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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.  

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.
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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.

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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Suppose that a given 
phase space point x, there 
is a non-trivial distribution 

of weights p(w|x).
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Part II: Neural Reweighting

Suppose that a given 
phase space point x, there 
is a non-trivial distribution 

of weights p(w|x).
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Part I: “Positive” Reweighting

Part II: Neural Reweighting

Suppose that a given 
phase space point x, there 
is a non-trivial distribution 

of weights p(w|x).

Suppose that x is 
continuous and/or 
high dimensional



6Weighted events

Consider the usual expectation value of an observable:

(for example, could be the content of a histogram bin)

hO(x)i ⇡ Ô(x) ⌘
NX

i=1

wi O(xi)
<latexit sha1_base64="cdiy0wxDAONqeVjlGUad5/qvdqQ="></latexit>

For simplicity, the weights are normalized to 1
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sum over distinct observable values
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sum over distinct observable values
Only sensitive to 

the average weight



9Resampling

If there is no information in p(w | O(x) ) except the 
average, we can replace all w’s with <w | O(x) >

J. Andersen, C. Gutshow, A. Maier, and Stefan Prestel, 2005.09375

{(O, w1), (O, w2), (O, w3)} ! {(O, ŵ), (O, ŵ), (O, ŵ)}
<latexit sha1_base64="nfaCqfQ9wfv9w+lCGDJtjs0GHXE="></latexit>



10Resampling

In fact, you can replace all events with O(x)=o with k 
events that all have O(x) = o and weight k <	w | O(x) >

J. Andersen, C. Gutshow, A. Maier, and Stefan Prestel, 2005.09375

{(O, w1), (O, w2), (O, w3)} ! {(O, ŵ), (O, ŵ), (O, ŵ)}
<latexit sha1_base64="nfaCqfQ9wfv9w+lCGDJtjs0GHXE="></latexit>

{(O, ŵ), (O, ŵ), (O, ŵ)} ! {(O, 3ŵ)}
<latexit sha1_base64="6q3rCZsWqZYte05Wd7s//cF1IWQ=">AAACV3iclVFNS8NAEN3Er1q/Uj16CbaCQilJe9Cj6MWbFWwVmlIm2227dLMJuxOlhPxJ8eJf8aLbD1BbLz5YeLx5Mzv7NkwE1+h575a9tr6xuVXYLu7s7u0fOKXDto5TRVmLxiJWTyFoJrhkLeQo2FOiGEShYI/h+GZaf3xmSvNYPuAkYd0IhpIPOAU0Us+RlUqQnQUR4IiCyO7yajACzF7y8+o/1CAPFB+OEJSKX5bmNb5NlUrPKXs1bwZ3lfgLUiYLNHvOa9CPaRoxiVSA1h3fS7CbgUJOBcuLQapZAnQMQ9YxVELEdDeb5ZK7p0bpu4NYmSPRnak/OzKItJ5EoXFOF9bLtan4V62T4uCym3GZpMgknV80SIWLsTsN2e1zxSiKiSFAFTe7unQECiiaryiaEPzlJ6+Sdr3mN2r1+3r56noRR4EckxNyRnxyQa7ILWmSFqHkjXxYa9a69W592pt2YW61rUXPEfkFu/QFEqS1Jg==</latexit>

If there is no information in p(w | O(x) ) except the 
average, we can replace all w’s with <w | O(x) >
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In fact, you can replace all events with O(x)=o with k 
events that all have O(x) = o and weight k <	w | O(x) >

Why is this useful?  If k << no, then we can pass 
far fewer events through our detector simulation !! 

J. Andersen, C. Gutshow, A. Maier, and Stefan Prestel, 2005.09375

{(O, w1), (O, w2), (O, w3)} ! {(O, ŵ), (O, ŵ), (O, ŵ)}
<latexit sha1_base64="nfaCqfQ9wfv9w+lCGDJtjs0GHXE="></latexit>

{(O, ŵ), (O, ŵ), (O, ŵ)} ! {(O, 3ŵ)}
<latexit sha1_base64="6q3rCZsWqZYte05Wd7s//cF1IWQ=">AAACV3iclVFNS8NAEN3Er1q/Uj16CbaCQilJe9Cj6MWbFWwVmlIm2227dLMJuxOlhPxJ8eJf8aLbD1BbLz5YeLx5Mzv7NkwE1+h575a9tr6xuVXYLu7s7u0fOKXDto5TRVmLxiJWTyFoJrhkLeQo2FOiGEShYI/h+GZaf3xmSvNYPuAkYd0IhpIPOAU0Us+RlUqQnQUR4IiCyO7yajACzF7y8+o/1CAPFB+OEJSKX5bmNb5NlUrPKXs1bwZ3lfgLUiYLNHvOa9CPaRoxiVSA1h3fS7CbgUJOBcuLQapZAnQMQ9YxVELEdDeb5ZK7p0bpu4NYmSPRnak/OzKItJ5EoXFOF9bLtan4V62T4uCym3GZpMgknV80SIWLsTsN2e1zxSiKiSFAFTe7unQECiiaryiaEPzlJ6+Sdr3mN2r1+3r56noRR4EckxNyRnxyQa7ILWmSFqHkjXxYa9a69W592pt2YW61rUXPEfkFu/QFEqS1Jg==</latexit>

If there is no information in p(w | O(x) ) except the 
average, we can replace all w’s with <w | O(x) >
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What if the phase space is not discrete?

B. Nachman and J. Thaler, Phys. Rev. D 102 (2020) 076004 · 2007.11586

Ôpatch ⇡ O(xpatch)

npatchX

i=1

wi

<latexit sha1_base64="QWBR9UdIhfyIn2VkGlna1cUrWBI="></latexit>

Consider a small patch around each point in phase space 
where the observable is approximately constant.

wnew,patch
<latexit sha1_base64="7a+YRbYn/pdPDmDev/jz3KOuEyw=">AAAB/3icbVA9SwNBEN3zM8avqGBjc5gIFhLuYqFl0MYygvmA5Dj2NpNkyd7esTtnDGcK/4qNhSK2/g07/42bj0ITHww83pthZl4QC67Rcb6tpeWV1bX1zEZ2c2t7Zze3t1/TUaIYVFkkItUIqAbBJVSRo4BGrICGgYB60L8e+/V7UJpH8g6HMXgh7Ure4YyikfzcYaEw8FsID5hKGJzFFFlvVCj4ubxTdCawF4k7I3kyQ8XPfbXaEUtCkMgE1brpOjF6KVXImYBRtpVoiCnr0y40DZU0BO2lk/tH9olR2nYnUqYk2hP190RKQ62HYWA6Q4o9Pe+Nxf+8ZoKdSy/lMk4QJJsu6iTCxsgeh2G3uQKGYmgIZYqbW23Wo4oyNJFlTQju/MuLpFYquufF0m0pX76axZEhR+SYnBKXXJAyuSEVUiWMPJJn8krerCfrxXq3PqatS9Zs5oD8gfX5Ay7ulY4=</latexit>

⇡ O(xpatch)

npatch/kX

j=1

 
k

npatch

npatchX

i=1

wi

!
⇡ O(xpatch)

npatch/kX

j=1

khW ipatch

<latexit sha1_base64="lmR4/8HPJ5GfIwpERjYZAqFLxro="></latexit>



13Local (Resampling + Uncertainties)

B. Nachman and J. Thaler, Phys. Rev. D 102 (2020) 076004 · 2007.11586

Not all values of k are equally good. 

A good choice of k would be one  
that preserves the uncertainty  

(all values of k preserve the central value)

In the patch, match the sum of the squares of the weights:

npatch/kX

i=1

w2
new,patch =

npatchX

i=1

w2
i

<latexit sha1_base64="SLzdJUwdsQwW5PPBhwBMQlcARzo="></latexit>
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B. Nachman and J. Thaler, Phys. Rev. D 102 (2020) 076004 · 2007.11586

Not all values of k are equally good. 

A good choice of k would be one  
that preserves the uncertainty  

(all values of k preserve the central value)

In the patch, match the sum of the squares of the weights:

w2
new,patch =

k

npatch

npatchX

i=1

w2
i ⇡ khW 2ipatch

<latexit sha1_base64="dao8475DtqBpkBHYPoab7F43x4Q="></latexit>

npatch/kX

i=1
<latexit sha1_base64="g78mIVoeGkiREzfElutMiQt0+WA="></latexit>
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B. Nachman and J. Thaler, Phys. Rev. D 102 (2020) 076004 · 2007.11586

wnew,patch ⇡ khW ipatch
<latexit sha1_base64="6gKh5WsIh3QaO3x2hj1f0OB+GmM="></latexit>

w2
new,patch ⇡ khW 2ipatch

<latexit sha1_base64="u16uaaRX/XpU1aVnEA6VIiLLlWI="></latexit>

=) kpatch ⇡ hW 2ipatch
hW i2patch

<latexit sha1_base64="+E4byDQn4t6oyn6C11IesVgK9nc="></latexit>
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B. Nachman and J. Thaler, Phys. Rev. D 102 (2020) 076004 · 2007.11586

wnew,patch ⇡ khW ipatch
<latexit sha1_base64="6gKh5WsIh3QaO3x2hj1f0OB+GmM="></latexit>

w2
new,patch ⇡ khW 2ipatch

<latexit sha1_base64="u16uaaRX/XpU1aVnEA6VIiLLlWI="></latexit>

=) kpatch ⇡ hW 2ipatch
hW i2patch

<latexit sha1_base64="+E4byDQn4t6oyn6C11IesVgK9nc="></latexit>

Now, take the continuum limit:

K(X) ⇡ hW 2|Xi
hW |Xi2

<latexit sha1_base64="xZyanyY1+KY0Qq8IdzINRIFknfQ=">AAACKXicbVDLSsNAFJ34rPUVdelmsBHqpiRxocuiG8FNBfuApi2T6aQdOpmEmYlYYn/Hjb/iRkFRt/6I07T4aD0wcO4593LnHj9mVCrbfjcWFpeWV1Zza/n1jc2tbXNntyajRGBSxRGLRMNHkjDKSVVRxUgjFgSFPiN1f3A+9us3REga8Ws1jEkrRD1OA4qR0lLHLFvWZbFx5KE4FtGtFwiEU48h3mME1tvuXcMTWTH6Ub+1tjuyrI5ZsEt2BjhPnCkpgCkqHfPZ60Y4CQlXmCEpm44dq1aKhKJY78l7iSQxwgPUI01NOQqJbKXZpSN4qJUuDCKhH1cwU39PpCiUchj6ujNEqi9nvbH4n9dMVHDaSimPE0U4niwKEgZVBMexwS4VBCs21ARhQfVfIe4jnZbS4eZ1CM7syfOk5pac45J75RbKZ9M4cmAfHIAicMAJKIMLUAFVgME9eAQv4NV4MJ6MN+Nj0rpgTGf2wB8Yn18Yp6aN</latexit>

N.B. upper case is a random variable
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4

Combining Eq. (10) and Eq. (7) provides a prescription
for choosing Kpatch:

Kpatch ⇡
hW 2

ipatch

hW i2patch

. (11)

Taking the continuum limit, Eq. (11) becomes

K(X) =
hW 2

|Xi

hW |Xi2
, (12)

with expectation values conditioned on the phase space
points in X.

The above discussion can be encoded in the follow-
ing practical algorithm to reweight and resample Monte
Carlo events while preserving uncertainties:

1. Estimate cW (X) ⇡ hW |Xi.

2. Estimate dW 2(X) ⇡ hW 2
|Xi.

3. Define bK(X) = dW 2(X)/cW (X)2.

4. For each event i, keep it with probability 1/ bK(xi);
otherwise discard the event. Because bK(xi) � 1 by
construction, no event will be repeated.

5. For each kept event, set the new event weight to be
wi 7!

fW (xi) ⌘ cW (xi) bK(xi), which is the contin-
uum limit of ew from Eq. (7).

The computational benefit of using fW (xi) over wi is
true even if there are no negative weights. As with any
Monte Carlo method, the accept-reject procedure in step
4 can only preserve Eqs. (8) and (9) in expectation value.
As long as a given phase space point has a non-trivial
spectrum of weights, the above reduction will decrease
the computational cost of subsequent detector simulation
with the same asymptotic statistical properties as cap-
tured by the first and second moments. The procedure
above works for any estimation of hW |Xi and hW 2

|Xi,
including with histograms. The next section shows how
to estimate these quantities without binning using neural
networks.

III. NEURAL RESAMPLING

As described above, a Monte Carlo generator draws
a sample {xi} from X. Each phase space point xi has
an associated weight wi, which can be positive or nega-
tive. Moreover, the weights need not be a function of X,
meaning that the same phase space point can have di↵er-
ent weights, as determined by the Monte Carlo sampling
scheme. The goal of the positive resampler method of
Ref. [1] is to rebalance the weights such that each value
of x has a unique weight. Our neural resampler accom-
plishes this same goal through binary classification with
neural networks.

A. Learning Event Weights

To learn new event weights, we train a neural network
to distinguish between two samples: the original sample
{xi} with weights {wi} and a uniformly weighted sample
with the same phase space points {xi} but weights set to
1. For concreteness, we use the binary cross-entropy loss
for this discussion, though other loss functions with the
same asymptotic behavior would also work, such as the
mean squared error.2

The loss function to be minimized is:

L[g] = �

NX

i=1

wi log g(xi)�
NX

i=1

log
�
1� g(xi)

�
, (13)

where g(x) is parameterized as a neural network with out-
put range [0, 1]. We emphasize that the two sums in this
loss function run over the same phase space points xi,
just with di↵erent weights. This setup is identical to the
second step of the OmniFold unfolding algorithm [20],
where a generated dataset is morphed into a weighted
version of itself.
Taking a functional derivative of Eq. (13) with respect

to g(x) and setting it equal to zero, one can show that the
loss function minimum provides an estimate of hW |Xi:

g(x)

1� g(x)
= cW (x) ⇡ hW |Xi. (14)

This is just a manifestation of the standard result that
asymptotically (i.e. with infinite training data, maxi-
mally expressive neural network architecture, and ideal
training procedure) the output of a binary classifier ap-
proaches a monotonic rescaling of the likelihood ratio;
see e.g. Refs. [13–23]. In our case, the original sample
has asymptotic probability distribution

poriginal(x) = hW |xi puniform(x), (15)

where puniform(x) is the phase space prior. The sample
with uniform weights is not a proper probability distri-
bution, since it is not normalized, but corresponds to
N times puniform(x). In this way, we learn local event
weights that preserve the estimate of any observable via
Eq. (2).

2
One key di↵erence between binary cross-entropy and mean

squared error is that the former cannot learn negative weights.

There are situations, particularly when using fixed-order Monte

Carlo generators, where one encounters phase space regions with

genuinely negative cross sections. We performed a preliminary

test of this in the context of fixed-order top quark pair produc-

tion with a parton shower subtraction scheme where, unlike the

matched results in Sec. IVB, there are negative phase space re-

gions. Using the mean squared error loss and linear activation

in the final layer, we found good performance in the presence of

both positive and negative cross section regions.

.
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Combining Eq. (10) and Eq. (7) provides a prescription
for choosing Kpatch:

Kpatch ⇡
hW 2

ipatch

hW i2patch

. (11)

Taking the continuum limit, Eq. (11) becomes

K(X) =
hW 2

|Xi

hW |Xi2
, (12)

with expectation values conditioned on the phase space
points in X.

The above discussion can be encoded in the follow-
ing practical algorithm to reweight and resample Monte
Carlo events while preserving uncertainties:

1. Estimate cW (X) ⇡ hW |Xi.

2. Estimate dW 2(X) ⇡ hW 2
|Xi.

3. Define bK(X) = dW 2(X)/cW (X)2.

4. For each event i, keep it with probability 1/ bK(xi);
otherwise discard the event. Because bK(xi) � 1 by
construction, no event will be repeated.

5. For each kept event, set the new event weight to be
wi 7!

fW (xi) ⌘ cW (xi) bK(xi), which is the contin-
uum limit of ew from Eq. (7).

The computational benefit of using fW (xi) over wi is
true even if there are no negative weights. As with any
Monte Carlo method, the accept-reject procedure in step
4 can only preserve Eqs. (8) and (9) in expectation value.
As long as a given phase space point has a non-trivial
spectrum of weights, the above reduction will decrease
the computational cost of subsequent detector simulation
with the same asymptotic statistical properties as cap-
tured by the first and second moments. The procedure
above works for any estimation of hW |Xi and hW 2

|Xi,
including with histograms. The next section shows how
to estimate these quantities without binning using neural
networks.

III. NEURAL RESAMPLING

As described above, a Monte Carlo generator draws
a sample {xi} from X. Each phase space point xi has
an associated weight wi, which can be positive or nega-
tive. Moreover, the weights need not be a function of X,
meaning that the same phase space point can have di↵er-
ent weights, as determined by the Monte Carlo sampling
scheme. The goal of the positive resampler method of
Ref. [1] is to rebalance the weights such that each value
of x has a unique weight. Our neural resampler accom-
plishes this same goal through binary classification with
neural networks.

A. Learning Event Weights

To learn new event weights, we train a neural network
to distinguish between two samples: the original sample
{xi} with weights {wi} and a uniformly weighted sample
with the same phase space points {xi} but weights set to
1. For concreteness, we use the binary cross-entropy loss
for this discussion, though other loss functions with the
same asymptotic behavior would also work, such as the
mean squared error.2

The loss function to be minimized is:

L[g] = �

NX

i=1

wi log g(xi)�
NX

i=1

log
�
1� g(xi)

�
, (13)

where g(x) is parameterized as a neural network with out-
put range [0, 1]. We emphasize that the two sums in this
loss function run over the same phase space points xi,
just with di↵erent weights. This setup is identical to the
second step of the OmniFold unfolding algorithm [20],
where a generated dataset is morphed into a weighted
version of itself.
Taking a functional derivative of Eq. (13) with respect

to g(x) and setting it equal to zero, one can show that the
loss function minimum provides an estimate of hW |Xi:

g(x)

1� g(x)
= cW (x) ⇡ hW |Xi. (14)

This is just a manifestation of the standard result that
asymptotically (i.e. with infinite training data, maxi-
mally expressive neural network architecture, and ideal
training procedure) the output of a binary classifier ap-
proaches a monotonic rescaling of the likelihood ratio;
see e.g. Refs. [13–23]. In our case, the original sample
has asymptotic probability distribution

poriginal(x) = hW |xi puniform(x), (15)

where puniform(x) is the phase space prior. The sample
with uniform weights is not a proper probability distri-
bution, since it is not normalized, but corresponds to
N times puniform(x). In this way, we learn local event
weights that preserve the estimate of any observable via
Eq. (2).

2
One key di↵erence between binary cross-entropy and mean

squared error is that the former cannot learn negative weights.

There are situations, particularly when using fixed-order Monte

Carlo generators, where one encounters phase space regions with

genuinely negative cross sections. We performed a preliminary

test of this in the context of fixed-order top quark pair produc-

tion with a parton shower subtraction scheme where, unlike the

matched results in Sec. IVB, there are negative phase space re-

gions. Using the mean squared error loss and linear activation

in the final layer, we found good performance in the presence of

both positive and negative cross section regions.

.

How?
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Fact 1: Neural networks are great function 
approximators, especially in high dimensions.
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Fact 1: Neural networks are great function 
approximators, especially in high dimensions.

Fact 2: neural networks trained to distinguish 
two samples learn to approximate  
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Fact 1: Neural networks are great function 
approximators, especially in high dimensions.

Fact 2: neural networks trained to distinguish 
two samples learn to approximate  

(a function monotonic to) the likelihood ratio.

We need to learn an unbinned likelihood ratio 
between a weighted sample and an unweighted one. 

I do not have time to go into the machine 
learning, but please ask if you are interested!
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We need to learn an unbinned likelihood ratio 
between a weighted sample and an unweighted one. 
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Combining Eq. (10) and Eq. (7) provides a prescription
for choosing Kpatch:

Kpatch ⇡
hW 2

ipatch

hW i2patch

. (11)

Taking the continuum limit, Eq. (11) becomes

K(X) =
hW 2

|Xi

hW |Xi2
, (12)

with expectation values conditioned on the phase space
points in X.

The above discussion can be encoded in the follow-
ing practical algorithm to reweight and resample Monte
Carlo events while preserving uncertainties:

1. Estimate cW (X) ⇡ hW |Xi.

2. Estimate dW 2(X) ⇡ hW 2
|Xi.

3. Define bK(X) = dW 2(X)/cW (X)2.

4. For each event i, keep it with probability 1/ bK(xi);
otherwise discard the event. Because bK(xi) � 1 by
construction, no event will be repeated.

5. For each kept event, set the new event weight to be
wi 7!

fW (xi) ⌘ cW (xi) bK(xi), which is the contin-
uum limit of ew from Eq. (7).

The computational benefit of using fW (xi) over wi is
true even if there are no negative weights. As with any
Monte Carlo method, the accept-reject procedure in step
4 can only preserve Eqs. (8) and (9) in expectation value.
As long as a given phase space point has a non-trivial
spectrum of weights, the above reduction will decrease
the computational cost of subsequent detector simulation
with the same asymptotic statistical properties as cap-
tured by the first and second moments. The procedure
above works for any estimation of hW |Xi and hW 2

|Xi,
including with histograms. The next section shows how
to estimate these quantities without binning using neural
networks.

III. NEURAL RESAMPLING

As described above, a Monte Carlo generator draws
a sample {xi} from X. Each phase space point xi has
an associated weight wi, which can be positive or nega-
tive. Moreover, the weights need not be a function of X,
meaning that the same phase space point can have di↵er-
ent weights, as determined by the Monte Carlo sampling
scheme. The goal of the positive resampler method of
Ref. [1] is to rebalance the weights such that each value
of x has a unique weight. Our neural resampler accom-
plishes this same goal through binary classification with
neural networks.

A. Learning Event Weights

To learn new event weights, we train a neural network
to distinguish between two samples: the original sample
{xi} with weights {wi} and a uniformly weighted sample
with the same phase space points {xi} but weights set to
1. For concreteness, we use the binary cross-entropy loss
for this discussion, though other loss functions with the
same asymptotic behavior would also work, such as the
mean squared error.2

The loss function to be minimized is:

L[g] = �

NX

i=1

wi log g(xi)�
NX

i=1

log
�
1� g(xi)

�
, (13)

where g(x) is parameterized as a neural network with out-
put range [0, 1]. We emphasize that the two sums in this
loss function run over the same phase space points xi,
just with di↵erent weights. This setup is identical to the
second step of the OmniFold unfolding algorithm [20],
where a generated dataset is morphed into a weighted
version of itself.
Taking a functional derivative of Eq. (13) with respect

to g(x) and setting it equal to zero, one can show that the
loss function minimum provides an estimate of hW |Xi:

g(x)

1� g(x)
= cW (x) ⇡ hW |Xi. (14)

This is just a manifestation of the standard result that
asymptotically (i.e. with infinite training data, maxi-
mally expressive neural network architecture, and ideal
training procedure) the output of a binary classifier ap-
proaches a monotonic rescaling of the likelihood ratio;
see e.g. Refs. [13–23]. In our case, the original sample
has asymptotic probability distribution

poriginal(x) = hW |xi puniform(x), (15)

where puniform(x) is the phase space prior. The sample
with uniform weights is not a proper probability distri-
bution, since it is not normalized, but corresponds to
N times puniform(x). In this way, we learn local event
weights that preserve the estimate of any observable via
Eq. (2).

2
One key di↵erence between binary cross-entropy and mean

squared error is that the former cannot learn negative weights.

There are situations, particularly when using fixed-order Monte

Carlo generators, where one encounters phase space regions with

genuinely negative cross sections. We performed a preliminary

test of this in the context of fixed-order top quark pair produc-

tion with a parton shower subtraction scheme where, unlike the

matched results in Sec. IVB, there are negative phase space re-

gions. Using the mean squared error loss and linear activation

in the final layer, we found good performance in the presence of

both positive and negative cross section regions.

If you use this loss function:

(classifier to distinguish a sample from itself, but weighted)
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If you use this loss function:

Then, you can estimate the function we need:

(classifier to distinguish a sample from itself, but weighted)

(similar story for the 
weight squared)
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First: Wide Gaussian + (-1) Narrower Gaussian

(binning is only for illustration - the resampling is unbinned)
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First: Wide Gaussian + (-1) Narrower Gaussian

Preserves local uncertainty Reduces the 
number of events
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6Second: Top quark pairs at NLO

(Uses a set-based neural network called particle 
flow networks acting on jet and lepton 4-vectors)

P. Komiske, E. Metodiev, J. Thaler, JHEP 01 (2019) 121 · 1810.05165
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6Second: Top quark pairs at NLO

(Uses a set-based neural network called particle 
flow networks acting on jet and lepton 4-vectors)

P. Komiske, E. Metodiev, J. Thaler, JHEP 01 (2019) 121 · 1810.05165

This means you can 
consider any observable 

that can be computed 
from these 4-vectors !

(i.e. reweight full phase space, 
decide observable later…)
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Preserves local uncertainty Reduces the 
number of events



29Conclusions and outlook

Deep Convolutional Architectures for  
Jet-Images at the Large Hadron Collider

Introduction 
The Large Hadron Collider (LHC) at CERN is the largest and most powerful particle accelerator in 
the world, collecting 3,200 TB of proton-proton collision data every year. A true instance of Big 
Data, scientists use machine learning for rare-event detection, and hope to catch glimpses of new 
and uncharted physics at unprecedented collision energies.  

Our work focuses on the idea of the ATLAS detector as a camera, with events captured as 
images in 3D space. Drawing on the success of Convolutional Neural Networks in Computer 
Vision, we study the potential of deep leaning for interpreting LHC events in new ways.

The ATLAS detector 
The ATLAS detector is one of the two general-purpose experiments at the LHC. The 100 million 
channel detector captures snapshots of particle collisions occurring 40 million times per second. 
We focus our attention to the Calorimeter, which we treat as a digital camera in cylindrical space. 
Below, we see a snapshot of a 13 TeV proton-proton collision.

LHC Events as Images 
We transform the ATLAS coordinate system (η, φ) to a rectangular grid that allows for an image-
based grid arrangement. During a collision, energy from particles are deposited in pixels in (η, φ) 
space. We take these energy levels, and use them as the pixel intensities in a greyscale analogue. 
These images — called Jet Images — were first introduced by our group [JHEP 02 (2015) 118], 
enabling the connection between LHC physics event reconstruction and computer vision.. We 
transform each image in (η, φ), rotate around the jet-axis, and normalize each image, as is often 
done in Computer Vision, to account for non-discriminative difference in pixel intensities.  

In our experiments, we build discriminants on top of Jet Images to distinguish between a 
hypothetical new physics event, W’→ WZ, and a standard model background, QCD.  

Jet Image
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Fully  
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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.
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Resampling is a model 
independent method for reducing 
the number of events needed to 
run through detector simulation.

You can preserve the local cross 
section and the local uncertainty.

Neural networks are an effective way of 
parameterizing the reweighting functions to make 

the approach high-dimensional and local.
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