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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 different 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 training faster, we used non-saturating neurons and a very efficient GPU implementation 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 improve their performance, we can collect larger datasets, learn more powerful models, and use better 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 currentbest 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 collect 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.

2015

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 problem 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 controlled 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.
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COMPUTER VISION

https://alexgkendall.com/computer_vision/bayesian_deep_learning_for_safe_ai/
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G R A V I TAT I O N A L W A V E S & N E U T R I N O S

Gravitational Waves

Prepared for submission to JINST

Convolutional Neural Networks Applied to
Neutrino Events in a Liquid Argon Time
Projection Chamber

arXiv:1611.05531v1 [physics.ins-det] 17 Nov 2016

SXS
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Source: ligo.org

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!
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JUAN CARRASQUILLA @ NIPS
RESTRICTED BOLTZMANN MACHINE WAVE FUNCTION
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NEURAL-NETWORK QUANTUM
STATE TOMOGRAPHY FOR
LARGE MANY-BODY SYSTEMS
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Brendan Frey

Widespread use of RBMs to solve many-body physics:

Marzyeh Ghassemi

Variational ansatz for quantum wave-functions (Carleo & Troyer, Science 2017)
Exact representation of topological states (Deng, Li & Das Sarma, arXiv 2016)
Accelerate Monte Carlo simulations (Huang & Wang, PRB 2017)
Topological quantum error correction (GT & Melko, PRL)
and more . . .
But other choices for the neural network are also possible (CNN, MLP etc)
Torlai, Mazzola, Carrasquilla, Troyer, Melko and Carleo 1703:05334
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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
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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

J. Carrasquilla and R. G. Melko. Nature Physics 13, 431–434 (2017)
Dong-Ling Deng et al Phys. Rev. X 7, 021021 (2017)
Jing Chen, Song Cheng, Haidong Xie, Lei Wang, Tao Xiang arXiv:1701.04831 RBMs
the classical toric code Hamiltonian is defined as a sum over the product of spins on a plaquette

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

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

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

Hamiltonian, respectively. (D) A ground state configuration of the toric code Hamiltonian.

Hamiltonian, respectively. (D) A ground state configuration of the toric code Hamiltonian.

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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JET IMAGES
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Jet images
[image: Komiske, Metodiev, Schwartz arxiv:1612.01551]
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[Oliveira et al arXiv:1511.05190]
[Baldi et al arXiv:1603.09349]
[Barnard et al arXiv:1609.00607]

pre-process

convolutional layer

dense layer
quark jet

max-pooling
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gluon jet
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GANS FOR PHYSICS
CaloGAN: Simulating 3D High Energy Particle
Showers in Multi-Layer Electromagnetic Calorimeters
with Generative Adversarial Networks

Creating Virtual Universes Using Generative Adversarial Networks
Mustafa Mustafa⇤1 , Deborah Bard1 , Wahid Bhimji1 , Rami Al-Rfou2 , and Zarija Lukić1
1

Michela Paganinia,b , Luke de Oliveiraa , and Benjamin Nachmana

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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The scientific success of the next generation of sky as in the traditional approach to emulators.
surveys (e.g. [1–5]) to test the current “standard model”
In this letter, we study the ability of a recent variof cosmology (⇤CDM), hinges critically on the success ant of generative models - Generative Adversarial Netof underlying simulations. Answering questions in cos- works (GANs) [9] to generate weak lensing convergence
mology about the nature of cold dark matter, dark maps. The training and validation maps are produced
energy and the inflation of the early universe, requires using N-body simulations of ⇤CDM cosmology. We
relating observations of a large number of astrophysical show that maps generated by the neural network exobjects which trace the underlying matter density field, hibit, with high statistical confidence, the same power
1
to simulations of “virtual universes” with diﬀerent cos- (Fourier) spectrum of the fully-fledged simulator10maps,
mological parameters. Currently the creation of each as well as higher order non-Gaussian features, thus
virtual universe requires an extremely computationally demonstrating that such scientific data is amenable to
expensive simulation on High Performance Computing a GAN treatment for generation. The very high level
resources. In order to make this inverse problem prac- of agreement we achieve oﬀers promise for building emtically solvable, constructing a computationally cheap ulators out of deep neural networks. We first present
2
surrogate model or an emulator [6, 7] is imperative.
our results and analysis then outline the future10invesHowever, traditional approaches to emulators re- tigations which we think are critical to build such emquire the use of a summary-statistic which is to be em- ulators in the Discussion section.
ulated. An approach that does not require such mathematical templates of the simulation outcome would
be of considerable value in the field. The ability to Results
10 3
emulate these simulations with high fidelity, in a fraction of the computational time, would boost our ability Gravitational lensing has potential to be one of the
to understand the fundamental nature of the universe. most sensitive probes of the nature of dark energy [10],
While in this letter we focus our attention on cosmol- and aﬀects the shape and apparent brightness of every
ogy, and in particular weak lensing convergence maps, galaxy we observe. Convergence (⌫) is the quantity
it
we believe that this approach is relevant to many areas that defines the brightness of an observed object as
10 4
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(deg) It can be interpreted as
Recent developments
techniques open the potential to meet this need. The a measure of the density of the universe observed from
a particular
direction.
full N-body
simulation creFigure
Weak lensing
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⌦⇤can
= serve
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generated
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which
universal approximaexamples
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tors [8], thus
having the ability to learn the underlying realizations of the same cosmological model. We set
distributions of data and emulate the observable with- out to train a GAN model on 256 ⇥ 256 pixels converout being biased by the choice of summary-statistics, gence maps taken from these simulations. A descripsults we first outline the objective of generative models tion of the simulations and data preparation methods
author: mmustafa@lbl.gov
is in the Methods
section.
Before we describe our reand⇤ Corresponding
the GANs framework.
z ⇠ [N
0 (0, 1), . . . , N63 (0, 1)]
Validation

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
Figure 8:(GANs).
AverageWe
⇡ +apply
Geant
(top),toand
average
⇡ + CaloGAN
shower
with
networks
theshower
CaloGAN
model
electromagnetic
showers
in a(bottom),
longitudinally
progressive
calorimeter
depth
(left
to
right).
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.
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.

Inferring model parameters from experimental data is a grand challenge in many sciences, including cosmology. 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.

Generated

E-mail: michela.paganini@yale.edu, lukedeoliveira@lbl.gov, bnachman@cern.ch

Abstract

arXiv:1706.02390v1 [astro-ph.IM] 7 Jun 2017

Lawrence Berkeley National Laboratory, 1 Cyclotron Rd, Berkeley, CA, 94720, USA
b
Department of Physics, Yale University, New Haven, CT 06520, USA
a

Lawrence Berkeley National Laboratory, Berkeley, CA 94720
2
Google Research, Mountain View, CA 94043
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D E C O R R E L AT E D TA G G E R S
NN output

•Adversarial approach of “Learning
to Pivot” can also be used to train
a classifier that is “decorrelated”
to some other variable.

K.C, J. Pavez, and G. Louppe, arXiv:1506.02169
P. Baldi, K.C, T. Faucett, P. Sadowski, D. Whiteson arXiv:1601.07913
G. Louppe, M. Kagan, K.C, arXiv:1611.01046
Shimmin, et. al. arXiv:1703.03507

for a bump using jet invariant
mass

• avoids sculpting background
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classifier output has close to none correlations to 4z considering the oﬀset
shown in Figure 5.10.

D E C O R R E L AT I O N I N B E L L E I I

5.6. Adversarial Network

45

Figure 5.13.: COD signal distribution of 4z with an Adversarial Network’s classifier output. For details of this representation method see Figure 5.10. The classifier
output has significantly fewer correlations to the signal distribution of 4z
5. Deep Learning for Continuum Suppression
than DNN (E+DL+V) in Figure 5.12.

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

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.

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
Figure 5.13.: COD signal distribution of 4z with an Adversarial Network’s classifier part.
outDennis Weyland Master’s thesis ETP-KA/2017-30
16
Figure 5.10.: Classifier Output Dependent (COD) normalized signal distribution of 4z

Mark Messier mentioned role of #DeepLearning in the neutrino program at NSF/DOE High Energy Physics Advisory Panel

Background rejection in NEXT using deep neural
networks

arXiv:1609.06202v3 [physics.ins-det] 18 Oct 2016

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

arXiv:1609.06202
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

•NEXT is a high pressure Xenon (HPXe) Time Projection Chamber (TPC).
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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 Network
both ends of the track. Background events are,
Deep Neural
typically, single-electron tracks (produced by photoelectric or Compton interactions of high energy gammas
emitted by 214 Bi or 208 Tl isotopes), and thus feature only one blob (figure from [7]).
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Our Panel

DANIEL WHITESON

•ATLAS
•Deep Learning for event
selection in BSM searches
•Deep Learning for Boosted
Jet / Flavor Tagging
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FERNANDA PSIHAS
•NOνA & DUNE
•High Pressure SeF6 for 0νββ
•ConvNets for neutrino experiments
•Created the Machine Learning
group at FermiLab
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KAZUHIRO TERAO

•MicroBooNE experiment
•(previously DoubleChooz)
•http://deeplearnphysics.org/
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MICHAEL WILLIAMS

•LHCb, GlueX
•ML for Trigger & Data Acquisition
•dark photons
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POTENTIAL QUESTIONS
•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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