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A Very Simple Network
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y = f(f(x1)w1 + f(x2)w2)

f(x) = ⇥(x) · x



Activation Functions
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Softmax 
(for final classification layer)



How do networks learn?

• Backpropagation + Gradient descent

• Pass input (x1, x2) to ANN

• Calculate output (  ) and difference to true value (y)  
This is the loss function L

• Find gradient of loss function with respect to weights 

• Use gradient to find new weights
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ŷ

Regression Problem:

L(y, ŷ) = (y � ŷ)2

wt+1 = wt � ⌘
@L

@wt
⌘ wt � ⌘rL(wt)



Complexity

2 weights

300 weights

25 million  
weights
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Structure
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Problem Data Information
What are we trying to achieve?
(Choice of appropriate loss function)

What is the inherent structure 
of the data?
(Choice of architecture)

What can we give the network 
to train?

What else is needed? 
Infrastructure



Problem: Classification
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Particles

Event Topologies

Distinguish a pair of classes (binary) or several (multi-class).

Galaxies



• Minimizing cross entropy: Equivalent to 
maximising the likelihood

L =
X

Samples

�ys ln ŷs � (1� ys) ln(1� ŷs)

True class  
image is cat: 0
image is dog: 1

Predicted class  
DNN output between 0 and 1

1

N
ln⇧iq

Npi
i =

X

i

pi ln qi = �H(p, q)

• Entropy: Optimal number of bits needed to encode 
when the probability distribution is known

S = �
X

pi ln pi

• Cross Entropy: We do not know the true probability

True distribution
Assumed distribution 

 (network output)

H(p, q) = �
X

pi ln qi



Problem: Regression
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Reconstruct a numerical quantity.

Calorimeter  
prototype energy

• Other potential uses:

• Jet energy calibration

• Mass calibration

• Pile-Up subtraction

• …

•
L(y, ŷ) = (y � ŷ)2

w0
i = wi + ↵ · @L

@wi



Structure

 10

Problem Data Information
Classification
Regression

Generation

Stability

Anomaly detection

What is the inherent structure 
of the data?

What can we give the network 
to train?



Data: High Level
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Simple solution with fully connected network. Equivalent to typical 
problem solved by classical neural network or boosted decision tree.



Data: Grid
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Train these weights

=

Analyse grid-like data with convolutional networks. Incredibly versatile.
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Figure 4. Architecture [29] of our default networks for fully pre-processed images, defined in Tab. I.

classification is a parameter that allows to link the signal e�ciency ✏S with the mis-tagging rate of
background events ✏B.

In Sec. III we will use this trained network to test the performance in terms of ROC curves,
correlating the signal e�ciency and the mis-tagging rate.

Before we move to the performance study, we can get a feeling for what is happening inside
the trained ConvNet by looking at the output of the di↵erent layers in the case of fully pre-
processed images. In Fig. 5 we show the di↵erence of the averaged output for 100 signal and 100
background images. For each of those two categories, we require a classifier output of at least 0.8.
Each row illustrates the output of a convolutional layer. Signal-like red areas are typical for jet
images originating from top decays; blue areas are typical for backgrounds. The first layer seems
to consistently capture a well-separated second subjet, and some kernels of the later layers seem
to capture the third signal subjet in the right half-plane. However, one should keep in mind that
there is no one-to-one correspondence between the location in feature maps of later layers and the
pixels in the input image.

Figure 5. Averaged signal minus background for our default network and full pre-processing. The rows
correspond to ConvNet layers one to four. After two rows MaxPooling reduces the number of pixels by
roughly a factor of four. The columns indicate the feature maps one to eight. Red areas indicate signal-like
regions, blue areas indicate background-like regions.



Data: Sequence
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Apply recurrent networks if there is a clear ordering. Inspired by 
language processing.

Example of LSTM (Long short-term memory architecture)



Data: Point Cloud
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Introduction Jet Physics Previous work Proposed model Experiments Conclusions

Graph neural networks

A

B

C

D
E

F

G

H

I

J

m̃
t
j = f (ht�1

j )

m
t
j!i = �(Aijm̃

t
j )

h
t
i = GRU(ht�1

i ,⌃jm
t
j!i)

Multiple inputs with multiple features, no obvious ordering.  
Very versatile.

Graph-based neural 
networks.

DeepSet.

1810.05165



Data: Hybrid
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Loukas Gouskos, CMS
https://indico.cern.ch/event/649482/contributions/2993213/

b Quark Identification in CMS

Combine data from multiple sources.

DP-2017-013

Blue: generic DNN (650 inputs)
Green: CMS tagger (~65 human made inputs)
Red: Physics inspired DNN (650 inputs)

Particle&Vertex based DNN performs best
18

Impact of DNN architecture



Structure
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Problem Data Information

Time series

High-level

Regular grid

Lorentz vectors

Classification
Regression

Generation

Stability

Anomaly detection

Point cloud

What can we give the network 
to train?



Information
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• What can we give the network to train?

Train
on MC simulation

or
Other source of labels

(humans)

Apply to Data

Supervised Weakly supervised Unsupervised
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that

– 5 –

1708.02949



Structure
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Problem Data Information

Weakly supervised
UnsupervisedTime series

High-level

Regular grid

Lorentz vectors

Classification
Regression

Generation

Supervised

Stability

Anomaly detection

Point cloud

Infrastructure: GPU computing & Software



Performance Measures
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(fraction of correct predictions)

ROC:
Receiver operation characteristic

AUC:
Area under curve

Background rejection at given  
signal efficincy

Accuracy

scikit-learn.org

https://photos.google.com/photo/AF1QipPDN7qLSqFaJs0XNcxnnOzh4k11O9RegV45tVMn


Physics
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Physics at the LHC

We want to infer underlying physics from measurements in the detector.
How can deep neural networks assist us?

http://www.quantumdiaries.org/

!21



Top Quark

Top quark pair production 
at the LHC

Interactions of gluons inside 
protons

• Heaviest known elementary particle  
 (172.5 GeV)

• Very short lifetime (10-25 seconds):

• only see its decay products

• Discovery 1995 by CDF and D0 experiments 
at Tevatron (Fermilab)

• Key to searches and precision measurements

Hadronic top  
decay chain

!22



Jets Merging
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Low momentum (slow) top 
quark: 3 separate objects in 
the detector

R=0.4 R=0.4

Top quark

W boson

Down quark Up quark B quark
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High momentum (fast) top 
quark: 1object in the 
detector

Jets Merging



Heavy Resonance Tagging

• Hadronically decaying top/Higgs/W/Z

• Contained in one (large-R) jet

• How to distinguish from light quark/gluon jets 
(and from each other)

• For new physics searches (and SM studies)

Some Classical solutions:  
(aka jet substructure)

• Mass 
Calculate using a grooming algorithm  
(eg mMDT/softdrop or pruning) 

• Centers of hard radiation 
n-subjettiness or energy correlation 
functions

• Flavour 
b tagging of large-R jets or subjets

• Soft substructure 
Color connection

• Inclusive reconstruction 
HEPTopTagger V2, HOTVR

• Other substructure variables 
Shower deconstruction, template tagger, …

Towards an Understanding of the Correlations in Jet Substructure  
D Adams et al (BOOST 2013 Participants), Eur.Phys.J. C75
Top Tagging, T Plehn, M Spannowksy, J.Phys. G39 (2012) 083001  
Boosted Top Tagging Method Overview, GK, Proc. Top2017 !25



Architectures
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• Fully connected networks

• Image recognition

• Natural language processing

• Physics based

• Graph networks

Architecture

 27

How to build a network?



Fully Connected

• Classical artificial neural network

• Most generic structure

• Many weights, inefficient

• Can we use the symmetry of the problem to simplify 
matters? 
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Jet Constituents for Deep Neural Network Based Top Quark Tagging  
J Pearkes, W Fedorko, A Lister, C Gay  
1704.02124  
Playing Tag with ANN: Boosted Top Identification with Pattern Recognition  
LG Almeida, M Backovic, M Cliche, SJ Lee, M Perelstein  
1501.05968



Convolutional
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Deep-learning Top Taggers or The End of QCD?  
GK, Tilman Plehn, Michael Russell, Torben Schell
JHEP 05 (2017) 006
Pulling Out All the Tops with Computer Vision and Deep Learning
S Macaluso, D Shih, JHEP10(2018)121
Origins:
Jet-Images: Computer Vision Inspired Techniques for Jet Tagging
J Cogan, M Kagan, E Strauss, A Schwartzman
arXiv:1407.5675
Jet-Images -- Deep Learning Edition
Ld Oliveira, M Kagan, L Mackey, B Nachman, A Schwartzman
JHEP 1607 069



Top Quark

+

• Measure particle energies in calorimeter
• Reconstruct jet from individual 

measurements
• Image preprocessing

• center, rotate, mirror, pixelate, trim, 
normalise

=

1 image

(jet images by C Daza)
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Top Quark

+

=
(jet images by C Daza)

• Measure particle energies in calorimeter
• Reconstruct jet from individual 

measurements
• Image preprocessing

• center, rotate, mirror, pixelate, trim, 
normalise

10 image average
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Top Quark

+

=
(jet images by C Daza)

• Measure particle energies in calorimeter
• Reconstruct jet from individual 

measurements
• Image preprocessing

• center, rotate, mirror, pixelate, trim, 
normalise

100 image average
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Top Quark

+

=
(jet images by C Daza)

• Measure particle energies in calorimeter
• Reconstruct jet from individual 

measurements
• Image preprocessing

• center, rotate, mirror, pixelate, trim, 
normalise

1000 image average
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Top Quark

+

=
(jet images by C Daza)

• Measure particle energies in calorimeter
• Reconstruct jet from individual 

measurements
• Image preprocessing

• center, rotate, mirror, pixelate, trim, 
normalise

10000 image average

 34



Top

+

• Reconstruct energy with calorimeter 
(improve resolution using tracker)

• Cluster energy deposits into jet
• Preprocess: 

(Overlay of 100k images)

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)

3

(jet images by Michel Luchmann)

=
 35



Top

+

• Reconstruct energy with calorimeter 
(improve resolution using tracker)

• Cluster energy deposits into jet
• Preprocess: 

(Overlay of 100k images)

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)

3

(jet images by Michel Luchmann)

=
 36



=
Top Quark  
 Jet

QCD Jet

=

• Binary classification task
• Fully supervised learning 

(using simulation)
• 40x40 Pixels, ET

 37



Convolutional Layer
That’s the weights we want to train

 38



Convolutional Network
• How to build a convolutional network

• Chain multiple conv layers

• Use multiple masks per layer

• Pooling

• Max Pooling

• Average Pooling

• Add a fully connected network in the end

 39

9

Figure 4. Architecture [29] of our default networks for fully pre-processed images, defined in Tab. I.

classification is a parameter that allows to link the signal e�ciency ✏S with the mis-tagging rate of
background events ✏B.

In Sec. III we will use this trained network to test the performance in terms of ROC curves,
correlating the signal e�ciency and the mis-tagging rate.

Before we move to the performance study, we can get a feeling for what is happening inside
the trained ConvNet by looking at the output of the di↵erent layers in the case of fully pre-
processed images. In Fig. 5 we show the di↵erence of the averaged output for 100 signal and 100
background images. For each of those two categories, we require a classifier output of at least 0.8.
Each row illustrates the output of a convolutional layer. Signal-like red areas are typical for jet
images originating from top decays; blue areas are typical for backgrounds. The first layer seems
to consistently capture a well-separated second subjet, and some kernels of the later layers seem
to capture the third signal subjet in the right half-plane. However, one should keep in mind that
there is no one-to-one correspondence between the location in feature maps of later layers and the
pixels in the input image.

Figure 5. Averaged signal minus background for our default network and full pre-processing. The rows
correspond to ConvNet layers one to four. After two rows MaxPooling reduces the number of pixels by
roughly a factor of four. The columns indicate the feature maps one to eight. Red areas indicate signal-like
regions, blue areas indicate background-like regions.



Beyond Convolution

 40
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Dynamic Routing Between Capsules, S Sabour, N 
Frosst, GE Hinton, 1710.09829
(medium.com)
1906.11265

Capsule Network

• CNNs learn features, problem of spatial 
correlation

• Capsules are a new building block for 
image recognition

• Learn instantiation vector

• Connection by agreement (co-firing)

http://medium.com


Recurrent
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Recurrent

• Inspired by natural language processing

• Work with a sequence of inputs

• Inputs can change the state of the cell (Long Short Term Memory)

• Think of

• One input = One jet constituent

http://colah.github.io/  43



LSTM

http://colah.github.io/  44



Recursive
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QCD-Aware Recursive Neural Networks for Jet Physics  
G Louppe, K Cho, C Becot, K Cranmer  
arXiv:1702.00748
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FIG. 1. QCD-motivated recursive jet embedding for classifi-
cation. For each individual jet, the embedding hjet

1 (tj) is com-
puted recursively from the root node down to the outer nodes
of the binary tree tj . The resulting embedding is chained to
a subsequent classifier, as illustrated in the top part of the
figure. The topology of the network in the bottom part is
distinct for each jet and is determined by a sequential recom-
bination jet algorithm (e.g., kt clustering).

B. Full events

We now embed entire events e of variable size by feed-
ing the embeddings of their individual jets to an event-
level sequence-based recurrent neural network.

As an illustrative example, we consider here a gated re-
current unit [21] (GRU) operating on the pT ordered se-
quence of pairs (v(tj),h

jet
1 (tj)), for j = 1, . . . ,M , where

v(tj) is the unprocessed 4-momentum of the jet tj and

hjet
1 (tj) is its embedding. The final output hevent

M
(e) (see

Appendix B for details) of the GRU is chained to a subse-
quent classifier to solve an event-level classification task.
Again, all parameters (i.e., of the inner jet embedding
function, of the GRU, and of the classifier) are learned
jointly using backpropagation through structure [9] to
minimize the loss Levent. Figure 2 provides a schematic
of the full classification model. In summary, combining
two levels of recurrence provides a QCD-motivated event-
level embedding that e↵ectively operates at the hadron-
level for all the particles in the event.

In addition and for the purpose of comparison, we
also consider the simpler baselines where i) only the 4-
momenta v(tj) of the jets are given as input to the GRU,
without augmentation with their embeddings, and ii) the
4-momenta vi of the constituents of the event are all di-
rectly given as input to the GRU, without grouping them
into jets or providing the jet embeddings.

IV. DATA, PREPROCESSING AND
EXPERIMENTAL SETUP

In order to focus attention on the impact of the
network architectures and the projection of input 4-
momenta into images, we consider the same boosted W
tagging example as used in Refs. [1, 2, 4, 6]. The signal
(y = 1) corresponds to a hadronically decaying W boson
with 200 < pT < 500 GeV, while the background (y = 0)
corresponds to a QCD jet with the same range of pT .
We are grateful to the authors of Ref. [6] for shar-

ing the data used in their studies. We obtained both
the full-event records from their PYTHIA benchmark sam-
ples, including both the particle-level data and the tow-
ers from the DELPHES detector simulation. In addition,
we obtained the fully processed jet images of 25⇥25 pix-
els, which include the initial R = 1 anti-kt jet clustering
and subsequent trimming, translation, pixelisation, rota-
tion, reflection, cropping, and normalization preprocess-
ing stages detailed in Ref. [2, 6].

Our training data was collected by sampling from the
original data a total of 100,000 signal and background jets
with equal prior. The testing data was assembled sim-
ilarly by sampling 100,000 signal and background jets,
without overlap with the training data. For direct com-
parison with Ref. [6], performance is evaluated at test
time within the restricted window of 250 < pT < 300
and 50  m  110, where the signal and background jets
are re-weighted to produce flat pT distributions. Results
are reported in terms of the area under the ROC curve
(ROC AUC) and of background rejection (i.e., 1/FPR) at
50% signal e�ciency (R✏=50%). Average scores reported
include uncertainty estimates that come from training 30
models with distinct initial random seeds. About 2% of
the models had technical problems during training (e.g.,
due to numerical errors), so we applied a simple algo-
rithm to ensure robustness: we discarded models whose
R✏=50% was outside of 3 standard deviations of the mean,
where the mean and standard deviation were estimated
excluding the five best and worst performing models.

For our jet-level experiments we consider as input to
the classifiers the 4-momenta vi from both the particle-
level data and the DELPHES towers. We also compare the
performance with and without the projection of those
4-momenta into images. While the image data already
included the full pre-processing steps, when considering
particle-level and tower inputs we performed the initial
R = 1 anti-kt jet clustering to identify the constituents of
the highest pT jet t1 of each event, and then performed

Recursive embedding using clustering history 

Map one jet with arbitrary constituents to a fixed 
length  vector



Hybdrid architectures
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Hybrid: Heavy Resonances
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Loukas Gouskos, CMS
https://indico.cern.ch/event/649482/contributions/2993213/



Beyond Recurrence
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medium.com

• Think about translation tasks:

• Sequence to Sequence mapping

• Encoder-Decoder structure

• Encoder maps to latent space

• Hidden state after final input used as start for decoder

• (That’s a problem)

http://medium.com
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• Pass all hidden states to decoder

• At each word:

• Determine which ones are relevant (context)

• Context+hidden state give  next word

Attention
medium.com
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1409.0473, D Bahdanau, K Cho, Y Bengio, Neural Machine Translation by Jointly Learning to 
Align and Translate
1706.03762, A Vaswani et al, Attention Is All You Need
1808.03867, M. Elbayad, L. Besacier, J. Verbeek, Pervasive Attention: 2D Convolutional Neural 
Networks for Sequence-to-Sequence Prediction

Examples
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towardsdatascience.com

Point Clouds



Image

• Regular 2D grid of data

• One or more numbers/pixel

• Convolutional networks

• (or variants like capsules)

Point Cloud /  
Particle Cloud

• No intrinsic order

• Outside HEP:

• 3D coordinates in xyz-space

• In HEP:

• eg 2D coordinates in eta/phi-space

• Additional properties

• Energy, flavour tags, ..

• Deep Sets (later) and Graph 
Convolution

Sequence

• Ordered inputs

• Any number of properties

• LSTM/GRU, Attention

This is a sentence.
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Introduction Jet Physics Previous work Proposed model Experiments Conclusions

Graph neural networks

A

B

C

D
E

F

G

H

I

J

m̃
t
j = f (ht�1

j )

m
t
j!i = �(Aijm̃

t
j )

h
t
i = GRU(ht�1

i ,⌃jm
t
j!i)

Graphs

Graph: A set of vertices and edges

Represent as:
List of vertices (multiple features/vertex possible)

Adjacency matrix (which vertices are connected and how strong)

How to generalise convolution to graphs?
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Edge Convolution

• For each point:

• Define local area as K nearest neighbours 
using coordinates (ie eta/phi metric)

• Convolution filter equivalent:

• Recompute distance at each layer: Dynamic Graph CNN

eij = h✓(xi, xj)

x0
i =

X

j

eij
Symmetric: same for all 

nodes and centers

L Gouskos, H Qu https://indico.cern.ch/
event/745718/contributions/3202526
Y Wang et al, Dynamic Graph CNN for 
Learning on Point Clouds, 1801.07829

Alternative: Neural Message Passing for 
Jet Physics  I Henrion et al.  Procs. of the 

Deep Learning for Physical Sciences 
Workshop at NIPS (2017)

https://indico.cern.ch/event/745718/contributions/3202526
https://indico.cern.ch/event/745718/contributions/3202526
https://indico.cern.ch/event/745718/contributions/3202526


Deep Sets

 55



Another way to deal 
with unordered inputs

 56Deep Sets, M Zaheer et al, 1703.06114



For physics

 57

Energy Flow Networks: Deep Sets for Particle Jets, PT Komiske, EM 
Metodiev, J Thaler, 1810.05165

General :

IRC safe:



Performance
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Comparison Studies
• That’s A LOT of different approaches (and I probably missed something)

• How do they compare?

• Many aspects - let’s start with a very simple problem

• Top Jets vs QCD jets

• Only use four-vectors

• Ignore detector effects, pile-up and, uncertainties

• Provided 

• 1.2M training events, 400k events for validation, 400k events for testing

• AK8 jets with pT in [550,650], fully merged tops, Delphes simulation

• Up to 200 constituent 4-vectors, zero-padding

• This is NOT a challenge: 

• All datasets are available with truth labels.
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Problem Data Information

Weakly supervised
Unsupervised

Time series

High-level

Regular grid

Lorentz vectors

Classification
Regression

Generation

Supervised

Stability

Anomaly detection

Point cloud

Infrastructure: GPU computing & Software

Today:

Tomorrow:
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Decorrelated Jet Substructure Tagging using 
Adversarial Neural Networks

C Shimmin, P Sadowski, P Baldi, E Weik, D 
Whiteson, E Goul, A Søgaard 1703.03507

be optimized like any other.
The classifier network in this experiment consisted

of eleven input features, three fully-connected hid-
den layers each with 300 nodes having hyperbolic
tangent activation functions, and a single logistic
output node with the binomial cross-entropy clas-
sification objective. The adversarial network con-
sisted of a single input, 50 nodes with hyperbolic
tangent activation functions, and a softmax output
layer with 10 classes corresponding to binned val-
ues of the jet invariant mass (each bin representing
one decile of the background), and the multi-class
cross-entropy classification objective.

Because the adversary is challenged with adapt-
ing to an ever-changing input as the classifier is
trained, and also because its task is relatively easy,
two strategies were used to train the adversary faster
than the classifier. First, the adversary was given
a head start at the beginning of training with 100
updates while the classifier was fixed. Second, the
adversary was trained with a larger learning rate of
1.0 compared to 10�3 for the tagger objective.

The data set used for experiments was divided into
training (80%), validation (10%, used for hyperpa-
rameter tuning), and testing (10%) subsets. Each
classifier input feature was log-scaled if the empirical
skew estimate was greater than 1.0, then standard-
ized to zero mean and unit variance. Model param-
eters were initialized from a scaled normal distribu-
tion [27].

Training was performed using stochastic gradient
descent, applied to mini-batches of 100 examples
from each class. During training, the event weights
were scaled so that the average weight for each class
was 1.0. However, in the adversarial loss function
Ladversary, the signal events were given zero weight,
rendering them invisible to the adversary.

Updates were made using a training momentum
term of 0.5; the learning rate decayed by a factor of
10�5 after each update. Training was stopped after
100 epochs, where an epoch was defined as a single
pass through the background samples (⇡ 400k train-
ing events). Models were implemented inKeras [28]
and Theano [29], and hyperparameters were opti-
mized on a cluster of Nvidia Titan Black processors.

IV. PERFORMANCE

We compare the discrimination power of five can-
didate classifiers: the NN trained without an ad-
versary, the adversarially-trained NN, the unmodi-
fied ⌧21, and the two DDT-modified variables ⌧ 021,
and ⌧ 0021. The performance can be characterized by

... ...X
fc(X)

fa(fc(X))

Lclassification Ladversary

Classifier Adversary

FIG. 3. Architecture of the neural networks in the ad-
versarial training strategy. The classifying network dis-
tinguishes signal from background using the eleven vari-
ables (X) described in the text. The adversarial network
attempts to predict the invariant mass using only the
output of the classifier, fc(X); note that the adversary
has multiple binary classification outputs, correspond-
ing to bins in jet invariant mass, rather than a single
regression output.

measuring the signal e�ciency and background re-
jection of various thresholds on these discriminators
(Fig. 4).

The variable ⌧ 021, which is modified to reduce cor-
relation with the mass, results in a modest decrease
in its classification power relative to the unmodified
⌧21 at mZ0 = 100 GeV, though note that these ef-
fects are mass-dependent for both ⌧ 021 and ⌧ 0021. Sim-
ilarly, the adversarial network does not match the
discrimination power of the traditional classification
network, due to the additional constraint imposed in
its optimization. However, both NNs are clearly able
to take advantage of the combined power of the sub-
structure variables, and o↵er a large improvement
in background rejection for similar signal e�ciencies
compared to classification based on ⌧21 alone.

The focus of this study, however, is to look be-
yond the pure discriminatory power of these tools
and study their e↵ect on the jet mass spectrum. In
Fig. 5, it can be seen that the adversarial network
output for background events has a profile which
is largely independent of jet mass, while the clas-
sifying network is strongly dependent on jet mass.
Similarly, ⌧ 021 and ⌧ 0021 have a lessened dependence
on jet mass, compared to ⌧21. Figure 6 shows the
e↵ect on the jet mass distribution of successively
stricter requirements on these variables. Note that
the adversarial network’s dependence on jet mass is
diminished, but not eliminated, as can be seen in
the contour plot of Fig. 5. This is a reflection of the
trade-o↵ inherent in balancing classification power
with jet mass dependence.

In Fig. 5, we also show the profile of the neural net-
work output versus jet mass, for various thresholds

4



on the jet pT, which shows some small pT-dependent
e↵ects, but no large features. As an alternative
strategy, we trained a network using an adversar-
ial strategy with respect to log(m/pT), which more
closely mimics the approach used in Ref. [9]; the
training succeeded in finding a network with a flat
response in log(m/pT), but the distortion in jet mass
was much more significant. In principle, it is possi-
ble to use the adversary to enforce a two-dimensional
decorrelation, but since the pT-dependence is not se-
vere here, we leave this for future study.
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FIG. 4. Signal e�ciency and background rejection
(1/e�ciency) for varying thresholds on the outputs of
several jet-tagging discriminants: traditional networks
trained to optimize classification, networks trained with
an adversarial strategy to optimize classification while
minimizing impact on jet mass, the unmodified ⌧21, and
the two DDT-modified variables ⌧ 0

21, and ⌧ 00
21. The signal

samples have mZ0 = 100 GeV for this example. Gener-
alization to other masses is shown in Sec. VII.

V. STATISTICAL INTERPRETATION

The ability to discriminate jets due the hadronic
decay of a boosted object from those due to a quark
or gluon is an important feature of a jet substruc-
ture tagging tool, but as discussed above it is not the
only requirement. Due to the necessity of accurately
modeling the background, it is desirable that the jet
tagger avoid distortion of the background distribu-
tion. Simpler background shapes are especially pre-
ferred because they allow for robust estimates that
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FIG. 5. Top left, relationship between jet mass and neu-
ral network output in background events for a network
trained to optimize classification compared to an adver-
sarial network trained to optimize classification while
minimizing dependence on jet mass. Top right, rela-
tionship between jet mass and jet substructure variable
⌧21 and the DDT-modified ⌧ 0

21 and ⌧ 00
21 which attempt

to minimize dependence on jet mass. Bottom left, pro-
file of neural network output versus jet mass for the ad-
versarial trained network with varying jet pT thresholds.
Bottom right, contour plot of neural network output ver-
sus jet mass in background events for the adversarially-
trained network. The signal sample used in training has
mZ0 = 100 GeV; generalization to other masses is shown
in Sec. VII.

are constrained by the sidebands; backgrounds that
can be modeled with fewer parameters and inflec-
tions avoid degeneracy with signal features, such as
a peak.

Fig. 5 shows qualitatively that the adversarial net-
work’s response is not strongly dependent on jet
mass. But a quantitative assessment is more dif-
ficult. Mass-independence is not in itself the goal;
instead, we seek reduced dependence on knowledge
of the background shape and reduced sensitivity to
the systematic uncertainties that tend to dilute the
statistical significance of a discovery.

However, our lack of knowledge of the true back-
ground model in general also makes it non-trivial to
rigorously define and estimate the background un-
certainty. In practice, experimentalists use an as-
sumed functional form, with parameters constrained
by background-dominated sidebands to predict the
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Decorrelated Jet Substructure Tagging using 
Adversarial Neural Networks

C Shimmin, P Sadowski, P Baldi, E Weik, D 
Whiteson, E Goul, A Søgaard 1703.03507

be optimized like any other.
The classifier network in this experiment consisted

of eleven input features, three fully-connected hid-
den layers each with 300 nodes having hyperbolic
tangent activation functions, and a single logistic
output node with the binomial cross-entropy clas-
sification objective. The adversarial network con-
sisted of a single input, 50 nodes with hyperbolic
tangent activation functions, and a softmax output
layer with 10 classes corresponding to binned val-
ues of the jet invariant mass (each bin representing
one decile of the background), and the multi-class
cross-entropy classification objective.

Because the adversary is challenged with adapt-
ing to an ever-changing input as the classifier is
trained, and also because its task is relatively easy,
two strategies were used to train the adversary faster
than the classifier. First, the adversary was given
a head start at the beginning of training with 100
updates while the classifier was fixed. Second, the
adversary was trained with a larger learning rate of
1.0 compared to 10�3 for the tagger objective.

The data set used for experiments was divided into
training (80%), validation (10%, used for hyperpa-
rameter tuning), and testing (10%) subsets. Each
classifier input feature was log-scaled if the empirical
skew estimate was greater than 1.0, then standard-
ized to zero mean and unit variance. Model param-
eters were initialized from a scaled normal distribu-
tion [27].

Training was performed using stochastic gradient
descent, applied to mini-batches of 100 examples
from each class. During training, the event weights
were scaled so that the average weight for each class
was 1.0. However, in the adversarial loss function
Ladversary, the signal events were given zero weight,
rendering them invisible to the adversary.

Updates were made using a training momentum
term of 0.5; the learning rate decayed by a factor of
10�5 after each update. Training was stopped after
100 epochs, where an epoch was defined as a single
pass through the background samples (⇡ 400k train-
ing events). Models were implemented inKeras [28]
and Theano [29], and hyperparameters were opti-
mized on a cluster of Nvidia Titan Black processors.

IV. PERFORMANCE

We compare the discrimination power of five can-
didate classifiers: the NN trained without an ad-
versary, the adversarially-trained NN, the unmodi-
fied ⌧21, and the two DDT-modified variables ⌧ 021,
and ⌧ 0021. The performance can be characterized by

... ...X
fc(X)

fa(fc(X))

Lclassification Ladversary

Classifier Adversary

FIG. 3. Architecture of the neural networks in the ad-
versarial training strategy. The classifying network dis-
tinguishes signal from background using the eleven vari-
ables (X) described in the text. The adversarial network
attempts to predict the invariant mass using only the
output of the classifier, fc(X); note that the adversary
has multiple binary classification outputs, correspond-
ing to bins in jet invariant mass, rather than a single
regression output.

measuring the signal e�ciency and background re-
jection of various thresholds on these discriminators
(Fig. 4).

The variable ⌧ 021, which is modified to reduce cor-
relation with the mass, results in a modest decrease
in its classification power relative to the unmodified
⌧21 at mZ0 = 100 GeV, though note that these ef-
fects are mass-dependent for both ⌧ 021 and ⌧ 0021. Sim-
ilarly, the adversarial network does not match the
discrimination power of the traditional classification
network, due to the additional constraint imposed in
its optimization. However, both NNs are clearly able
to take advantage of the combined power of the sub-
structure variables, and o↵er a large improvement
in background rejection for similar signal e�ciencies
compared to classification based on ⌧21 alone.

The focus of this study, however, is to look be-
yond the pure discriminatory power of these tools
and study their e↵ect on the jet mass spectrum. In
Fig. 5, it can be seen that the adversarial network
output for background events has a profile which
is largely independent of jet mass, while the clas-
sifying network is strongly dependent on jet mass.
Similarly, ⌧ 021 and ⌧ 0021 have a lessened dependence
on jet mass, compared to ⌧21. Figure 6 shows the
e↵ect on the jet mass distribution of successively
stricter requirements on these variables. Note that
the adversarial network’s dependence on jet mass is
diminished, but not eliminated, as can be seen in
the contour plot of Fig. 5. This is a reflection of the
trade-o↵ inherent in balancing classification power
with jet mass dependence.

In Fig. 5, we also show the profile of the neural net-
work output versus jet mass, for various thresholds
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• Classifer: Usual classification task (cross-entropy)

• Adversary: Try to learn initial mass from classifier decision

• The classifier is punished if the adversary does well

Machine Learning Uncertainties with Adversarial Neural Networks
C Englert, P Galler, P Harris, M Spannowsky, 1807.08763
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• Two competing networks, convergence not trivial

• Difficulty of interpreting loss function:

• Is the classifier too weak or the adversary too strong?

• Choice of adversary loss and inputs crucial

Adversarial Training

T Goldstein, 2015

Nash equilibrium 
noun 
noun: Nash equilibrium 
1. (in economics and game theory) a 

stable state of a system involving 
the interaction of different 
participants, in which no participant 
can gain by a unilateral change of 
strategy if the strategies of the 
others remain unchanged. 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Weight Uncertainty in Neural Networks

C Blundell et al,  ICML Proc’s 2015

• So far discussed handling 
uncertainties on the inputs

• How can we with training data 
not fully covering the phase 
space?

• Sampling over Gaussian 
distribution for weights
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Deep-Learning Jets with 
Uncertainties and More  

Bollweg, Haussmann, GK, 
Luchmann, Pehn, Thompson: 

1904.10004

• learn classification output and uncertainty

• (60 ± 30)% top is very different from (60 ± 1)% top

• tagger calibration part of the network training

• for instance: effect of MC statistics 

Bayesian 
Cont’d



Weak Supervision

 69



No Labels

Weakly Supervised Classification in High Energy Physics
LM Dery, B Nachman, F Rubbo, A Schwartzman, 1702.00414  
Learning to Classify from Impure Samples
PT Komiske, EM Metodiev, B Nachman, MD Schwartz, 1801.10158  
Classification without labels: Learning from mixed samples in high energy 
physics, EM Metodiev, B Nachman, J Thaler, 1708.02949  70
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that
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Figure 2. The AUC for the LLP and CWoLa methods as a function of the signal fraction f1, for
training sizes Ntrain of (a) 100 events, (b) 1k events, and (c) 10k events. Here, the complementary
signal fraction is f2 = 1� f1. By construction, the AUC for full supervision is independent of f1. The
horizontal dashed line indicates the fully-supervised AUC with infinite training statistics. For Ntrain

su�ciently large and f1 su�cient far from 0.5, all three methods converge to the optimal case.

on the number of training events and the signal fraction f1. The full supervision does not

depend on the signal composition of M1 and M2 as it is trained directly on labeled signal and

background examples. As expected, the performance is poor when the number of training
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Distinguishing mixed samples is 
equivalent to signal/background 
classification!
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that
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Autoencoder

• Unsupervised learning

• Bottleneck (or latent space) with compressed representation

• Classical uses:

• Dimension reduction

• Denoising

• Anomaly detection

f(x) g(f(x))

L = (ŷ � g(f(x)))2

kvfrans
deeplearningbook.org !72

http://deeplearningbook.org


Autoencoder for Physics

• Train on pure QCD light quark/gluon jets

• Train only on QCD events

• New physics identified as anomaly

• Tail of the loss function 

• Works with different architectures

• Enhance peak in mass distribution

• Decorrelation needed

!73

Autoencoder

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)

3

Input

(a) average over 100k images for images01 (include image)

(b) average over 100k images for images02 (include image)

(c) average over 100k images for images03 (include image)

3

Output

Xij eXij

L = (ŷ � g(f(x)))2

QCD or What? 
T Heimel, GK, T Plehn, JM Thompson, 1808.08979
Searching for New Physics with Deep Autoencoders
M Farina, Y Nakai, David Shih, 1808.08992
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Figure 1. An illustration of the CWoLa framework. Rather than being trained to directly classify
signal (S) from background (B), the classifier is trained by standard techniques to distinguish data as
coming either from the first or second mixed sample, labeled as 0 and 1 respectively. No information
about the signal/background labels or class proportions in the mixed samples is used during training.

Theorem 1. Given mixed samples M1 and M2 defined in terms of pure samples S and B

using Eqs. (2.3) and (2.4) with signal fractions f1 > f2, an optimal classifier trained to

distinguish M1 from M2 is also optimal for distinguishing S from B.

Proof. The optimal classifier to distinguish examples drawn from pM1 and pM2 is the likelihood

ratio LM1/M2
(~x) = pM1(~x)/pM2(~x). Similarly, the optimal classifier to distinguish examples

drawn from pS and pB is the likelihood ratio LS/B(~x) = pS(~x)/pB(~x). Where pB has support,

we can relate these two likelihood ratios algebraically:

LM1/M2
=

pM1

pM2

=
f1 pS + (1� f1) pB
f2 pS + (1� f2) pB

=
f1 LS/B + (1� f1)

f2 LS/B + (1� f2)
, (2.6)

which is a monotonically increasing rescaling of the likelihood LS/B as long as f1 > f2, since

@LS/B
LM1/M2

= (f1 � f2)/(f2LS/B � f2 + 1)2 > 0. If f1 < f2, then one obtains the reversed

classifier. Therefore, LS/B and LM1/M2
define the same classifier.

An important feature of CWoLa is that, unlike the LLP-style weak supervision in Sec. 2.2,

the label proportions f1 and f2 are not required for training. Of course, this proof only

guarantees that the optimal classifier from CWoLa is the same as the optimal classifier from

fully-supervised learning. We explore the practical performance of CWoLa in Secs. 3 and 4.

The problem of learning from unknown mixed samples can be shown to be mathematically

equivalent to the problem of learning with asymmetric random label noise, where there have

been recent advances [32, 40]. The equivalence of these frameworks follows from the fact that
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Anomaly Detection for Resonant New Physics with 
Machine Learning

JH Collins, K Howe, B Nachman
1805.02664

• Assume signal is resonant in one variable

• Define signal region and sidebands

• Train classifier and look for excess



Variational 
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Variational Autoencoder

f(x) g(f(x))

kvfrans  
!76

• We want to sample from latent space

• Split into mean and standard deviation

• Add penalty term (Kullback-Leibler divergence)  
so mean/std are close to unit Gaussian

towardsdatascience.com

http://towardsdatascience.com


Variational 
Autoencoder

kvfrans  
!77

Reconstruction Loss Only KL Loss Only Combined Loss

towardsdatascience.com

L = (ŷ � g(f(x)))2

http://towardsdatascience.com


 
Latent Constraints: Learning to Generate Conditionally 
from Unconditional Generative Models, J Engel, M 
Hoffman, A Roberts, 1711.05772

!78



Generative Networks

Large Scale GAN Training for High Fidelity Natural 
Image Synthesis, A Brock, J Donahue, K 

Simonyan, 1809.11096



!80

Generators

wired.com

We have:
many images
(or collision events,  
or detector readouts, …)

We want: more images.

(Specifically: New examples that 
are similar to the examples, but 
not exact copies)

How to encode in  
neural net?

http://wired.com
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GeneratorNoise

Real Image

Fake Image

Discriminator

Alternating 
Training

Train Generator 
Freeze Discriminator
Then
Train Discriminator  
Freeze Generator



!82

GeneratorNoise

Real Image

Fake Image

Discriminator

Alternating 
Training

Train Generator 
Freeze Discriminator
Then
Train Discriminator  
Freeze Generator
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GeneratorNoise

Real Image

Fake Image

Discriminator

Alternating 
Training

Train Generator 
Freeze Discriminator
Then
Train Discriminator  
Freeze Generator
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GeneratorNoise

Real Image

Fake Image

Discriminator

Alternating 
Training

Train Generator 
Freeze Discriminator
Then
Train Discriminator  
Freeze Generator



Generative Adverserial

Generative Adversarial Networks
IJ Goodfellow et al  
1406.2661  

Real Samples Generated Fake Samples



Does it work?

Progressive Growing of GANs for  
Improved Quality, Stability, and Variation
T Karras et al, 1710.10196

Published as a conference paper at ICLR 2018

4x4
G

D

4x4

8x8

Reals

4x4

4x4

Reals

8x8

4x4

Latent

Reals

4x4

…

Training progresses

LatentLatent

1024x1024

1024x1024

Figure 1: Our training starts with both the generator (G) and discriminator (D) having a low spa-
tial resolution of 4⇥4 pixels. As the training advances, we incrementally add layers to G and D,
thus increasing the spatial resolution of the generated images. All existing layers remain trainable
throughout the process. Here N ⇥N refers to convolutional layers operating on N ⇥ N spatial
resolution. This allows stable synthesis in high resolutions and also speeds up training considerably.
One the right we show six example images generated using progressive growing at 1024⇥ 1024.

Another benefit is the reduced training time. With progressively growing GANs most of the itera-
tions are done at lower resolutions, and comparable result quality is often obtained up to 2–6 times
faster, depending on the final output resolution.

The idea of growing GANs progressively is related to the work of Wang et al. (2017), who use mul-
tiple discriminators that operate on different spatial resolutions. That work in turn is motivated by
Durugkar et al. (2016) who use one generator and multiple discriminators concurrently, and Ghosh
et al. (2017) who do the opposite with multiple generators and one discriminator. Hierarchical
GANs (Denton et al., 2015; Huang et al., 2016; Zhang et al., 2017) define a generator and discrimi-
nator for each level of an image pyramid. These methods build on the same observation as our work
– that the complex mapping from latents to high-resolution images is easier to learn in steps – but
the crucial difference is that we have only a single GAN instead of a hierarchy of them. In contrast
to early work on adaptively growing networks, e.g., growing neural gas (Fritzke, 1995) and neuro
evolution of augmenting topologies (Stanley & Miikkulainen, 2002) that grow networks greedily,
we simply defer the introduction of pre-configured layers. In that sense our approach resembles
layer-wise training of autoencoders (Bengio et al., 2007).

3 INCREASING VARIATION USING MINIBATCH STANDARD DEVIATION

GANs have a tendency to capture only a subset of the variation found in training data, and Salimans
et al. (2016) suggest “minibatch discrimination” as a solution. They compute feature statistics not
only from individual images but also across the minibatch, thus encouraging the minibatches of
generated and training images to show similar statistics. This is implemented by adding a minibatch
layer towards the end of the discriminator, where the layer learns a large tensor that projects the
input activation to an array of statistics. A separate set of statistics is produced for each example in a
minibatch and it is concatenated to the layer’s output, so that the discriminator can use the statistics
internally. We simplify this approach drastically while also improving the variation.

Our simplified solution has neither learnable parameters nor new hyperparameters. We first compute
the standard deviation for each feature in each spatial location over the minibatch. We then average
these estimates over all features and spatial locations to arrive at a single value. We replicate the
value and concatenate it to all spatial locations and over the minibatch, yielding one additional (con-
stant) feature map. This layer could be inserted anywhere in the discriminator, but we have found it
best to insert it towards the end (see Appendix A.1 for details). We experimented with a richer set
of statistics, but were not able to improve the variation further. In parallel work, Lin et al. (2017)
provide theoretical insights about the benefits of showing multiple images to the discriminator.

3



CMYK - 95c / 9m / 0y / 83kPantone - PMS 547U

Logo: Small Color: please use the mix appropriate to your application

Default Typefaces

DEFAULT SAN SERIF TYPEFACE DEFAULT SERIF TYPEFACE

Arial
Regular
Italic
Bold
Bold Italic

ABCDEFGHIJKLMNOPQRSTUVWXYZ
abcdefghijklmnopqrstuvwxyz
1234567890

Rev 09/23/14

RGB - R 0 / G 57 / B 90 

Berkeley Lab Logo Usage

Times New Roman
Regular
Italic
Bold
Bold Italic

ABCDEFGHIJKLMNOPQRSTUVWXYZ
abcdefghijklmnopqrstuvwxyz
1234567890

Logo: Large

12Locally Connected Layers
Locally connected layers 

use filters on small patches

(CNN is then a special 
case with weight sharing)

Physics Application

L. de Oliveira, M Paganini, B Nachman:  
Learning Particle Physics by Example: Location-Aware Generative 
Adversarial Networks for Physics Synthesis,, Comput Softw Big Sci 
(2017) 1:4,  
Accelerating Science with Generative Adversarial Networks: An Application 
to 3D Particle Showers in Multi-Layer Calorimeters,  PRL 120, 042003  
CaloGAN: Simulating 3D High Energy Particle Showers in Multi-Layer 
Electromagnetic Calorimeters with Generative Adversarial Networks, PR 
D 97, 014021  
 

• Simulation of detector responses
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20Timing

Generation Method Hardware Batch Size milliseconds/shower

GEANT4 CPU N/A 1772

1 13.1

10 5.11

128 2.19
CPU

1024 2.03

1 14.5

4 3.68

128 0.021

512 0.014

CALOGAN

GPU

1024 0.012

Table 2: Total expected time (in milliseconds) required to generate a single shower under

various algorithm-hardware combinations.
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GAN Problems
• Stability and convergence of learning

• Generator & Discriminator matching

• Vanishing gradient

• (use small momentum in training)

• Mode collapse

• Hard to interpret loss

• Not correlated to image quality

• Similar to issues with  adversarial training

• Alternative: Wasserstein GAN
lilianweng 
Wasserstein GAN, M Arjovsky, S 
Chintala, L Bottou, 1701.07875



Closing

 89



Other Ideas?

 90

• Reinforcement learning:

• Perform several operations, receive 
reward in the end

• Network learns a policy  
(mapping of input to action)

• Examples:  
AB testing, Go, Mazes, …  
and jet grooming



FPGA DNN Triggers

 91

Fast inference of deep neural networks 
in FPGAs for particle physics
J Duarte et al
1804.06913

• Framework to translate NNs to 
FPGAs for fast (L1 trigger) execution

• Latency of 75-150 ns



Standard Loss Functions

 92

Classification

Regression

• Minimizing cross entropy: For fixed p - minimise 
difference (KL-divergence) between q and p

H(p, q) = �
X

pi ln qi = H(p) +DKL(p||q)

L(y, ŷ) = (y � ŷ)2

• Precise choice matters!
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Time series

High-level Regular grid

Point cloud

Lorentz vectorsRepresentation
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Time series

High-level Regular grid

Point cloud

Lorentz vectorsThe End.



Bonus Slides

!95



Optimisers

 96

(stochastic/batched) gradient descent

wt+1 = wt � ⌘rL(wt)

wt+1 = wt � ⌘rL(wt) + ↵�wt
+ momentum term

mt+1 = �1mt + (1� �1)rL

vt+1 = �2vt + (1� �2)(rL)2

m̂t+1 =
mt+1

1� �t
1

v̂t+1 =
vt+1

1� �t
2

wt+1 = wt � ⌘
m̂t+1p
m̂t+1 + ✏

Adam 
(a good starting point)



Information content of single 
event

• Likely events should habe low information content

• Less likely events should have higher information content

• Independent events should have additive information

 97

I(x) = � logP (x)



Entropy

 98

Boltzmann:
S = kB lnW

(W: number of micro states)

Gibbs:
S = �kB

X
pi ln pi

(p_i: probability of a micro state)

Shannon:
S = �

X
pi ln pi

(p_i: probability of a measurement)



Entropy

 99

Boltzmann:
S = kB lnW

(W: number of micro states)

Gibbs:
S = �kB

X
pi ln pi

(p_i: probability of a micro state)

Shannon:
S = �

X
pi ln pi

(p_i: probability of a measurement)

deeplearningbook.org

Coin flip probability

Entropy: Average amount of 
information produced by 
measurements of random variable 

http://deeplearningbook.org


Classification

 100

• Entropy: Optimal number of bits needed to encode 
when the probability distribution is known

S = �
X

pi ln pi

• Cross Entropy: We do not know the true 
probability

True distribution Assumed distribution

H(p, q) = �
X

pi ln qi



Classification

 101

• Entropy: Optimal number of bits needed to encode 
when the probability distribution is known

• Cross Entropy: We do not know the true 
probability

True distribution Assumed distribution

H(p, q) = �
X

pi ln qi = H(p) +DKL(p||q)

H(p) = �
X

pi ln pi

Entropy

Kullback-Leibler Divergence
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Divergences

A measure for the difference of probability distributions:

deeplearningbook.org

Kullback-Leibler

http://deeplearningbook.org


Classification

 103

• Minimizing cross entropy: For fixed p - minimise 
difference (KL-divergence) between q and p

H(p, q) = �
X

pi ln qi = H(p) +DKL(p||q)

• Minimizing cross entropy: Equivalent to 
maximising the likelihood

1

N
ln⇧iq

Npi
i =

X

i

pi ln qi = �H(p, q)

Estimated probability

Observed probability



Problem: Stability/Decorrelation

 104

be optimized like any other.
The classifier network in this experiment consisted

of eleven input features, three fully-connected hid-
den layers each with 300 nodes having hyperbolic
tangent activation functions, and a single logistic
output node with the binomial cross-entropy clas-
sification objective. The adversarial network con-
sisted of a single input, 50 nodes with hyperbolic
tangent activation functions, and a softmax output
layer with 10 classes corresponding to binned val-
ues of the jet invariant mass (each bin representing
one decile of the background), and the multi-class
cross-entropy classification objective.

Because the adversary is challenged with adapt-
ing to an ever-changing input as the classifier is
trained, and also because its task is relatively easy,
two strategies were used to train the adversary faster
than the classifier. First, the adversary was given
a head start at the beginning of training with 100
updates while the classifier was fixed. Second, the
adversary was trained with a larger learning rate of
1.0 compared to 10�3 for the tagger objective.

The data set used for experiments was divided into
training (80%), validation (10%, used for hyperpa-
rameter tuning), and testing (10%) subsets. Each
classifier input feature was log-scaled if the empirical
skew estimate was greater than 1.0, then standard-
ized to zero mean and unit variance. Model param-
eters were initialized from a scaled normal distribu-
tion [27].

Training was performed using stochastic gradient
descent, applied to mini-batches of 100 examples
from each class. During training, the event weights
were scaled so that the average weight for each class
was 1.0. However, in the adversarial loss function
Ladversary, the signal events were given zero weight,
rendering them invisible to the adversary.

Updates were made using a training momentum
term of 0.5; the learning rate decayed by a factor of
10�5 after each update. Training was stopped after
100 epochs, where an epoch was defined as a single
pass through the background samples (⇡ 400k train-
ing events). Models were implemented inKeras [28]
and Theano [29], and hyperparameters were opti-
mized on a cluster of Nvidia Titan Black processors.

IV. PERFORMANCE

We compare the discrimination power of five can-
didate classifiers: the NN trained without an ad-
versary, the adversarially-trained NN, the unmodi-
fied ⌧21, and the two DDT-modified variables ⌧ 021,
and ⌧ 0021. The performance can be characterized by

... ...X
fc(X)

fa(fc(X))

Lclassification Ladversary

Classifier Adversary

FIG. 3. Architecture of the neural networks in the ad-
versarial training strategy. The classifying network dis-
tinguishes signal from background using the eleven vari-
ables (X) described in the text. The adversarial network
attempts to predict the invariant mass using only the
output of the classifier, fc(X); note that the adversary
has multiple binary classification outputs, correspond-
ing to bins in jet invariant mass, rather than a single
regression output.

measuring the signal e�ciency and background re-
jection of various thresholds on these discriminators
(Fig. 4).

The variable ⌧ 021, which is modified to reduce cor-
relation with the mass, results in a modest decrease
in its classification power relative to the unmodified
⌧21 at mZ0 = 100 GeV, though note that these ef-
fects are mass-dependent for both ⌧ 021 and ⌧ 0021. Sim-
ilarly, the adversarial network does not match the
discrimination power of the traditional classification
network, due to the additional constraint imposed in
its optimization. However, both NNs are clearly able
to take advantage of the combined power of the sub-
structure variables, and o↵er a large improvement
in background rejection for similar signal e�ciencies
compared to classification based on ⌧21 alone.

The focus of this study, however, is to look be-
yond the pure discriminatory power of these tools
and study their e↵ect on the jet mass spectrum. In
Fig. 5, it can be seen that the adversarial network
output for background events has a profile which
is largely independent of jet mass, while the clas-
sifying network is strongly dependent on jet mass.
Similarly, ⌧ 021 and ⌧ 0021 have a lessened dependence
on jet mass, compared to ⌧21. Figure 6 shows the
e↵ect on the jet mass distribution of successively
stricter requirements on these variables. Note that
the adversarial network’s dependence on jet mass is
diminished, but not eliminated, as can be seen in
the contour plot of Fig. 5. This is a reflection of the
trade-o↵ inherent in balancing classification power
with jet mass dependence.

In Fig. 5, we also show the profile of the neural net-
work output versus jet mass, for various thresholds

4

Adversarial Training

Data AugmentationStabilize against systematic uncertainty or other effect.

S Bollweg, BSc Thesis
1703.03507 1802.03325

on the jet pT, which shows some small pT-dependent
e↵ects, but no large features. As an alternative
strategy, we trained a network using an adversar-
ial strategy with respect to log(m/pT), which more
closely mimics the approach used in Ref. [9]; the
training succeeded in finding a network with a flat
response in log(m/pT), but the distortion in jet mass
was much more significant. In principle, it is possi-
ble to use the adversary to enforce a two-dimensional
decorrelation, but since the pT-dependence is not se-
vere here, we leave this for future study.

Signal Efficiency
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FIG. 4. Signal e�ciency and background rejection
(1/e�ciency) for varying thresholds on the outputs of
several jet-tagging discriminants: traditional networks
trained to optimize classification, networks trained with
an adversarial strategy to optimize classification while
minimizing impact on jet mass, the unmodified ⌧21, and
the two DDT-modified variables ⌧ 0

21, and ⌧ 00
21. The signal

samples have mZ0 = 100 GeV for this example. Gener-
alization to other masses is shown in Sec. VII.

V. STATISTICAL INTERPRETATION

The ability to discriminate jets due the hadronic
decay of a boosted object from those due to a quark
or gluon is an important feature of a jet substruc-
ture tagging tool, but as discussed above it is not the
only requirement. Due to the necessity of accurately
modeling the background, it is desirable that the jet
tagger avoid distortion of the background distribu-
tion. Simpler background shapes are especially pre-
ferred because they allow for robust estimates that
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FIG. 5. Top left, relationship between jet mass and neu-
ral network output in background events for a network
trained to optimize classification compared to an adver-
sarial network trained to optimize classification while
minimizing dependence on jet mass. Top right, rela-
tionship between jet mass and jet substructure variable
⌧21 and the DDT-modified ⌧ 0

21 and ⌧ 00
21 which attempt

to minimize dependence on jet mass. Bottom left, pro-
file of neural network output versus jet mass for the ad-
versarial trained network with varying jet pT thresholds.
Bottom right, contour plot of neural network output ver-
sus jet mass in background events for the adversarially-
trained network. The signal sample used in training has
mZ0 = 100 GeV; generalization to other masses is shown
in Sec. VII.

are constrained by the sidebands; backgrounds that
can be modeled with fewer parameters and inflec-
tions avoid degeneracy with signal features, such as
a peak.

Fig. 5 shows qualitatively that the adversarial net-
work’s response is not strongly dependent on jet
mass. But a quantitative assessment is more dif-
ficult. Mass-independence is not in itself the goal;
instead, we seek reduced dependence on knowledge
of the background shape and reduced sensitivity to
the systematic uncertainties that tend to dilute the
statistical significance of a discovery.

However, our lack of knowledge of the true back-
ground model in general also makes it non-trivial to
rigorously define and estimate the background un-
certainty. In practice, experimentalists use an as-
sumed functional form, with parameters constrained
by background-dominated sidebands to predict the

5

Generating and refining particle detector simulations using the Wasserstein distance in adversarial networks 3

Noise

Label Generator

Loss

Data

CriticConstrainer

(a)

MC Data

Refiner

Critic

Loss

(b)

Fig. 1: Architectures of (a) the generator step of a
conditioned generative adversarial network (solid line),
and supervised training step of the constrainer network
(dashed line), (b) the refining adversarial network.

of real data x and generated data x̃ is used to calcu-
late the gradients of the critic network which are forced
by the loss to remain close to one. The randomly and
uniformly drawn value 0  "  1 samples the gradients
along connecting lines between x and x̃. � represents a
hyperparameter of the training.

The generator uses the gradient of the distance mea-
sure C1 (3) with respect to the parameters ✓ for train-
ing. In order to provide this measure we first update
the critic by subjecting m data events and m generated
events to the network represented by fw.

In this initial training step, the weights w of the
critic network are optimized to minimize the loss �C1+
C2 from eqs. (3, 4). During this step, the parameters ✓ of
the generator are frozen. In the adjacent training step,
the critic weights w are frozen temporarily, and the pa-
rameters ✓ of the generator network g✓ are adjusted.
By reducing the Wasserstein distance measure, which
is based on the output of the critic network, the gen-
erator g✓(z) is trained to generate more realistic data
samples. The critic is then trained again and the algo-
rithm starts from the beginning.

This iterative procedure is repeated until overall
convergence is achieved, leaving C1 (3) as our mea-
sure of similarity between generated and data events.
To provide an accurate gradient for the generator, the
critic is usually trained for ncritic > 1 iterations before
updating the generator once.

2.2 Physics conditioning of the generator

To enforce generated events to reflect certain proper-
ties of data events, the input to the generator can be
extended by physics labels ylabel in addition to the ran-
dom numbers z in eq. (1):

x̃ = g✓(z, ylabel) (6)

The required labels can, for example, be particle kine-
matics where the labels are obtained from correspond-
ing energy or angular distributions. To push the gen-
erator network training towards a label condition, an
additional term is introduced in the loss function. It
compares the value of an input label with the result of
an additional network a✓0 that reconstructs the corre-
sponding observable from the generated data:

C3 =  [ ylabel � a✓0(x̃) ]2 (7)

We will call this network a✓0 ‘constrainer’ network pa-
rameterized by the weights ✓0. The weight of the physics
label in the total loss function �C1 + C2 + C3 of the
generator network is controlled by the hyperparameter
. When using several physics labels in a conditioning
process, the loss function can be extended accordingly.

The constrainer network a✓0 is trained supervised
using data and their associated physics label ydata. Cor-
respondingly, the loss function denotes

C4 = [ ydata � a✓0(x) ]2 . (8)

In the adversarial training explained above, the con-
strainer network a✓0 is trained supervised after each
critic update. As the loss C4 will influence only the con-
strainer (critic and constrainer are separated networks),
both networks could also be trained simultaneously.

A similar term as eq. (7) has been used in the so-
called AC-GAN where images were generated using la-
bel conditioning [9]. Instead of the discrete classifier we
use a continuous label here, along with the WGAN con-
cept.

2.3 Generating signal patterns using an energy label

Signals observed in particle detectors originate from
physics-driven processes which lead to patterns dissim-
ilar from random patterns. For example, low-energy
events in a calorimeter typically exhibit signal patterns
with small signals and a small spatial extent, while
high-energy events cause signal patterns that can be
widely distributed.

To enforce the generator to respect this dependency,
we input an energy label Elabel in addition to the ran-
dom noise z to generate a signal pattern for the detec-
tors of our cosmic ray observatory. Therefore, the gen-
erator is modified to g = g✓(z, Elabel). The distribution
of the input Elabel follows the energy distribution of the
air shower simulation. In this way, generated patterns
are conditioned to follow the primary particle energy as
reconstructed by the constrainer network. The resulting
energy distribution of the generated events will cover a
similar phase space as the simulated data.

Refinement



Problem: Anomaly detection
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Find outliers.

https://towardsdatascience.com

Autoencoding



Problem: Generation
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Alternatives:
• Wasserstein GANs
• Sampling from auto encoder

Fast simulation of detector response or particle shower.

Generative Adversarial Networks
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Dynamic Routing Between Capsules
S Sabour, N Frosst, GE Hinton
1710.09829
pechyonkin.me

Squash:Softmax & Routing:

• Vector instead of scalar representation

• Instantiation and relative positioning

• Routing by agreement

vj

http://pechyonkin.me
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Dynamic Routing Between Capsules
S Sabour, N Frosst, GE Hinton
1710.09829

Learned 
Instantiation
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Edge Convolution
L Gouskos, H Qu https://indico.cern.ch/
event/745718/contributions/3202526
Y Wang et al, Dynamic Graph CNN for 
Learning on Point Clouds, 1801.07829

https://indico.cern.ch/event/745718/contributions/3202526
https://indico.cern.ch/event/745718/contributions/3202526
https://indico.cern.ch/event/745718/contributions/3202526
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Divergences

A measure for the difference of probability distributions:

deeplearningbook.org

Kullback-Leibler

Jensen-Shannon
Symmetric and finite  
Still not meaningful for disjoint distributions 
(easy in many dimensions)

DJS(P ||Q) =
1

2
DKL(P ||M) +

1

2
DKL(Q||M)M =

1

2
(P +Q)

http://deeplearningbook.org


What does a GAN do?

Generative Adversarial Networks
IJ Goodfellow et al  
1406.2661

Optimal D and G minimise Jensen-Shannon 
divergence between data and generator



Wasserstein  
Metric

• Earth mover’s distance

• Metric compares two probability 
distributions

• Symmetric and works for disjoint 
distributions

lilianweng.github.io
J Glombitza, Deep Learning

Distance between x and y

How much to move from x to y

All possible transport plans
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architecture presented in Fig. 1b. The refined traces will
then be used to train AixNet.

In Fig. 5a we show the time trace of the detector
with the largest signal in a data event with particle en-
ergy E = 69 EeV by the black solid curve. The black
dotted curve represents a corresponding simulated time
trace with matching primary energy. Due to the overes-
timated muon component in the simulated shower, the
amplitude of the simulated time trace rises faster than
in the corresponding data event (for a detailed defini-
tion of the data sets refer to section 3). As shown by
the blue circular symbols in Fig. 5a, the refiner network
modified the simulated trace to more closely resemble
the data trace. Note that this direct comparison be-
tween data traces and simulated traces results from a
test data set simulated with identical parameters and
identical random seeds. For the unsupervised training of
the networks, this matched information is not available
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Fig. 5: Signal traces of an event with energy E =
69 EeV measured by (a) the detector with the largest
signal, (b) a neighbor detector. The black solid curve
shows the data trace, the black dotted curve the trace
from simulation, and the blue circular symbols repre-
sent the refined simulated traces.

as the data traces are simulated with di↵erent random
seeds and are passed unlabeled to the critic network.

In Fig. 5b we show the signal traces for a neigh-
bor detector. Also here, the originally simulated trace
is adapted by the refiner network to match the data
trace.

To evaluate the ability to preserve the properties
of the simulation we investigate the impact of refined
traces on the energy reconstruction. We trained AixNet
to reconstruct the primary particle energy on the origi-
nally simulated traces, or alternatively the refined sim-
ulated traces.

In Fig. 6a, 6b we trained AixNet on the originally
simulated traces. In Fig. 6a we benchmark AixNet by
reconstructing the particle energy on a test set of simu-
lated traces following the same distribution as the sim-
ulated training data. This demonstrates a good energy
reconstruction quality of the network.

In Fig. 6b we reconstruct particle energies of data
events with the previous network trained on simulated
traces. The network generalizes poorly on data due to
the dissimilarities of the training set (simulated) and
test set (data) which leads to a non-linear reconstruc-
tion bias and increased reconstruction uncertainties. This
is a common problem when training neural networks on
simulations that do not perfectly mirror real data.

In Fig. 6c we trained AixNet on the refined sim-
ulated traces instead of the original simulated traces
and again evaluated the network performance on data
traces. The network performs remarkably better com-
pared to the training with the originally simulated data.
The reconstruction quality is found to be worse com-
pared to the benchmark shown in Fig. 6a. However,
compared to the training with the original simulation
(Fig. 6b), training with refined traces leads to a lower
energy bias and improved energy resolution This shows
that the refiner network is able to modify simulations
to more accurately resemble the data distribution.

In Fig. 7 we show the convergence of the critic loss
�C1 + C2 (3, 4) as a similarity measure of the refined
and the data traces. With an increasing number of iter-
ations, the refiner network is able to adapt simulations
to better resemble data. The converged distance mea-
sure indicates remaining di↵erences between data and
simulation. However, the impact of these di↵erences ap-
pear to be su�ciently small when evaluating the quality
of the energy reconstruction.

6 Conclusion

In this paper we investigated two variants of adversar-
ial network methods for detector simulations. In both
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Fig. 6: Reconstruction of the primary particle energy using the signal traces of the detectors as input to AixNet.
(a) Benchmark for training and evaluation, both based on simulated data. (b) Reconstructed data events using
the network of (a) trained on simulated data. (c) Reconstructed data events with AixNet trained by simulated
traces that were refined to match data events prior to the training (compare Fig. 5).

Fig. 7: Loss function of the critic network reflecting the
similarity of the simulated traces and data traces.

cases, the transfer of probability distributions from one
data set to another data set by unsupervised network
training is found to work well using the Wasserstein
distance in the loss function. As a specific example we
used air shower simulations with an array of ground-
based water-Cherenkov detectors to represent single-
layer calorimeter simulations.

We generated signal patterns of detector responses
showing that the patterns can be constrained to fol-
low properties expected from physics. In our example
we constrained the energy contained in the shower and
found that the generated events follow this given en-
ergy.

Refinement of simulated detector signal traces to
match data traces appears to be a promising method for
solving a long-standing issue in machine learning. In-

stead of training a deep network with simulations that
di↵er in details from data, simulations can be adapted
to match data prior to network training. For our exam-
ple of the air shower simulations we showed that small
refinements of the signal traces lead to improved recon-
struction of the primary particle energy with respect to
both energy bias and energy resolution.
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Fig. 1: Architectures of (a) the generator step of a
conditioned generative adversarial network (solid line),
and supervised training step of the constrainer network
(dashed line), (b) the refining adversarial network.

of real data x and generated data x̃ is used to calcu-
late the gradients of the critic network which are forced
by the loss to remain close to one. The randomly and
uniformly drawn value 0  "  1 samples the gradients
along connecting lines between x and x̃. � represents a
hyperparameter of the training.

The generator uses the gradient of the distance mea-
sure C1 (3) with respect to the parameters ✓ for train-
ing. In order to provide this measure we first update
the critic by subjecting m data events and m generated
events to the network represented by fw.

In this initial training step, the weights w of the
critic network are optimized to minimize the loss �C1+
C2 from eqs. (3, 4). During this step, the parameters ✓ of
the generator are frozen. In the adjacent training step,
the critic weights w are frozen temporarily, and the pa-
rameters ✓ of the generator network g✓ are adjusted.
By reducing the Wasserstein distance measure, which
is based on the output of the critic network, the gen-
erator g✓(z) is trained to generate more realistic data
samples. The critic is then trained again and the algo-
rithm starts from the beginning.

This iterative procedure is repeated until overall
convergence is achieved, leaving C1 (3) as our mea-
sure of similarity between generated and data events.
To provide an accurate gradient for the generator, the
critic is usually trained for ncritic > 1 iterations before
updating the generator once.

2.2 Physics conditioning of the generator

To enforce generated events to reflect certain proper-
ties of data events, the input to the generator can be
extended by physics labels ylabel in addition to the ran-
dom numbers z in eq. (1):

x̃ = g✓(z, ylabel) (6)

The required labels can, for example, be particle kine-
matics where the labels are obtained from correspond-
ing energy or angular distributions. To push the gen-
erator network training towards a label condition, an
additional term is introduced in the loss function. It
compares the value of an input label with the result of
an additional network a✓0 that reconstructs the corre-
sponding observable from the generated data:

C3 =  [ ylabel � a✓0(x̃) ]2 (7)

We will call this network a✓0 ‘constrainer’ network pa-
rameterized by the weights ✓0. The weight of the physics
label in the total loss function �C1 + C2 + C3 of the
generator network is controlled by the hyperparameter
. When using several physics labels in a conditioning
process, the loss function can be extended accordingly.

The constrainer network a✓0 is trained supervised
using data and their associated physics label ydata. Cor-
respondingly, the loss function denotes

C4 = [ ydata � a✓0(x) ]2 . (8)

In the adversarial training explained above, the con-
strainer network a✓0 is trained supervised after each
critic update. As the loss C4 will influence only the con-
strainer (critic and constrainer are separated networks),
both networks could also be trained simultaneously.

A similar term as eq. (7) has been used in the so-
called AC-GAN where images were generated using la-
bel conditioning [9]. Instead of the discrete classifier we
use a continuous label here, along with the WGAN con-
cept.

2.3 Generating signal patterns using an energy label

Signals observed in particle detectors originate from
physics-driven processes which lead to patterns dissim-
ilar from random patterns. For example, low-energy
events in a calorimeter typically exhibit signal patterns
with small signals and a small spatial extent, while
high-energy events cause signal patterns that can be
widely distributed.

To enforce the generator to respect this dependency,
we input an energy label Elabel in addition to the ran-
dom noise z to generate a signal pattern for the detec-
tors of our cosmic ray observatory. Therefore, the gen-
erator is modified to g = g✓(z, Elabel). The distribution
of the input Elabel follows the energy distribution of the
air shower simulation. In this way, generated patterns
are conditioned to follow the primary particle energy as
reconstructed by the constrainer network. The resulting
energy distribution of the generated events will cover a
similar phase space as the simulated data.


