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Abstract

We trained a large, deep convolutional neural network to classify the 1.2 million
high-resolution images in the ImageNet LSVRC-2010 contest into the 1000 dif-
ferent classes. On the test data, we achieved top-1 and top-5 error rates of 37.5%
and 17.0% which is considerably better than the previous state-of-the-art. The
neural network, which has 60 million parameters and 650,000 neurons, consists
of five convolutional layers, some of which are followed by max-pooling layers,
and three fully-connected layers with a final 1000-way softmax. To make train-
ing faster, we used non-saturating neurons and a very efficient GPU implemen-
tation of the convolution operation. To reduce overfitting in the fully-connected
layers we employed a recently-developed regularization method called “dropout”
that proved to be very effective. We also entered a variant of this model in the
ILSVRC-2012 competition and achieved a winning top-5 test error rate of 15.3%,
compared to 26.2% achieved by the second-best entry.

1 Introduction

Current approaches to object recognition make essential use of machine learning methods. To im-
prove their performance, we can collect larger datasets, learn more powerful models, and use bet-
ter techniques for preventing overfitting. Until recently, datasets of labeled images were relatively
small — on the order of tens of thousands of images (e.g., NORB [16], Caltech-101/256 [8, 9], and
CIFAR-10/100 [12]). Simple recognition tasks can be solved quite well with datasets of this size,
especially if they are augmented with label-preserving transformations. For example, the current-
best error rate on the MNIST digit-recognition task (<0.3%) approaches human performance [4].
But objects in realistic settings exhibit considerable variability, so to learn to recognize them it is
necessary to use much larger training sets. And indeed, the shortcomings of small image datasets
have been widely recognized (e.g., Pinto et al. [21]), but it has only recently become possible to col-
lect labeled datasets with millions of images. The new larger datasets include LabelMe [23], which
consists of hundreds of thousands of fully-segmented images, and ImageNet [6], which consists of
over 15 million labeled high-resolution images in over 22,000 categories.

To learn about thousands of objects from millions of images, we need a model with a large learning
capacity. However, the immense complexity of the object recognition task means that this prob-
lem cannot be specified even by a dataset as large as ImageNet, so our model should also have lots
of prior knowledge to compensate for all the data we don’t have. Convolutional neural networks
(CNNs) constitute one such class of models [16, 11, 13, 18, 15, 22, 26]. Their capacity can be con-
trolled by varying their depth and breadth, and they also make strong and mostly correct assumptions
about the nature of images (namely, stationarity of statistics and locality of pixel dependencies).
Thus, compared to standard feedforward neural networks with similarly-sized layers, CNNs have
much fewer connections and parameters and so they are easier to train, while their theoretically-best
performance is likely to be only slightly worse.

1

2012

2015



C O M P U T E R  V I S I O N

4https://alexgkendall.com/computer_vision/bayesian_deep_learning_for_safe_ai/



G E N E R AT I V E  M O D E L  F O R  I M A G E S

5



G E N E R AT I V E  M O D E L  F O R  I M A G E S

6



W AV E N E T:  A  G E N E R AT I V E  M O D E L  F O R  R A W  A U D I O

7







G R AV I TAT I O N A L  W AV E S  &  N E U T R I N O S

10

Live Demo: 
www.tiny.cc/DLGW

Detecting GW150914

Data not included in training

Trained with only non-spinning, 
non-eccentric simulations

~1s to analyze 4096s of data.

Masses correct within error bars

No False Alarms with two 
detectors!

23

Gravitational Waves

2

SXS

Source: ligo.org

Figure 13. Example bounding boxes predicted by the CNN for each of the five particle classes.
The blue box is the true bounding box. The red box is the network inferred bounding box. The
detection score and inferred class sits atop the red box. It’s interesting to note the network’s ability
to capture a shower-type particle’s ionization charge within the detection box

to 0.6. We note that our high-resolution image has a factor of two in wire and six in time
compression applied, and hence this might not be the highest separation achievable. It
may be interesting to repeat more studies across di↵erent downsizing levels (including no
downsizing) and study how this separation power changes. However, that is beyond the
scope of this publication.

4.6 Particle Detection Performance

The goal of the Faster-RCNN detection network is to provide a bounding box around the
energy deposition of the single particle. Typical detection examples can be seen in figure
13. In the figure, the ground truth bounding boxes are also shown. As done for all studies
in this section, this analysis used the same training and validation sample described in
section 4.1.

To quantify the Faster-RCNN detection performance on the single particle sample, we
compute the intersection over the union of the ground truth bounding box and the predicted
box with the highest network score. This is the standard performance metric used by object
detection networks to compare with one another. Intersection over union (IoU) is defined
for a pair of boxes in the following way: the intersection area between two boxes is first
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FIG. 4: Square ice and toric code models and their typical configurations. (A) The charge Qv in

the square ice Hamiltonian is defined as the sum over the spins on the bonds of a vertex v , while

the classical toric code Hamiltonian is defined as a sum over the product of spins on a plaquette

p. (B) and (C) portray ground state and high temperature spin configurations of the square ice

Hamiltonian, respectively. (D) A ground state configuration of the toric code Hamiltonian.
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Figure 2: An illustration of the deep convolutional neural network architecture. The first

layer is the input jet image, followed by three convolutional layers, a dense layer and an

output layer.

would be much slower. There are many options for a smaller set of channels. For example,

one could consider one channel for hadrons and one for leptons, or channels for positively

charged, neutral and negatively charged particles. To be concrete, in this study we take three

input channels:

red = transverse momenta of charged particles

green = the transverse momenta of neutral particles

blue = charged particle multiplicity

– 9 –
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Abstract: Simulation is a key component of physics analysis in particle physics and nuclear physics.
The most computationally expensive simulation step is the detailed modeling of particle showers inside
calorimeters. Full detector simulations are too slow to meet the growing demands resulting from large
quantities of data; current fast simulations are not precise enough to serve the entire physics program.
Therefore, we introduce CaloGAN, a new fast simulation based on generative adversarial neural
networks (GANs). We apply the CaloGAN to model electromagnetic showers in a longitudinally
segmented calorimeter. This represents a significant stepping stone toward a full neural network-based
detector simulation that could save significant computing time and enable many analyses now and
in the future. In particular, the CaloGAN achieves speedup factors comparable to or better than
existing fast simulation techniques on CPU (100⇥-1000⇥) and even faster on GPU (up to ⇠ 105⇥))
and has the capability of faithfully reproducing many aspects of key shower shape variables for a variety
of particle types.
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Abstract

Inferring model parameters from experimental data is a grand challenge in many sciences, including cosmol-
ogy. This often relies critically on high fidelity numerical simulations, which are prohibitively computationally
expensive. The application of deep learning techniques to generative modeling is renewing interest in using high
dimensional density estimators as computationally inexpensive emulators of fully-fledged simulations. These
generative models have the potential to make a dramatic shift in the field of scientific simulations, but for that
shift to happen we need to study the performance of such generators in the precision regime needed for science
applications. To this end, in this letter we apply Generative Adversarial Networks to the problem of generating
cosmological weak lensing convergence maps. We show that our generator network produces maps that are
described by, with high statistical confidence, the same summary statistics as the fully simulated maps.

The scientific success of the next generation of sky
surveys (e.g. [1–5]) to test the current “standard model”
of cosmology (⇤CDM), hinges critically on the success
of underlying simulations. Answering questions in cos-
mology about the nature of cold dark matter, dark
energy and the inflation of the early universe, requires
relating observations of a large number of astrophysical
objects which trace the underlying matter density field,
to simulations of “virtual universes” with different cos-
mological parameters. Currently the creation of each
virtual universe requires an extremely computationally
expensive simulation on High Performance Computing
resources. In order to make this inverse problem prac-
tically solvable, constructing a computationally cheap
surrogate model or an emulator [6, 7] is imperative.

However, traditional approaches to emulators re-
quire the use of a summary-statistic which is to be em-
ulated. An approach that does not require such math-
ematical templates of the simulation outcome would
be of considerable value in the field. The ability to
emulate these simulations with high fidelity, in a frac-
tion of the computational time, would boost our ability
to understand the fundamental nature of the universe.
While in this letter we focus our attention on cosmol-
ogy, and in particular weak lensing convergence maps,
we believe that this approach is relevant to many areas
of science and engineering.

Recent developments in deep generative modeling
techniques open the potential to meet this need. The
density estimators in these models are built out of neu-
ral networks which can serve as universal approxima-
tors [8], thus having the ability to learn the underlying
distributions of data and emulate the observable with-
out being biased by the choice of summary-statistics,

⇤Corresponding author: mmustafa@lbl.gov

as in the traditional approach to emulators.
In this letter, we study the ability of a recent vari-

ant of generative models - Generative Adversarial Net-
works (GANs) [9] to generate weak lensing convergence
maps. The training and validation maps are produced
using N-body simulations of ⇤CDM cosmology. We
show that maps generated by the neural network ex-
hibit, with high statistical confidence, the same power
(Fourier) spectrum of the fully-fledged simulator maps,
as well as higher order non-Gaussian features, thus
demonstrating that such scientific data is amenable to
a GAN treatment for generation. The very high level
of agreement we achieve offers promise for building em-
ulators out of deep neural networks. We first present
our results and analysis then outline the future inves-
tigations which we think are critical to build such em-
ulators in the Discussion section.

Results
Gravitational lensing has potential to be one of the
most sensitive probes of the nature of dark energy [10],
and affects the shape and apparent brightness of every
galaxy we observe. Convergence (⌫) is the quantity
that defines the brightness of an observed object as it
is affected by the matter along the line of sight between
that galaxy and the observer. It can be interpreted as
a measure of the density of the universe observed from
a particular direction. A full N-body simulation cre-
ates convergence maps corresponding to many random
realizations of the same cosmological model. We set
out to train a GAN model on 256 ⇥ 256 pixels conver-
gence maps taken from these simulations. A descrip-
tion of the simulations and data preparation methods
is in the Methods section. Before we describe our re-
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Figure 1: Weak lensing convergence maps for a ⇤CDM cosmological model with �8 = 0.798, w = �1.0,
⌦m = 0.26 and ⌦⇤ = 0.74. Randomly selected maps from validation dataset (top) and GAN generated
examples (bottom).

sults we first outline the objective of generative models
and the GANs framework.

The central problem of generative models is the ques-
tion: given a distribution of data Pdata can one devise
a generator G such that the distribution of model gen-
erated data Pmodel = Pdata? Our information about
Pdata comes from the training dataset, typically an in-
dependent and identically distributed random sample
x1, x2, . . . , xn which is assumed to have the same dis-
tribution as Pdata. Achieving a high fidelity genera-
tion scheme amounts to the construction of a density
estimator of the training data. In the GANs frame-
work a generator function G is optimized to generate
samples that are indistinguishable from training data
as judged by a discriminator function D. D is opti-
mized to discriminate between training data and gen-
erated data. In the neural network formulation of this
framework the generator network G✓ parametrized by
network parameters ✓ and discriminator network Dw

parametrized by w are simultaneously optimized using
gradient-descent.

Of interest to us here is the generator G✓. Its param-
eters are optimized to map a vector z sampled from a
prior to the support of Pmodel. The only requirement
on the generator is that it is differentiable with respect
to its parameters and input (except at possibly finitely
many points). For the 256 ⇥ 256 convergence maps we
study, we choose a normal prior, so:

z ⇠ [N0(0, 1), . . . ,N63(0, 1)]

G✓ : z ! x ✏ R256⇥256.

The dimension of the vector z needs to be com-
mensurate with the support of the training conver-
gence maps Pdata in R256⇥256. Because the underly-
ing physics of the convergence maps is translation and
rotation invariant [11], we chose to construct the gener-
ator and discriminator networks mainly from convolu-
tional layers. To allow the network to learn the proper
correlations on the components of the input z early on,
the first layer of the generator network needs to be a
fully-connected layer. A well studied architecture that
meets these criteria is the Deep Convolutional Gener-
ative Adversarial Networks (DCGAN) [12]. DCGAN
is a set of empirically chosen architectural guidelines
and hyper-parameters which have been shown to be
robust to excel at a variety of tasks. We experimented
with DCGAN architectural parameters and we found
that most of the hyper-parameters optimized for natu-
ral images by the original authors perform well on the
convergence maps, for example, changing the learning
rates or the kernel sizes worsens the performance. We
used DCGAN with slight modifications to meet our
problem dimensions as described in the Methods sec-
tion.

2

Figure 8: Average ⇡
+ Geant shower (top), and average ⇡

+ CaloGAN shower (bottom), with
progressive calorimeter depth (left to right).

Figure 9: Five randomly selected e
+ showers per calorimeter layer from the training set (top) and the

five nearest neighbors (by euclidean distance) from a set of CaloGAN candidates.

Figure 10: Five randomly selected � showers per calorimeter layer from the training set (top) and the
five nearest neighbors (by euclidean distance) from a set of CaloGAN candidates.

Figure 11: Five randomly selected ⇡
+ showers per calorimeter layer from the training set (top) and

the five nearest neighbors (by euclidean distance) from a set of CaloGAN candidates.
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FIG. 11. Profile of the paramterized NN responses
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Top shows the response of the adversarially-trained clas-
sifier, which minimizes correlation with jet mass; bottom
shows the response of a network trained in the traditional
manner, to optimize classification accuracy.

able of interest, the jet mass. This allows the classi-
fier to enhance signal to noise ratio while minimiz-
ing the tendency of the background distribution to
morph into a shape which is degenerate with the ob-
servable signal. When the background cannot be re-
liably predicted a priori, as is often the case, it is im-
portant to be able to constrain its rate in sidebands
surrounding the signal region. Therefore, avoiding
such degeneracy is critical to performing successful
measurements.

We note that, from Fig. 8, it is clear that ap-
plying su�ciently tight cuts to the adversarial clas-
sifier causes significant background morphing, par-
ticularly when compared to the ⌧21-based discrimi-
nants. However, the solid lines of Fig. 9 illustrate
the case where the background rate is uncertain
and hence benefits from sideband constraints. We
see that the optimal significance is realized for the
adversarial classifier at a relatively high signal e�-
ciency of roughly 90%, where the background mor-
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phing is quite limited (Fig. 7). Hence, the adversar-
ial classifier achieves its goal of optimizing the trade-
o↵ between correlation and discrimination power.

We also note that the decorrelation could poten-
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•Adversarial approach of “Learning 
to Pivot” can also be used to train 
a classifier that is “decorrelated” 
to some other variable.  

• want jet taggers that are 
decorrelated with jet invariant 
mass 

• so that analysis can still search 
for a bump using jet invariant 
mass 

• avoids sculpting background
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48 5. Deep Learning for Continuum Suppression

Figure 5.13.: COD signal distribution of 4z with an Adversarial Network’s classifier out-
put. For details of this representation method see Figure 5.10. The classifier
output has significantly fewer correlations to the signal distribution of 4z

than DNN (E+DL+V) in Figure 5.12.

Figure 5.14.: ROC curves of DNN (E+DL) and DNN (E+DL+V) from Section 5.4 and
an Adversarial Network AN trained with the same topology in the classifier
part.
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than DNN (E+DL+V) in Figure 5.12.

Figure 5.14.: ROC curves of DNN (E+DL) and DNN (E+DL+V) from Section 5.4 and
an Adversarial Network AN trained with the same topology in the classifier
part.

46 5. Deep Learning for Continuum Suppression

Figure 5.11.: COD signal distribution of 4z with the classifier DNN (E+DL) from Sec-
tion 5.4. For details of this representation method see Figure 5.10. The
classifier output has close to none correlations to 4z considering the offset
shown in Figure 5.10.

Figure 5.12.: COD signal distribution of 4z with the classifier DNN (E+DL+V) from
Section 5.4. For details of this representation method see Figure 5.10. The
classifier output has significant correlations with the signal distribution of 4z

in contrast to that in Figure 5.11.

5.6. Adversarial Network 45

Figure 5.9.: Schematics of 4z, which is the vertex difference of the two B-mesons in the
boost direction.

Figure 5.10.: Classifier Output Dependent (COD) normalized signal distribution of 4z

with a random classifier. The distribution without applying a classifier cut is
drawn as a black line, while the different quantile cuts are drawn as deviations
from the black line in their respective colors. Significant deviations are drawn
in red, while not important deviations from high quantile cuts fade to white.
The value at the top represents the flatness of the distribution. It is clear,
that the random classifier has no correlation at all to 4z.

Dennis Weyland Master’s thesis ETP-KA/2017-30 
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N E U T R I N O L E S S  D O U B L E  B E TA  D E C AY   

•NEXT is a high pressure Xenon (HPXe) Time Projection Chamber (TPC).  

18

X (mm)
-60 -40 -20 0 20 40 60

Y 
(m

m
)

-60

-40

-20

0

20

40

60

X (mm)
40 60 80 100 120 140 160

Y 
(m

m
)

-100

-80

-60

-40

-20

0

20

✔

✔
✔

✘
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Figure 2. Monte Carlo simulation of a signal (0⌫��) event (left) and a background event (right) in xenon gas
at 15 bar. The color corresponds to energy deposition in the gas, red representing higher density of energy
deposition and blue representing lower density. The signal consist of two electrons emitted from a common
vertex, and thus it features large energy depositions (blobs) at both ends of the track. Background events are,
typically, single-electron tracks (produced by photoelectric or Compton interactions of high energy gammas
emitted by 214Bi or 208Tl isotopes), and thus feature only one blob (figure from [7]).
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Figure 3. Probability distribution of signal (left) and background (right) events in terms of the energies of
the end-of-track blob candidates. The blob candidate labelled as ‘1’ corresponds to the more energetic one,
whereas ‘blob 2’ corresponds to the less energetic of the two. In a signal event, the blob candidates have, on
average, the same energy. In a background event, blob candidate 1 has an energy similar to that of a signal
event while the energy of blob candidate 2 is very small (figure from [7]).

Electrons (and positrons) moving through xenon gas lose energy at an approximately fixed
rate until they become non-relativistic. At the end of the trajectory the 1/v2 rise of the energy
loss (where v is the speed of the particle) leads to a significant energy deposition in a compact

– 4 –

Prepared for submission to JINST

Background rejection in NEXT using deep neural
networks

NEXT collaboration
J. Renner,a,1 A. Farbin,b J. Muñoz Vidal,a J.M. Benlloch-Rodríguez,a A. Botas,a

P. Ferrario,a J.J. Gómez-Cadenas,a,2 V. Álvarez,a C.D.R. Azevedo,h F.I.G. Borges,c

S. Cárcel,a J.V. Carrión,a S. Cebrián,d A. Cervera,a C.A.N. Conde,c J. Díaz,a

M. Diesburg,p R. Esteve, f L.M.P. Fernandes,c A.L. Ferreira,h E.D.C. Freitas,c

A. Goldschmidt,e D. González-Díaz,q R.M. Gutiérrez,i J. Hauptman, j C.A.O. Henriques,c

J.A. Hernando Morata,k V. Herrero, f B. Jones,b L. Labarga,l A. Laing,a P. Lebrun,p

I. Liubarsky,a N. López-March,a D. Lorca,a M. Losada,i J. Martín-Albo,r

G. Martínez-Lema,k A. Martínez,a F. Monrabal,a C.M.B. Monteiro,c F.J. Mora, f

L.M. Moutinho,h M. Nebot-Guinot,a P. Novella,a D. Nygren,b,2 B. Palmeiro,a A. Para,p

J. Pérez,l M. Querol,a L. Ripoll,n J. Rodríguez,a F.P. Santos,c J.M.F. dos Santos,c

L. Serra,a D. Shuman,e A. Simón,a C. Sofka,o M. Sorel,a J.F. Toledo, f J. Torrent,n

Z. Tsamalaidze,g J.F.C.A. Veloso,h J. White,o,3 R. Webb,o N. Yahlali,a H. Yepes-Ramírezi

aInstituto de Física Corpuscular (IFIC), CSIC & Universitat de València,
Calle Catedrático José Beltrán, 2, Paterna, Valencia, 46980 Spain

bUniversity of Texas at Arlington
701 S. Nedderman Drive, Arlington, Texas, 76019 USA

cDepartamento de Fisica, Universidade de Coimbra,
Rua Larga, Coimbra, 3004-516 Portugal

dLab. de Física Nuclear y Astropartículas, Universidad de Zaragoza,
Calle Pedro Cerbuna, 12, Zaragoza, 50009 Spain

eLawrence Berkeley National Laboratory (LBNL),
1 Cyclotron Road, Berkeley, California, 94720 USA

f Instituto de Instrumentación para Imagen Molecular (I3M), Universitat Politècnica de València,
Camino de Vera, s/n, Edificio 8B, Valencia, 46022 Spain

gJoint Institute for Nuclear Research (JINR),
Joliot-Curie, 6, Dubna, 141980 Russia

hInstitute of Nanostructures, Nanomodelling and Nanofabrication (i3N), Universidade de Aveiro,
Campus de Santiago, Aveiro, 3810-193 Portugal

1Corresponding author.
2Co-spokesperson.
3Deceased.

ar
X

iv
:1

60
9.

06
20

2v
3 

 [p
hy

si
cs

.in
s-

de
t] 

 1
8 

O
ct

 2
01

6

Figure 9. Sensitivity to the half-life T 0⌫
1/2 calculated using the Feldman-Cousins approach. The curves

describe the NEXT-100 conventional analysis [7] (blue) and NEXT-100 with the improved DNN-based
analysis with optimal figure of merit and low di↵usion (red).

mm according to the average stopping power dE/dx as tabulated by NIST [29] for xenon at 15
atm. Electron multiple scattering was modeled by casting random Gaussian numbers to determine
the angles ✓x and ✓y of deflection from the direction of travel. Assuming the particle’s direction
of travel is ẑ, the angles ✓x and ✓y between the scattered direction and ẑ projected on the x-z and
y-z planes respectively, were chosen randomly from a Gaussian distribution with sigma determined
according to

�2(✓x,y) =
13.6 MeV
�p

p
dz/L0

⇥
1 + 0.038 ln(dz/L0)

⇤
. (6.1)

where dz is the thickness of xenon travelled in this step, L0 is the radiation length in xenon, p is the
electron momentum in MeV/c, and � = v/c, assuming c = 1.

Such tracks were generated and voxelized similar to the procedure described in section 2.1.
Note that no “single-track” cut was necessary because no physics generating a secondary track
was implemented. Also no energy smearing was performed. For background events, the track
generation began with a single electron emitted in a random direction with energy 2.4578 MeV,
while for signal events, this energy was shared equally between two electrons emitted in random
directions from a single initial vertex. The DNN classified the resulting events with nearly 100%
accuracy, that is, the higher of the two probabilities (> 50%) of signal or background computed by
the DNN corresponded to the correct classification in nearly all cases. Several modifications were
then made to attempt to gain insight into the physics causing the lower classification observed in
the more detailed Monte Carlo tracks. First, a realistic distribution of energies of the two electrons
in signal events [18] was used, and later the magnitude of the multiple scattering was doubled (the
prefactor 13.6 in equation 6.1 was increased to 27.2). The electron energy distribution caused a loss
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D A N I E L  W H I T E S O N

•ATLAS 

•Deep Learning for event 
selection in BSM searches 

•Deep Learning for Boosted 
Jet / Flavor Tagging 
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F E R N A N D A  P S I H A S

•NOνA &  DUNE  

•High Pressure SeF6 for 0νββ 

•ConvNets for neutrino experiments 

•Created the Machine Learning 
group at FermiLab 
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K A Z U H I R O  T E R A O

•MicroBooNE experiment 

•(previously DoubleChooz) 

•http://deeplearnphysics.org/ 
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http://deeplearnphysics.org/Blog/


M I C H A E L  W I L L I A M S

•LHCb, GlueX 

•ML for Trigger & Data Acquisition 

•dark photons
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P O T E N T I A L  Q U E S T I O N S

•What aspects of recent progress do you consider to be the most promising / transformative.  
Or examples of applications where it makes a huge difference 

•What do you see as the biggest downsides / potential risks of going more down ML path?  

•How do you think the recent progress in ML capabilities should influence our design and planning 
of future experiments and upgrades?  

•What has yet to be demonstrated that you would like to see 

•Thoughts on Interpretability 

•Marginal improvements vs transformational capabilities 

•What are the biggest barriers to progress? 

•In the last 1.5 years there was a big effort for the HEP Software Foundation and a 
conceptualization for an NSF-funded Software Institute focusing on HEP. ML was highlighted in 
both documents. If the institute was funded, what should S2i2 focus on?  

•How do do you respond to skeptical experimentalist / theorist 

•Thoughts on workforce development and broader impacts of particle physics research?
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