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๏Process goes through 4 steps 
‣ L1 trigger: local, hardware based, on FPGA, @experiment site 

‣ HLT: local/global, software based, on CPU, @experiment site 

‣ Offline: global, software based, on CPU, @CERN T0 

‣ Analysis: user-specific applications running on the grid

Data taking/processing @LHC

High-Level  

Trigger

L1 

trig
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1 KHz 1 MB/evt

40 MHz

100 KHz

Offline 

reconstruction

1 KHz  
3-30 kB/evt

Decrease processing time

Decrease data volume

Increase accuracy



๏ Central processing is mainly based on rule-based 
algorithms 

๏ Kalman filter for tracking 

๏ Physics-motivated clustering (e.g., jet clustering 
algorithms) 

๏ Detector-tailored identification (e.g., expert 
features for particle identification 

๏ Machine learning has already a role on it 

๏ many classifiers (mainly based on boosted decision 
trees) for particle identification, energy 
regression, etc 

๏ Machine learning has a much bigger role in data 
analysis 

๏ signal/background discrimination based on expert 
features 

๏ notably, for Higgs boson discovery

Workflows nowadays
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๏ The LHC will enter its “High-Luminosity” phase in ~2025 

๏ Will deliver in in 10 years 3000 fb-1 

๏ (in average) Each year, same dataset collected in 2008-2022

The challenge ahead
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When data 
taking will 

start

When data 
taking will 

start



The challenge ahead
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When data 
taking will 

start

๏ The price to pay will be in event complexity 

๏ (in average) 200 interactions at each bunch crossing (now <60) 

๏ Need to discard hits from non-interesting 199 collisions, focusing on the 
interesting one (the one firing trigger) 

๏ Many tasks have non-linear behavior vs # interactions, due to combinatorics 



Present vs Future

!6

‣~200 collisions/event 
‣~minute/event processing time(*) 
‣(at best)Same computing resources 
as today

‣~40 collisions/event 
‣~10 sec/event processing time 
‣Computing system designed (and 
pledge for) based on these 
conditions

Tracking 

• High luminosity means high pileup 
• Combinatorics of charged particle tracking become 

extremely challenging for GPDs 
• Generally sub-linear scaling for track reconstruction 

time with m 

• Impressive improvements for Run 2, but we need to go 
much further 

23

(*)With nowadays software development 
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A heavier workflow

๏ Flat budget vs. more needs = current rule-based 
reconstruction algorithms will not be sustainable 
with current detector 

๏ Future detectors will not making the task lighter: 

๏ more granularity to disentangle incoming particles 

๏ more detector components (e.g., dedicated 
detectors for tracking @L1) 

๏ 4D reconstruction (position and time) to reject 
particles from previous and following beam 
crossing 

๏ With heavier tasks and <= current resources, nowadays 
adopted solution will not scale 

๏ Modern Machine Learning might be the way out

!7



What DL could do for us

 8

๏ The solution to the HL-LHC problem: modern Machine Learning … 

‣ … to be faster  

‣ … to do better 

‣ … to do more 

๏ And this is a NEED for what happens in between data taking and data analysis 
(trigger, reconstruction, simulation, …)

High-Level  

Trigger

L1 

trig
ger

1 KHz 1 MB/evt

40 MHz

100 KHz

Offline 

reconstruction

1 KHz  
3-30 kB/evt



Example 1: speeding up tracking 
with computing vision
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๏ Connecting the dots, with… 

๏ Thousands of particles, each leaving 
energy depositions on O(10) layers of 
detectors 

๏ Particles bend due to magnetic field 

๏ Particles interact with the 
material / decay in flight 

๏ Each energy deposition isn’t 
necessarily in a single pixel 
(trajectories cross) 

๏ This is the most expensive part of our 
reconstruction software, despite our 
push for improvements

Particle tracking



Se
ve

ra
l T

im
es

Hits Preparation


Seeding 


Pattern Recognition


Track Fitting


Track cleaning
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Hit Preparation

● Calculate the hit position from barycenter of charge
deposits

● Use of neural net classifier to split cluster in ATLAS

● Access to trajectory local parameter from cluster
shape

● Remove hits from previous tracking iterations

● HL-LHC design include double layers giving more
constraints on the local trajectory parameters

Local clustering of energy deposits into a Hit 

ML already in use to reject fakes or to 
split overlapping clusters

Particle tracking
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Seeding

● Combinatorics of 2 or 3 hits
with tight/loose constraints
to the beam spot or vertex

● Seed cleaning/purity plays
in an important in reducing
the CPU requirements of
sub-sequent steps
➔ Consider pixel cluster

shape and charge to
remove incompatible
seeds

● Initial track parameters from
helix fit
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Hits Preparation


Seeding 


Pattern Recognition


Track Fitting


Track cleaning

3D clustering of hits from inner 
layers into track segments


Fixes combinatoric of the problem ->  
CPU needs of following steps 

Particle tracking
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Pattern Recognition
● Use of the Kalman filter

formalism with weight matrix

● Identify possible next layers
from geometrical considerations

● Combinatorics with compatibles
hits, retain N best candidates

● No smoothing procedure

● Resilient to missing modules

● Hits are mostly belonging to one
track and one track only

● Hit sharing can happen in dense
events, in the innermost part

● Lots of hits from low momentum
particles
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Hits Preparation


Seeding 


Pattern Recognition


Track Fitting


Track cleaning

Kalman Filter to predict 
hit position on the next 

layer

Deal with physics effects 

(interaction between 
particle and material)
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Track Fitting

● Use of the Kalman filter
formalism with weight
matrix

● Use of smoothing
procedure to identify
outliers

● Field non uniformity are
taken into account

● Detector alignment
taken into account

Fit the track through points, using Kalman-Filter 
weights, uncertainty on detector alignment, etc

Particle tracking
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Track cleaning
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Cleaning, Selection

● Track quality
estimated using
ranking or
classification method
➔Use of MVA

● Hits from high quality
tracks are remove
for the next iterations
where applicable

● Efficiency shoul 
Reject fake tracks using  classification 

or ranking methods

(ML already exploited here, e.g. with 

BDTs in CMS)

Particle tracking



๏ Finding seeds is not the most CPU intensive aspect 

๏ But its outcome dictates the combinatoric of the following 
steps 

๏ one can speed up tracking by reducing the number of fake 
seeds 

๏ We tried to solve this problem using Deep Learning

Track Seeds
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CA-based HitChain Maker
• The CA is a track seeding algorithm designed for parallel architectures
• It requires a list of  layers and their pairings
– A graph of  all the possible connections between layers is created
– Doublets aka Cells are created for each pair of  layers (compatible with a region hypothesis)

9

See talk by my evil twin on this afternoon, Track 1



๏ The detector sees the charge deposited by the crossing 
particle: a hit 

๏ A hit is a window of sensors (16x16 here) with its deposited 
charge. This can be seen as a sparse digital image. 

๏ Given two images, one can train a network to decide if a pair 
of hits is a good or bad match

Seeds as images
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CNN

12

• Typical binary classification problem : keep true doublets & reject fake doublets
• Hit is a 15x15 pixel pad/image 
• Cluster centered
• pattern recognition problem : suitable for a Convolutional Neural Network approach



๏ Convolutional neural networks are a special architecture suitable for 
image processing & computing vision 

๏ defined by filters scanning images, keeping near-neighbour pixel 
information with translation invariance 

๏ through the filters, the network process the raw image and produces 
high-level features, then used to accomplish the task (e.g., 
classification)

Convolutional Layer

 17



๏ The final model uses two sets of inputs: 

๏ the images  

๏ a set of expert features (e.g., position of the hits in the 
detector) to help the learning process 

๏ The trained model shows a good separation of true vs fake seeds

PixelSeed ConvNN
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2.1 Doublet Hits Cluster Shape68

As described above, while building seeds, the compatibility between two hits is evaluated only on the69

basis of geometrical considerations. A possible way of reducing the doublet fake ratio is taking into70

account that each hit is actually a cluster of pixels with its own shape. Each pixel is characterized by71

its 16-bit A.D.C. level (maxADC = 216 � 1) and its local position (x, y) on the layer, where x is the72

azimuthal direction in the barrel detector and radial direction in the forward detectors. Then a single73

hit can be considered as a collection of three vectors: the x, the y and the ADC levels of each of its74

pixels. For each hit a 15⇥15 squared matrix M is built with the pixel local x on the rows and the75

local y on the columns. The matrix center is matched with the hit center of charge and each element76

mij is set to the A.D.C. level of the corresponding (xi, yj) pixel. Those pixels that stride over the77

hit cluster boundaries are set to zero (zero-padding technique).With this procedure each doublet can78

be considered as a collection of two 15⇥ 15 matrices, an example is shown in Figure 2, or as a two79

channel 2D image (n⇥m⇥ r = 15⇥ 15⇥ 2). Thus the rejection of fake doublets is reduced to an80

image/pattern recognition task, perfectly suitable for being dealt with CNNs.81

2.2 Doublet dataset: generation and features82

To test the feasibility of this kind of approach, the generation (via PYTHIA 8 [?]) and the reconstruc-83

tion of tt̄ events at energy of the center of mass of
p
s = 13 TeV, with average pileup < PU >= 3584

and bunch time spacing of 25 ns has been simulated within the CMS software framework (CMSSW85

[?]). For each event, both all the doublets produced and all the MC matched reconstructed tracks,86

i.e. associated with a tracking particle, are collected. A doublet is then labeled as true only if it is87

formed by pixel hits belonging to the same MC matched track. About 106 doublets are produced per88

each event and the ratio between true and fake doublets is between 300-400. For each doublet 53789

parameters are stored:90

• 225 + 225 pixels for the inner and the outer hit;91

• 63 doublet features defined for each doublet and that include detector information and92

further hit and cluster characteristics;93

• 24 track labels defined only for MC matched doublets, e.g. the corresponding track vertex94

coordinates, pt and eta;95

On the whole, 1000 events are simulated, 800 for the training dataset, 150 for testing and 50 for96

validation. The training and the validation set are balanced so that the ratio between fake and true97

doublet is one. The whole balanced training dataset is composed of approximately 2.5 millions98

doublets.99

Figure 2: Layer map model architecture
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Table 1: Layer map network scores for train,validation and test dataset.

TN/N at fixed TP/P TP/P at fixed TN/N

AUC Acc TP/P = 0.99 TP/P= 0.999 TN/N=0.99 TN/N=0.5

Train 0.982 0.940 0.85426 0.6706 0.5896 0.9997
Test 0.982 0.941 0.8542 0.6709 0.5899 0.9996
Val 0.982 0.939 0.8525 0.6707 0.5948 0.9996

3 Model testing and results100

Once tested and tuned on a smaller sample, the model has been trained on the whole dataset (2.5M101

doublets) split in ten batches of 250k doublets in order to fit the available memory. The model has102

been trained with a categorical cross entropy loss function [?], using Adam [?] optimizer and accuracy103

as evaluation metric. At each batch training iteration the weights and the parameters of the trained104

network are passed to the next step. This procedure has been carried out for 20 global epochs on the105

whole dataset and each iteration is run with an early stopping callback, that is a form of regularization106

used to avoid over-fitting. It stops the network training when the selected metric (validation accuracy107

in our case) does not improve for a given number of consecutive epochs, denoted as patience (p=25108

for the layer map setup). The training took about 5 days on a NVIDIA Tesla K20 node.109

Figure ?? shows the model accuracy for train and validation dataset versus the number of training110

epoch for the first 250k batch. Validation curves follow the same trend as the training ones and this111

indicates that the network is not over-fitting on the training data. Note that the validation accuracy is112

always greater than the training one. This behavior depends on the fact that dropout layers are turned113

off when the network process the validation data. Therefore the network has more connections and114

neurons active thus is more complete and accurate.115

The ROC curves for validation, test and training dataset, shown in Figure ??, completely overlay each116

other, and the area under the curves (AUCs) is more than 0.98. While assuring a 0.99 efficiency (true117

positive rate), network’s sensitivity (true negative rate) reaches 0.85. The highest accuracy reached118

is about 0.94 for all the three datasets. See Table 1 for further network performance results. The119

normalized output score, namely the network estimated probability that a doublet is true (ptrue) shows120

optimal separation between fake and true doublets sample. Both train and test ptrue distributions121

are plotted in Figure 3 and the cut for an efficiency of 0.99. In order to compare them a two sided122

Kolmogorov-Smirnov test has been performed. This tests whether two samples are drawn from123

the same distribution [?]. For both true and fake histograms, the resulting score is KS ⇡ 0.070124

corresponding to a p-value of pval ⇡ 0.961, that assures us that the two histogram come from the125

same distribution with a very high level of confidence.126

4 Conclusions and acknowledgments127

In conclusion, the results described show that CNN techniques for mitigating combinatorial explosion128

look very promising and need to be further explored. Ongoing work includes the verification of the129

Figure 3: Network score for true (blue) and
fake (doublets) for train (filled histogram) and
test dataset (diamond markers). In purple the
0.94 accuracy threshold. In green the 0.99
efficiency threshold.
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๏ One could remove almost all the fake seeds. But 
the price to pay would be loosing 1/2 of the 
good seeds 

๏ One could keep 99% of the good seeds, but only 
1/3 of the fake seeds would be removed 

๏ One could reduce the fake rate by one order of 
magnitude with a few % loss in efficiency 

Results
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fMap
• Accuracies and loss function for train and validation sets on GTX1080
– Train:0.909
– validation:0.911
– test:0.906

20

Efficiency (tpr) @ fake rejectionfMap
• Accuracies and loss function for train and validation sets on GTX1080
– Train:0.909
– validation:0.911
– test:0.906

20

Efficiency (tpr) @ fake rejection

This is where the 
user expertise 

matters. An optimal 
algorithm could still 
be used very badly!



Example 2: event identification as 
natural-language processing



๏ We saw you how ConvNN could solve 
some of our problems 

๏ But ConvNN comes with assumption 

๏ data as a regular array or 
sensors 

๏ Not all HEP data could be 
approximated like that 

๏ irregular detector geometry 

๏ tricky regions of overlap 

๏ …

HEP data are irregular images

 21
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FIG. 3. Jet classification performance for various input rep-
resentations of the RNN classifier, using kt topologies for the
embedding. The plot shows that there is significant improve-
ment from removing the image processing step and that sig-
nificant gains can be made with more accurate measurements
of the 4-momenta.

FIG. 4. Jet classification performance of the RNN classifier
based on various network topologies for the embedding (par-
ticles scenario). This plot shows that topology is significant,
as supported by the fact that results for kt, C/A and desc-pT
topologies improve over results for anti-kt, asc-pT and random
binary trees. Best results are achieved for C/A and desc-pT
topologies, depending on the metric considered.

further supported by the poor performance of the random
binary tree topology. We expected however that a simple
sequence (represented as a degenerate binary tree) based
on ascending and descending pT ordering would not per-
form particularly well, particularly since the topology
does not use any angular information. Surprisingly, the
simple descending pT ordering slightly outperforms the
RNNs based on kt and C/A topologies. The descending
pT network has the highest pT 4-momenta near the root
of the tree, which we expect to be the most important.
We suspect this is the reason that the descending pT out-
performs the ascending pT ordering on particles, but this
is not supported by the performance on towers. A similar
observation was already made in the context of natural
languages [24–26], where tree-based models have at best
only slightly outperformed simpler sequence-based net-
works. While recursive networks appear as a principled
choice, it is conjectured that recurrent networks may in
fact be able to discover and implicitly use recursive com-
positional structure by themselves, without supervision.
d. Gating The last factor that we varied was

whether or not to incorporate gating in the RNN. Adding
gating increases the number of parameters to 48,761, but
this is still about 20 times smaller than the number of
parameters in the MaxOut architectures used in previ-
ous jet image studies. Table I shows the performance of
the various RNN topologies with gating. While results
improve significantly with gating, most notably in terms
of R✏=50%, the trends in terms of topologies remain un-
changed.
e. Other variants Finally, we also considered a num-

ber of other variants. For example, we jointly trained
a classifier with the concatenated embeddings obtained
over kt and anti-kt topologies, but saw no significant
performance gain. We also tested the performance of
recursive activations transferred across topologies. For
instance, we used the recursive activation learned with
a kt topology when applied to an anti-kt topology and
observed a significant loss in performance. We also con-
sidered particle and tower level inputs with an additional
trimming preprocessing step, which was used for the jet
image studies, but we saw a significant loss in perfor-
mance. While the trimming degraded classification per-
formance, we did not evaluate the robustness to pileup
that motivates trimming and other jet grooming proce-
dures.

B. Infrared and Collinear Safety Studies

In proposing variables to characterize substructure,
physicists have been equally concerned with classification
performance and the ability to ensure various theoretical
properties of those variables. In particular, initial work
on jet algorithms focused on the Infrared-Collinear (IRC)
safe conditions:

• Infrared safety. The model is robust to augmenting
e with additional particles {vN+1, . . . ,vN+K} with

Q C D - I N S P I R E D  R E C U R S I V E  N E U R A L  N E T W O R K S
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kt

anti-kt

• choice of jet 
algorithm matters 

• GRU “gating” 
improves 
performance

anti-ktkt

๏ For each particle we have certain features (energy, 
momentum, direction, point of origin, charge, kind of 
particle, etc.) 

๏ We could see a jet as an ensemble of particles 
ordered in space by physics rules (QCD)… 

๏ … like a sentence is made of words ordered by a 
grammar

Particles & language processing
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๏ At some point in the central processing, collision images are turned into a list 
of particles.  

๏ From these particles, complex objects (e.g., jets) are formed



๏ A network architecture suitable 
to process an ordered sequence of 
inputs 

๏ words in text processing 

๏ a time series 

๏ … 

๏ Complex gate mechanisms mimic 
memory, storing outputs of 
previous iterations 

๏ Processing of the ith input 
depends on (i-1)th output (and 
through it on the full sequence)

Recursive Neural Networks
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Recurrent Neural Networks (RNNs)

I RNNs can process an arbitrarily length sequence

I Output is a fixed dimensional vector for each jet

dguest@cern.ch (UCI) RNN b-tagging May 9, 2017 11 / 20



A typical example: leptonic triggers  

๏ at the LHC, producing an isolated 
electron or muon is very rare. 
Typical smoking gun that something 
interesting happened (Z,W,top,H 
production)-> TAKE THEM! 

๏ Triggers like those are very central 
to ATLAS/CMS physics 

๏ The sample selected is enriched in 
interesting events, but still 
contaminated by non-interesting ones 

๏ Can we clean this up w/o biasing the 
physics? yes, with ML

A Topology Classifier

 24 See contribution to NIPS workshopFigure 1: Relative composition of the isolated-lepton sample after the acceptance requirement (left)
and the trigger selection (right), as described in the text.

The most commonly used selection rules are inclusive, i.e., more than one topology is selected by
the same requirement. The so-called isolated lepton triggers are a typical example of this kind of
algorithms. These triggers select events with a high-momentum electron or muon and no surrounding
energetic particle, a typical signature of an interesting rare process, e.g., the production of a W boson
decaying to a neutrino and an electron or muon. With such a requirement, one can simultaneously
collect W bosons produced in the primary interaction (W events) or from the cascade decay of other
particles, e.g., top quarks (mainly in tt̄ events where a top quark-antiquark pair is produced). A
sample selected this way is dominated by W events but it retains a substantial (> 10%) contamination
from QCD multijet. The tt̄ contribution is smaller than 1%. Events from tt̄ production are sometimes
triggered by a set of dedicated lepton+jets algorithms, capable of using looser requirements on the
lepton at the cost of introducing requirements on jets.1 Due to this additional complexity, the use of
these triggers in a data analysis comes with additional complications. For instance, the applied jet
requirements produce distortions on offline distributions of jet-related quantities. To avoid having
this effect, any typical data analysis applies a tighter offline selection. This means that many of the
selected events close to the online-selection threshold are discarded. This is not necessarily the most
cost-effective way to retain an unbiased dataset for offline analysis.

In this paper, we investigate the possibility of using machine learning to disentangle events from
different event topologies at trigger level. Doing so, one could customize the trigger-selection strategy
on individual processes (depending on the physics goals) while keeping the selection loose and
simple. As a benchmark case, we consider a stream of data selected by requiring the presence of
one electron or muon with transverse momentum pT > 23 GeV 2 and a loose requirement on the
isolation. Details on the applied selection can be found in Sec. 2.

The considered benchmark sample is dominated by direct W production, with a sizable contamination
from QCD multijet events and a small contribution of tt̄ events. Other interesting processes (e.g.,
WW , WZ, and ZZ production) are usually selected with more exclusive and dedicated trigger
algorithms (e.g., di-muon or di-electron triggers), or share the same kinematic properties of the
two main interesting processes (W and tt̄). For the sake of simplicity, we ignore these sub-leading
processes in our study, without compromising the validity of our conclusions. Fig. 1 shows the
composition of a sample with one electron or muon within the defined acceptance (pT > 22 GeV and
pseudorapidity |⌘| = |� log[tan(✓/2)]| < 2.6, where ✓ is the polar angle), before and after applying
the trigger requirements (pT > 23 GeV and loose isolation).

Such a loose set of requirements would translate into an event acceptance rate of ⇠ 690 Hz for a
luminosity of 2⇥ 1034 cm�2 s�1, well beyond the currently allocated budget for these triggers. We
suggest that, using the score of our topology classifier, one could tune the amount of each process to
be stored for further analysis, within the boundaries of the allocated resources (typically ⇠ 200 Hz).
For instance, one might be interested to retain all the tt̄ events and some fraction of W events, while

1 A jet is a spray of hadrons, typically originating from the hadronization of gluons and quarks produced in
the proton collisions.

2 In this paper, we set units in such a way that c = ~ = 1.

2

https://dl4physicalsciences.github.io/files/nips_dlps_2017_3.pdf


A Topology Classifier
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Recurrent nets on the 
list of particles 

https://arxiv.org/abs/1807.00083

https://arxiv.org/abs/1807.00083


Selection performances
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(a) tt̄ selector (b) W selector

Figure 5: ROC curves for the tt̄ (left) and W (right) selectors described in the paper.

Figure 6: Pearson correlation coefficients between the ytt̄ (left) and yW (right) scores of the Particle-
sequence classifier and the 14 quantities of the HLF dataset.

The trigger baseline selection we use in this study, looser than what is used nowadays in CMS, gives
an overall trigger rate (i.e., summing electron and muon events) of ⇠ 690 Hz, more than a factor
two larger than what is currently allocated. Using the 99% working points of the two classifiers, one
would reduce the overall rate to ⇠ 280 Hz (counting the overlap between the two triggers). This
would be comparable to what is currently allocated for these triggers, but with a looser selection,
i.e., with a less severe bias on the offline analysis. In addition, the trigger efficiency (the TPR) is so
large that the bias imposed on offline quantities is quite minimal. This is illustrated in Fig. 7, where
the dependence of the TPR on the most relevant HLF quantities is shown. In our experience, any
rule-based algorithm with the same target trigger rate would result in larger inefficiencies at small
values of at least some of these quantities, e.g., the lepton pT . One should also consider that the
principle of a topology classifier could be generalized to other physics cases, as well as to other uses
(e.g., labels for fast reprocessing or access to specific subsets of the triggered samples).

5 Impact on other topologies

While reducing the resource consumption of standard physics analyses is the main motivation behind
this study, it is important to evaluate the impact of the proposed classifiers on other kind of topologies.
For this purpose, we consider a handful of beyond-the-standard-model (BSM) scenarios, and we
compute the TPR as a function of the most relevant kinematic quantities, similar to what was done in
Fig. 7 for the standard topologies.

We consider the following BSM processes:

8

tt selector W selector

๏ The classifier accomplish the 
tasks with good precision 

๏ The network learns some physics 
(as shown by the correlation of 
the RNN output with physics 
motivated quantities) 

๏ The use of expert knowledge of 
the problem (through the use of 
physics motivated quantities as 
extra inputs) improves the 
result 

๏ Can select 99% of the top events 
and reduce the fraction of 
written events by a factor ~ 7 



Example 3: event simulation with 
adversarial networks



๏ The ultimate goal of collecting x20 
more data is to probe new phenomena 
by comparing accurate measurements to 
precise predictions 

๏ To do so, one need to increase the 
amount of produced simulated events 

๏ Moreover, the simulation will be 
more CPU expensive, because the 
events are more complex 

๏ The needs of reference simulated 
samples will go beyond the budget we 
foresee to have assuming a flat $$$ 
budget

More data → More simulation

 28



๏ Networks can be trained to 
generate image 

๏ This is done with an 
adversarial training 

๏ A generator produces 
images starting from 
random noise (+ some 
other image, optionally) 

๏ A discriminator is asked 
to distinguish these 
generated images from 
the real ones  

๏ The two networks are 
trained against each 
other, until the 
discriminator is 
maximally confused

Neural Networks as Generators

 29
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GANs



๏ Future detectors will be 3D arrays of sensors

๏ ideal for ConvNN-based models

๏Conv. GANs can then be used to speed up shower 
simulation

GAN for calorimeter showersSome images

13

Preliminary

¤ Slice energy spectrum

¤ Start with photons & electronsGAN generated electrons
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๏ The simulation step (proton 
collision) and the interaction 
of the produced particles with 
the detector) is 1/2 of the CPU 
load in a simulation workflow 

๏ Its output needs to be digitised 
(emulation of detector 
electronics) to look like 
recorded data 

๏ The digitised event is then 
processed by standard 
reconstruction code (as heavy as 
the SIM step) to then be used in 
analysis

Simulation is half of the problem
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GENERATION
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๏ Reconstruction involves more 
than one detector (e.g., tracker 
+ calorimeter) and produces (at 
least in CMS) a list of 
particles 

๏ GANs were proved to be useful to 
emulate the SIM+RECO step in one 
goal 

๏ jets out of full particle 
reconstruction emulated in a 
GAN 

๏ trained on actual SIM+RECO 
synthetic data by CMS 

Simulation is half of the problem

 32

GENERATION

SIMULATION

RECONSTRU
CTION

GEANT

Tracking+clust
ering+…

+ParticleFlow

ANALYSIS-
SPECIFIC 
DATASET

Selection



๏ Reconstruction involves more 
than one detector (e.g., tracker 
+ calorimeter) and produces (at 
least in CMS) a list of 
particles 

๏ GANs were proved to be useful to 
emulate the SIM+RECO step in one 
goal 

๏ jets out of full particle 
reconstruction emulated in a 
GAN 

๏ trained on actual SIM+RECO 
synthetic data by CMS 

Simulation is half of the problem
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6 Pasquale Musella, Francesco Pandolfi

Fig. 6 Distribution of high level variables used for quark/gluon
discrimination (first two rows) and merged jets tagging (last row).
Blue histograms are obtained from the input data, while red ones
are obtained using the generative model.

the evolution of distribution of the aggregated pixel in-
tensities as a function of the particle-level jet transverse
momentum. These results show that our set-up allows
good modelling of hadronic jet structure over more than
two orders of magnitude in jet transverse momentum.

We further investigate the goodness of the learned
model by evaluating its ability to reproduce high level
jet features that are typically used in physics analyses.
We concentrate, in particular on two sets of variables:

1. variables used in the context of quark/gluon discri-
mination;

2. jet substructure variables used in the context of
merged jets discrimination.

From the first set, we choose the so-called major
and minor axes, i.e. the eigenvalues of the ⌘-� covari-
ance matrix of the jet image, and the pTD variable,
i.e. the ratio between the square root of the second and
first non-central moment of the pixel intensities [40].
From the second set, we choose the ratio between the
2- and 1-subjettines [41] and that between the 2- and 3-
subjettiness. The subjettiness variables were computed
using the FastJet package [42,43], approximating each
jet as a set of mass-less particles with energies and direc-
tions obtained from the pixel intensities and positions.

Figure 6 shows the distribution of the quark/gluon
and merged jets discrimination variables that we con-
sidered aggregated over the test dataset, while figure 7

Fig. 7 Evolution of the quark/gluon (first two rows) discrimi-
nation and merged jet tagging (last row) variables as a func-
tion of the particle level jet transverse momentum. Solid lines
represent the median of the distribution, filled regions show the
inter-quartile range, while dashed lines mark the 10% and 90%
quantiles. Blue lines are obtained from the input data, while red
ones are obtained using the generative model.

shows the evolution of the distributions as a function
of the transverse momentum of the jet at particle level.
The level at which these variables are predicted by our
set-up is good, even though some mismodelling can be
observed for the quark-gluon discriminating variables.
In particular, the pTD distribution suggests that the
correlation between the number of non-empty pixels
and their energy sharing is not perfectly modelled. In
addition, the size of the major and minor axes is over-
estimated for jets with transverse momentum below
roughly 300GeV and it is underestimated above.

3.1 Discussion

The results that we discussed above represent a step
forward in terms of accuracy of fast simulation systems
proposed in the context of collider detector physics.
We believe that three main aspects which were not ex-
ploited in similar works contributed to this:

– the use a generative model that is designed to handle
well space correlations, and the use of a conditioning
space (i.e. that of particle-level images) that encodes
large amounts of spatial information;

– the explicit handling of the sparsity through the
soft-mask layer;

https://inspirehep.net/record/1671151



Dataset-specific generation
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GENERATION

SIMULATION

RECONSTRU
CTION

GEANT

Tracking+clust
ering+…

+ParticleFlow
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SPECIFIC 
DATASET

Selection

๏ GANs can be trained to directly learn the 
multi-D distribution of the N relevant 
quantities for some physics analysis 

๏ save of CPU 

๏ save of storage 

๏ Two approaches explored 

๏ Event “interpolation”: train a 
generative model on RECO events, as a 
way to characterize a small-size dataset 
and generalise it to a large-size 
dataset (see backup) 

๏ Fast simulation: learn the transfer 
function from the N quantities at 
generator level to the N quantities 
after reconstruction

With N. Amin, K. 
Datta, B. Hashemi, D. 

Olivito, to appear 
soon



Fast Simulation
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GENERATION

SIMULATION

RECONSTRU
CTION

GEANT

Tracking+clust
ering+…

+ParticleFlow

ANALYSIS-
SPECIFIC 
DATASET

Selection

GEN DATA

Generator N-Dim learned 
distribution

RECO DATA

Discriminator

Real RECO DATA 
or “FAKES”?

GEANT+…

๏ GANs could be used to replace parametric 
simulations of the detector response 
(fastsim) 

๏ Given NN capability of approximating 
complex functions, one could in principle 
retain fullsim-like performances 

๏ We gave this a try with our analysis-
specific setup



Fastsim Results
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(a) (b)

(c) (d)

(e) (f)

Figure 4: MSGAN Fast-sim: Calculation of ⌘ and � for individual muons, and their respective

residuals comparing the values obtained from MSGAN outputs to the true values.

– 10 –

๏ GAN trained from cartesian coordinates 4momenta  

๏ Momenta well modelled in cylindrical coordinates too 

๏ This means that not only the 1D distributions, but also the correlations are 
learned 

๏ Notably, the invariant mass of the dimuon system is correctly model(a) (b)

(c) (d)

(e) (f)

Figure 5: MSGAN Fast-sim: Calculation of masses of the individual muons, and of the

dilepton system, from their energy and momenta.

4.1.2 Fast-sim with MAE-GAN

We carry out the same procedure with the MAE-GAN framework. We note that the MAE-

GAN accurately models the momenta of the muons and the quantities calculated from them.

– 11 –
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(c) (d)

(e) (f)

Figure 4: MSGAN Fast-sim: Calculation of ⌘ and � for individual muons, and their respective

residuals comparing the values obtained from MSGAN outputs to the true values.
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Figure 4: MSGAN Fast-sim: Calculation of ⌘ and � for individual muons, and their respective

residuals comparing the values obtained from MSGAN outputs to the true values.
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ResidualDistribution ResidualDistribution

With N. Amin, K. 
Datta, B. Hashemi, D. 

Olivito, to appear 
soon



And it’s fast…
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datasets in much less time compared to the typical workflow. In particular, from Fig. 12, we

Figure 12: Time required for fast-sim of events with MAE-GAN working on the 16-

dimensional dataset.

note that to run a fast-sim for 510, 000 events, one requires ⇠ 2 seconds for the operation, at

an almost fixed rate of ⇠ 250, 000 events per second. Thus, in essence, once an MAE-GAN

or MSGAN is trained on an N -dimensional distribution of physical quantities for an analysis,

one can use them to produce datasets of variables for reconstructed events, in minimal time.

We note that further improvement to this method might be achieved by using di↵erent sub-

networks for variables in the dataset that have little correlation to the other variables. It is also

conceivable that developing a modified MAE or MSE loss function that weighs contributions

from di↵erent variables to the loss di↵erently will help improve performance. These are just

some avenues that will be pursued to further push the performance gains from this approach

to fast-detector-simulation for analysis-ready datasets.
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A Unfolding

In this setup, it is very simple to implement unfolding with the same architectures: we just

switch the input and output values for the GAN trainings from the corresponding fast-sim

use-case. In essence, this allows the networks to learn a function that models the inversion of

the convolution that it learns for the fast-sim use-cases. The models used for unfolding with

the momentum 3-vectors and the 16-dimensional dataset are as previously described for the

corresponding fast-sim use-cases.

A.1 Reco!Gen with lepton momentum 3-vectors

Here we show some results for unfolding with the MSGAN for the momentum 3-vectors of

the muons, and again, we note that it performs well both for the output quantities and the

reconstructed variables.

– 18 –



Fast Decision Taking



EXAMPLE: JET SUBSTRUCTURE

5 output multi-classifier:  

Does a jet originate from a quark, gluon, W/Z boson, top quark? 

Network architecture 
16 expert inputs 

jet masses, multiplicity 

ECFs (β=0,1,2)

11

• 3-layer model trained 
without regularization


• No pruning applied


• Resulting distribution of 
weights 
 
 
 
 
 
 
 

3-layer model: no reg., no pruning

4

HLS4ML Preliminary16 inputs

64 (relu)

32 (relu)

5 (softmax)

32 (relu) Fully connected deep 
neural network

The LHC Big Data Problem
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High-Level  

Trigger
L1 

trig
ger

1 KHz  
1 MB/evt

40 MHz

100 KHz

CASE STUDY: JET SUBSTRUCTURE

5 output multi-classifier:  

Does a jet originate from a quark, gluon, W/Z boson, top quark? 

Network architecture 
16 expert inputs 

jet masses, multiplicity 

ECFs (β=0,1,2)

11

• 3-layer model trained 
without regularization


• No pruning applied


• Resulting distribution of 
weights 
 
 
 
 
 
 
 

3-layer model: no reg., no pruning

4

HLS4ML Preliminary

Fully connected deep 
neural network

16 inputs

64 nodes 
activation: ReLU

32 nodes 
activation: ReLU

32 nodes 
activation: ReLU

5 outputs 
activation: SoftMax

Easy

sort of 
OK

Complicated: 
need to be fast 
(10 ms) and with 

very small 
resources



๏ The L1 trigger is a complicated 
environment 

๏ decision to be taken in ~10 μsec 

๏ only access to local portions of the 
detector 

๏ processing on Xilinx FPGA, with limited 
memory resources 

๏ Some ML already running @L1  

๏ CMS has BDT-based regressions coded as 
look-up tables 

๏ Working to facilitate DL solutions @L1 
with dedicated library 

๏ Can fit a model on FPGA playing some 
trick (see backup slides)

Bring DL to L1

 40

HLS4ML: CERN/FNAL/MIT collaboration

PROJECT OVERVIEW 14

compressed 
model

Keras 
TensorFlow 

PyTorch 
…

tune configuration
precision  

reuse/latency

HLS  
project

HLS  
conversion

Co-processing kernel

Custom firmware design

model

Usual ML  
software workflow

hls  4  ml

hls4ml

HLS  4  ML

https://hls-fpga-machine-learning.github.io/hls4ml/


Performances
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TIMING 23

Behavior of pipeline 
interval controlled well 

by the reuse factor

Additional latency 
introduced by reusing 

the multipliers

15-40 clock cycles (75-200 ns)

RESOURCE USAGE 22

Tuning the throughput with reuse factor  
will reduce the DSP usage

NB: FPGA emulator over-estimates resource needs by a factor 
2-4 (tested our emulation vs actual deployment)



A roadmap towards HL-LHC

๏ We need to be ready by 2025 (High-Luminosity LHC) 

๏ LHC Run 3 (2020-2022) is the ultimate demonstration opportunity 

๏ produce proof-of-principle studies on simulations and open datasets  

๏ bring ML expertise at CERN and in the experiments 

๏ within experiments, develop/test/deploy ML solutions to solve 
technical tasks  

 42



Backup



๏ Pruning: remove 
parameters that don’t 
really contribute to 
performances 

๏ force parameters 
to be as small as 
possible 
(regularization) 

๏ Remove the small 
parameters 

๏ Retrain

Make the model cheaper

 44

Jennifer Ngadiuba - hls4ml: deep neural networks in FPGAs25.04.2018

Efficient NN design: compression
• Iterative approach: 

- train with L1 regularization (loss function augmented with penalty term):

 24

- sort the weights based on the value relative to the max value of the weights in that layer

Train 
with L1

Retrain 
with L1

Prune

Prune

Retrain 
with L1 Prune

…

1st iteration

2nd iteration

7th iteration

……

Jennifer Ngadiuba - hls4ml: deep neural networks in FPGAs25.04.2018

Efficient NN design: compression
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Train 
with L1

Retrain 
with L1

Prune

Prune

Retrain 
with L1 Prune

…

1st iteration

2nd iteration

7th iteration

……

Prune and repeat the train for 7 iterations



Jennifer Ngadiuba - hls4ml: deep neural networks in FPGAs25.04.2018

Efficient NN design: compression
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Train 
with L1

Retrain 
with L1

Prune

Prune

Retrain 
with L1 Prune

…

1st iteration

2nd iteration

7th iteration

……

Prune and repeat the train for 7 iterations

CHAPTER 3. PRUNING DEEP NEURAL NETWORKS 20

Figure 3.1: Pruning the synapses and neurons of a deep neural network.

the connections that have been removed. The phases of pruning and retraining may be repeated
iteratively to further reduce network complexity. In effect, this training process learns the network
connectivity in addition to the weights — this parallels the human brain development [109] [110],
where excess synapses formed in the first few months of life are gradually "pruned", with neurons
losing little-used connections while preserving the functionally important connections.

On the ImageNet dataset, the pruning method reduced the number of parameters of AlexNet
by a factor of 9× (61 to 6.7 million), without incurring accuracy loss. Similar experiments with
VGG-16 found that the total number of parameters can be reduced by 13× (138 to 10.3 million),
again with no loss of accuracy. We also experimented with the more efficient fully-convolutional
neural networks: GoogleNet (Inception-V1), SqueezeNet, and ResNet-50, which have zero or very
thin fully connected layers. From these experiments we find that they share very similar pruning
ratios before the accuracy drops: 70% of the parameters in those fully-convolutional neural networks
can be pruned. GoogleNet is pruned from 7 million to 2 million parameters, SqueezeNet from 1.2
million to 0.38 million, and ResNet-50 from 25.5 million to 7.47 million, all with no loss of Top-1 and
Top-5 accuracy on Imagenet.

In the following sections, we provide solutions on how to prune neural networks and how to
retrain the pruned model to recover prediction accuracy. We also demonstrate the speedup and
energy efficiency improvements of the pruned model when run on commodity hardware.

3.2 Pruning Methodology

Our pruning method employs a three-step process: training connectivity, pruning connections,
and retraining the remaining weights. The last two steps can be done iteratively to obtain better
compression ratios. The process is illustrated in Figure 3.2 and Algorithm 1.

→ 70% reduction of weights 
and multiplications w/o 
performance loss

๏ Pruning: remove 
parameters that don’t 
really contribute to 
performances 

๏ force parameters 
to be as small as 
possible 
(regularization) 

๏ Remove the small 
parameters 

๏ Retrain

Make the model cheaper
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Efficient NN design: compression
• Iterative approach: 

- train with L1 regularization (loss function augmented with penalty term):

 24

- sort the weights based on the value relative to the max value of the weights in that layer

Train 
with L1

Retrain 
with L1

Prune

Prune

Retrain 
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…

1st iteration

2nd iteration

7th iteration

……
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Efficient NN design: compression
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Figure 3.1: Pruning the synapses and neurons of a deep neural network.

the connections that have been removed. The phases of pruning and retraining may be repeated
iteratively to further reduce network complexity. In effect, this training process learns the network
connectivity in addition to the weights — this parallels the human brain development [109] [110],
where excess synapses formed in the first few months of life are gradually "pruned", with neurons
losing little-used connections while preserving the functionally important connections.

On the ImageNet dataset, the pruning method reduced the number of parameters of AlexNet
by a factor of 9× (61 to 6.7 million), without incurring accuracy loss. Similar experiments with
VGG-16 found that the total number of parameters can be reduced by 13× (138 to 10.3 million),
again with no loss of accuracy. We also experimented with the more efficient fully-convolutional
neural networks: GoogleNet (Inception-V1), SqueezeNet, and ResNet-50, which have zero or very
thin fully connected layers. From these experiments we find that they share very similar pruning
ratios before the accuracy drops: 70% of the parameters in those fully-convolutional neural networks
can be pruned. GoogleNet is pruned from 7 million to 2 million parameters, SqueezeNet from 1.2
million to 0.38 million, and ResNet-50 from 25.5 million to 7.47 million, all with no loss of Top-1 and
Top-5 accuracy on Imagenet.

In the following sections, we provide solutions on how to prune neural networks and how to
retrain the pruned model to recover prediction accuracy. We also demonstrate the speedup and
energy efficiency improvements of the pruned model when run on commodity hardware.

3.2 Pruning Methodology

Our pruning method employs a three-step process: training connectivity, pruning connections,
and retraining the remaining weights. The last two steps can be done iteratively to obtain better
compression ratios. The process is illustrated in Figure 3.2 and Algorithm 1.

→ 70% reduction of weights 
and multiplications w/o 
performance loss



COMPRESSION 18

There are many schemes for compression 
We do a simplistic, iterative version 

Training with “L1” regularization, up-weight important synapses 
Remove X% of weights and retrain 
Rinse, repeat 

Our case study: 70% network reduction with no performance loss

< total bits, integer bits >

Reaches 32-bit floating 
point performance with 
16-bit fixed point!

Distribution of 
weights in NN

๏ Quantization: reduce the 
number of bits used to 
represent numbers (i.e., 
reduce used memory) 

๏ models are usually trained 
at 64 or 32 bits 

๏ this is not necessarily 
needed in real life 

๏ In our case, we could reduce 
to 16 bits w/o loosing 
precision 

๏ Beyond that, one would have to 
accept some performance loss

Make the model cheaper
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Efficient NN design: quantization
• In FPGAs use fixed point data types → less resources and latency than 32-bit floating 

point 

• NN inputs, weights, biases, outputs represented as

 29

0101.1011101010

width
fractionalinteger

ap_fixed<14,4>

Quantization

Quantized [24, 36–39] and even binarized [40–43] neural networks have been studied in detail as an
additional way to compress neural networks by reducing the number of bits required to represent each
weight. FPGAs provide considerable freedom in the choice of data type and precision. Both are
important to consider to prevent the wasting of FPGA resources and latency. In hls4ml we use fixed
point arithmetic, which uses less resources and latency than floating point arithmetic. Resource usage
using floating point arithmetic and integer arithmetic use the same resources.

The inputs, weights, biases, sums, and outputs of each layer (see Eq. 2.1) are all represented as
fixed point numbers. For each, the number of bits above and below the binary point can be configured
for the use case. It is broadly observed that precision can be reduced significantly without causing a
loss in performance [XXX], but this must be done with care. In Fig. 7, we show the distribution of
the absolute value of the weights after the compression described in Sec. 2.3. In this case, to avoid
overflow in the weights, at least three bits should be assigned above the binary point — two to envelope
the largest absolute value and one for the sign. The neuron values, xm, and intermediate signals in the
FPGA used to compute them, require more bits, given the form of Equation 2.1. We determine the
number of bits to assign below the binary point by scanning physics performance versus number of
these bits.

Figure 7: Distribution of the absolute value of the weights after compression.

In addition to saving on resources used for signal routing, reducing precision saves on resources
and latency used for mathematical operations. For many applications the primary limitation will be
the DSP resources of the FPGA used for multiplication. The number of DSPs used per multiplier
depends on the precision of the numbers being multiplied and can change abruptly. For example, one
Xilinx DSP48 block [XXX] can multiply a 25-bit number with an 18-bit number, but two are required
to multiply a 25-bit number with a 19-bit number. Similarly, the latency of multipliers increases with
precision, though they can remain pipelined. Detailed exploration of the e�ect of calculation precision
is presented in Sec. 3.

– 12 –

integer bits = 2 + 1 for sign
(need more for neurons)

• But need more bits for neurons as computed with 
multiplications and sums → we perform a scan of 
physics performance versus bit precision

• To avoid overflow/underflow of weights at 
least 3 bits needed

ap_fixed<width,integer>

weights
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Speed vs Memory
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Efficient NN design: parallelization
• Trade-off between latency and FPGA resource usage determined by the parallelization of 

the calculations in each layer 

• Configure the “reuse factor” = number of times a multiplier is used to do a computation

 31

mult

mult

mult

mult

mult

mult

mult

reuse = 4
use 1 multiplier 4 times

reuse = 2
use 2 multipliers 2 times each

reuse = 1
use 4 multipliers 1 time each

Reuse factor: how much to parallelize operations in a hidden layer

Fully parallel

Fully serial Less resources/ 
Less throughput
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What we do with ML today
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Centralised task (in online or offline reconstruction) 
Analysis-specific task (by users on local computing 
infrastructures)

๏ Classification:  

๏ identify a particle & reject fakes 

๏ identify signal events & reject background 

๏ Regression: 

๏ Measure energy of a particle 

๏ We typically use BDTs for these task 

๏ moved to Deep Learning for analysis-specific 
tasks 

๏ same will happen for centralised tasks 
(eventually)



Example: ML for Higgs discovery

 49

๏ We were not supposed to discover the Higgs boson as early as 2012 

๏ Given how the machine progressed, we expected discovery by end 2015 /mid 
2016 

๏ We made it earlier thanks (also) to Machine Learning 



๏ 3D Convolution NN can learn true 
energy of an incoming particle 
from the recorded hit pattern 

๏ Correctly reconstruct energy 

๏ ECAL performances better than 
HCAL (as expected) 

๏ π0 resolution ~ √2 γ resolution 
(as expected) 

๏ No high-level knowledge of physics 
and/or detector features 

๏ used only RAW data as inputs 

๏ In real life, this could be used 
offline, at HLT, and (maybe) even 
at L1

Proof of Principle: Energy Regression
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3

FIG. 3. Test performed on photons, electrons, neu-

tral and charged pions, comparing the predicted en-

ergy with its true value for each type of particle.

were sorted and divided into ten bins, each one
having an energy interval of 50 GeV, in order
to evaluate the influence of the true energy on
the tested model. In Fig. 5, the absolute means
of the energy di↵erence is proportional to the
true energy value; according to this analsis, the
best performances seem to be between 10 and
200 GeV. In Fig. 6, the relative mean of the
energy di↵erence is approximately constant for
di↵erent energy intervals in the normal datasets
(photons, electrons and neutral pions). In this
analysis, the lowest energy bin (10 to 50 GeV)
has the worst performance, whereas in all the
others the relative means are slightly varying
around 0. In Fig. 7, we notice that the stan-
dard deviations are approximately linearly de-
pendent on the energy value. The model perfor-
mance is good in the normal datasets, since the
standard deviation varies between 0 and 5 GeV.
In Fig. 8, the calorimeter resolution was plot-
ted according to the relative standard deviation
values obtained from the test in each particle
dataset, and in all cases it satisfied the general
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IV. CONCLUSION

We train a DNN model to solve a regression
problem in the LCD, in which the inputs are
the raw data from highly-granular calorimeters.
We train the model on four di↵erent datasets,
achieving good performance for photons, elec-
trons, and neutral pions, having the mean of the
di↵erence between true and predicted values ap-
proximating to zero by a factor of 10�1. In order
to train the dataset containing charged pions,
it is necessary to select the data that presented
a correlation between the true energy and the
actual shower deposits in the calorimeter. The
training is limited to such limited filtering of the
data, and as a result, the test has a worse per-
formance when compared to the other datasets.
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80 HDF5 files for each particle, totalizing 80
000 events for each dataset. After preprocess-
ing, data is archived using Numpy arrays.

The neural networks are built and studied
using the highly modular Keras [7] 1.0.8 deep
learning libraries running on top of TensorFlow
[8]. All code is written in Python 2.7. The
training and testing of neural networks have
been performed on Caltechs Culture Plate. It
has eight available NVIDIA GeForce GTX 1080
graphical processing units (GPU).
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events, a validation set of 10 000 events, and
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III. RESULTS
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pions, and charged pions. The distributions ap-
proximate to identity functions in all the cases.
The data is more scattered in the charged pi-
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FIG. 2. Deep Neural Network topology. ECAL

(with dimensions 25 x 25 x 25) and HCAL (with

dimensions 5 x 5 x 60) inputs are processed in di↵er-

ent branches, where each one receives a Convolution

3D layer according to its dimensions, followed by a

MaxPooling 3D layer. The branches are merged af-

ter being flattened, then dense layers are applied to

converge the output to the predicted energy value.
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tons, the mean is (�3.09± 0.05)10�1 %, with a
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is (0.66 ± 0.07)10�1 %, with a standard devia-
tion of 3.81 %. For charged pions, the mean is
(�6.21± 0.04) %, with a standard deviation of
19.08 %.

From Fig. 5 to 8, the true and prediction data
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the raw data from highly-granular calorimeters.
We train the model on four di↵erent datasets,
achieving good performance for photons, elec-
trons, and neutral pions, having the mean of the
di↵erence between true and predicted values ap-
proximating to zero by a factor of 10�1. In order
to train the dataset containing charged pions,
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‣ Competitive and meaningful 
results  

‣ Processing time reduced by 
103 wrt traditional 
approaches 

๏ In real life, this could be 
used while selecting events 
in real time (“trigger”)

Proof of Principle: Energy Regression

 51

5

FIG. 8. Calorimeter resolution based on the en-

ergy regression test performed on photons, elec-

trons, neutral and charged pions.
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 Model details: Reco to Reco
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64 input nodes

128 nodes with ReLu activation

256 nodes with ReLu activation

512 nodes with ReLu activation

256 nodes with ReLu activation

128 nodes with ReLu activation

19 output nodes with Linear activation

128 nodes with ReLu activation

128 nodes with ReLu activation

256 nodes with ReLu activation

256 nodes with ReLu activation

128 nodes with ReLu activation

64 nodes with ReLu activation

1 output node with sigmoid

19 input features

32 nodes with ReLu activation

16 nodes with ReLu activation

16 nodes with ReLu activation 1 output node with linear activations

Generator

Discriminator



 Model details: Gen to Reco
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5 input nodes

100 nodes with SeLu activation

250 nodes with SeLu activation

500 nodes with SeLu activation

1000 nodes with SeLu activation

100 nodes with SeLu activation

5 output nodes with Linear activation

1000 nodes with LeakyReLu + Dropout

750 nodes with LeakyReLu + Dropout

500 nodes with LeakyReLu + Dropout

250 nodes with LeakyReLu + Dropout

100 nodes with LeakyReLu + Dropout

50 nodes with LeakyReLu + Dropout

1 output node with sigmoid

5 input nodes

Generator

Discriminator



๏ GANs are notoriously difficult to train 

๏ MSEGan has been proposed in this paper as a way to help the 
training 

๏ The “trick” is to stabilize training by adding a regression 
step (with mse loss function) for the generator, before 
freezing it & training the discriminator 

๏ Similar to what is done in CALOGan & CMS-OpenData Jet GAN 

๏ We tried this approach on a few setups:  

๏ GEN -> RECO fast simulation 

๏ RECO -> GEN unfolding (see backup)

Helping GAN training

 54

https://arxiv.org/pdf/1806.00433.pdf
https://arxiv.org/pdf/1806.00433.pdf


Training

 55

๏ Simplified problem (as a first try): only three momenta of 
the leptons - 1 (fixed φ2 = 0 to break rotational 
symmetry) 

๏ Used mse for regression loss + binary cross-entropy for 
discriminator

๏ Much stabler 
training 
history 
observed, since 
the problem is 
now more 
supervised

— discriminator loss on fakes 
— discriminator loss on true 
— Binary cross entropy for generator 
— MSE loss for generator



Analysis-specific unfolding

 56
Unfolding

GENERATION

SIMULATION

RECONSTRU
CTION

GEANT

Tracking+clust
ering+…

+ParticleFlow

ANALYSIS-
SPECIFIC 
DATASET

Selection

RECO DATA

Noise

Generator N-Dim learned 
distribution

GEN DATA

Discriminator

Real GEN DATA 
or “FAKES”?

GEAN+…

๏ The same approach could be used 
for unfolding, i.e. to undo the 
effect of detector resolution 

๏ Formally, the only change is the 
switch of the conditioned and 
target dataset



MSGan Unfolding Results
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• Even in this case, results are 
promising but need to be tested with 
more “challenging” transfer functions

• More work needed to improve the 
result to match the typically needed 
accuracy



RECO→ RECO GAN
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Noise Generator N-Dim learned 
distribution

RECO DATA

Discriminator

Real RECO DATA 
or “FAKES”?

๏ We consider a classic GAN setup as baseline (also tried wGAN) 

๏ Train a generator an discriminator in an adversarial fashion 

๏ Add regression of mℓℓ to the generator cost function, in order to 
stabilize the training 

๏ Implemented in keras+TF 

๏ Running on server mounting GTX1080 cards + CSCS Piz Daint (project cn01)

mℓℓ regression (to 
help convergence)



Training
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• Somewhat stable — collapses after ~50k epochs
• Most distributions have good agreement, but network has issues with sharp edges 
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• Somewhat stable — collapses after ~50k epochs
• Most distributions have good agreement, but network has issues with sharp edges 

(e.g., metphi, lep charge)
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7animationFigure 3. Left: Discriminator and generator loss as a function of the training epoch, when training
with (top) and without (bottom) the skip-connection discriminator. Right: Mean and width of the
m`` distribution returned by the regression network during the same training.

As one can easily predict, GANs have problems with discrete quantities. In the case of
the vertex distribution (see Section 2), we find it convenient to make the feature continuous,
applying a Gaussian smearing. One can then take the integer part of the continuous feature
returned by the generator in a post-processing phase. This approach could be used in general
for any discrete quantity, but it is also true that a use-case-dependent clever design of the
dataset might avoid the need to deal with some of the discrete features. For instance, when
dealing with opposite-charge lepton pairs, one could order the two leptons by their electric
charge (rather than by the pT ) and implicitly encode any correlation between the charge
and kinematic features into differences in the distribution of the kinematic quantities (e.g.,
p
(+)
T vs.p(�)

T ). We didn’t follow this strategy here, in the spirit of showing the drawbacks as
well as the strong points of the approach we propose.

We also observe a problem with sharp edges, notably in the case of periodic variables
like the � distributions. In general, it is convenient to exploit the azimuthal symmetry of
collider detectors to rotate all the four-momenta, fixing the � = 0 for one of the particles
(in our case, the second lepton). Doing so, one reduces the dataset dimensionality by one,
and replaces the sharp-edged � distributions with the better behaving �� quantities. The
problem with edges also justifies the usage of Cartesian coordinates for target features,
rather than polar coordinates.

We stress the fact that a � rotation is not a generic solution. In the case of our
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๏ fixed c = 0.01 

๏ Dataset size: 2M events 

๏ 100K epochs / 512 events per batch 

๏ Multiple trainings of the same model 
with randomized starting point, to 
minimise dependency on initial 
conditions 

๏ (as normal with GANs) training quite 
unstable and wGAN didn’t really help 

๏ Cannot use the loss function itself 
as a guide to the best model 

๏ instead, work on defining a generator 
quality assessment based on 
statistics tests

๏ Loss function: cross entropy + c · mse(mℓℓ)



๏ Define global- and feature-specific quality tests

Generator quality

 60

๏ Work in progress: investigating usage of standard pdf-distance 
definitions (KL divergence, earth-mover distance, etc)



Results

 61

Results With Everything

 9

Trial  Epoch   LepIsoRank  MetPhiRank  MLLRank  ScoreRank  StatsScore    MLLKS     MetPhiKS  LepIsoKS  SortKey
12     69500   160         298         59       43         27.826635     0.085580  0.032840  0.236480  560.000000
12     99000   34          166         107      392        47.069988     0.096820  0.024580  0.188500  699.000000
6      29000   144         309         79       228        40.682663     0.090900  0.033440  0.232180  760.000000
12     53000   571         139         23       67         30.737935     0.075540  0.022300  0.305880  800.000000
7      89500   85          448         88       181        38.685347     0.092740  0.041520  0.214840  802.000000
12     81500   284         74          306      154        37.152292     0.122060  0.013740  0.263080  818.000000

Again, many of the best models identified this way were at the top of the 
other lists. This is seems to be a reasonable way to rank the models before 
spending human energy.

Probably Best Overall



๏ A jet is made putting 
togethers particles in a 
“recombination algorithm”: 
attempt to reconstruct the 
jet showering backward 

๏ This jet-dependent structure 
can be used as input to a 
RNN, which is trained to map 
the jet into a q-dimensional 
array 

๏ This ‘standardised’ input can 
then be used as input to a 
traditional layer, e.g to 
solve a jet tagging problem

Recurrent Neural Networks

 62



Recurrent Neural Networks
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Recurrent Neural Networks

 64

6

FIG. 3. Jet classification performance for various input rep-
resentations of the RNN classifier, using kt topologies for the
embedding. The plot shows that there is significant improve-
ment from removing the image processing step and that sig-
nificant gains can be made with more accurate measurements
of the 4-momenta.

FIG. 4. Jet classification performance of the RNN classifier
based on various network topologies for the embedding (par-
ticles scenario). This plot shows that topology is significant,
as supported by the fact that results for kt, C/A and desc-pT
topologies improve over results for anti-kt, asc-pT and random
binary trees. Best results are achieved for C/A and desc-pT
topologies, depending on the metric considered.

further supported by the poor performance of the random
binary tree topology. We expected however that a simple
sequence (represented as a degenerate binary tree) based
on ascending and descending pT ordering would not per-
form particularly well, particularly since the topology
does not use any angular information. Surprisingly, the
simple descending pT ordering slightly outperforms the
RNNs based on kt and C/A topologies. The descending
pT network has the highest pT 4-momenta near the root
of the tree, which we expect to be the most important.
We suspect this is the reason that the descending pT out-
performs the ascending pT ordering on particles, but this
is not supported by the performance on towers. A similar
observation was already made in the context of natural
languages [24–26], where tree-based models have at best
only slightly outperformed simpler sequence-based net-
works. While recursive networks appear as a principled
choice, it is conjectured that recurrent networks may in
fact be able to discover and implicitly use recursive com-
positional structure by themselves, without supervision.
d. Gating The last factor that we varied was

whether or not to incorporate gating in the RNN. Adding
gating increases the number of parameters to 48,761, but
this is still about 20 times smaller than the number of
parameters in the MaxOut architectures used in previ-
ous jet image studies. Table I shows the performance of
the various RNN topologies with gating. While results
improve significantly with gating, most notably in terms
of R✏=50%, the trends in terms of topologies remain un-
changed.
e. Other variants Finally, we also considered a num-

ber of other variants. For example, we jointly trained
a classifier with the concatenated embeddings obtained
over kt and anti-kt topologies, but saw no significant
performance gain. We also tested the performance of
recursive activations transferred across topologies. For
instance, we used the recursive activation learned with
a kt topology when applied to an anti-kt topology and
observed a significant loss in performance. We also con-
sidered particle and tower level inputs with an additional
trimming preprocessing step, which was used for the jet
image studies, but we saw a significant loss in perfor-
mance. While the trimming degraded classification per-
formance, we did not evaluate the robustness to pileup
that motivates trimming and other jet grooming proce-
dures.

B. Infrared and Collinear Safety Studies

In proposing variables to characterize substructure,
physicists have been equally concerned with classification
performance and the ability to ensure various theoretical
properties of those variables. In particular, initial work
on jet algorithms focused on the Infrared-Collinear (IRC)
safe conditions:

• Infrared safety. The model is robust to augmenting
e with additional particles {vN+1, . . . ,vN+K} with
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• W-jet tagging example 
using data from Dawe, et 
al arXiv:1609.00607 

• down-sampling by 
projecting into images 
looses information 

• RNN needs much less 
data to train!

kt anti-kt

๏ A jet is made putting 
togethers particles in a 
“recombination algorithm”: 
attempt to reconstruct the 
jet showering backward 

๏ This jet-dependent structure 
can be used as input to a 
RNN, which is trained to map 
the jet into a q-dimensional 
array 

๏ This ‘standardised’ input can 
then be used as input to a 
traditional layer, e.g to 
solve a jet tagging problem


