1 Architectural Selection

For the MaxOut architecture, we utilize two FC layers with MaxOut activation (the first with 256
units, the second with 128 units, both of which have 5 piecewise components in the MaxOut-operation),
followed by two FC layers with ReLU activations (the first with 64 units, the second with 25 units),
followed by a FC sigmoid layer for classification. We found that the He-uniform initialization [35]
for the initial MaxOut layer weights was needed in order to train the network, which we suspect is
due to the sparsity of the jet-image input. In cases where other initialization schemes were used, the
networks often converged to very sub optimal solutions. This network is trained (and evaluated) on
un-normalized jet-images using the transverse energy for the pixel intensities

For the deep convolution networks, we use a convolutional architecture consisting of three sequen-
tial [Conv + Max-Pool + Dropout] units, followed by a local response normalization (LRN) layer [8],
followed by two fully connected, dense layers. We note that the convolutional layers used are so called
“full” convolutions – i.e., zero padding is added the the input pre-convolution. Our architecture can
be succinctly written as:

[Dropout ! Conv ! ReLU ! MaxPool] ⇤ 3 ! LRN ! [Dropout ! FC ! ReLU] ! Dropout ! Sigmoid.

(4.1)
The convolution layers each utilize 32 feature maps, or filters, with filter sizes of 11 ⇥ 11, 3 ⇥ 3,

and 3 ⇥ 3 respectively. All convolution layers are regularized with the L
2 weight matrix norm. A

down-sampling of (2, 2), (3, 3), and (3, 3) is performed by the three max pooling layers, respectively.
A dropout [8] of 20% is used before the first FC layer, and a dropout 10% is used before the output
layer. The FC hidden layer consists of 64 units.

After early experiments with the standard 3 ⇥ 3 filter size, we discovered significantly worse
performance over a more basic MaxOut [7] feedforward network. After further investigation into larger
convolutional filter size, we discovered that larger-than-normal filters work well on our application.
Though not common in the Deep Learning community, we hypothesize that this larger filter size is
helpful when dealing with sparse structures in the input images. In Table 1, we compare di↵erent
filter sizes, finding the optimal filter size of 11⇥ 11, when considering the Area Under the ROC Curve
(AUC) metric, based on the ROC curve outlined in Sections 3 and 5.
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Thus, we only need to perform summations for the computation of prime EFPs, with the

composite ones given by Eq. (4.1). Note that if one were combining EFPs with a nonlinear
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4.2 Dispelling the O(MN ) myth for N-particle correlators

It is useful to analyze the complexity of computing an EFP.7 A naive implementation of

Eq. (1.1) runs in O(MN ) due to the N nested sums over M particles. There is a computational
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which can be computed in O(M2) rather than O(M4) by first computing the M objects in

parentheses in Eq. (4.3) and then performing the overall sum.

In general, since the summand is a product of factors, the distributive property allows

one to put parentheses around combinations of sum operators and factors. A clever choice

of such parentheses, known as an elimination ordering, can often be used to perform the N

sums of Eq. (1.1) in a way which greatly reduces the number of operations needed to obtain
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SUMMARY AND OUTLOOK
▸ Different representations of HEP data, from 

tabular data, image data, set data, graph data, 
paired with corresponding algorithms can 
achieve excellent performance

▸ Plethora of ML techniques in HEP from anomaly 
detection to generative modeling have exploded 
in recent years

▸ Availability of public datasets and challenges 

have advanced the state-of-the-art
▸ Fast ML can accelerate science allowing us to test  

hypotheses faster, enhance performance of 
detectors/accelerators, and save potentially 
overlooked data
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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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Figure 5: The convolution neural network concept as applied to jet-images.

4.1 Architectural Selection

For the MaxOut architecture, we utilize two FC layers with MaxOut activation (the first with 256
units, the second with 128 units, both of which have 5 piecewise components in the MaxOut-operation),
followed by two FC layers with ReLU activations (the first with 64 units, the second with 25 units),
followed by a FC sigmoid layer for classification. We found that the He-uniform initialization [35]
for the initial MaxOut layer weights was needed in order to train the network, which we suspect is
due to the sparsity of the jet-image input. In cases where other initialization schemes were used, the
networks often converged to very sub optimal solutions. This network is trained (and evaluated) on
un-normalized jet-images using the transverse energy for the pixel intensities

For the deep convolution networks, we use a convolutional architecture consisting of three sequen-
tial [Conv + Max-Pool + Dropout] units, followed by a local response normalization (LRN) layer [8],
followed by two fully connected, dense layers. We note that the convolutional layers used are so called
“full” convolutions – i.e., zero padding is added the the input pre-convolution. Our architecture can
be succinctly written as:

[Dropout ! Conv ! ReLU ! MaxPool] ⇤ 3 ! LRN ! [Dropout ! FC ! ReLU] ! Dropout ! Sigmoid.

(4.1)
The convolution layers each utilize 32 feature maps, or filters, with filter sizes of 11 ⇥ 11, 3 ⇥ 3,

and 3 ⇥ 3 respectively. All convolution layers are regularized with the L
2 weight matrix norm. A

down-sampling of (2, 2), (3, 3), and (3, 3) is performed by the three max pooling layers, respectively.
A dropout [8] of 20% is used before the first FC layer, and a dropout 10% is used before the output
layer. The FC hidden layer consists of 64 units.

After early experiments with the standard 3 ⇥ 3 filter size, we discovered significantly worse
performance over a more basic MaxOut [7] feedforward network. After further investigation into larger
convolutional filter size, we discovered that larger-than-normal filters work well on our application.
Though not common in the Deep Learning community, we hypothesize that this larger filter size is
helpful when dealing with sparse structures in the input images. In Table 1, we compare di↵erent
filter sizes, finding the optimal filter size of 11⇥ 11, when considering the Area Under the ROC Curve
(AUC) metric, based on the ROC curve outlined in Sections 3 and 5.
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pairwise angles, but there are only 3M � 4 degrees of freedom for the phase space of M

massless particles, leading generically to additional (linear) relations among the EFPs. Hence,

the EFPs are an overcomplete linear basis. We leave further analysis and exploration of these

relations to future work, and simply remark here that linear methods continue to work even

if there are redundancies in the basis elements.

4.2 Dispelling the O(MN ) myth for N-particle correlators

It is useful to analyze the complexity of computing an EFP.7 A naive implementation of

Eq. (1.1) runs in O(MN ) due to the N nested sums over M particles. There is a computational

simplification, however, that can be used to tremendously speed up calculations of certain

EFPs by making use of the graph structure of G. As an example, consider the following EFP:

=
MX

i1=1

MX

i2=1

MX

i3=1

MX

i4=1

zi1zi2zi3zi4✓i1i2✓i1i3✓i1i4 =
MX

i1=1

zi1

 
MX

i2=1

zi2✓i1i2

!3

,

(4.3)

which can be computed in O(M2) rather than O(M4) by first computing the M objects in

parentheses in Eq. (4.3) and then performing the overall sum.

In general, since the summand is a product of factors, the distributive property allows

one to put parentheses around combinations of sum operators and factors. A clever choice

of such parentheses, known as an elimination ordering, can often be used to perform the N

sums of Eq. (1.1) in a way which greatly reduces the number of operations needed to obtain

the value of the EFP for a given set of particles. This technique is known as the Variable

Elimination (VE) algorithm [77] (see also Ref. [112] for a review).

7
The title of this section is inspired by Ref. [111].
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