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! We have three ongoing projects with nVidia 

! Event reconstruction with graph networks 

! Sparse-event generation with Deep Learning 

! Distributed training & optimization with MPI 

! I will try to cover the main aspects on these three 

! Work in progress, so donÕt expect to see results today

In this talk
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Recurrent Neural Networks (RNNs)

! RNNs can process an arbitrarily length sequence
! Output is a Þxed dimensional vector for each jet

dguest@cern.ch (UCI) RNN b-tagging May 9, 2017 11 / 20
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Fig. 4 Example of 100! 100 images for the Þve jet classes considered
in this study: q (top-left), g (top-right), W (center-left), Z (center-right),
and top jets (bottom). The temperature map represents the amount of

pT collected in each cell of the image, measured in GeV and computed
from the scalar sum of thepT of the particles pointing to each cell

cost of losing some discriminating information in the sum-262

mation. (ii) Alternatively, the! C matrix is deÞned directly263

from theDO ! NO elements of theO matrix, ßattened into264

a one-dimensional array. The full information fromO is pre-265

served, but! C assumes an ordering of theNO input objects.266

In our case, we rank the input particles in descending order267

by pT.268

The trainable functionsfO, fR, and! C consist of three269

DNNs. Each of them has two hidden layers, the Þrst (sec-270

ond) havingN1
n (N2

n = " N1
n/ 2#) neurons. The model is271

implemented inPyTorch [35] and trained using an NVIDIA272

GTX1080 GPU. The training (validation) data set consists of273

630,000 (240,000) examples, while 10,000 events are used274

for testing purposes.275

The architecture of the three trainable functions is deter-276

mined by minimizing the loss function through a Bayesian277

optimization, using theGpyOpt library [36], based on278

Gpy [37]. We consider the following hyperparameters:279

Ð The number of output neurons of thefR network, DE280

(between 4 and 14).281

Ð The number of output neurons of thefO network, DO282

(between 4 and 14).283

Ð The number of neuronsN1
n in the Þrst hidden layer of the284

fO, fR, and! C network (between 5 and 50).285

Ð The activation function for the hidden and output layers286

of the fR network: ReLU [38], ELU [39], or SELU [40] 287

functions. 288

Ð The activation function for the hidden and output layers289

of the fO network: ReLU, ELU, or SELU. 290

Ð The activation function for the hidden layers of the! C 291

network: ReLU, ELU, or SELU. 292

Ð The optimizer algorithm: Adam [41] or AdaDelta [42]. 293

In addition, the output neurons of the! C network are acti- 294

vated by a softmax function. A learning rate of 10$ 4 is used. 295

For a given network architecture, the network parameters are296

optimized by minimizing the categorical cross entropy. The297

Bayesian optimization is repeated four times. In each case,298

the input particles are ordered by descendingpT value and 299

the Þrst 30, 50, 100, or 150 particles are considered. The300

parameter optimization is performed on the training data set,301

while the loss for the Bayesian optimization is estimated on302

the validation data set. 2303

Tables1 and2 summarize the result of the Bayesian opti-304

mization for the JEDI-net architecture with and without the305

sum over the columns of theO matrix, respectively. The best 306

result of each case, highlighted in bold, is used as a reference307

for the rest of the paper. 308
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of! When dealing with DL applications for 
LHC, people have tried to make our 
data fit common classes of DL 
algorithms 

! image-like for ConvNNs 

! sequence-like for RNNs 

! Our data are a set of points arranged 
in an irregular 3D (-> 4D) geometry 

! Points collected by different 
detectors and with different features 

! The ultimate architecture to deal 
with this is a graph neural network

LHC events and Data representation
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! Take as input a list of 
objects (particles, 
Òdetector hitsÓ, etc.), 
represented by a set of 
features 

! Process these lists with 
rule-based algorithms 

! e.g., 2->1 recombination 
algorithms for jet 
clustering 

! run inference algorithms 
(and statistical 
analyses) on the 
processing output

The Òclassic" workßow
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Differentiable Programming

6

https://pathmind.com/wiki/differentiableprogramming


8 Eric A. Moreno et al.

NO: # of constituents !
P:   # of features!
NE = NO(NO-1): # of edges!
DE: size of internal representations!
DO: size of post-interaction internal representation

!C, "O , "R 

expressed as 
dense neural 

networks

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

E! cient NN design: compression

 27

Train 
with L1

Retrain 
with L1

Prune

Prune

Retrain 
with L1 Prune

É

1st iteration

2nd iteration

7th iteration

ÉÉ

Prune and repeat the train for 7 iterations

CHAPTER 3. PRUNING DEEP NEURAL NETWORKS 20
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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 e ! ect, this training process learns the network

connectivity in addition to the weights Ñ this parallels the human brain development [109] [110],

where excess synapses formed in the Þrst 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 e" cient fully-convolutional

neural networks: GoogleNet (Inception-V1), SqueezeNet, and ResNet-50, which have zero or very

thin fully connected layers. From these experiments we Þnd 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 e" ciency 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
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Fig. 7 A flowchart illustrating the interaction network scheme.

input objects. In our case, we rank the input particles
in descending order bypT .

The trainable functions f O , f R , and ! C consist of
three DNNs. Each of them has two hidden layers, the
Þrst (second) havingN 1

n (N 2
n = ! N 1

n / 2") neurons. The
model is implemented in PyTorch [35] and trained
using an NVIDIA GTX1080 GPU. The training data
set consists of 630,000 samples, randomly divided in a
2:1 proportion for training and validation. In addition,
a testing data set of 240,000 samples is used.

The architecture of the three trainable functions is
determined by minimizing the loss function through a
Bayesian optimization, using the GpyOpt library [36],
based onGpy [37]. We consider the following hyperpa-
rameters:

Ð The number of output neurons of the f R network,
DE (between 4 and 14).

Ð The number of output neurons of the f O network,
DO (between 4 and 14).

Ð The number of neuronsN 1
n in the Þrst hidden layer

of the f O , f R , and ! C network (between 5 and 50).

Ð The activation function for the hidden and output
layers of the f R network: ReLU [38], ELU [39], or
SELU [40] functions.

Ð The activation function for the hidden and output
layers of the f O network: ReLU, ELU, or SELU.

Ð The activation function for the hidden layers of the
! C network: ReLU, ELU, or SELU.

Ð The optimizer algorithm: Adam [41] or AdaDelta [42].

In addition, the output neurons of the ! C network are
activated by a softmax function. A learning rate of 10! 4

is used. For a given network architecture, the network
parameters are optimized by minimizing the categorical
cross entropy. The Bayesian optimization is repeated
four times. In each case, the input particles are ordered
by descendingpT value and the Þrst 30, 50, 100, or 150
particles are considered. The parameter optimization is
performed on the training data set, while the loss for the
Bayesian optimization is estimated on the validation
data set.

Tables 2 and 1 summarize the result of the Bayesian
optimization for the JEDI-net architecture with and

Example: jet tagging
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Fig. 1 Pictorial representations of the di ! erent jet categories considered in this paper. Left: jets originating from quarks or
gluons produce one cluster of particles, approximately cone-shaped, developing along the ßight direction of the quark or gluon
that started the cascade. Center: when produced with large momentum, a heavy boson decaying to quarks would result in a
single jet, made of 2 particle clusters (usually referred to as prongs). Right: a high-momentum t ! Wb ! qq! b decay chain
results in a jet composed of three prongs.

In this work, we compare the typical performance
of some of these approaches to what is achievable with
a novel jet identiÞcation algorithm based on an interac-
tion network (JEDI-net). Interaction networks [5] (INs)
were designed to predict the evolution of physical sys-
tems under the inßuence of internal and external forces,
for example to emulate the e! ect of gravitational in-
teractions in n-body systems. The n-body system is
represented as a set of objects subject to one-on-one
interactions. The n bodies are embedded in a graph
and these one-on-one interaction functions, expressed
as trainable neural networks, are used to predict the
post-interaction status of the n-body system. In a simi-
lar fashion, we represent a jet as a set of particles, each
of which is represented by its momentum and embedded
as a vertex in a fully-connected graph. We use neural
networks to learn a representation of each one-on-one
particle interaction 1 in the jet, which we then use to
deÞne jet-related high-level features (HLFs). Based on
these features, a classiÞer associates each jet to one of
the Þve categories shown in Fig. 1.

For comparison, we consider other classiÞers based
on di! erent architectures: a dense neural network (DNN)
[6] receiving a set of jet-substructure quantities, a con-
volutional neural network (CNN) [7,8,9] receiving an
image representation of the transverse momentum (pT )
ßow in the jet 2, and a recurrent neural network (RNN)

1 Here we refer to the abstract message-passing interaction
represented by the edges of the graph and not the physical
interactions due to quantum chromodynamics, which occur
before the jet constituents emerge from the hadronization
process.

2 We use a Cartesian coordinate system with the z axis
oriented along the beam axis, the x axis on the horizontal

with gated recurrent units [10] (GRUs), which process
a list of particle features. These models can achieve
state-of-the-art performance although they require ad-
ditional ingredients: the DNN model requires process-
ing the constituent particles to pre-compute HLFs, the
GRU model assumes an ordering criterion for the input
particle feature list, and the CNN model requires repre-
senting the jet as a rectangular, regular, pixelated im-
age. Any of these aspects can be handled in a reasonable
way (e.g. one can use a jet clustering metric to order
the particles), sometimes sacriÞcing some detector per-
formance (e.g., with coarser image pixels than realistic
tracking angular resolution, in the case of many models
based on CNN). It is then worth exploring alternative
solutions that could reach state-of-the-art performance
without making these assumptions. In particular, it is
interesting to consider architectures that directly takes
as input jet constituents and are invariant for their per-
mutation. This motivated the study of jet taggers based
on recursive [11], graph networks [12,13], and energy
ßow networks [14]. In this context, we aim to investi-
gate the potential of INs.

This paper is structured as follows: we provide a
list of related works in Sec. 2. In Sec. 3, we describe
the utilized data set. The structure of the JEDI-net
model is discussed in Sec. 4 together with the alter-
native architectures considered for comparison. Results

plane, and the y axis oriented upward. The x and y axes de-
Þne the transverse plane, while the z axis identiÞes the lon-
gitudinal direction. The azimuthal angle ! is computed from
the x axis. The polar angle " is used to compute the pseudo-
rapidity # = " log(tan( " / 2)) . We use natural units such that
c = ! = 1 and we express energy in units of electronVolt (eV)
and its preÞx multipliers.
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Jet tagging = identifying the nature of the particle starting the 
shower, looking at the ÒshapeÓ of the shower

Input: a list of particles, each 
represented by its coordinates

Processing: Matrix multiplication + 
learnable functions (aka neural 
networks)

https://arxiv.org/abs/1908.05318

https://arxiv.org/abs/1909.12285

https://arxiv.org/abs/1908.05318
https://arxiv.org/abs/1909.12285


! Each example in a dataset is 
represented as a set of vertices 

! Each vertex is embedded in the 
graph as a vector of features 

! Vertices are connected through 
links 

! Messages are passed through 
links and aggregated on the 
vertices 

! A new representation of each 
node is created, based on the 
information gathered across the 
graph

What is happening: message passing

8

v1 = ( f1
1, f 2

1, . . . , f k
1)

v2 = ( f1
2, f 2

2, . . . , f k
2)

v3 = ( f1
3, f 2

3, . . . , f k
3)

v4 = ( f1
4, f 2

4, . . . , f k
4)

v5 = ( f1
5, f 2

5, . . . , f k
5)

v6 = ( f1
6, f 2

6, . . . , f k
6)

https://arxiv.org/pdf/1704.01212.pdf
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m3! 2 = g( "f3, "f2)

m1! 2 = g( "f3, "f2)

m4! 2 = g( "f4, "f2)

m5! 2 = g( "f5, "f2)

m6! 2 = g( "f6, "f2)

https://arxiv.org/pdf/1704.01212.pdf
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v# 1 = "f# 1(m2! 1, . . . ,m6! 1)

v# 2 = "f# 2(m1! 2, . . . ,m6! 2)

v# 4 = "f# 4(m1! 4, . . . ,m6! 4)

v# 5 = "f# 5(m1! 5, . . . ,m6! 5)

v# 6 = "f# 6(m1! 6, . . . ,m5! 6)

v# 3 = "f# 3(m1! 3, . . . ,m6! 3)

https://arxiv.org/pdf/1704.01212.pdf

https://arxiv.org/pdf/1704.01212.pdf


Custom architectures
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https://arxiv.org/abs/1902.07987

4 S.R. Qasim et al.: Distance-weighted graph networks for irregular particle-detector geometries
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Fig. 1: Pictorial representation of the data ßow across theGarNet and the GravNet layers. (a) The input features
FIN of eachvi ! V are processed by a dense neural network with two output arrays: a set of learned featuresFLR and
spatial information S in some learned representation space. (b) In the case of theGravNet layer, the S quantities
are interpreted as the coordinates of the vertices in some abstract space. The graph is built in this space, connecting
eachvi to its N closest neighbors (N=4 in the Þgure), using the euclidean distancedij between the vertices to rank
the neighbors. (c) In the case of theGarNet layer, the S quantities are interpreted as the distances between the
vertices and a set ofS aggregators in some abstract space. The graph is then built connecting eachvi vertex to each
aj aggregator, and theS quantities are the dij euclidean distances. (d) Once the graph structure is established, thef i

j

features of thevj vertices connected to a given vertex or aggregatorvk are converted into the ÷f i
jk quantities, through

a potential (function of djk ). The corresponding information is then gathered across the graph and turned into a new
feature ÷f i

k of vk (e.g. summing over the edges, or taking the maximum). (e) For each choice of gathering function, a new
set of features ÷f i

k ! ÷FLR is generated. The ÷FLR vector is concatenated to the initial FIN vector. The resulting feature
vector is given as input to a dense neural network with tanh activation, which returns the output representationFOUT .

Fig. 2: Calorimeter geometry. The markers indicate the
centre of the sensors, their size the sensor size. Layers are
colour-coded for better visualisation.

The calorimeter is made entirely of Tungsten, with a width
of 30 cm" 30 cm in the x and y directions and a length
of 2 m in the longitudinal direction (z), which corresponds
to 20 nuclear interaction lengths. The longitudinal dimen-
sion is further split into 20 layers of equal thickness. Each
layer contains square sensor cells, with a Þne segmenta-
tion in the quadrant with x > 0 and y > 0 and a lower
granularity elsewhere. The total number of cells and their
individual sizes vary by layer, replicating the basic fea-
tures of a slightly irregular calorimeter. For more details,
see Fig. 2 and Table 1.

Charged pions are generated atz = # 2 m; the x and y
coordinates of the generation vertex are randomly sampled
within |x| < 5 cm and|y| < 5 cm. Thex and y components
of the particle momentum are set to 0, while thez compo-
nent is sampled uniformly between 10 and 100 GeV. The
particles therefore impinge the calorimeter front face per-
pendicularly and shower along the longitudinal direction.

The resulting total energy deposit in each cell, as well
as the cell position, width, and layer number, are recorded
for each event. These quantities correspond to theFIN fea-

6 S.R. Qasim et al.: Distance-weighted graph networks for irregular particle-detector geometries

Ð GarNet model: The original vertex features are con-
catenated with the mean of the vertex features and
then passed on to one dense layer with 32 nodes and
tanh activation before entering 11 subsequentGar-
Net layers. These layers containS = 4 aggregators, to
which FLR = 20 features are passed, andFOUT = 32
output nodes. The output of each layer is passed to
the next and added to a vector containing the con-
catenated outputs of eachGarNet layer. The latter
is Þnally passed to a dense layer with 48 nodes and
ReLU activation.

In all cases, each output vertex of these model building
blocks is fed through one dense layer with ReLU activation
and three nodes, followed by a dense layer with two output
nodes and softmax activation. This last processing step
determines the energy fraction belonging to each shower.
Batch normalisation [45] is applied in all models to the
input and after each block.

All models are trained on the full training data set us-
ing the Adam optimizer [46] and an initial learning rate of
about 3 ! 10! 4, the exact value depending on the model.
The learning rate is reduced exponentially in steps to the
minimum of 3 ! 10! 6 after 2 million iterations. Once the
learning rate has reached the minimum level, it is modu-
lated by 10% at a Þxed frequency, following the method
proposed in Ref. [47].

7 Clustering performance

All approaches described in Section 6 perform well for
clustering purposes. An example is shown in Fig. 3, where
two charged pions with an energy of approximately 50 GeV
enter the calorimeter. One pion loses a signiÞcant frac-
tion of energy in an electromagnetic shower in the Þrst
calorimeter layers. The remaining energy is carried by a
single particle passing the central part of the calorimeter
before showering. The second pion passes the Þrst layers
as a minimally ionizing particle and showers in the cen-
tral part of the calorimeter. Even though the two showers
largely overlap, the GravNet network (shown here as an
example) is able to identify and separate the two showers
very well. The track within the calorimeter is well identi-
Þed and reconstructed and the energy fractions properly
assigned, even in the parts where the two showers heav-
ily overlap. Similar performance can be observed with the
other investigated methods.

Quantitatively, the models are compared with respect
to multiple performance metrics. The Þrst two are the
mean and the variance of the loss function value (µL and
! L ) computed according to Equation (2) over the test
events. The mean and the variance of the test shower
response (µR and ! R ), where the response is deÞned in
Equation (3), are also compared. While the test shower re-
sponse follows an approximately normal distribution over
majority of the test events, a small outlier population,
where the shower clustering fails, are seen to leadµR and
! R to misparametrize the core of the distribution. There-
fore, response kernel meanµ"

R and variance! "
R , restricted

(a) Truth

(b) Reconstructed

Fig. 3: Comparison of true energy fractions and energy
fractions reconstructed by the GravNet model for two
charged pions with an energy of approximately 50 GeV
showering in di! erent parts of the calorimeter. Colours in-
dicate the fraction belonging to each of the showers. The
size of the markers scales with the square root of the en-
ergy deposit in each sensor.

to test showers with response between 0.2 and 2.8, are
added to the set of evaluation metrics. In addition, we also
compare the clustering accuracy (A), deÞned as the frac-
tion of showers with response between 0.7 and 1.3. Finally,
the above set of metrics is duplicated, with the second set
using only the sensors with energy fractions between 0.2
and 0.8 in the computation of the loss function and the
response. The second set of metrics characterizes the per-
formance of the models in particularly challenging case of
reconstructing signiÞcantly overlapping clusters. The two
sets of metrics are calledinclusive and overlap-speciÞcin
the remainder of the discussion.

https://arxiv.org/abs/1902.07987


! We have three ongoing projects with nVidia 

! Event reconstruction with graph networks 

! Sparse-event generation with Deep Learning 

! Distributed training & optimization with MPI 

! I will try to cover the main aspects on these three 

! Work in progress, so donÕt expect to see results today

In this talk
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! Having simulations of LHC collisions 
is a necessary step for 
understanding and analysing the data 

! Generating large simulated samples 
is more expensive than 
reconstructing real data: we could 
take more data, but we donÕt because 
our resources are taken by 
simulation tasks 

! SOLUTION: speed up MC generation by 
a factor 10-100 

! POSSIBLE STRATEGY: Deep Generative 
Models 

! PROBLEM: our data are sparse sets of 
points-> we need a sparse generator

Simulation vs Reconstruction
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Large-scale and high-fidelity simulation 

!"#

Bottleneck!

O(10 min) per 1 event

Geant4:
Contains all our knowledge 
about interactions of 
particles with matter

Generative Models in HEP (Tobias Golling)6 S.R. Qasim et al.: Distance-weighted graph networks for irregular particle-detector geometries

Ð GarNet model: The original vertex features are con-
catenated with the mean of the vertex features and
then passed on to one dense layer with 32 nodes and
tanh activation before entering 11 subsequentGar-
Net layers. These layers containS = 4 aggregators, to
which FLR = 20 features are passed, andFOUT = 32
output nodes. The output of each layer is passed to
the next and added to a vector containing the con-
catenated outputs of eachGarNet layer. The latter
is Þnally passed to a dense layer with 48 nodes and
ReLU activation.

In all cases, each output vertex of these model building
blocks is fed through one dense layer with ReLU activation
and three nodes, followed by a dense layer with two output
nodes and softmax activation. This last processing step
determines the energy fraction belonging to each shower.
Batch normalisation [45] is applied in all models to the
input and after each block.

All models are trained on the full training data set us-
ing the Adam optimizer [46] and an initial learning rate of
about 3 ! 10! 4, the exact value depending on the model.
The learning rate is reduced exponentially in steps to the
minimum of 3 ! 10! 6 after 2 million iterations. Once the
learning rate has reached the minimum level, it is modu-
lated by 10% at a Þxed frequency, following the method
proposed in Ref. [47].

7 Clustering performance

All approaches described in Section 6 perform well for
clustering purposes. An example is shown in Fig. 3, where
two charged pions with an energy of approximately 50 GeV
enter the calorimeter. One pion loses a signiÞcant frac-
tion of energy in an electromagnetic shower in the Þrst
calorimeter layers. The remaining energy is carried by a
single particle passing the central part of the calorimeter
before showering. The second pion passes the Þrst layers
as a minimally ionizing particle and showers in the cen-
tral part of the calorimeter. Even though the two showers
largely overlap, the GravNet network (shown here as an
example) is able to identify and separate the two showers
very well. The track within the calorimeter is well identi-
Þed and reconstructed and the energy fractions properly
assigned, even in the parts where the two showers heav-
ily overlap. Similar performance can be observed with the
other investigated methods.

Quantitatively, the models are compared with respect
to multiple performance metrics. The Þrst two are the
mean and the variance of the loss function value (µL and
! L ) computed according to Equation (2) over the test
events. The mean and the variance of the test shower
response (µR and ! R ), where the response is deÞned in
Equation (3), are also compared. While the test shower re-
sponse follows an approximately normal distribution over
majority of the test events, a small outlier population,
where the shower clustering fails, are seen to leadµR and
! R to misparametrize the core of the distribution. There-
fore, response kernel meanµ"

R and variance! "
R , restricted

(a) Truth

(b) Reconstructed

Fig. 3: Comparison of true energy fractions and energy
fractions reconstructed by the GravNet model for two
charged pions with an energy of approximately 50 GeV
showering in di! erent parts of the calorimeter. Colours in-
dicate the fraction belonging to each of the showers. The
size of the markers scales with the square root of the en-
ergy deposit in each sensor.

to test showers with response between 0.2 and 2.8, are
added to the set of evaluation metrics. In addition, we also
compare the clustering accuracy (A), deÞned as the frac-
tion of showers with response between 0.7 and 1.3. Finally,
the above set of metrics is duplicated, with the second set
using only the sensors with energy fractions between 0.2
and 0.8 in the computation of the loss function and the
response. The second set of metrics characterizes the per-
formance of the models in particularly challenging case of
reconstructing signiÞcantly overlapping clusters. The two
sets of metrics are calledinclusive and overlap-speciÞcin
the remainder of the discussion.



! Graph-GAN: use graph 
networks to generate sets of 
sensor hits in a graph 
structure 

! VAE with sparse Loss: use a 
variational autoencoder with 
a custom loss, designed to 
deal with sets of unordered 
items in some physical space 

! So far tested with sparse 
MNIST dataset: coordinates & 
intensity of subset of 
pixels i MNIST dataset 

! long term: use this strategy 
on jets and detector hits

Two approaches
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Figure 1: Top: A black-and-white image is converted into a list of pairs of numbers, representing the coordinates!x
of the non-white pixels. Bottom: a gray-scale image is converted into a list of triplets of numbers. The Þrst two rows
represent the coordinates!x of the non-white pixels, while the last one gives the gray-scale value" .

The main difÞculty to scale up these models to production-ready simulation tools lies in the complexity of a typical
HEP detector, characterized by detector elements with different technology and geometry, partially overlapping with
each other and with passive material (e.g., absorbers in calorimeters). Modern detectors are also characterized by high
granularity, with small-size sensors designed to resolve hits from individual particles in dense environments. As a
consequence of this, a typical HEP dataset consists of a sparse set of energy deposits, which often cannot be encoded in
a regular array as those produced by a CNN-based model. As an alternative to CNNs, the generation of reconstructed
Þnal-state particles from a recurrent neural network (RNN) trained adversarially has also been considered [20].

In this paper, we investigate an alternative strategy to overcome difÞculties with the use of CNN architectures. Rather
than moving to a different architecture, as done in Ref. [20], we reformulate the problem by introducing a novel loss
function, the nearest-neighbor distance (NND) lossname to be reÞnedwhich is designed to deal with the intrinsic
sparsity of the reference data. At Þrst, we use this loss function to train a VAE on the MNIST superpixels dataset [21].
Then we apply the same strategy to a simulated dataset of jets produced in proton-proton collisions like those occurring
at the LHC.

This paper is organized as follows: we introduce the near-neighbor MSE loss in Section2. Results are show in
Sections3 and4, respectively for a toy example based on the MNIST superpixels dataset and for the LHC jet dataset.
Conclusions are given in Section5.

2 Nearest-neighbor distance loss

We consider a sparse dataset as input, given as a list of objects, each characterized by a coordinate vector!x and a feature
vector!" . We aim to deÞne a loss function that evaluates the distance between two of these lists, considering both the
geometric distance between closest pairs and the difference between their corresponding features.

We start the discussion considering a simpler data representation: a set of input items, characterized by their coordinates
!x but without a corresponding!" feature list. This could be a dataset of black-and-white images, in which white pixels
are ignored and the remaining pixels are represented as a list of (i , j ) coordinates (see Fig.1). This simple case is then
generalized to the case in which the elements of the input sets are also characterized by a vector of features!" , as for
instance for the pixel intensity in a gray-scale image (see Fig.1).

Given two input setsA andB , each expressed in terms of the coordinate vectors!X A and !X B of the elements in the set,
we deÞne the nearest-neighbork-distance loss:

L NND
k ( !X A , !X B ) =

!

i ! A

min
j ! B

Dk (!xi , !xj ) +
!

j ! B

min
i ! A

Dk (!xi , !xj ). (1)
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of the non-white pixels. Bottom: a gray-scale image is converted into a list of triplets of numbers. The Þrst two rows
represent the coordinates!x of the non-white pixels, while the last one gives the gray-scale value" .

The main difÞculty to scale up these models to production-ready simulation tools lies in the complexity of a typical
HEP detector, characterized by detector elements with different technology and geometry, partially overlapping with
each other and with passive material (e.g., absorbers in calorimeters). Modern detectors are also characterized by high
granularity, with small-size sensors designed to resolve hits from individual particles in dense environments. As a
consequence of this, a typical HEP dataset consists of a sparse set of energy deposits, which often cannot be encoded in
a regular array as those produced by a CNN-based model. As an alternative to CNNs, the generation of reconstructed
Þnal-state particles from a recurrent neural network (RNN) trained adversarially has also been considered [20].

In this paper, we investigate an alternative strategy to overcome difÞculties with the use of CNN architectures. Rather
than moving to a different architecture, as done in Ref. [20], we reformulate the problem by introducing a novel loss
function, the nearest-neighbor distance (NND) lossname to be reÞnedwhich is designed to deal with the intrinsic
sparsity of the reference data. At Þrst, we use this loss function to train a VAE on the MNIST superpixels dataset [21].
Then we apply the same strategy to a simulated dataset of jets produced in proton-proton collisions like those occurring
at the LHC.

This paper is organized as follows: we introduce the near-neighbor MSE loss in Section2. Results are show in
Sections3 and4, respectively for a toy example based on the MNIST superpixels dataset and for the LHC jet dataset.
Conclusions are given in Section5.

2 Nearest-neighbor distance loss

We consider a sparse dataset as input, given as a list of objects, each characterized by a coordinate vector!x and a feature
vector!" . We aim to deÞne a loss function that evaluates the distance between two of these lists, considering both the
geometric distance between closest pairs and the difference between their corresponding features.

We start the discussion considering a simpler data representation: a set of input items, characterized by their coordinates
!x but without a corresponding!" feature list. This could be a dataset of black-and-white images, in which white pixels
are ignored and the remaining pixels are represented as a list of (i , j ) coordinates (see Fig.1). This simple case is then
generalized to the case in which the elements of the input sets are also characterized by a vector of features!" , as for
instance for the pixel intensity in a gray-scale image (see Fig.1).

Given two input setsA andB , each expressed in terms of the coordinate vectors!X A and !X B of the elements in the set,
we deÞne the nearest-neighbork-distance loss:

L NND
k ( !X A , !X B ) =

!

i ! A

min
j ! B

Dk (!xi , !xj ) +
!

j ! B

min
i ! A

Dk (!xi , !xj ). (1)

2

Generator
Message Passing

The Þrst step was to test if the proposal for reconstruction loss term of the loss
function was going to work on MNIST images. The reconstruction loss term proposed is

Lrec = !
i

min [dE(x, öxi)]2 + !
i

min [dE(xi, öx)]2, (1)

wherex are input pixels positions,öx are output pixels positions,dE is Euclidean distance, and
this is not considering the pixel intensities (every pixel is set to have intensity equal to 1.0).
The dataset used in this step was the sparse MNIST dataset, that is only the 100 most intense
pixels from images in the standard MNIST dataset. After 50 epochs of training, these were the
results:

Figure 1: Left: sparse MNIST train dataset image. Right: network reconstruction of the sparse
MNIST train dataset image after 50 epochs of training using the proposed reconstruction loss
term.

Figure 2: Left: sparse MNIST test dataset image. Right: network reconstruction of the sparse
MNIST test dataset image after 50 epochs of training using the proposed reconstruction loss
term.

Figure 3: Generation of images from standard gaussians after 50 epochs of training using the
proposed reconstruction loss term.

Black & White Gray Scale



! We have three ongoing projects with nVidia 

! Event reconstruction with graph networks 

! Sparse-event generation with Deep Learning 

! Distributed training & optimization with MPI 

! I will try to cover the main aspects on these three 

! Work in progress, so donÕt expect to see results today

In this talk
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! Training these models take up to days (even on big GPUs) 

! Unlike CNNs, one cannot rely on a super-optimized back-end. Work to do to make 
graphs more GPU-friendly 

! In general, it is beneficial to extend the training (and hyperparameter 
optimization) beyond the one-GPU setup 

! We are developing MPI-based libraries to do so, exploring different 
algorithms (Downpour SGD, Elastic averaging, GEM)

Model complexity !  training complexity
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https://github.com/vlimant/NNLO/

https://github.com/vlimant/NNLO/


! Learning: run training on a single 
architecture 

! allocate workers structure using 
horovod 

! spawn workers over multiple MPI 
processes 

! Allreduce setup 

! Optimization: find optimal 
architecture, running training on each 
tested configuration 

! N-times previous structure 

! Optimization (Bayesian/Evolutionary) 
running on top (in H)

Learning & Optimzation
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! Still a long way to go 

! work OK on simple (simplistic?) 
problems  

! code infrastructure is there, but 
scaling not as good as expected 

! we need to debug by testing on 
large-scale trainings 

! The main problem we have is access to 
large clusters of GPUs 

! Short-timescale allocations at HPC 
sites (ORNL, CSCS)  

! Now investigating the possibility to 
use Deepest resources 

! Only recently moved to Flatiron  

! So far, this has jeopardised the 
project. We need to work on this aspect 
and find a stable solution 

Scaling up
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graph-net jet tagging

is left out for validation. One can quote the average performance over the K FOM values
obtained with the K-splits cross validation. The training and evaluation of the di! erent mod-
els are trivially parallel, and one can leverage large number of nodes at an HPC to run cross
validation in the same time it would take to train one model, with the advantage of having a
better estimate of the performance.

6 Results

We report here on scaling performance obtained in training a GAN on 3D calorimetry simu-
lated data on several supercomputers and using libraries implementing di! erent schemes of
distributed training. Further details on the model and data set are available in [17].

We report scaling performance using the mpi-learn [19] package adapted to train GAN
models, and with the extension for performing hyper-parameter optimization in mpi-opt
[22]. The original paper reported quasi-linear scaling up to 8-15 workers [19]. The GAN
training was performed on PiZ Daint [20] and Titan [21] supercomputers equipped with
NVIDIA ®V100 GP-GPU and K20 respectively. As can be seen in Þgure 1 the preliminary
results on scaling for GAN is not great with a factor of about 1:2 speedup per worker up to 20
workers, and 20x speedup with 100 workers. We have observed no degradation of the Þdelity
of the trained model up to using 15 workers. In the current setup this is not the most e" cient
use of the resource as the speed up is not linear, but still provide a signiÞcant improvement
over using a single node. We hypothesize that the deviation from a linear speed-up is due to
the fact that the workload for the workers is too small and that most time is spend with the
master handling the weights update and communication to the workers. Better understand-
ing of the scaling would require further in depth analysis, which the authors are planning as
future work.
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Figure 1. Speed up of training a 3D calorimeter energy deposition generative adversarial network, as a
function of the number of training processes and with respect to training with one process only. Results
obtained when running on CSCS Piz Daint (left) and ORNL Titan (right).

7 Discussion

In this article, we review the technicalities of training neural networks on distributed systems.
We present several ways to parallelise training of neural networks, including Generative Ad-
versarial Networks. We describe methods to perform hyper parameter optimization, imple-
mented in a python library for deployment on HPC resource. We report results on scaling of
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