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

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

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

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

In our experiments, we build discriminants on top of Jet Images to distinguish between a 
hypothetical new physics event, W’→ WZ, and a standard model background, QCD.  
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Physics Performance Improvements 
Our analysis shows that Deep Convolutional Networks significantly improve the classification of 
new physics processes compared to state-of-the-art methods based on physics features, 
enhancing the discovery potential of the LHC.  More importantly, the improved performance 
suggests that the deep convolutional network is capturing features and representations beyond 
physics-motivated variables.  

Concluding Remarks 
We show that modern Deep Convolutional Architectures can significantly enhance the discovery 
potential of the LHC for new particles and phenomena. We hope to both inspire future research 
into Computer Vision-inspired techniques for particle discovery, and continue down this path 
towards increased discovery potential for new physics.

Difference in average 
image between signal 

and background

Deep Convolutional Networks 
Deep Learning — convolutional networks in particular — currently represent the state of the art in 
most image recognition tasks. We apply a deep convolutional architecture to Jet Images, and 
perform model selection. Below, we visualize a simple architecture used to great success.  

We found that architectures with large filters captured the physics response with a higher level of 
accuracy. The learned filters from the convolutional layers exhibit a two prong and location based 
structure that sheds light on phenomenological structures within jets. 

Visualizing Learning 
Below, we have the learned convolutional filters (left) and the difference in between the average 
signal and background image after applying the learned convolutional filters (right). This novel 
difference-visualization technique helps understand what the network learns.

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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Detector Model
parameters of interest θ

Goal: find best  given a metric(s).θ

Challenge: detector output is high-
dimensional and  may be high-dimensional.θ

Today: can we use ML to (1) interpolate in the 
high-dimensional space, (2) define optimal 
metrics, and (3) find the best values of .θ
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TABLE II. Simultaneous fit for three parameters. The top
row shows the results for the validation fit where we knew the
target parameters, and the bottom row is the blinded fit. The
reported numbers are the mean and standard deviation over
20 runs with di↵erent model initializations.

Parameter Target value Fit value

V
a
l.

TimeShower:alphaSvalue 0.1200 0.1195± 0.0022

StringZ:aLund 0.6000 0.6276± 0.0373

StringFlav:probStoUD 0.1200 0.1203± 0.0071

B
li
n
d
e
d TimeShower:alphaSvalue 0.1700 0.1707± 0.0022

StringZ:aLund 0.7500 0.7425± 0.0453

StringFlav:probStoUD 0.1400 0.1422± 0.0065
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FIG. 3. Two-dimensional slice through the loss surface for
the fit described in Table II. Markers indicate the starting
point at nominal values, the gradient descent path and the
target values. From the starting point, gradient descent using
Adam overshoots the minimum in its first two epochs before
it converges to the target value.

to generate new full-detector simulated samples with a
di↵erent particle-level simulation when at least one fully
simulated sample exists. This could be particularly use-
ful for systematic uncertainties computed using pairs of
simulations (e.g. comparing Pythia and Herwig) and for
legacy data analysis in which the original detector sim-
ulation is no longer available [71]. Continuous reweight-
ing will enable systematic parameter variations for un-
certainty estimation that were not possible before (most
parameters). Such variations can even be profiled during
any statistical test that fits phase space regions sensi-
tive to the varied nuisance parameters. Finally, the full
power of Dctr can be used for parameter tuning. Unlike
traditional tuning which use unfolded data that are usu-
ally one-dimensional and without observable-observable
correlations, a new paradigm is now possible were high-
dimensional detector-level data can be used directly. The
full power of the data can be utilized and all of the cor-

relations are correctly accounted for in the fit. For the
first time, this may allow for proper covariance matri-
ces (and thus correlated uncertainties) to be determined
for simulation parameter values. All of these opportuni-
ties illustrate the broad applicability of full phase-space
reweighting and parameter tuning and the power Dctr

to extend the scope, precision, and accuracy of collider-
based particle physics analyses.
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A generator is nothing other than a function 
that maps random numbers to structure.

Deep generative models: the map is a deep neural network.
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Generative Adversarial Networks (GANs):  
A two-network game where one maps noise to structure 
and one classifies images as fake or real.

{real,fake}

G
D

D

noise

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

simulator or data
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Variational Autoencoders (VAEs):  
A pair of networks that embed the data into a latent space 
with a given prior and decode back to the data space.

Introduction: VAEs

Physics-based 
simulator or data

DE

latent space

p(z|x) p(x|z)

Probabilistic 
encoder

Probabilistic 
decoder
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Normalizing Flows (NFs):  
A series of invertible transformations mapping a known 
density into the data density.

F

latent 
space

F F F

Invertible transformations 
with tractable Jacobians

Optimize via 
maximum likelihood

p(x) = p(z) |dF-1/dx|p(z) p(x)
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Score-based 
Learn the gradient of the density instead of the probability 
density itself. 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.

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

perturbation introduced in [54], defined as:

dx = �
1

2
�(t)xdt+

p
�(t)dw. (8)

The parameter �(t) = �min + t (�max � �min) with
�min = 0.1 and �max = 20 is used, resulting in x(1) ⇠

N (0, 1). The variance of this process is fixed to one when

From 2206.11898
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FIG. 3. Comparison of the sum of all voxel energies (top) and number of hits (bottom) for datasets 1 (left), 2 (middle), and 3
(right). Dashed red bands represent the 10% deviation interval of the generated samples when compared to Geant predictions

as:

�i =
q

hx2
i i � hxii

2, (15)

with energy-weighted mean defined as

hxii =

P
j xi,jEjP

j Ej
. (16)

A good agreement between all CaloScore implemen-
tations and Geant predictions is observed in dataset 2,
with all implementations showing less than 10% devia-
tion in all calorimeter layers. However, for dataset 3, the
VP implementations shows a disagreement at the last
layers of the detector while the shift observed in Fig. 4
for the VE implementation leads to a similar shift in
the shower width. Nevertheless, the subVP implemen-
tation maintains the same level of agreement as observed
in dataset 2.

A qualitative assessment of the generation is shown
in Fig. 7 for datasets 2 and 3. The 2-dimensional dis-
tribution of the average energy deposition is shown in
the detector layers with highest (layer 10) and lowest
(layer 44) mean energy depositions. Empty entries in the
Geant simulation are a result of the initial voxelization
combined with the following transformation to Cartesian
coordinates. All voxels with an expected energy deposi-

tion above 0 are populated in all CaloScore implemen-
tations, an indication that CaloScore is able to repro-
duce the shower diversity from the training set. Images at
layer 10 are identical for all di↵usion models, dominated
by the central voxel. Layer 44; however, has more vox-
els sharing a significant fraction of the layer energy. The
subVP implementation shows a visually similar average
to Geant compared to the other di↵usion implementa-
tions, capturing the high energy depositions along the
y-axis in dataset 2 and the isotropic pattern around the
center in dataset 3.
Finally, the assessment of generated samples using dif-

ferent conditional energies is investigated in Fig. 8, by
comparing the total deposited energy versus the gener-
ated particle energy.
All CaloScore models show similar mean and spread

compared to Geant, with the exception of the VE im-
plementation that shows a wider spread for dataset 2 and
higher mean in dataset 3.
We have also explored the classifier metric introduced

in CalowFlow whereby a post-hoc classifier is trained
to distinguish generated showers from Geant 4 exam-
ples. While the classifier could not exactly identify fake
from real showers, it did have an area under the receiver
operating characteristic curve (AUC) of about 0.98 for all
three models. While this suggests that further (hyper-
parameter)optimization would be beneficial, it already

2206.11898

See also https://calochallenge.github.io/homepage/

Figure 8. Distributions that are sensitive to Flow II for ⇡+. Top row: energy of brightest voxel
compared to the layer energy; second row: energy of second brightest voxel compared to the layer
energy; third row: di↵erence of brightest and second brightest voxel, normalized to their sum; last
row: sparsity of the showers. See [17] for detailed definitions.

– 16 –

4

Depth-weighted total energy ld

FIG. 3. Comparison of shower shape variables and other variables of interest, such as the sparsity level per layer, for the
Geant4 and CaloGAN datasets for e+, � and ⇡+. See [PRD companion paper] for detailed definitions.

fier tested on CaloGAN samples. The stability of the
accuracy metric implies that the CaloGAN succeeds at
representing at least as much variation among showers
initiated by di↵erent particles as it is necessary to clas-
sify them using the same features in Geant4. Training
on CaloGAN and testing on Geant4 does show signif-
icant degradation, indicating that the GAN is inventing
new class-dependent features or underrepresenting class-

independent features. While percent-level variations may
be important for some applications, using classification
as a generator diagnostic is an important tool for expos-
ing the modeling of interclass shower variations.

Figure 5. Deposited energy
per layer in z-direction for
showers which are decoded
with all latent variables
zi = 0, except the highest
KLD latent z0 variable
which is set to values
between -3 and 3.

Specifically, we can increase generation fidelity by either regularizing the latent space more
strongly or by leveraging and sampling from the information rich non-Gaussian distributions.
Either optimization path can be approached in di↵erent ways. We have chosen one exem-
plary method for each: (1) By increasing �KLD the overall KLD in the latent space is reduced,
yielding latent distributions stronger regularized towards Standard Normal distributions and
therefore more accurate generative sampling from such a N(0, 1) distribution; or (2) keeping
the already trained model but using a second density estimator — such as Kernel Density
Estimation (KDE) [25] — on the latent variables and sampling directly from the encoded
latent space. The former approach is motivated by [26] while the latter mirrors a method for
the Bu↵er-VAE from Ref. [27].

Figure 6. Di↵erential distributions comparing physics quantities between Geant4 and BIB-AE models
with �KLD = 0.05, �KLD = 0.4 and �KLD = 0.05 with the KDE sampling approach.

7
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https://iml-wg.github.io/HEPML-LivingReview/
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The ATLAS Collaboration fast simulation (AF3) now 
includes a GAN at intermediate energies for pions
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The new fast simulation (AF3) significantly improves jet 
substructure with respect to the older one (AF2).
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X ∼ 𝒩(μ, σ)

x = np.random.normal(mu,sigma) 

Z = np.random.uniform(0,1) 

x = sigma*Phiinv(z)+mu 

(Phiinv = inverse Gaussian CDF)

Now, can compute 
 and ∂/∂μ ∂/∂σ

We can then do: 
sim(μ0 + ϵ) ≈ sim(μ0) + ∂sim

∂μ ϵ
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X ∼ 𝒩(μ, σ)
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We can then do: 
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TABLE II. Simultaneous fit for three parameters. The top
row shows the results for the validation fit where we knew the
target parameters, and the bottom row is the blinded fit. The
reported numbers are the mean and standard deviation over
20 runs with di↵erent model initializations.

Parameter Target value Fit value

V
a
l.

TimeShower:alphaSvalue 0.1200 0.1195± 0.0022

StringZ:aLund 0.6000 0.6276± 0.0373

StringFlav:probStoUD 0.1200 0.1203± 0.0071

B
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d
e
d TimeShower:alphaSvalue 0.1700 0.1707± 0.0022

StringZ:aLund 0.7500 0.7425± 0.0453

StringFlav:probStoUD 0.1400 0.1422± 0.0065

0.10 0.11 0.12 0.13 0.14 0.15
TimeShower:alphaSvalue

0.5

0.6

0.7

0.8

0.9

S
t
r
i
n
g
Z
:
a
L
u
n
d

Loss�

Starting point

Gradient descent path

Target value

0.669

0.670

0.680

0.690
0.700
0.710

FIG. 3. Two-dimensional slice through the loss surface for
the fit described in Table II. Markers indicate the starting
point at nominal values, the gradient descent path and the
target values. From the starting point, gradient descent using
Adam overshoots the minimum in its first two epochs before
it converges to the target value.

to generate new full-detector simulated samples with a
di↵erent particle-level simulation when at least one fully
simulated sample exists. This could be particularly use-
ful for systematic uncertainties computed using pairs of
simulations (e.g. comparing Pythia and Herwig) and for
legacy data analysis in which the original detector sim-
ulation is no longer available [71]. Continuous reweight-
ing will enable systematic parameter variations for un-
certainty estimation that were not possible before (most
parameters). Such variations can even be profiled during
any statistical test that fits phase space regions sensi-
tive to the varied nuisance parameters. Finally, the full
power of Dctr can be used for parameter tuning. Unlike
traditional tuning which use unfolded data that are usu-
ally one-dimensional and without observable-observable
correlations, a new paradigm is now possible were high-
dimensional detector-level data can be used directly. The
full power of the data can be utilized and all of the cor-

relations are correctly accounted for in the fit. For the
first time, this may allow for proper covariance matri-
ces (and thus correlated uncertainties) to be determined
for simulation parameter values. All of these opportuni-
ties illustrate the broad applicability of full phase-space
reweighting and parameter tuning and the power Dctr

to extend the scope, precision, and accuracy of collider-
based particle physics analyses.
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same support1, the function w(x) = p0(x)/p1(x) is the
ideal per-event weight to morph the second simulation
into the first one. A key observation made by multiple
groups in the past is that w can be well-approximated
by training a machine learning classifier to distinguish
the two simulations. For example, let f(x) be a neural
network and trained with the binary cross-entropy loss:

loss(f(x)) = �

X

i20

log f(xi) �

X

i21

log(1 � f(xi)), (1)

where 0 and 1 represent sets of examples from the
two simulations. Then a well-known result is that2,
f(x)/(1 � f(x)) ⇡ p0(x)/p1(x). The benefit of param-
eterizing f as a neural network is that deep learning can
readily analyze all of ⌦, which was not possible with shal-
low learning attempts with a similar statistical founda-
tion. The closest attempt to a full phase space approach
directly tried to learn pi(x) using the full kinematic (i.e.
non-flavor) part of ⌦ [35, 40], but this is much harder
than learning the ratio.

An important reweighting scenario is when the two
simulations are from the same simulation program, but
with di↵erent model parameters, ✓. For example, when
model uncertainties are evaluated, one may want to
transform p✓(x) into p✓+�✓ (x). When these uncertainties
are profiled in a fit, it is important that the transfor-
mation procedure be able to continuously interpolate be-
tween model parameters. The neural network reweight-
ing approximation can be extended to this continuous
case by adding ✓ as a feature [38, 39]: f(x, ✓). In the
examples presented below, the training data are gener-
ated with a uniform distribution in ✓, but this probability
density can be optimized per application and can even be
discrete.

Even though generators have many parameters that
must be fit to data, gradient methods cannot be used di-
rectly with the models as the phase space they produce
is not usually di↵erentiable (or at least the derivative is
intractable) with respect to their model parameters. Sur-
rogate generative models built from neural networks can
be used for gradient-based parameter fitting, but may not
have su�cient quality to be reliable. Reweighting is a ro-
bust alternative to surrogate generative models. A neural
network-based continuous reweighting function is essen-
tially a di↵erentiable (in model parameters) version of the
original simulator and can be used to perform inference

1 In most physical applications, this is always the case. If there
are regions where p0(x)/p1(x) is far from unity, one can add
a regularization parameter to the training to mitigate large
weights, which may significantly reduce the statistical power of
the reweighted dataset. We found that this works well, but was
unnecessary for the examples presented in this paper.

2 See Appendix A for the derivation.

on the parameters themselves. This is especially pow-
erful for particle-level parameter tuning to data where
one sample with a computational expensive full detector
simulation can be continuously reweighted to other pa-
rameter points with the same detector model at no extra
simulation cost.

An ideal loss function used to fit model parameters
makes use of the full observable phase space. Typical
metrics such as the �2 between histogram approxima-
tions to probability densities become impractical when
⌦ is high dimensional. As described above, classifiers
are powerful tools for accessing all of the available infor-
mation. Therefore, one can use a classifier for the loss.
When a classifier trained to distinguish some ✓0 from a ✓1
performs poorly, then the two samples are close. While
using classification to quantify di↵erences between event
samples has been used for anomaly detection [41–43], we
are unaware of an example where it is used for parameter
fitting. The idea of using the classifier loss as a metric is
similar to the minimax strategy in Generative Adversar-
ial Networks [44], only in this context the generative part
is a reweighter and is trained independently. A more ele-
gant way of implementing this approach is to fit unknown
parameters to the values that minimize the nominal clas-
sifier loss. In particular, suppose that a reweighter neural
network f is trained as described above. Such a function
will satisfy

f(x, ✓) = argmax
f 0

X

i2✓0

log f 0(xi, ✓) +
X

i2✓

log(1 � f 0(xi, ✓))

(2)

for all ✓. Note that the f 0 in the first sum takes the
parameter ✓ and not ✓0, otherwise the discrimination task
would be trivial. Now, suppose there is a new sample ✓1
where ✓1 is unknown (for instance, ✓1 are collider data).
The claim is that if ✓⇤ is chosen as

✓⇤ = argmax
✓0

X

i2✓0

log f(xi, ✓
0) +

X

i2✓1

log(1 � f(xi, ✓
0))

(3)

then ✓⇤ = ✓1. As f minimizes the cross-entropy loss for
any ✓ (Eq. 2),

X

i2✓0

log f(xi, ✓1) +
X

i2✓1

log(1 � f(xi, ✓1))

�

X

i2✓0

log f(xi, ✓
⇤) +

X

i2✓1

log(1 � f(xi, ✓
⇤)) (4)

must hold. However, the converse must also be true since
✓⇤ minimizes the cross-entropy loss as well and therefore,
✓⇤ = ✓1. Since f is di↵erentiable, Eq. 3 can be solved us-
ing standard gradient-based methods. While Eq. 3 per-
forms the fit on the same particle-level phase space as
the reweighting, it can be readily extended to do the fit-
ting (via the classification loss) at detector-level while the

Step 1: Differentiable Surrogate Model

See also 1805.00020
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into the first one. A key observation made by multiple
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by training a machine learning classifier to distinguish
the two simulations. For example, let f(x) be a neural
network and trained with the binary cross-entropy loss:

loss(f(x)) = �
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i20
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X

i21
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where 0 and 1 represent sets of examples from the
two simulations. Then a well-known result is that2,
f(x)/(1 � f(x)) ⇡ p0(x)/p1(x). The benefit of param-
eterizing f as a neural network is that deep learning can
readily analyze all of ⌦, which was not possible with shal-
low learning attempts with a similar statistical founda-
tion. The closest attempt to a full phase space approach
directly tried to learn pi(x) using the full kinematic (i.e.
non-flavor) part of ⌦ [35, 40], but this is much harder
than learning the ratio.

An important reweighting scenario is when the two
simulations are from the same simulation program, but
with di↵erent model parameters, ✓. For example, when
model uncertainties are evaluated, one may want to
transform p✓(x) into p✓+�✓ (x). When these uncertainties
are profiled in a fit, it is important that the transfor-
mation procedure be able to continuously interpolate be-
tween model parameters. The neural network reweight-
ing approximation can be extended to this continuous
case by adding ✓ as a feature [38, 39]: f(x, ✓). In the
examples presented below, the training data are gener-
ated with a uniform distribution in ✓, but this probability
density can be optimized per application and can even be
discrete.

Even though generators have many parameters that
must be fit to data, gradient methods cannot be used di-
rectly with the models as the phase space they produce
is not usually di↵erentiable (or at least the derivative is
intractable) with respect to their model parameters. Sur-
rogate generative models built from neural networks can
be used for gradient-based parameter fitting, but may not
have su�cient quality to be reliable. Reweighting is a ro-
bust alternative to surrogate generative models. A neural
network-based continuous reweighting function is essen-
tially a di↵erentiable (in model parameters) version of the
original simulator and can be used to perform inference

1 In most physical applications, this is always the case. If there
are regions where p0(x)/p1(x) is far from unity, one can add
a regularization parameter to the training to mitigate large
weights, which may significantly reduce the statistical power of
the reweighted dataset. We found that this works well, but was
unnecessary for the examples presented in this paper.

2 See Appendix A for the derivation.

on the parameters themselves. This is especially pow-
erful for particle-level parameter tuning to data where
one sample with a computational expensive full detector
simulation can be continuously reweighted to other pa-
rameter points with the same detector model at no extra
simulation cost.

An ideal loss function used to fit model parameters
makes use of the full observable phase space. Typical
metrics such as the �2 between histogram approxima-
tions to probability densities become impractical when
⌦ is high dimensional. As described above, classifiers
are powerful tools for accessing all of the available infor-
mation. Therefore, one can use a classifier for the loss.
When a classifier trained to distinguish some ✓0 from a ✓1
performs poorly, then the two samples are close. While
using classification to quantify di↵erences between event
samples has been used for anomaly detection [41–43], we
are unaware of an example where it is used for parameter
fitting. The idea of using the classifier loss as a metric is
similar to the minimax strategy in Generative Adversar-
ial Networks [44], only in this context the generative part
is a reweighter and is trained independently. A more ele-
gant way of implementing this approach is to fit unknown
parameters to the values that minimize the nominal clas-
sifier loss. In particular, suppose that a reweighter neural
network f is trained as described above. Such a function
will satisfy

f(x, ✓) = argmax
f 0

X

i2✓0

log f 0(xi, ✓) +
X

i2✓

log(1 � f 0(xi, ✓))

(2)

for all ✓. Note that the f 0 in the first sum takes the
parameter ✓ and not ✓0, otherwise the discrimination task
would be trivial. Now, suppose there is a new sample ✓1
where ✓1 is unknown (for instance, ✓1 are collider data).
The claim is that if ✓⇤ is chosen as

✓⇤ = argmax
✓0

X

i2✓0

log f(xi, ✓
0) +

X

i2✓1

log(1 � f(xi, ✓
0))

(3)

then ✓⇤ = ✓1. As f minimizes the cross-entropy loss for
any ✓ (Eq. 2),

X

i2✓0

log f(xi, ✓1) +
X

i2✓1

log(1 � f(xi, ✓1))

�

X

i2✓0

log f(xi, ✓
⇤) +

X

i2✓1

log(1 � f(xi, ✓
⇤)) (4)

must hold. However, the converse must also be true since
✓⇤ minimizes the cross-entropy loss as well and therefore,
✓⇤ = ✓1. Since f is di↵erentiable, Eq. 3 can be solved us-
ing standard gradient-based methods. While Eq. 3 per-
forms the fit on the same particle-level phase space as
the reweighting, it can be readily extended to do the fit-
ting (via the classification loss) at detector-level while the
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network and trained with the binary cross-entropy loss:
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where 0 and 1 represent sets of examples from the
two simulations. Then a well-known result is that2,
f(x)/(1 � f(x)) ⇡ p0(x)/p1(x). The benefit of param-
eterizing f as a neural network is that deep learning can
readily analyze all of ⌦, which was not possible with shal-
low learning attempts with a similar statistical founda-
tion. The closest attempt to a full phase space approach
directly tried to learn pi(x) using the full kinematic (i.e.
non-flavor) part of ⌦ [35, 40], but this is much harder
than learning the ratio.

An important reweighting scenario is when the two
simulations are from the same simulation program, but
with di↵erent model parameters, ✓. For example, when
model uncertainties are evaluated, one may want to
transform p✓(x) into p✓+�✓ (x). When these uncertainties
are profiled in a fit, it is important that the transfor-
mation procedure be able to continuously interpolate be-
tween model parameters. The neural network reweight-
ing approximation can be extended to this continuous
case by adding ✓ as a feature [38, 39]: f(x, ✓). In the
examples presented below, the training data are gener-
ated with a uniform distribution in ✓, but this probability
density can be optimized per application and can even be
discrete.

Even though generators have many parameters that
must be fit to data, gradient methods cannot be used di-
rectly with the models as the phase space they produce
is not usually di↵erentiable (or at least the derivative is
intractable) with respect to their model parameters. Sur-
rogate generative models built from neural networks can
be used for gradient-based parameter fitting, but may not
have su�cient quality to be reliable. Reweighting is a ro-
bust alternative to surrogate generative models. A neural
network-based continuous reweighting function is essen-
tially a di↵erentiable (in model parameters) version of the
original simulator and can be used to perform inference

1 In most physical applications, this is always the case. If there
are regions where p0(x)/p1(x) is far from unity, one can add
a regularization parameter to the training to mitigate large
weights, which may significantly reduce the statistical power of
the reweighted dataset. We found that this works well, but was
unnecessary for the examples presented in this paper.

2 See Appendix A for the derivation.

on the parameters themselves. This is especially pow-
erful for particle-level parameter tuning to data where
one sample with a computational expensive full detector
simulation can be continuously reweighted to other pa-
rameter points with the same detector model at no extra
simulation cost.

An ideal loss function used to fit model parameters
makes use of the full observable phase space. Typical
metrics such as the �2 between histogram approxima-
tions to probability densities become impractical when
⌦ is high dimensional. As described above, classifiers
are powerful tools for accessing all of the available infor-
mation. Therefore, one can use a classifier for the loss.
When a classifier trained to distinguish some ✓0 from a ✓1
performs poorly, then the two samples are close. While
using classification to quantify di↵erences between event
samples has been used for anomaly detection [41–43], we
are unaware of an example where it is used for parameter
fitting. The idea of using the classifier loss as a metric is
similar to the minimax strategy in Generative Adversar-
ial Networks [44], only in this context the generative part
is a reweighter and is trained independently. A more ele-
gant way of implementing this approach is to fit unknown
parameters to the values that minimize the nominal clas-
sifier loss. In particular, suppose that a reweighter neural
network f is trained as described above. Such a function
will satisfy

f(x, ✓) = argmax
f 0

X

i2✓0

log f 0(xi, ✓) +
X

i2✓

log(1 � f 0(xi, ✓))

(2)

for all ✓. Note that the f 0 in the first sum takes the
parameter ✓ and not ✓0, otherwise the discrimination task
would be trivial. Now, suppose there is a new sample ✓1
where ✓1 is unknown (for instance, ✓1 are collider data).
The claim is that if ✓⇤ is chosen as

✓⇤ = argmax
✓0

X

i2✓0

log f(xi, ✓
0) +

X

i2✓1

log(1 � f(xi, ✓
0))

(3)

then ✓⇤ = ✓1. As f minimizes the cross-entropy loss for
any ✓ (Eq. 2),
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log f(xi, ✓1) +
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log(1 � f(xi, ✓1))

�
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i2✓0

log f(xi, ✓
⇤) +

X

i2✓1

log(1 � f(xi, ✓
⇤)) (4)

must hold. However, the converse must also be true since
✓⇤ minimizes the cross-entropy loss as well and therefore,
✓⇤ = ✓1. Since f is di↵erentiable, Eq. 3 can be solved us-
ing standard gradient-based methods. While Eq. 3 per-
forms the fit on the same particle-level phase space as
the reweighting, it can be readily extended to do the fit-
ting (via the classification loss) at detector-level while the

Step 1: Differentiable Surrogate Model

Step 2: Gradient-based optimization

See also 1805.00020
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TABLE II. Simultaneous fit for three parameters. The top
row shows the results for the validation fit where we knew the
target parameters, and the bottom row is the blinded fit. The
reported numbers are the mean and standard deviation over
20 runs with di↵erent model initializations.

Parameter Target value Fit value

V
a
l.

TimeShower:alphaSvalue 0.1200 0.1195± 0.0022

StringZ:aLund 0.6000 0.6276± 0.0373

StringFlav:probStoUD 0.1200 0.1203± 0.0071

B
li
n
d
e
d TimeShower:alphaSvalue 0.1700 0.1707± 0.0022

StringZ:aLund 0.7500 0.7425± 0.0453

StringFlav:probStoUD 0.1400 0.1422± 0.0065
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FIG. 3. Two-dimensional slice through the loss surface for
the fit described in Table II. Markers indicate the starting
point at nominal values, the gradient descent path and the
target values. From the starting point, gradient descent using
Adam overshoots the minimum in its first two epochs before
it converges to the target value.

to generate new full-detector simulated samples with a
di↵erent particle-level simulation when at least one fully
simulated sample exists. This could be particularly use-
ful for systematic uncertainties computed using pairs of
simulations (e.g. comparing Pythia and Herwig) and for
legacy data analysis in which the original detector sim-
ulation is no longer available [71]. Continuous reweight-
ing will enable systematic parameter variations for un-
certainty estimation that were not possible before (most
parameters). Such variations can even be profiled during
any statistical test that fits phase space regions sensi-
tive to the varied nuisance parameters. Finally, the full
power of Dctr can be used for parameter tuning. Unlike
traditional tuning which use unfolded data that are usu-
ally one-dimensional and without observable-observable
correlations, a new paradigm is now possible were high-
dimensional detector-level data can be used directly. The
full power of the data can be utilized and all of the cor-

relations are correctly accounted for in the fit. For the
first time, this may allow for proper covariance matri-
ces (and thus correlated uncertainties) to be determined
for simulation parameter values. All of these opportuni-
ties illustrate the broad applicability of full phase-space
reweighting and parameter tuning and the power Dctr

to extend the scope, precision, and accuracy of collider-
based particle physics analyses.
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zero across the entire training. Bias and variance for each parameter, and additional details, can be
found in the Appendix B.

(a) (b)

Figure 5: The objective function value as a function of the
accumulated number of simulator calls for (a) Nonlinear
Submanifold Three Hump problem,  2 R40, (b) Neural
Network Weights Optimization problem ,  2 R91.

The benefits of L-GSO can further
be seen in problems with parame-
ter submanifolds, i.e., the Submani-
fold Rosenbrock, Nonlinear Subman-
ifold Hump Problem and Neural Net-
work Weights Optimization problems
where the relevant  parameters live
on a latent low-dimensional manifold.
No prior knowledge of the subman-
ifold is used in the training and all
dimensions of  are treated equally
for all algorithms. The objective value
versus the number of simulator calls
can be seen in Figures 3c and 5 where
we observe that L-GSO outperforms
all baseline methods. We also observe
that BO was frequently not able to

converge on such problems. Additionally, in all experiments, numerical optimization and/or BOCK
outperform the score function-based approaches under consideration.

Figure 5 compares L-GSO with differing numbers of parameter space points used per surrogate
training. In the submanifold problems, L-GSO converges fastest with far fewer parameter points than
the full dimension of the parameter space. This indicates that the surrogate is learning about the latent
manifold of the data, rather than needing to fully sample the volume around a current parameter point.
The conditional generative network appears to learn the correlations between different dimensions
of  and is also able to interpolate between different sampled points. This allows the algorithm to
obtain useful gradients in  , while using far fewer samples than numerical differentiation.

4.1 Physics experiment example

Figure 6: Magnet objective function
(top) and six  parameters (bottom) dur-
ing optimization.

We apply L-GSO to optimize the parameters of an appa-
ratus in a physics experiment setting that uses the physics
simulation software GEANT4 [2] and FairRoot [3]. In this
example, muon particles pass through a multi-stage steel
magnet and their coordinates are recorded when muons
leave the magnet volume if they pass through the sensitive
area of a detection apparatus. As muons are unwanted in
the experiment, the objective is to minimize number of
recorded muons by varying the geometry of the magnet.

Problem Definition Inputs x correspond to the proper-
ties of incoming muons, namely the momentum (P), the
azimuthal (�) and polar (✓) angles with respect to the in-
coming z-axis, the charge Q, and x-y-z coordinate C. The
observed output y is the muon coordinates on the plane
transverse to the z-axis as measured by the detector. The
parameter  2 R42 represents the magnet geometry. The
objective function to penalize muons hitting the detector,
where is the indicator function, and ↵1 = 5.6 m and
↵2 = 3 m define the detector sensitive region, is

R(y;↵) =
NX

i=1

Qi=1

p
(↵1 � (yi + ↵2))/↵1 + Qi=�1

p
(↵1 + (yi � ↵2))/↵1

Results of the optimization using L-GSO with a Cramer GAN [7] surrogate are presented in Figure 6.
A previous optimization of this magnet system was performed using BO with Gaussian processes
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zero across the entire training. Bias and variance for each parameter, and additional details, can be
found in the Appendix B.

(a) (b)

Figure 5: The objective function value as a function of the
accumulated number of simulator calls for (a) Nonlinear
Submanifold Three Hump problem,  2 R40, (b) Neural
Network Weights Optimization problem ,  2 R91.
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Figure 5. (left) Comparison of the Bayesian optimization with a random search. The random search
after 2·(103) observations (T ⇥ M , see Table 2) is far from the optimum, whereas the BO converged to the
minimum within the tolerances. The star marker shows the point of minimum found by the BO. (right) The
computing time as a function of the call T . To make a consistent comparison between BO and RS, we use the
same number of CPU cores for both approaches. In contrast to the random search, the BO (with GP) scales
approximately cubically with the number of observations.

Table 2. List of hyperparameters used in the optimization. N.b., the maximum number of design points
(observations) is T⇥M, while the events simulated on each call are M⇥N = 4000 for each particle species.

symbol description value
T maximum number of calls 100
M design points generated in parallel 20
N pions (and kaons) per sample 200

kappa controls variance in predicted values 1.96
xi controls improvement over previous best values 0.01

noise expected noise (relative) 2.5%

Table 3. Summary of the results obtained with the BO using GP. The number of � relative to the low
momentum (aerogel) and high momentum (gas) regions correspond to the optimal value found for the figure
of merit described in Eq. (3.2).

FoM (h) (N�) @ 14 GeV/c (N�) @ 60 GeV/c
BO 3.23 3.16 3.30

legacy 2.9 3.0 2.8

of Fig. 4: we can increase the refractive index of the aerogel only if we increase its thickness and
maintain a su�ciently high enough yield of Cherenkov photons.12 It is also relevant the fact that
some of the geometrically constrained parameters, as well as the aerogel related ones, reached their
range boundaries; the dRICH development shall take into account these results.

Since BO provides a model of how the FoM depends on the parameters, it is possible to use
the posterior to define a tolerance on the parameters. Domain knowledge is required to decide

12The objective function N� (Eq. 3.1) at a given momentum is a trade-o� between larger angular separation of two
particle species (corresponding to lower refractive index) and larger number of photons (larger index of refraction and
longer radiator). The number of produced photons will reach a plateau at some thickness value, due to the optical
absorption length of the radiator material.

– 10 –

RICH detector @ EIC
1911.05797

Other examples

GP

GAN

(perhaps you will hear more about 
this in other talks this week!)
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37Remark about Objective Functions

Today: can we use ML to (1) interpolate in the 
high-dimensional space, (2) define optimal 
metrics, and (3) find the best values of .θ

If doing gradient-based 
optimization, the target also 

needs to be differentiable.  For 
example, target could be 

resolution of some 
reconstructed object.  This 

could itself be a neural network!
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The EIC detector(s) may the first 
large-scale detectors optimized 

with machine learning.

Fernando TA 7/8/22Fernando TA 7/8/22
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On our side, we are looking 
into the calorimeter system(s).  

I am excited to hear about 
other efforts as well!



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 

AI/ML can do more than 
improve data analysis!

We can use these tools 
to optimize our detectors 

- a qualitatively new 
application of ML!

This is an exiting time to be working on this topic - let’s use 
the best tools to get the best physics out of the EIC!
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