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Summary
The CMS detector (Compact Muon Solenoid) is a general-purpose particle detector recording
the output of proton-proton collisions at the CERN Large Hadron Collider (LHC), located
in the Geneva area. It has been recording collision data since 2010 and in 2012, it has lead
to the discovery of the Higgs boson, together with the ATLAS detector [1, 2]. In 2026 the
LHC will enter a new phase, the high-luminosity phase (HL-LHC). For the HL-LHC, the
end-cap calorimeters of the CMS detector will be replaced by a new radiation-resistant and
highly granular calorimeter (HGCAL) [3]. The high granularity of this detector poses severe
challenges on the trigger system of the experiment, a two-stage online system which selects
collision events of interest to be recorded. These stages are called Level-1 trigger (L1T) and
High Level Trigger (HLT). The first stage is the one of interest in this study, it is based on
custom FPGA boards and takes as input data coming from the detector at an event rate of 40
MHz. The purpose of this stage is to decide whether to keep an event or not, since not all the
data can be sent out of the detector, and eventually send the retained data to the HLT within
12µs. This last constraint is dictated by a trade-off between (1) the area required by the buffers,
that are used to keep the data of the events until the decision is taken and (2) the time within this
decision is taken, that must be sufficient to process the L1T data. In fact, the events cannot be
kept too long in the buffer because they accumulate very fast (every 25 ns) and the more events
we want to keep at the same time, the more buffers area we need. This larger area implies more
power consumption. As a consequence, it is necessary to limit the size of the buffers as much
as possible, which also implies faster decision of the L1T.
More precisely, the first stage (L1T) is composed by different subsystems, one of which is
called Trigger Primitive Generator (TPG). The TPG is in turn divided into two stages [4]:
• Stage 1, set of FPGAs that repack, synchronize and calibrate the data outgoing from the
detector;
• Stage 2, set of FPGAs that process the output of the stage 1 by implementing a 3D cluster
algorithm.
The TPG needs to process the data and send them to the next subsystem within 5µs, where
about 2µs are available for each of its stages to process the data, and 1µs is kept for the
transfer of the data among the stages. The purpose of the HGCAL trigger subsystem is to
reconstruct clusters of energy deposited in the detector and to classify these reconstructed
clusters as belonging to one of the two fundamental classes: Electromagnetic (EM) or Hadronic
(HAD). This binary classification task needs to be done with a tight latency constraint of a
few microseconds dictated by the event rate. Only simple hand-made clustering algorithms
(corresponding to the Stage 2 of the TPG) combined with classifiers based on cluster shapes,
IV

such as Boosted Decision Trees (BDT), were developed so far in order to comply with this
constraint. This thesis is focused on a new area of development that is now emerging, which
consists in using Deep Neural Network (DNN) models to perform this classification task. Two
different methodologies are introduced in this project to improve the traditional method to
perform the classification. The first one consists in using the Multilayer Perceptron (MLP)
instead of the traditional classifier based on the shapes of the cluster. The second one is based
on a Convolutional Neural Network (CNN) to analyze raw data directly coming from TPG’s
Stage 1 output by performing a simple projection to generate an image. This operation allows
to avoid the need for additional hand-made clustering algorithms. This last idea is particularly
promising because the possibility to prevent any pre-processing is expected to speed up the
process. The approach of using DNN models is interesting because High Level Synthesis tools
for Neural Network (NN) models have been recently developed, facilitating the implementation
of deep learning models on FPGAs. This allows the creation of dedicated hardware, reducing
the time needed to perform a classification task and hopefully reaching real-time efficiency.
Therefore, the goal of the thesis is mainly to develop CNN models for particle classification
and to evaluate them in terms of performances, logic usage and latency on a target FPGA. In
Chapter 1, the main tools used during all the work are introduced. Particularly, it is described
the sub-structure of interest of the CMS detector with the aim of understanding how the data
are generated and then, how this data can be used to create the two dataset to be employed.
The first one coincides with the characteristics of the clusters that are extracted after the stage
2 of the TPG; the second one corresponds to images obtained via a projection procedure
performed with the energy values of the particles that are detected and processed up to the
stage 1 of the TPG. Once clarified how the dataset are generated, a general description of
the Artificial Neural Network (ANN) models is presented. The ANNs are parametric models
whose performances strongly depend on the number and types of their hyper-parameters. The
optimal hyper-parameters are selected while keeping others fixed, i.e. selecting the architecture,
during the training process and thereafter verified during the validation process. Since these
two processes are by themselves time requiring, due to the size of the dataset at hand in particle
physics, and considering the fact that this whole procedure needs to be repeated for many
architectures, the computational burden requires an optimization to reduce the time needed
for selecting the ANN to be used. In order to deal with this problem, a tool called Integrated
Neural Network Automatic Trainer and Evaluator has been developed by the Machine Learning
group at the LLR laboratory. This tool is described and used during all the thesis to perform
the whole ensemble of training processes, which have been run on GPUs to speed up the
training time. Once the NN model is trained and optimized from a software perspective, it is
necessary to convert the code into an Hardware Description Language (HDL). For this purpose,
two tools called High Level Synthesis for Machine Learning (hls4ml) and Vivado High Level
Synthesis (Vivado HLS) are detailed and employed. The first one allows the conversion of
the Python model into a C++ code, while the second one enables the conversion of the C++
code into an HDL code. In Chapter 2, it is shown that the traditional algorithm (Stage 1 of
the TPG) along with the MLP, is an efficient way of performing the classification. In fact,
this approach allows to reach an accuracy for the classification of EM and HAD particles of
99.56%, suggesting that the use of the MLP to perform this task can be optimal to substitute
the traditional BDT classifier. Furthermore, by comparing the performances achieved with
those of the more challenging CNN approach it is verified its effective applicability. In fact,
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in this last case where images at the output of the Stage 1 of the TPG are analyzed and no 3D
clustering algorithm or classifier based on the shapes of cluster are used, the accuracy is shown
to be 99.88%. It is worth mentioning that this result is obtained without any kind of network’s
optimization. However, considering that the NNs are parametric models whose performances
strongly depend on the number and type of their parameters, the second step performed is the
optimization of these hyper-parameters to try to improve the CNN performances. In this context,
Chapter 3 is devoted to design and apply a method for the optimization of the hyper-parameters
characterizing the CNN. This includes hand-tuning and more advanced techniques such as
the Bayesian Optimization (BO) for the optimization of the Python model performance. A
significant attention is given to the BO technique and to the process that characterizes it, called
Gaussian Process, since it is the technique used to optimize the size of the network. This is
done because when the aim is not only to optimize the network to have good performances, but
also to implement it on FPGA, it is important to have a network with reasonable dimensions to
provide a low resources usage that can match the constraints implied by the limited number of
resources available on the target FPGA. The BO allows a general study of the hyper-parameters
space reducing significantly the computation time. For this reason, it is useful to know if the
performances strongly degrade with the size of the network. Once having discovered that the
best CNN model for the classification of EM and HAD particles is characterized by (1) too large
images size (corresponding to the ideal size of images on the output of the detector: 21 x 21 x
3), (2) a huge number of filters and neurons to be implemented using Vivado HLS, and that in
this specific case, the performances of the network do not change significantly (validation loss:
0.032±0.006) for a different number of filters and neurons, we moved to a structure that is more
suitable - in terms of images size and number of filters and neurons - for the implementation
on FPGA with the current available tools. This network is characterized by the parameters
shown in Table 1. Once the structure of the network is defined, Chapter 4 is focused on the
Table 1: Structure of the selected CNN after the optimization of its hyper-parameters.

Size
Kernel
Activation
Max Pooling
Dropout
Loss
Optimizer

Input Layer

Convolutional

9×9×3

5
3×3
ReLu
2×2
0.2

Convolutional

Flatten

15
3×3
ReLu
2×2
0.2
Binary Cross-Entropy
Adam

Dense

Dense

8

1

ReLu

Sigmoid

0.2

implementation of this network on the target FPGA (xcku15p-ffve1760-2-e). In particular,
both the hls4ml and Vivado HLS are used to convert the Python code into a HDL. Once the
network is implemented, it is possible to proceed with the synthesis step using a tool called
Vivado that allows to have information about the real number of resources and latency that are
necessary to implement the network on FPGA. These results are shown in the first row of Table
2. Table 2 demonstrates that the number of resources required for the implementation is smaller
than the total number of resources available for each type. In the framework of the latency
only, two different values are shown. This is because in the implementation of the pooling
layer using hls4ml, the parallelization of its operation is still not supported. The pooling layer
VI

is indeed implemented by serializing the operations and this implies a very small number of
resources usage and a huge latency (of the order of 3500 clock cycles) that is not affordable
in this classification problem. For this reason, in Table 2 the parameter Theoretical Latency is
used. It takes into account the pooling layer as if it was implemented with a parallelization of
its operations as it is done for all the other layers. More precisely, we considered its latency
equal to about 20 clock cycles, that corresponds to the worst case latency for layers of similar
size. By doing this observation, we suggested that it is reasonable to assume that it may be
possible to reach a latency of around 445 clock cycles once the parallelization procedure for the
pooling layer will be implemented. Performing the synthesis using 5ns and observing that the
constraint is met because the circuit requires a clock period of 3.99ns, it is possible to conclude
that the latency that can be reached by this circuit is 2.22µs. This is a very promising number
considering the constraint imposed by the rate of the events collisions, that requires a latency of
the order of few microseconds. During this implementation we discovered that the number of
bits that needs to be used to convert the floating point precision (used by Python for the weights,
the biases and the predictions) to the fixed point precision (understandable by Vivado HLS)
is 13. This means that using this technique, it is almost impossible to reduce significantly the
resources usage when implementing the network on FPGA, since it is impossible to reduce the
associated number of bits to a number smaller than 13. For this reason, in Chapter 5 a new type
of network called Quantized Neural Network is considered. These models allow to perform
the quantization of the network before the training by associating a certain number of bits for
the weights and the biases of the quantized layer. This approach allows to understand that by
quantizing just one layer such as the first dense layer and by using 3 bits, it is possible to reduce
the resources usage while keeping the performances and the latency (see Table 2).
Table 2: Resource and latency usage when using the structure of the selected CNN and when
using the quantized dense layer instead of the first dense layer. The latency is expressed in
terms of number of clock cycle.

Standard
NN
Ternary
Available

BRAM

DSP

FF

LUT

Total La- Theoretical
tency
Latency

245

772

128617

164407

3959

445

191
1968

687
1968

125254
1045440

129997
522720

3958

445

This result is the starting point that suggests either to explore more this approach and that
by quantizing the entire model we could be able to reduce more the resources. However, we
observed that the performances of the network, when quantizing the entire model, are kept
unchanged (99.76%) only when a number of bits at least equal to 4 is used for the quantization
of the convolutional layers. This type of quantization is still not supported for the conversion
into an HDL code. Consequently, we were not able to implement it, however it could be a
starting point for further studies.
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Chapter 1

Introduction
This chapter provides the main knowledge needed to understand the project. Section 1.1 describes the most important parts of the Compact Muon Solenoid (CMS) detector’s structure.
The knowledge of their task and of their functioning is enough to understand how, starting from
the particles collision, the data that will be used during all the thesis are produced.
These data are structured in different ways and carry information on the interactions of particles
with the detector (called showers). The goal of this project is the real-time classification of these
representations of a particle detection into two classes: Electromagnetic (EM) particles and
Hadronic (HAD) particles. The classification of the particles, produced during the collisions
and characterized by a very wide range of energies, into EM and HAD is of crucial importance
in particle physics in order to isolate the events that generate EM particles, which occur more
rarely, from those that generate HAD particles and to allow their study. In particular at Large
Hadron Collider (LHC), where the CMS detector is positioned, the events are dominated by
hadronic jets, which are collimated hadrons produced by the shower of quarks and gluons. EM
showers, produced by electrons and photons, need to be separated because of their production
in physics processes of interest, which appear at a lower rate. For example some decays of
the Higgs boson can produce electrons or photons, and so it is of interest to isolate events that
generate these EM particles. Section 1.2 describes how the data on the output of the detector
are used to produce the datasets that will be used as the input in the classification problem. In
order to explain how these data can be classified, Section 1.3 introduces a computational model
called Artificial Neural Network (ANN). This ANN must be trained and optimized in order
to find the proper parameters of the model that will allow to have a classification with high
accuracy and then can be implemented on existing hardware (FPGA) in order to perform a real
time classification. Section 1.4 describes the main tools used during all the study to perform the
steps related to the ANN. Starting from INNATE, a framework for training neural networks, I
will then talk about hls4ml, a software developed for converting a Keras model into a C++ code.
Finally I will move to Vivado HLS that provides the mapping of the C++ code into an hardware
description language.

1

Introduction

1.1

Compact Muon Solenoid (CMS)

The Large Hadron Collider (LHC) is the largest particle accelerator in the world [5], it is a
part of the accelerator complex at CERN. Its main purpose is to try to answer to some of the
fundamental physics questions such as: the nature of mass, the dimensionality of space, the
unification of the fundamental forces, the particle nature of dark matter, and the fine-tuning
of the Standard Model [6]. Four main detectors are operating at the LHC: CMS, ATLAS,
ALICE and LHCb. The first two, namely the ’Compact Muon Solenoid’ (CMS) [7] and the ’A
Toroidal Large hadron collider ApparatuS’ (ATLAS) [8], are the two biggest general-purpose
detectors. They use different technical solutions and different design systems but they share an
analogous capability of performing particle experiments involving a large variability of physical
phenomena. In particular, the Laboratoire Leprince-Ringuet (LLR) contributes to the CMS
experiment and, in what follows, I will describe the corresponding detector.
The CMS detector presents a cylindrical shape with concentric layers (see Fig. 1.1) [9]. It
is located in one of the points of the LHC’s ring where the protons (or heavy ions) collide
generating energy that is spread in all directions in the form of particles. Its purpose is to detect
any new physical phenomenon by analyzing 3D pictures corresponding to the output of the
proton-proton collisions, appearing with a frequency of 40 MHz.

Figure 1.1: Structure of the CMS detector [9]. The descriptions of the Electromagnetic
Calorimeter and of the Hadron Calorimeter are squared in green.
The CMS components of interest for this project are the Electromagnetic Calorimeter (ECAL)
and the Hadron Calorimeter (HCAL), that are able to collect the information about the energy
of the particles produced during the proton-proton collisions. The ECAL is the first encountered
by the particles and, by stopping mainly electrons and photons, measures their energies. The
HCAL, instead, stops and principally measures the energies of protons, neutrons, pions and
kaons (hadrons) that are not stopped by the ECAL. The ECAL is a sampling calorimeter made
2
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of layers of an absorber material. The HCAL is still a sampling calorimeter, but made of layers
of either absorber and scintillating materials. The particles mainly interact in the absorber and
create secondary particles or more generally a cascade of particles called ’shower’, whereas the
scintillator emits light when a particle passes through it.
These two calorimeters were designed for an integrated luminosity1 of 500 f b−1 , but with the
upgrade program, whose purpose is to substitute the LHC with the High-Luminosity LHC
(HL-LHC) after 2025, the integrated luminosity is expected to increase up to 3000 f b−1 and
the two existing calorimeters are expected to experience performance degradation. For this
reason, the CMS collaboration proposed to replace the endcap calorimeters (ECAL and HCAL)
with the High Granularity Calorimeter (HGCAL). The future HGCAL, shown in Fig. 1.2, is
characterized by 28 longitudinal layers in the electromagnetic part (electromagnetic calorimeter,
CE-E) and 24 layers in the hadronic part (hadron calorimeter, CE-H).

Figure 1.2: Structure of the cross-section of the HGCAL [4].
The CE-E and the CE-H present a very high granularity and are made of silicon cells of area
around 1 cm2 or 0.5 cm2 , except for a small part of the hadron collider that consists of plastic
scintillator tiles that are read out by silicon photo-multipliers (SiPM). The charges generated in
the SiPM or deposited in the Silicon sensors after the collision are measured by the Front-End
(FE) electronics (located on the detector) that, at the end of the measurement, digitizes and
transmits data to the Back-End (BE) electronics (located 100m away from the detector). In
particular, the Silicon pads sensors and the SiPM are connected to the FE ASIC called HGCROC
(for high granularity calorimeter readout chip), which performs the measurement of the charges
extracted from the HGCAL at a frequency of 40 MHz. Its entire structure can be seen in Fig.
1.3.
1 Measure of the emitted electromagnetic power. f b−1 is called inverse femtobarn and it is used to measure
the number of particle collision events in a defined cross-section [10, 11].
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Figure 1.3: Structure of the HGCROC [3].
As it is possible to observe in Fig. 1.3, the general idea behind HGCROC working principle is
that after the first measurement, where the data from either the Silicon sensors and from the
SiPM are digitized by the Analog to Digital Converter (ADC) and the Time Over Threshold
(ToT); these data are linearised to the same Least Significant Bit (LSB) in order to use them to
generate trigger sums. Depending on the granularity of the sensor a certain number of cells are
summed up in order to create the trigger cells (TC) (see Fig. 1.4). Henceforth, these data are
sent to the concentrator ASIC. This trigger system, called Level 1 Trigger, is crucial because
it is impossible to register data from all the cells at the collision rate of 40 MHz (each 25 ns).
Besides, one of the purposes of the concentrator ASIC is to select the trigger sums of interest
and to send them to the BE electronics.

Figure 1.4: Structure of the hexagonal module where the cells are aggregated in order to create
the trigger cells. The trigger cells are represented in different colors [3].
4
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The HGCROC is mounted on an hexaboard (hexagonal module), which provides the pads
connection to the motherboard (the next board in the system) where the concentrator is located.
The goals of the motherboard are to recombine and serialize the data in the concentrator ASIC
as well as to distribute the fast control signals, e.g. the clock and everything necessary to
configure the FE electronics.
Once the data are digitized and transmitted by the FE electronics, they are sent to the BE
electronics. For what concerns the BE-electronics instead, the interesting element in the
framework of this study is the Trigger primitive generator (TPG). The TPG receives as input
the selected trigger cells and gives as outputs a 3D cluster (a 3D aggregates of trigger cells)
expressed in η and Φ (where η is the pseudorapidity while Φ is an angle that describes the
position of the particle around the z-axis, the meaning of η is introduced in Section 1.2), which
are reconstructed starting from the selected trigger cells. These outputs are obtained at the end
of two stages [4]:
• Stage 1 consists of a set of FPGAs whose purpose is to repack, synchronize and calibrate
the data outcoming from the detector. It is connected to the second stage in a time
multiplexing fashion;
• Stage 2 consists of a set of FPGAs that processes the output of stage 1 and implements the
3D clustering algorithms. This stage is connected to the Central Level 1 Trigger (L1T).
In particular, the TPG will analyze the data coming from the two endcaps of both CE-E and
CE-H separately but with exactly the same hardware. The general structure of TPG is shown in
Fig. 1.5 [4].

Figure 1.5: Structure of the TPG for one endcap [4].
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In the first stage, the data from either the CE-E and the CE-H are processed by the boards. More
specifically, the data extracted from the trigger cells are prepared in a format that is suitable for
the operation that will be performed in the stage 2. The outputs of the first stage, corresponding
to the inputs of the second stage, are the trigger cells data in a different format.
In the second stage the clustering algorithm is divided into two steps, called seeding and
clustering. In the process of seeding the cluster, the energies of the trigger cells are first
projected and summed into histogram bins in the plane rz − Φ ([4]), where z is the beam axis
while r is the distance from the beam. Afterwards, by selecting the local maxima above a
certain threshold, namely Eseed , the seeds are defined. Once the seeding is completed, during
the clustering process the trigger cells will be associated to one seed according to the distances
among them which must fall within a specific range. It is possible that one trigger cell can be
associated to more than one seed and, in this case, the closest one will be selected. At the end
of this clustering process on the output of the second stage there will be 3D clusters of trigger
cells.
The outputs of the stage 2 of the TPG structure are then given as inputs to the Central Level 1
Trigger and, therefore, they represent the current data that are analyzed and classified at the
output of the detector by using a classifier based on the cluster shapes, such as the Boosted
Decision Tree. These outputs of the stage 2 correspond to characteristics of the showers and
will be used to generate the dataset described in Section 1.2.1 while the outputs of the stage
1 can be projected on a virtual plane to generate virtual images of the particles coming from
the collisions and will be used to generate the dataset described in Section 1.2.2. Due to the
high rate of collision, i.e. every 25 ns, and the fact that each collision generates many particle
showers with a very high variability of energies, on the output of the TPG structure we will have
a very huge amount of data that need to be classified in a very short time, of the order of few
microseconds, to perform a real time classification. More specifically, the time devoted to the
HGCAL TPG for processing the input data, including the classification, and deliver the output
data is about 5µs, implying around 2µs for each stage to perform the associated operations and
1µs for the transfer of the data between stages. This constraint comes from the fact that the
whole system (Level 1 Trigger), of which HGCAL TPG is a constitutive element, can be viewed
as a very long and complex pipeline, whose latency (12µs) is the result of a trade-off between
either data acquisition storage capability and processing time. In fact, data acquisition storage
is performed by a buffer implemented on the FE-ASIC, which collects the events coming with
the aforementioned event rate of 40 MHz and whose area increases as the number of events to
be kept at the same time increases. The increase in the area of this buffer implies larger silicon
area on the ASIC and larger power consumption and for these reasons it should be limited as
much as possible. Conversely, Level 1 Trigger (L1 Trigger) needs to distinguish whether an
event is meaningful to be kept and sent towards the subsequent step (High Level Trigger) or
not in the shortest amount of time as possible to process all the data associated to the event
under analysis. The outcome of the trade-off is assessed to be about 12µs, that is considered
sufficient to process the L1 Trigger data and make the buffer in the FE-ASICs manageable.
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1.2

Datasets

Once the origin of the data is understood, we can move to the description of the dataset that
will be used during this project. Two different types of dataset, containing the features that
characterize the particles in two different representations, will be considered. When each
particle arrives on the calorimeters, it starts to deposit its energy and for each Trigger Cell
(TC) of each layer we know the information about the energy deposited. At this point two
alternatives arise:
• Dataset 1: it is possible to take the information from the TCs, which is associated to the
energy, and use a simulation code to reconstruct clusters of energy. If we have energy
deposited in close-by trigger cells they will be clustered together and summed to form the
cluster (aggregates of TC which ideally corresponds to one particle shower). The idea is
to reconstruct the particles shower in one object. Then, starting from this cluster and the
TC inside it, it is possible to compute the cluster shapes, like the cluster’s depth, its first
and last layers and many other characteristics obtained by processing the raw data. All
these quantities define the dataset.
• Dataset 2: it is also possible to directly get a projection of the information of the energy
contained in the TCs on a virtual plane to generate a virtual image.
The Dataset 1 corresponds to the standard way of reconstructing the trigger events, and this
is the current output of the HGCAL system (described in Sec. 1.1). There are other ways to
reconstruct the trigger events, which are now under study. In particular instead of using this
algorithm (and so instead of using the stage 2) for the reconstruction, it is possible to directly use
the Convolutional Neural Networks (CNN). This is the reason why the second dataset, called
Dataset 2, is taken into account. This will allow to avoid the generation of the clusters starting
from TCs and to directly analyze the images on the output of the detector. The simplicity of the
second dataset compared to the first and the fact that both of them are created from the same
raw information are the reasons why the CNN and images are considered in this project.

1.2.1

Dataset 1

In order to understand the problem we are working with, namely the classification of particles
into electromagnetic particles (EM) and hadronics particles (HAD), an optimal starting point can
be considering a dataset of measurements obtained via the current way the data are processed.
This dataset consists of 84952 samples, corresponding to the different particles, and 56 columns,
corresponding to the characteristics. The most important parameters and those that are in
general used to describe these particles are contained in the first 17 columns, while the last
columns contain information of the energy deposited in some of the layers of both the CE-E
and the CE-H. The first 17 columns are summarized and explained in the following:
• Pseudo rapidity (η): it is evaluated with respect to the z-axis and it is a transformation
of the angle that the particles, generated by the collisions, create with respect to the z-axis,
also called θ angle [12]:


θ
η = −ln tan
2
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For example if θ = 90◦ then η = 0, or if θ = 0◦ then η = ∞. More precisely, it tells
which is the position of the particle with respect to the beam axis. Its domain is between
−∞ and +∞, however, in the dataset at hand, it assumes only values between -3 and -1.5
and between +1.5 and +3 because the HGCAL only covers these regions of the detector.
The plus and minus signs are used in order to distinguish the two sides of the detector. As
it is possible to observe from Fig. 1.6a, the η distribution for EM and HAD particles is
very similar;
• Shower length: As said in the previous section, the calorimeters are characterized by
52 layers where the energy of the particles can be deposited. With reference to the EM
particles, it is expected that they mainly deposit their energy in the Electromagnetic
collider (CE-E), i.e. before the first 28 layers, while, considering the HAD particles, they
tend to deposit on the Hadron collider (CE-H), i.e. after the 28th layer characterizing the
CE-E. The shower length is defined in terms of these layers and it is the length between
the first and the last layer where the energy is deposited (the distribution of this parameter
can be observed in Fig. 1.6b). Fig. 1.6b is an example where it is possible to observe that
the distribution of the two classes of particles can be overlapped. This means that there
are HAD particles that can start to deposit some of their energy already in the CE-E and
there could be some electronics noise generated by EM particles in the CE-H. Even if
these events are much less likely to happen, they imply a complication in the classification
problem because sometimes EM and HAD particles can show similar properties. It is also
important to notice that the energy is not always deposited starting from the first layer and
on consecutive layers, there can be empty layers between two deposited ones.
• Core shower length: it is the maximum number of consecutive layers where there is
deposited energy. The Core shower length distribution for EM and HAD particles is shown
in Fig. 1.6c;
• First layer: the first layer where the energy starts to be deposited;
• Max layer: it is the layer that presents the highest value of deposited energy. The Max
layer distribution for EM and HAD particles is shown in Fig. 1.6d;
• Sigma z-axis (szz): it is the spread of the cluster along the z-direction. More precisely, it
is the weighted Root Mean Square (RMS) of the width of the cluster along the z-direction:

∑

σ=

E (z− < z >)2

TC ∈ cluster

Etot

where TC are the trigger cells, E is the energy, z corresponds to the position of the TC
along the z-axis and < z > is the mean value of z. The RMS is computed in order to assign
more weight to the trigger cells that are characterized by more energy;
• see tot: it is the spread of the cluster along η, it is similar to the parameter sigma z-axis;
• spp tot: it is the spread of the cluster along Φ, it is similar to the parameter sigma z-axis;
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• srr tot: it is the spread of the cluster, expressed in centimeter, along a parameter that is the
distance from the points where there is a deposited energy and the z-axis. It is related to
the parameter η because they always express the distance from the beam axis: η is related
to the angle that the particle creates with respect to the z-axis, while srr tot is the distance
expressed in centimeter.

• srr mean: it is similar to srr tot but the distance for each layer is evaluated independently.The sum is not computed over the trigger cells in the cluster (TC ∈ cluster), but
over the trigger cells in the layer (TC ∈ layer) and the operation is repeated for each
layer. The mean of all the srr values is computed in the end;

• Ratio h over e (hoe): it is the ratio between the sum of the energies deposited in the CE-H
and the sum of the energies deposited in the CE-E;

• Mean z: it is the barycenter of the cluster:
∑TC E (z)
Etot

• Layer 10, Layer 50, Layer 90: layer where there is 10%, 50%, 90% of the total deposited
energy. The layer 10 distribution for EM and HAD particles is shown in Fig. 1.6e;

• Number of Trigger Cells (ntc 67, ntc 90): it counts how many trigger cells inside the
cluster contain 67% or 90% of the total energy of the cluster. More specifically, it tells the
compactness of the cluster. The ntc 67 distribution for EM and HAD particles is shown in
Fig. 1.6f.

It is important to notice that if on one hand, the EM particles show very stable properties and
due to this, during different collision they tend to deposit almost on the same layer; on the other
hand, the HAD particles are characterized by very high properties variability and they tend to
deposit on different layers every time a different collision is considered. This is the reason why
the HAD distribution is more spread than the EM distribution.
This difference between EM and HAD properties is related to the different natures of the
interactions between EM showers and HAD showers. Some of the mentioned variables are
strongly correlated, and some of them could probably be removed without impacting the
performance during this study.
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(a) Pseudorapidity.

(b) Shower length.

(c) Core Shower length.

(d) Max Layer.

(e) Layer 10.

(f) Ntc 67.

Figure 1.6: EM and HAD particles distribution for different parameters.

1.2.2

Dataset 2

This dataset is a little bit different with respect to the previous one. It contains some variables
associated to the particles (called genpart exeta, genpart exphi, genpart energy, seedx and
seedy) and in addition it also contains virtual images representing projections of EM and HAD
particles energies. The genpart parameters are the true information from the generated particles.
They are useful to calculate for instance the efficiency of the classifier as a function of these
quantities, but they are not used for the training. In fact, this true information can be accessed
only in simulated data, in real data we only have access to the reconstructed information.
More specifically, exeta and exphi are the eta (η) and phi (Φ) of the generated particle extrapolated to the front face of the detector. Hence, it is basically the η/Φ position of the generated
particle at the first layer of the HGCAL. Genpart energy is the energy of the generated particle.
Seedx and seedy are the xz , yz positions of the image center (the seed) in the detector.
For what concerns the images, each image is obtained by projecting the trigger cells, containing
information on the energy deposited by the particles, on a virtual plane positioned on the front
10
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of the detector, at z0 (see Fig. 1.7), by using the following transformation:

x̂ ← xz · z0
ŷ ← yz · z0
where x,y,z are the coordinates of the trigger cells in the CE-E and CE-H, and so they represent
the position where the information about the energy of the particle is stored. These new
coordinates, x̂, ŷ, correspond to the position on the virtual plane where the information about the
energy contained in the TCs will be positioned. More precisely, this transformation is repeated
for each TCs in the different layers and the corresponding energy is added in the virtual plane
depending on the new coordinates. At the end, when all the TCs have been considered, more
than one TC can be associated to one pixel of the images and the total energy in the pixel will
correspond to the sum of the energy of the associated TCs. It means that each pixel value of
the virtual images corresponds to a value of the energy and it will be characterized by an area
of 1 cm × 1 cm on the virtual plane. It is important to mention that one virtual image is not an
image covering the full detector, it is a small region centered around a shower.

Projection
plane

y

z0

x
z

Figure 1.7: Projection of the trigger cells in the CE-E and CE-H on a virtual plane located in
the middle of the detector.
The virtual images can be visualized as RGB images, also if they do not use the RGB encoding.
In fact, the virtual images are 3D images where one dimension is associated to the colors. The
single color depends on the properties of the particles:
• Red: is associated to particles that come from the CE-E region of the calorimeter (from
layer 1 to layer 5);
• Green: is associated to particles that come from the CE-E region of the calorimeter (from
layer 6 to layer 28);
• Blue: is associated to particles that come from the CE-H region of the calorimeter (from
layer 29).
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An example of how these images appear, when interpreted as RGB images, is shown in Fig.
1.8.

(a) Image 1 of EM and HAD particles.

(b) Image 2 of EM and HAD particles.

Figure 1.8: Images of EM and HAD particles as they appear on the output of the detector.
In this case, the dataset is characterized by 64957 color images of dimensions 21 × 21 × 3 for
the train and 16240 color images of dimensions 21 × 21 × 3 for the test 2 . In the next sections I
will refer to these images as the images of EM and HAD particles even if they correspond to
projection of their energies.

1.3

Artificial Neural Networks for a classification problem

In the previous sections we have discussed different methodologies with which the information,
associated to the particles and extracted from the detector, can be processed in order to perform
the detection of the particles. In particular, we discussed two different representations of these
information, i.e. properties related to the energy and images, which have allowed to introduce
two datasets. We also mentioned that, in the scientific community, it is of great interest to
perform a classification of these particles into EM or HAD particles. This problem can be seen
as a binary classification problem, due to the presence of only two classes to whom the particles
may belong: EM or HAD.
In recent years ANNs have proved to be widely effective in solving classification problems in a
wide range of fields [13] [14]. For example the most common application is the handwritten
recognition [15], but their importance is much wider. They are used in cancer classification
[16], to classify the heartbeats [17] and also in physics in the context of the LHC [18]. It is also
proven that the ANNs are very useful and perform well with problems that are high dimensional,
for this reason they can deal very well in a context, such as the LHC, in which the experiments
are complex and high dimensional [6].
Neural networks can be used for two different types of learning tasks, that are unsupervised
learning and supervised learning. In the former the network does not require a target function
for the training of the network, like in the auto-encoders, while in the latter the network does.
In this project I will focus on the supervised learning task.
At this point it comes spontaneously to ask what is an ANN and how it works. ANNs are

2 21 × 21 × 3

is the ideal size for the images on the output of the detector.
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biologically inspired parametric models. They are structured to mimic the memory function
and the architecture of the human brain and the dramatic increase of interest in the study of
such models has led to the ideation of many types of Neural Network (NN) architectures. The
simplest structures of ANNs are characterized by units, also called artificial neurons, that mimic
the behaviour of biological neurons, and by connections between them that allow to reproduce
the synaptic behaviour of the human brain. These connections are characterized by numbers,
also called weights, that describe the contribution of the previous artificial neuron to the next
one.
To understand why the ANNs are ideal to deal with classification problems, we can start by
considering the simplest possible form of an ANN: the Perceptron. We will then describe the
architecture obtainable via the assembly of such a building block and, finally, we will illustrate
a more complex architecture whose functioning is different from the previous ones.

1.3.1

Perceptron

The perceptron is characterized by the input layer and one neuron for the output layer (see Fig.
1.9).

Figure 1.9: Structure of the simplest ANN architecture, the perceptron. It consists of an input
layer of a size that depends on the number of inputs and an output layer with only one neuron.
This structure alone already allows to solve simple classification problems, such as some binary
classification problems (linearly separable). It is able to learn the weights of the model after a
certain number of trials, during a process called training, and at the end is able to learn a linear
function that allows to perform the classification. The parametric formula of this structure can
be easily written as:
n

O1 = σ (b1 + ∑ Ii · wi1 )
i=1

where b1 is called bias and it is a parameter of the model that is learnt during the training
process together with the weights, n is the number of inputs, wi1 is the weight associated to the
connection between the i-th input and the output and σ is a function called activation function.
This last parameter is a parameter that adds to the output of the perceptron a non-linearity.
Trying to give a geometrical interpretation to the quantities introduced so far, let us consider a
problem which is linearly separable. This means that the n-dimensional input data belong to two
different classes populating sub-spaces separable using an hyper-plane. Such an hyper-plane
belongs to a family of planes, uniquely identified via a n-dimensional vector, orthogonal to all
of them. This vector is nothing else than the one that it is possible to define using the weights.
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The bias, on the other hand, allows to choose the wanted hyper-plane in this family by imposing
the output of a perceptron, having a linear activation function, to be equal to zero:
n

E1 = b1 + ∑ Ii · wi1 = 0.

(1.1)

i=1

The hyper-plane defined by the weights divides the hyper-space into two sub-spaces: while
for any input vector laying on one side of it E1 will have a negative value, all of the vectors
laying on the other side will be characterized by a positive value of E1 . At this point, if the
non-linearity is not applied the output of the perceptron is just a linear application that gives
negative numbers for inputs belonging to one class and positive numbers for inputs belonging to
the other one. In order to transform these positive and negative numbers to 1 and 0 respectively,
it is possible to apply a Heavyside-like non-linearity, such as a sigmoid, to the output. This
sigmoid will give 0 when the output of the perceptron is sufficiently negative, 1 when the
output of the perceptron is sufficiently positive and an intermediate value when the input is
ambiguous. In this way the solution of the classification problem is completed and we do not
need to transform positive and negative values into 1 or 0.
For example, every logic function can be thought of as a binary classification problem because
knowing the inputs the goal is to determine if the result of the logic function belongs to the
’true’ class or to the ’false’ class. If we want to define the OR function, that is a binary classifier
in which, depending on the values of its input the output will be 1 or 0, it is possible to use the
perceptron to generate a linear function that is able to determine if the output associated to each
combination of the inputs is 1 or 0 depending on which region of the plane the points associated
to the inputs are with respect to this line (see Fig. 1.10). As mentioned before, this is possible
only if the activation function is applied to the output. This can be written as follows:

(
1
x1 ORx2 =
0

if x1 + x2 > 0.5
else

= H (x1 + x2 − 0.5)

(1.2)

where x1 and x2 are the inputs of the OR function and H is a non-linear function (Heaviside
function) that is 0 when its argument is negative and 1 when the argument is positive. Due to
the fact that in this specific case the sum of the inputs is only 2,1 or 0 the Heaviside function
can be well approximated by the sigmoid function
1
1 + ex1 +x2 −0.5

=

1
1 + ew1 x1 +w2 x2 +b

that corresponds exactly to the parametric formula of the perceptron (σ (w1 x1 + w2 x2 + b)).
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Figure 1.10: On the left side of the image, the truth table of the OR function is represented,
while on the right side, there is a graphical representation of the OR function. The black points
represent the output as 1; the light blue point represents the output as 0. The linear function
learnt by the perceptron to perform the classification, is highlighted in red.
As it is possible to observe from Fig. 1.10, the red line represents the linear function learnt by
the perceptron. This means that all the combinations of the inputs that give a point in the same
region of the black points in the space with respect to this line will be classified as belonging
to the class 1 and the output of the perceptron will be 1. While the combination of inputs for
which the points are in the same region of the light blue point will be classified as belonging to
the class 0 and the output of the perceptron will become 0.
However, this structure is not able to solve all the problems. For instance, if we want to define
the XOR function, that apparently is very similar to the OR function, the perceptron is no more
able to classify the points determined by the inputs [19]. This is due to the fact that in this case
one linear function is not enough to perform the classification because in one region of the
space with respect to the line there will always be points associated to both class 1 and class 0
(see Fig. 1.11).

Figure 1.11: On the left side of the image, the truth table of the XOR function is represented,
while on the right side, there is a graphical representation of the XOR function. The black
points represent the output as 1; the light blue points represent the output as 0. An example of
the linear functions that the perceptron can learn to perform the classification, is highlighted in
red.
The fact that some functions, such as the XOR, could not be solved using the simplest perceptron
is the main reason why for several years the interest in the study of ANNs had dropped. However,
it was then demonstrated that every regression problem can be solved using the ANNs and
in particular, when the problem becomes too complicated, it is possible to put together more
perceptrons, generating the so called Multilayer Perceptron (MLP).
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1.3.2

Multilayer Perceptron (MLP)

The Multilayer Perceptron (MLP) can be used, as stated by K. Hornik, et Al. [20] in 1989,
as a universal function approximator. In particular, the MLP can approximate the probability
function for a particle to belong to one of the two classes: EM or HAD. Each MLP consists of
an input layer, an output layer and in between them there can be one or several hidden layers
which perform most of the computation. An example of a MLP structure is shown in Fig. 1.12.

Figure 1.12: General structure of a MLP, with the input layer, the output layer and one hidden
layer. In red are highlighted the contribution of the neurons of the first layer to the first neuron
in the hidden layer.
This architecture is able to process input data and to classify them by learning the previously
mentioned parameters, the weights and the biases, using some already known results, known
as targets. In order to understand the learning process that consists in the comparison of the
state of the NN before receiving the data and after processing the data, let us consider a binary
classification problem and a MLP with only the input layer, the output layer and one hidden
layer.
As stated before, each neuron in a given layer is connected to each neuron in the next layer
by a connection characterized by a weight. These weights at the beginning of the process are
randomly associated to each connection and are some of the parameters that the MLP will learn
during the process. The neurons in the hidden layers and in the output layer are characterized
not only by the weights that connect them to the neurons in the next layer but also by another
numerical value called bias that is added to the output of the specific neurons and will be learnt
by the MLP during the process. To be more explicit, if we are interested for example in the
evaluation of the input of the first neuron in the hidden layer, following the notation used in Fig.
1.12, it is possible to write:
n

h1 =

∑ Ii · wi1 + b1

i=1
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wi1 is the value associated to the connection between the i-th neuron in the input layer and the
first neuron in the hidden layer; n is the total number of inputs; Ii is the value of the input of the
i-th neuron in the input layer; b1 is the bias associated to the first neuron in the hidden layer;
and h1 is the output of the first neuron in the hidden layer.
Moreover, as seen for the OR function, in order to take into consideration the non-linearity of
the problem, it is necessary to modify a little the output of each neuron, and as a consequence
the input of the next neuron, by applying the activation function (σ ) to the output. It means that
the correct way to write, for example, the output of the first neuron in the hidden layer will be:
n

h1 = σ h ( ∑ wi1 · Ii + bh1 )
i=1

Analogous formulas can be written for the neurons in each layer in the NN. The parametric
formula for the MLP, with one hidden layer, becomes:
 nh
 n


o
o
h
h
h
o
Ok = σ ∑ wi,k · σ ∑ wi, j Ii + b j + bk
(1.3)
i=1

j =1

n is the number of neurons in the input layer; nh is the number of neurons in the hidden layer;
the apex ’o’ indicates parameters associated to the output layer while the apex ’h’ indicates
parameters associated to the hidden layer; and k is the label identifying a neuron in the output
layer. This implies that, given a set of input values, it is possible to use this set of equations and
to propagate any input data through the network generating the so called forward propagation.
Thanks to this operation and depending on the values assumed by the two neurons in the output
layer, the output is determined. These values on the output layer correspond to probabilities
that allow to discriminate which is the output of the network between the two classes. What
could happen is that the MLP, after the forward operation, associates the highest value to the
first neuron and so the predicted class by the network will be the one associated to the first
neuron in the output layer.
However, at the beginning of the process, this prediction will not be the correct one. In fact,
during a process, called training process, a certain number of inputs is given to the MLP and for
each input, the output of the network is compared with the expected result (the target output) in
order to evaluate the error, that is generally assessed by using a function called loss function.
This loss function is a function of the parameters of the NN, that are learnt during the training
process, such as the weights and the biases, and that are used to determine the output of each
neuron. The evaluation of this error allows to establish what is the distance between the output
of the network and the expected result. This information is vital in the learning process because
it is propagated backward through the network. In fact, during this process, the weights and the
biases associated to each neuron will be corrected by using this error in order to improve the
accuracy of the network in the classification. The process in which the error on the output is
propagated back through the network is called back propagation.
The forward propagation together with the back propagation are repeated, for different inputs, to
minimize the error on the output until it gets very small and the network is able to discriminate
in a correct way the different classes, generating the learning process.
Once the training is performed, the parameters such as the weights and the biases are determined
and fixed. In order to determine the accuracy of the trained network in the classification task, it
is possible to perform a second process called Validation or Test. In this process a new dataset,
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with the same characteristics as the one used as input during the training process, is given as the
input of the network. During this process the previously evaluated weights and biases are used
to determine the output of the network for each input and each time the output is compared
with the target in order to evaluate the accuracy of the NN. This accuracy corresponds to a
percentage value that states how many times the network gives the correct output over the total
number of sample in the dataset.
In order to understand how this MLP will be used in the next sections let us consider our
classification problem. The input of the MLP will be the dataset described in Section 1.2.1 that
means we have an input size of 56, where 56 corresponds to the number of the characteristics of
the cluster in input. Each characteristic of the cluster becomes the input of one of the neurons
in the input layer, meaning that the size of the input layer will be equal to the number of
characteristics or properties of the considered input object, while for the output there are two
possibilities. Either there will be an output per each class and the network will have to learn
to maximize the correct output while minimizing the other, or there will be only one output
containing simultaneously the whole information. In the last case it is possible to consider, for
example, that the output corresponds to the probability to belong to the EM class, P(EM ), and
the probability to belong to the HAD class will be equal to 1 − P(EM ). The MLP will learn
how to classify the input clusters into one of these two classes.
After having discussed a simple architecture such as the MLP, also called Fully Connected
Neural Network (FNN), it is possible to study a different kind of architecture that is more
suitable for studying the classification of images: the Convolutional Neural Network (CNN).

1.3.3

Convolutional Neural Network (CNN)

The Convolutional Neural Network (CNN), as stated by Grace W. Lindsay [21] and by Kunihiko
Fukushima [22], is inspired by specific operations that are performed in the brain of cats. In
particular, in the primary visual cortex of cats by two main cells called simple cells and complex
cells. In this way the neural network is able to perform pattern recognition as the one of the
human being [22].
More specifically, at the level of the simple cells, the simplest features of the image, such as
regions of light and shadow or edges, are recognized. Then, the complex cells take the modified
image and are able to identify more complex features such as the translation in the space and
allow the translation-invariance characteristic when observing different images [21]. These
functionings were respectively mimicked introducing the convolution operation and the pooling
operation, [22], that will be now discussed. For these reasons this kind of network is not as
simple as the MLP even if the general idea of how it works is exactly the same.
The CNN involves operations called convolutions that will allow to identify the features in the
input image and to position them into a features map. These operations are determined by the
presence of a parameter that appears in the so called convolutional layers and that is called filter.
A filter is a matrix of a certain size, the most common is 3 × 3, whose purpose is to act on the
initial image and to perform operations on it. In particular in these convolution operations each
element of the filter is multiplied only with the corresponding element of the image matrix and
then all these numbers are summed in order to generate the output of the layer as shown in Fig.
1.13. In this picture for example, during the first step, the filter represented by a green square
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is acting on the elements of the matrix delimited by the first 3 rows and the first 3 columns,
corresponding to the size of the filter, and each element of this sub-matrix is multiplied by the
corresponding element in the filter. All these values are finally summed to generate the first
element of the new matrix.
In practice if ai j is the element of the original matrix corresponding to the i-th row and the j-th
column, and fi j is the element of the filter corresponding to the i-th row and the j-th column, in
order to explicit how the first element of the new matrix is evaluated it is possible to write:

a11 · f11 + a12 · f12 + a13 · f13 + ... + a32 · f32 + a33 · f33

Then the filter is moved by 1 or more strides, on the right (as done in the second step in Fig.
1.13) and also downwards (as done in the third step in Fig. 1.13) until all the elements in the
original image are covered and the new matrix is obtained. This means that in the CNN there
are not weights and biases as in the case of MLP and the parameters that will be learnt during
the training process are the elements of the filters matrices.

Figure 1.13: Steps of a convolution operation performed on a matrix called Original Matrix
using a Filter of size 3 · 3.

Also in this case the convolutional layer is followed by the application of the non-linearity,
meaning that after this layer there will always be an activation function. In addition, compared
to the layer of the simplest ANN architectures, after the convolutional layer it is typically
defined the so called pooling layer, in general characterized by a matrix of size 2 × 2. There are
different types of pooling layers, such as the average pooling and the max pooling, but in this
project only the max pooling will be considered. The max pooling operation consists in taking
the maximum value of the selected region in the features map, see Fig. 1.14.
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Figure 1.14: Steps of a pooling operation performed on a matrix called Features Map using a
pool size of 2 × 2.

The pooling layers are mainly meant to reduce the scale at which the image is observed in order
to search for higher level features. It takes, in the case of 2 × 2 size, 4 elements of the original
matrix and by selecting the maximum one it converts these elements into one element only in
the new matrix, compressing the size of the image. The convolution is translational equivariant,
[21], since the same filter is applied all over the image, and a pattern in one region of the image
will be identified in the same way as in any other region of the image. What the pooling layer
also adds is a local translational invariance, in the sense that if a feature is shifted by one pixel
it will not make a difference for a 2x2 pooling [23].

1.4

Tools

After having described the structure of the ANNs, the purpose is to describe the main tools
and libraries that will be used for the optimization and for the hardware implementation of the
networks. In fact, we are not only interested in having a network capable of solving efficiently
the classification problem but also to create dedicated hardware encoding the chosen network
to classify a certain detection in the quickest possible way. For what concerns the problem
of optimizing the network, particularly when considering techniques such as the Bayesian
optimization based on the Gaussian process (both will be explained in Chapter 3), this will
require extremely time demanding simulations. This implies the need for efficient environments
to perform such calculations. On the other hand, there is the need for implementing the classifier
on hardware. Due to the fact that an FPGA is subjected to restrictions in terms of components,
the network cannot be arbitrarily big. Therefore, the complexity of the object to be implemented
on hardware has led to the creation of tools for the automatic implementation, so that the user
can be freed from the hard task of writing directly a NN model on an Hardware Description
Language (HDL) and can focus more on the optimization step, in order to implement the
optimal network for a given FPGA. In this section I will first analyze a tool that is used for
all the training processes in order to speed them up. Then, once the neural network model is
selected, it is necessary to convert the Python model into an HDL in order to implement it on
existing hardware. In order to do that two different steps will be considered. The first one is a
conversion from the Python model into an High Level Synthesis (HLS) code (such as C++).
The second one is a translation from the HLS code into an HDL.
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1.4.1

Integrated Neural Network Automatic Trainer and Evaluator

During the training and the optimization of an ANN, using the Keras library, there are some
hyper-parameters that require a very long time in order to be optimized. This is related to the
size of the hyper-parameters space that in some cases becomes very huge. In order to solve this
issue and to reduce the timing required by this kind of optimization, it is possible to perform
the training on a GPU cluster. In this project this is done with the help of a tool that has been
developed in the course of the last year by the Machine Learning group at the LLR Laboratory.
This tool is called Integrated Neural Network Automatic Trainer and Evaluator (INNATE) and
the idea behind it is to execute some training of Neural networks on a GPU cluster without
the need of being an expert in systems, clusters and GPUs. The only things needed are the
knowledge of the theory behind NNs and the definition of the task to be performed since the
technicalities are automated in the tool. The schematic functioning of the software is represented
in the following picture:

Figure 1.15: INNATE architecture [24].
On the left side of the image are mentioned all the possible user interfaces, namely all of the
possible ways in which the source code associated to the training or the analysis to be performed
on the NN architecture can be presented to the tool:
• Jupyter Notebook;
• Python Console;
• Python script.
Once the code is submitted to the INNATE pipeline, the scheduler is devoted to handle the code
to interface it to the machines dedicated to the running process. The scheduler is on a specific
machine and it has access to a GPU cluster, called Accelerated Computing for Physics (ACP).
Once the scheduler receives the training requests from the user interface, namely the source
code that it has to compile, it distributes them on a cluster by using a system called batch
manager Condor, [25], that is able to find the computational resources in the cluster and allows
to deploy them. The LLR-INNATE machine runs the training into a Singularity container
to avoid problems of configuration [26]. In fact, the Singularity container is a container that
contains all the libraries or software that allow to make all the computations and allows their
reproducibility. While the machine is running, it constantly reports the improvements to the
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scheduler that in turns prints the information at the level of the interface used by the user. This
allows the user to have some control on the process. When the task is completed the results
need to be organized so that they can be properly exploited by the user, some of them are given
online using the scheduler interface, others, the biggest ones like the trained Neural Network,
are too big to be transmitted in this way. For this reason there is a Shared Filesystem (NFS)
3 , directly accessible by the user via the user interface, that is used for reading the data and
writing the results [27].
This kind of architecture is very useful not only because it allows to train the NNs in parallel
on GPUs, speeding up the training, but also because of the possibility to perform the so called
asynchronous running, where, depending on the number of available GPUs, it is possible to run
one NN per GPU, leaving the kernel free to do any other things during this computation. This
can be particularly useful when performing training of NNs requiring a computational burden
of several hours.
INNATE will be used during all the processes in order to run the simulation for the NN
architectures comparison and the optimization. This is fundamental in this study due to the
prolonged computation time of these operations that could require multiple days.

1.4.2

HLS4ML: High Level Synthesis for Machine Learning

Once the idea of how the NN is optimized is clear, we can move to the description of a tool that
allows to perform the first step that goes from the software implementation of the NN to the
hardware implementation of the NN, which is what we want to achieve. This step consists in
the conversion of a Python model into a High Level Synthesis (HLS) code that can be easily
converted into a Hardware Description Language.
There is a high variability of tools that allow to perform this conversion and they are of
fundamental importance because they grant the possibility to reduce the time required for
writing a HLS code and as a consequence they save time that can be used for the development.
During this study the High Level Synthesis for Machine Learning (hls4ml) tool will be utilized.
The hls4ml is a Neural network translation library for High Level Synthesis and was developed
by the collaboration of the Fermi National Accelerator Laboratory, the Massachusetts Institute
of Technology, HawkEye360 (Herndon), CERN and the University of Illinois at Chicago. Its
goal, as reported in the original paper by Javier Duarte et al. [28], is to convert a traditional
Keras, PyTorch or TensorFlow model into a High Level synthesis code. This means that hls4ml
is able to convert a Python model into a C++ code. The extended hls4ml workflow is reported
in Fig. 1.16.
In particular, the conversion from a traditional Keras, PyTorch or TensorFlow model is performed by taking as an input the files that contain the biases, the weights and the architecture of
the neural network model. The architecture is given in a json format while the weights and the
biases in the hdf5 format. It can also take as input the traditional inputs used to validate the
Keras, PyTorch or TensorFlow model that can be used in the next step, when the implementation
on FPGA in its final form will be analyzed. In particular they will become the inputs of a file that
allows to verify the correctness of the converted HDL code by generating a file containing the

3 NFS is a standard protocol implemented on Unix machine and it is configured to be available across all
cluster machines, scheduler machine and user machine.
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Figure 1.16: hls4ml workflow for the translation of a Keras/PyTorch model into a FPGA
implementation, the orange part represents the operations performed before using hls4ml and
are the typical machine learning steps, while the blue part represents the hls4ml sub-workflow
[28].
output that can be compared with the target. This aspect will be analyzed in Section 1.4.3. The
output of hls4ml is a High Level Synthesis project that can be used in Vivado HLS that converts
it into an Hardware description Language (HDL) such as VHDL or Verilog, as explained in the
next section (Section 1.4.3).
The general idea of the project is to implement on FPGA a Neural Network that requires a very
small time, of the order of µs, to compute the output given the associated input. This tool has
been created for optimizing the way an ANN is implemented on FPGA. In particular, these parametric models involve well defined operations: multiplications, additions and a pre-computed
activation functions. All of these operations require a very high number of resources on FPGA
and for this reason, in addition to the built-in techniques present in hls4ml for minimizing the
number of resources, some precautions when characterizing the network can help to further
reduce both the hardware needed and the latency4 . One of these techniques, implemented by
hls4ml, allows to reduce the precision of the calculations and is called Quantization [28]. More
specifically, with this technique the floating point precision with which inputs, weights and
biases are described in a Keras model are converted into a fixed point precision reducing the
calculation precision. This procedure is implemented in hls4ml by specifying in the command
line for the conversion the type:
ap_ f ixed < a, b >
where b stays for the number of bits used to convert the integer part and a corresponds to the
total number of bits. It is important to specify that b is a signed number and for this reason
one of its bits is used to represent the sign. Another possible technique is called Parallelization
[28], it is used to decide how much the operations are to be parallelized to have faster or
slower inference vs. FPGA resources. This can be controlled by using a specific parameter
called Reuse Factor (RF), the higher it is the more the same resources are used and the less
we parallelize. In order to explain this concept, in Fig. 1.17 is illustrated a simple example in
which are shown the number of resources and the latency needed to perform a simple operation,
4 The latency is the total time required by the hardware, employed for the implementation of the model, to
perform all the operation that are necessary to process an input and to give the associated output.
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Figure 1.17: Graphical representation of the effect of the variation of the RF on the number of
resources (multipliers are represented with the symbol ’∗’ while the adders with the symbol
’+’) and latency (highlighted in light blue on the left of each graph). On the left a RF equal to 1
is used, while on the right RF is equal to 2.
6 · 3 + 3 · 7 + 7 · 5 + 5 · 6, when the RF changes. On the left of the image the RF is equal to
1, and the number of resources required to perform the operation are: 4 multipliers, 3 adders
and the total latency is 3. More specifically, when the RF is 1 it means that each resource used
for one operation cannot be used in a different time for a different operation. If we increase
the RF from 1 to 2, it is possible to use the available resources at two different times and as a
consequence to reduce the number of resources. For instance, as it is done on the right side of
the same image, the two multipliers used at a time 1 to perform two operations (6 · 3 and 3 · 7)
can be used at time 2 to perform other two operations (7 · 5 and 5 · 6) reducing the total number
of multipliers to 2. However, in this case the latency required to perform all the multiplications
is at least 2 and it is higher than the case in which RF is equal to 1 where all the operations
are performed in parallel (latency equal to 1). This means that when the RF is modified it
is important to take into consideration its relationship with the latency and not only with the
resources. In fact, if the RF increases, the number of resources usage becomes smaller but the
time required for the computation increases.
These two techniques will be very important in this project because we are going through the
exploration of machine learning algorithms in low-latency and real-time processing.
Another technique, that can be mentioned, requires some operations that are not directly
implemented on hls4ml but need to be performed during the training of the model. In this
technique, called Compression [28] of NN, the redundant synapsis and neurons are removed
while the performances are kept unchanged. One way of doing this is to train the NN with L1
regularization, to sort the weights and to prune weights falling below a certain percentile and
re-train [29] (see Fig.1.18).

Figure 1.18: Compression process to efficiently use the resources in FPGA [29].
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Moreover, it is important to specify that there are different approaches that can be followed
when implementing a neural network on FPGA. One could be to find an optimal Neural network
architecture in terms of performances and then, in order to reduce the complexity of the network,
it is possible to remove the products of the coefficients that are characterized by very small
values or to compress the network once the network is already trained and optimized. Another
approach could be to consider the reduction of the complexity before the implementation of the
network on FPGA and so during the training and the optimization process.
In this project the considered approach is the second one in which the network is optimized
both in terms of performances and in terms of its size in order to obtain an optimal network that
can be implemented on FPGA with the minimum number of resources. Moreover, once this
optimization is done other techniques such as the quantization of the network using the type
ap_ f ixed < a, b >
or the parallelization will be considered. In addition it will be also explored the quantization
of the network at the beginning and the training of the network already quantized to reduce
the number of bits for the weights and for the biases since the training process. This can be
done, using QKeras, thanks to the possibility to fix the number of bits for each layer before the
training (this will be explained in details in Chapter 5).

1.4.3

Vivado HLS

After having considered how the optimization is done and how the conversion from a Python
model into a HLS code is done, the attention can be moved towards the conversion from a HLS
code into a HDL.
Vivado High-Level Synthesis (Vivado HLS) is a tool that is able to implement a HLS-code, such
as a C/C++ or System C code, into an optimized Register Transfer Level (RTL5 ) microarchitecture. The optimization is in terms of latency, power and throughput and the HLS specifications
are directly synthesized into VHDL or Verilog RTL. The main flow of Vivado HLS is [30]:
• Use C, C++ or System C to design the source code and the test bench code;
• Compile the source code (C simulation);
• Translate the C code into an optimized RTL code (synthesis);
• Use the original testbench to perform the RTL validation (co-simulation);
• If everything is correct, export to an IP core that consists in a description of the circuit that
can be implemented on FPGA.
More specifically, Vivado HLS takes as input the HLS-code and extracts a datapath and a
control unit based code (that are the elements that characterize the Finite State Machine 6 ) in
5A

Register Transfer Level is an high level description of an electronic circuit.

6A

Finite State Machine is an abstract model that is used in Digital Electronics to describe a system with a
finite number of states. It is divided into a Datapath and a Control Unit that work in parallel. The Datapath is the
part where the data are evaluated. It includes the Arithmetic and Logic Units (ALU) and the registers, while the
Control Unit controls the operations done in the Datapath.
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order to generate the hardware. In addition it is also possible to give to the tool some directives
in order to control the way it synthesizes the different C/C++ constructs.
The extraction of a datapath and a control unit is done at a ’top level’, which means that only
functions or loops will be associated to a state in the Finite State Machine. Then, the key
attributes of the C/C++ code, such as functions, loops, arrays, types etc, are synthesized by
Vivado HLS using some specific default implementations for each of them. For example, it
associates an RTL block to a function, it rolls the loops and uses the same hardware resources
for each loop iteration, it assigns memories to the arrays, etc.. [30]
Instead, the mapping from a C/C++ code into an hardware design is performed by Vivado HLS
using the so called scheduling and binding processes. The scheduling determines the time
structure of the code, at which clock cycle each operation is performed. While the binding
aims to determine the number of hardware components used to cover all the operations. More
specifically, there can be for example one resource of a specific type that can be used for more
than one operation.
At the end of the process, Vivado HLS generates the synthesis report that contains information
about the latency, Initiation Interval (II), area and others.
The latency corresponds to the time, in terms of clock cycles, between the moment when the
logic receives an input and propagates the output.
The II, instead, is a parameter that is important in Vivado HLS and corresponds to the time
required by the logic to take an input and accept a new one, still in terms of clock cycles [30].
Finally, the area corresponds to how many resources are needed on FPGA to implement the
converted HLS code. The resources available on FPGA are:
• Block RAM (BRAM), that corresponds to the memory block available,
• Digital Signal Processing (DSP), resources used for multiplications;
• Flip Flop (FF), a sequential element able to store one bit of data;
• Look up table (LUT), a table that determines the output given a certain input.
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Hand-optimization of the
hyper-parameters
The purpose of this chapter is to explore different neural network architectures in order to find
which is the best one for the particles classification problem. First of all, in Section 2.1, I will
describe some useful concepts, such as the loss function, the Area Under the Curve (AUC)
and the Working Point (WP), that will be at the basis of the different approaches, presented
in the next sections for selecting the best NN hyper-parameters, such as the batch size, the
activation function, the optimizer, the regularizer and the number of filters and neurons, for this
specific classification problem. Then, I will explore two different Neural Network architectures
that are the Fully connected Neural Network (FNN) and the Convolutional Neural Network
(CNN) in terms of their hyper-parameters. The first one, detailed in Section 2.2, allows to
classify particles depending on their characteristics, described in Section 1.2.1, and for this
reason it allows to better understand the properties of the specific particles under study. This
architecture is used as a case study to learn more about the objects we are working with and
to get acquainted with the world of Neural Networks in the LHC context, starting with simple
architectures.
The second one, detailed in Section 2.3, allows to discriminate images of EM and HAD particles.
Even if it is the ANN of greatest interest because it works better with images, due to its higher
complexity compared with the FNN, it will be considered only when it is clearer why these
hyper-parameters need to be optimized and, as a consequence, after a simpler study performed
with a simpler network.
Finally, this last architecture will be compared in terms of performances when using different
hyper-parameters in order to select the best ones in the LHC context.

2.1

Fundamental concepts

Some figures of merit, such as the loss function, the AUC and the WP of the classifier are
necessary for understanding the hyper-parameters optimization performed for both the FNN
and the CNN, respectively in Section 2.2.1 and Section 2.3.1. As already said, the loss function
(L ) allows for an evaluation of the difference between the target and the output of the Neural
Network. To any fixed architecture it is associated a multidimensional parameters space, whose
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variables are the weights to be trained and where the loss function is a scalar field. Each of
these architectures needs to be trained, which means that the purpose is to find, in the specific
parameter space associated to the architecture under analysis, the best possible ensemble of
parameters, yielding the absolute minimum L ∗ of L . As a consequence, if one labels a trained
architecture with the value of L ∗ reached at the end of the training process, it is possible to
compare different architectures via a scalar (L ∗ ), carrying by itself the information about how
close will be a prediction of the model to the true value.
Before introducing the remaining concepts, it is worth recalling that our purpose is to determine
the best possible classifier for EM and HAD particles, easily mapped in a binary classifier.
When handling with this kind of structures, it is important to keep in mind that, after the training,
by giving as an input the information associated to a certain particle one obtains as an output
the estimation, made by the model, of the probability of the particle to belong to class 1 (EM
particles). Consequently, this value carries the information about the probability of belonging
to class 0 (HAD particles) as well. In this context, four quantities are commonly used, and they
are usually presented in the form of a Confusion Matrix (CM):


tn f p
CM =
(2.1)
fn tp
These entries are:
• t p is the true positive number, i.e. how many times the NN gives 1, as output, when the
correct value is 1;
• f p is the false positive number, i.e. how many times the NN gives 1, as output, when the
correct value is 0 instead;
• tn is the true negative number, i.e. how many times the NN gives 0, as output, when the
correct value is 0;
• f n is the false negative number, i.e. how many times the NN gives 0, as output, when the
correct value is 1 instead;
These quantities are better being expressed as probabilities (or rates) by normalizing them along
the columns. This yields the confusion matrix written in terms of rates:


tnr f pr
CMr =
(2.2)
f nr t pr
where

(
tnr + f pr = 1
f nr + t pr = 1

(2.3)

This having been said, these probabilities can be used for determining the quality of the trained
architecture via a general concept, which is the ROC curve (Receiver Operating Characteristic
[31]), and some of its characteristics, which are the AUC and the WP. The ROC curve has the
t pr , also called sensitivity, and the f pr , where 1 − f pr is also known as specificity, along its
axis. This kind of graph allows to understand the ability of the binary classifier to discriminate
between the two selected classes. One of the figures of merit that can be directly extracted from
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the ROC curve and that gives useful information is the AUC, the area under the ROC curve, that
gives a number between 0 and 1 corresponding to the probability that, applying this specific
model to an element belonging to the class 1, the value on the output is higher than the output
obtained when applying the same model to an element belonging to the class 0 [31].
For what concerns the WP, it is better to consider the ROC curve expressed as t pr along the
x-axis and 1 − f pr along the y-axis. By choosing a given signal efficiency (e.g. 99%), we
choose a point on the ROC curve, which corresponds to a working point of the classifier. This
point is the background rejection at 99% of signal efficiency and will be indicated as WP_99
during the project. The idea is that, in this specific application, in order to have a good classifier,
it should be characterized by a very high sensitivity and a very high specificity, that means
very high value of the AUC and WP_99. When we say very high value, due to the fact that we
are working with probabilities, we mean a value that is very close to one, such as 0.99. This
value is subjective, it depends on which accuracy we want the model to achieve and it is fixed
arbitrarily.

2.2

Fully Connected Neural Network (FNN)

Once the main concepts useful to evaluate the performances of the network have been introduced,
it is possible to move to the description of a real application of how these concepts are used
when analysing a simple ANN architecture, such as the FNN. This model is used to analyse the
output of the stage 2 of the TPG by substituting the traditional classifier based on the shapes
of the clusters. The structure of the FNN is exactly the structure of the MLP described in
Section 1.3, where each neuron of one layer is connected to all the neurons in the next layer.
This kind of structure has been used at the beginning of the project in order to understand the
properties of the particles and to become confident with the neural network architectures. It
also allows to observe how changing one hyper-parameter, the optimizer (described later in
this section), that will be one of the hyper-parameters also present in the CNN, impacts the
performances of the network. Another information of interest this analysis addresses is the
relevance of some properties of the EM and HAD particles on the performances of the neural
network. By verifying the goodness of the classification at different values of the generated
particles position, it is possible to check the stability of the predictions and if the network fails
for any of these values.

2.2.1

Preliminary analysis using a Fully Connected Neural Network

The Fully connected Neural Network (FNN) is used to have a better visualization of the data
that characterize the dataset and how the data can influence the network performances.
Firstly, it is possible to consider a simple FNN (see Fig. 2.1) characterized by 55 inputs, 3
dense layers with 100, 55, 1 neurons respectively, the ReLu1 as activation function except for
the last layer that is characterized by a Sigmoid and the binary cross entropy 2 as a loss. At this

1 is


the Rectified Linear Unit and it is expressed as: f (x) =

2L = − 1
N

0 x<0
x x≥0

∑M
m=1 [ym × log(hθ (xm )) + (1 − ym ) × log(1 − hθ (xm ))] where M is the number of training examples,
ym is the target label for training example m, xm is the input for training example m, hθ is the output of the neural
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step, the ReLu is taken into account because it is the the most used activation function and in
general works well for a wide range of problems [33].

Figure 2.1: Structure of the Fully Connected Neural Network.
By fixing these hyper-parameters of the FNN, it is possible to run multiple networks with
the same architecture but with different optimizers, which are methods used to explore the
parameters of the model space with the aim of reducing the loss, in order to see which is
the optimizer that gives a neural network with optimal performances for this specific binary
classification problem. The different optimizers can be Adam, Adadelta, Adamax, Adagrad,
RMSprop and SGD (see Appendix A for more details on their algorithms).
In order to understand which network gives the best results it is possible to evaluate some of
the already mentioned figures of merit as the ROC curve and the background efficiency at
99% of the signal efficiency (that corresponds to 1-WP_99). As already said, the ROC curve
is the curve that represents the value of the false positive rate ( f pr ) as a function of the true
positive rate (t pr ). These two rates correspond, in particle physics, to the background efficiency
and to the signal efficiency respectively. From this curve, it is possible to directly extract the
information about the background efficiency at 99% of the signal efficiency ( f pr _99) and the
AUC for each Neural Network:
Table 2.1: Comparison of neural networks optimized with different optimizers.
Optimizers

f pr _99

AUC

Adam
Adadelta
Adamax
Adagrad
RMSprop
SGD

0.0298
0.0876
0.0339
0.0401
0.0318
0.0497

0.9956
0.9900
0.9950
0.9942
0.9949
0.9911

As it is possible to observe from Table 2.1 and from Fig. 2.2, the results in terms of AUC and in
network model [32].
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terms of background efficiency are different for all the cases and in particular it is possible to
observe significant variation when considering, for example Adam and Adadelta. In these two
specific cases, it is possible to observe that Adam gives an AUC that is higher and a f pr _99 that
is smaller than the Adadelta case. As a matter of facts, by observing all the possible optimizers
we will select the one that gives highest AUC and smallest f pr _99. In this case, we should
select Adam.

Figure 2.2: Comparison of the ROC curves for NNs with different optimizers, in logarithmic
scale. εem corresponds to the signal efficiency, while εha corresponds to the background
efficiency ( f pr _99).
This is just a simple comparison of FNNs where the only hyper-parameter to be optimized
was the optimizer, while all the others were already fixed. However, when we want to study a
specific problem and we want to create an ANN that is the ideal one to solve it, it is necessary
to find the whole set of optimal hyper-parameters of this network.
These hyper-parameters can be divided into two classes. The first amounts for all of those
parameters necessary to fix the architecture, such as the activation functions, the number of
neurons in each dense layer and the size and the number of the filters in each convolutional
layer. The second class of parameters to be fixed is the numerical value of the filters to be
applied and of the weights in the dense layers. Once the structure of the architecture is fixed,
the goal of finding the numerical values of the last class can be reached by introducing a target
function that is defined in the space of the hyper-parameters and whose minimum is reached for
the optimal values of these hyper-parameters. After this function is selected, there are different
approaches to explore the hyper-parameters subspace associated to the second class and to reach
this minimum, but the philosophy behind them is the same. The idea is to evaluate the gradient
and go in an opposite direction with respect to it in the hyper-parameter space. The amplitude
of each movement is dictated by a parameter called learning rate in the process defined by the
so called optimizers. Since the evaluation is computationally expensive, the way the optimizers
are implemented is by dividing the dataset into sub-datasets whose dimensionality is called
Batch size. The movement is thus performed considering just the cheaper partial evaluation of
the gradient rather than the more expensive full evaluation.
Due to the fact that our goal is the classification of particle images into EM (corresponding to
the class 1) and HAD (corresponding to the class 0), this kind of optimization, where all these
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mentioned hyper-parameters are explored, is what we will perform for the CNN in the next
section.
It is worth noticing that the process of optimization is not an exact method and there is not
a specific path to follow. It depends on who is doing the optimization to choose a road and
follow it, for example choose a parameter to start with, fix it and move on to the next selected
parameter.
In addition to this simple comparison, in order to verify the goodness of the model with the
Adam as optimizer, the output of the NN is represented in terms of probability distributions
(see Fig. 2.3). As expected for the EM particles the probability distribution is around 1 while
for the HAD particles it is around 0, meaning that the network is performing the classification
well. However, there are some cases, even if in smaller quantity, where the network is giving
the opposite results compared to what expected. What we suppose is that, by changing other
hyper-parameters of the network, these errors will be corrected.

(a) Probability distribution of predictions of EM
particles.

(b) Probability distribution of predictions of HAD
particles.

Figure 2.3: Probability distribution of the FNN predictions of EM and HAD particles.
In particles physics, it is common to check efficiencies as a function of the pseudorapidity (η)
because the detector is not uniform, and the energy flow of the collisions is also not uniform.
Therefore, in general the performance are not constant and depends on where we look in
the detector (vs. eta). Consequently, it is interesting to consider one parameter of the dataset
described in Section 1.2.1, η, that defines the position of the EM and HAD particles with respect
to the beam axis and that could affect the performance of the network. In order to see how the
signal efficiency3 of the NN varies for different η, it is necessary to divide the validation dataset
into different sub-datasets depending on the absolute value of the pseudorapidity (|η|), where
the absolute value is added because η could be positive or negative depending on which side of
the detector the particle arrives. More precisely, the dataset was divided into 14 sub-datasets
with an interval of η’s value of 0.1, starting from |η| = 1.5 until |η| = 2.9 (it means that, for
example, the first sub-dataset is characterized by 1.5 ≤ |η| < 1.6).
In this way some sub-datasets can become very small and do not have a sufficient number of
samples (at least 100 samples) to correctly test the network and for this reason they can be
3 The signal efficiency for a NN is the ratio between the number of times the NN gives the correct output (1)
when the particle to be classified belong to the class 1 over the total number of particles belonging to the class 1 in
the dataset.
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removed. This is what happened for 1.5 ≤ |η| < 1.6, because |η| = 1.5 is the minimum value
for |η| and a very small number of particles presents this characteristic.
Once divided the validation dataset, it is possible to evaluate the signal efficiency of the
networks, i.e. the number of times the output of the network is higher than a certain threshold
when the target is an EM particle (class 1) over the total number of predictions made by the NN
for the EM particles. The threshold can be selected, for example, by using the interpolation
method. As a matter of fact, it consists in the evaluation of the ROC curve of the trained
network with the complete dataset, based on the evaluation of t pr and f pr at different value of
a threshold. Then from this curve the threshold at which the t pr is equal to 0.99 is selected as a
criterion to check the efficiency of the network. The result, shown in Fig. 2.4, allows to see that
the efficiency is almost constant for different values of η and around 0.9898 ± 0.0069 and that
there is not a significant dependence of the performances of the network on the position of the
particle to be recognized.

Figure 2.4: Signal efficiency as a function of the pseudorapidity (η).
This analysis focused on the FNN, and allows to see that substituting the traditional classifier
based on the cluster shapes with a deep neural network model is promising for the classification
of EM and HAD particles on the output of the TPG structure in the CMS detector. This is
because this new approach allows to achieve performance of the order of 0.99, that are optimal
being near to the ideal case (1).

2.3

Analysis of the Convolutional Neural Network (CNN)

Once a very simple study of the hyper-parameters of the network and of its performances is
done, it is possible to move towards the description of the analysis of a more sophisticated
structure of the ANNs, the convolutional neural network. As already mentioned in Section 1.3,
this architecture is that of highest interest in our study because it is capable of performing well
with images and, as stated in Section 1.2, it is a possible solution to reduce the complexity in
the analysis of the EM and HAD particles on the output of the CMS detector.

2.3.1

Hyperparameters optimization

The first thing that can be considered in this study is a small comparison of the performance of
the FNN with the performance of a CNN without any kind of optimization, just to observe if
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they have similar performances when the data to be analyzed contain the same raw information,
yet in a different representation. In order to do that, it is possible to choose some non-optimized
parameters for the CNN. The considered structure (shown in Fig. 2.5) was:
• Input layer of size 21 × 21 × 3, corresponding to the size of the images;
• A 2D convolutional layer, with 16 filters, a 3 × 3 kernel, a ReLu as activation function, a
pooling layer with size 2 × 2, a dropout layer with a fraction of unit’s layer to drop out
equal to 0.2;
• A 2D convolutional layer, with 32 filters, a 3 × 3 kernel, and ReLu as activation function,
a pooling layer with size 2 × 2, a dropout layer with a fraction of unit’s layer to drop out
equal to 0.2;
• A Flatten layer;
• A dense layer, with 127 neurons and a ReLu as activation function, a dropout layer with a
fraction of unit’s layer to drop out equal to 0.2;
• A dense layer, with 2 neurons as output and a softmax as activation function.
The dropout layers are used as a regularizer method, for example to avoid overfitting, i.e. to
avoid a learning ’by hearth’ of the network. Without regularization, the network would indeed
correctly classify during training only, but no longer during the validation step.

Figure 2.5: Structure of the Convolutional Neural Network.
Finally, in order to compile and train this model we also selected the optimizer and the loss,
as done for the FNN, to be Adam with a learning rate equal to 0.001 and the categorical cross
entropy respectively. This categorical cross entropy is just a generalization of the binary cross
entropy that works well even when the problem is not a binary classification, i.e. there are more
than two classes. The accuracy and the loss for both the training and the validation sets are
shown in Fig. 2.6. It is important to specify that the model was trained for 20 epochs.
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(a) Loss as a function of the number of epochs.

(b) Accuracy as a function of the number of epochs.

Figure 2.6: Loss and Accuracy as a function of the number of epochs. The blue curves are
associated to the training while the yellow ones to the validation.

At this point, it is possible to evaluate the same figures of merit considered when dealing with
the FNN: f pr _99, AUC (Table 2.2 and Fig. 2.7) and the signal efficiency as a function of η
(Fig. 2.8).

Table 2.2: Comparison between the FNN and the CNN.
Neural Networks

f pr _99

AUC

FNN
CNN

0.0298
0.0125

0.9956
0.9988

Figure 2.7: ROC curve for the FNN, in blue, and for the CNN, in magenta.
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Figure 2.8: Signal efficiency of the CNN as a function of different values of the pseudorapidity
(|η|).
As it is possible to observe from Fig. 2.7 and from Table 2.2, the AUC for the CNN is better
than the one obtained with the FNN because it reaches a higher value. Fig. 2.8, instead, shows
that the signal efficiency does not change for particles at different position in the detector for
the CNN as well. It is always around 0.99 and the spread is less significant than that obtained
with FNN: 0.9900 ± 0.0045. These results suggest that the CNN architecture presents optimal
performances. This aspect, along with the possibility to analyse the images instead of the
characteristic of the particles, thus avoiding the reconstruction of the clusters, makes the CNN
very promising as a replacement of the current method (cluster algorithm plus classifier based
on cluster shapes) used to analyse the output of the CMS detector. In addition, it seems more
promising than just replacing the classifier, such as the Boosted Decision Trees, with the FNN,
because it allows to remove the stage 2 of the TPG, speeding up the process.
Considering the fact that the CNN can be useful to map the information contained in the images
into a vector, by exploiting the flatten operation, it is also possible to insert additional features
FNN-like as additional nodes at the level of the flattening operation for this network. This
can be done to see if the efficiency of the network will improve by adding the aforementioned
features. For this purpose, two parameters that correspond to the position of the center of
the image in the detector and are contained in the dataset 2 can be added to the flatten layer,
e.g. seedx and seedy. The goal is to give the information about the position of the shower,
which cannot be extracted from the images (since the images given to the network are very
small portions of the detector). The compared performances of the network in terms of signal
efficiency vs. |η| with and without these additional parameters are plotted in Fig. 2.9.
Observing the previous image, the variations in terms of efficiency do not give any improvement
when seedx and seedy are added as inputs. For this reason all the following consideration will
be done by keeping as input only the images.
As mentioned before, the CNN allows to analyze images. On the image a certain number of
filters is applied in order to extract features from it. Once this operation is performed, the
new images obtained by applying each filter on the image to be classified, can be mapped to a
vector in a space of higher dimensionality through the flatten operation. This flatten layer will
correspond to features of the images. Finally, the last layer will give as output the probability
for the particle to belong to each class. As already said, in order to have a good classification it
is necessary to find the optimal parameters of the network. Later on in the thesis some useful
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Figure 2.9: Signal efficiency of the CNN as a function of different values of the pseudorapidity
(|η|). In blue the efficiency without the additional features and in magenta the efficiency with
the two additional features.

tuning techniques will be considered in order to explore different hyper-parameters of the
CNN. Nonetheless, before doing that it can be useful to reduce the parameters to be selected
by performing the so called ’Hand Tuning’ of the easiest parameters to be set: Batch size,
Activation Function, Optimizer. It will also be explored the possibility of using or not the
dropout or a regularizer to avoid the overfitting during the training process. The role of each of
these parameters will be explained in more details in the next paragraphs.

Batch Size
The batch size corresponds to the number of samples that are analyzed in one iteration of the
evaluation of the gradient during the process of minimization of the loss. For example, in this
case the number of samples is 64957, this means that if 32 is selected as a batch size, 2029
iterations are required to complete one epoch of the training process.
In order to understand which is the best Batch Size for this specific application, five neural
networks with the architecture described in Section 2.3 but with different Batch Size are
considered and the accuracy and the loss as a function of the number of epochs for both training
and validation sets are compared. The selected values for the Batch Size are: 16, 32, 64,
128, 256, where all of them are powers of two because it is the best choice that can be done
when implementing neural networks on GPU, since the GPUs present better performance with
numbers that are powers of two [34]. Once all the networks are trained and tested with the
same train and test datasets, it is possible to compare their performances by representing the
value of the accuracy and of the loss as a function of the number of epochs for both training and
validation sets, as shown in Fig. 2.10. The best batch size, or in other words the one that allows
to achieve the fastest decay of the loss and the fastest growth of the accuracy, is 32. The choice
is justified because the number of epochs required to reach a small loss and an high accuracy is
smaller with a batch size of 32. For this reason, from now on, this parameter will be fixed to 32
for all the next studies.
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(a) Accuracy as a function of the number of epochs for both training and
validation sets for different batch sizes.

(b) Loss as a function of the number of epochs for both training and
validation sets for different batch sizes.

Figure 2.10: Training and validation accuracy and loss.
Activation Function
In order to select which is the best activation function for the first two convolutional layers and
for the first dense layer, it is possible to train and test different neural networks that present
always the same architecture, but with different activation functions. In this case the problem is
characterized by an image that can be classified as belonging to one of the two classes: EM
and HAD particles. However, these particles sometimes present properties that are very similar
and there can be an overlap in the distribution of their characteristics or the images can be
characterized by the same color. This suggests that these images of the particles cannot be
linearly separated. As a consequence, in order to guarantee the classification, it is possible to
take into consideration the non linearity by using non linear activation functions. The considered
non-linear activation functions are:
• ReLu: is the Rectified Linear Unit and it is expressed as:

0 x<0
f (x ) =
x x≥0
• Tanh: it is the hyperbolic tangent, in general it is very useful when the network needs to
learn negative values because it is defined between -1 and 1.
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• SELU: Scaled Exponential Linear Unit [35] that is expressed as:
(
x,
if x > 0
SELU (x) = λ
x
αe − α, if x ≤ 0
where α ' 1.67326 and λ = 1.05070 [36];
• Elu: Exponential Linear Unit [37], it is expressed as:
(
x,
if x > 0
ELU (x) =
x
αe − α, if x < 0
where α is selected between 0.1 and 0.3.
• Sigmoid: it is a logistic function that can be used in the problem where the output is a
probability because it assumes values between 0 and 1 [36]:
1
Φ (x ) =
1 + e−x
After having trained and tested the networks characterized by these activation functions, it is
possible to compare them. In this case, the most effective way to compare them is not observing
the loss and accuracy as a function of the number of epochs, but evaluating one of the most
useful figures of merit for this classification problem for each of these networks. For instance,
the background rejection at 99% of the signal efficiency (WP_99), the AUC, the background
rejection at 95% of the signal efficiency (WP_95) or the validation loss at the last epoch, in
order to have only one value to compare. Among all these useful figures of merit, we chose
WP_99. In order to visualize the result, the value of the W P_99 for different activation functions
is shown in Fig. 2.11.

Figure 2.11: Background rejection at 99% of the signal efficiency for different activation
functions.
As it is possible to observe, the results obtained with ReLu, Tanh and SELU are very similar
and of the order of 0.9925 while the other two activation functions give worse performances.
Among the three best results, the ReLu seems to be the best. In addition, it is also the most
widely used in the machine learning community due to its numerous qualities compared with
the others activations [33]. For these reasons, it is selected to be the activation function for the
1st and 2nd convolutional layers and for the first dense layer.
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Selection of optimizer
Finally the last hyper-parameter that can be determined by a simple hand tuning is the optimizer.
When considering a deep learning problem, there are different optimizers that can be used
in order to improve the method and to reach the minimum faster. One optimizer can be the
Gradient Descent (GD), where each step of updating parameter should be evaluated on the
whole dataset. For this reason, each computation is very long especially if the dataset is very big.
In this case it would be better to move towards different optimizers that, instead of taking the
whole data, take batches of data reducing the computation time that is the case of the Stochastic
Gradient Descent (SGD). In the SGD, there is still a fixed step size to move towards the global
minimum of the function, but in this case the evaluated gradient is no more the exact gradient,
but rather an approximation that comes from the consideration of one batch of data points
instead of the whole set of points.
One of the disadvantages of the SGD is the fixed learning rate, i.e. the fixed step size during
the achievement of the minimum of the function. It can bring to a lot of back and forward
around the minimum, without allowing to reach it. In order to avoid this kind of oscillation,
other optimizers that present an adaptive learning rate can be taken into consideration. One of
them is called Adam and it is characterized by a learning rate that starts with a ’high’ value (for
example 1 or 0.1), in order to not slow down the process, and then it becomes smaller when the
minimum becomes closer, in order to avoid the jumping around it.
When adaptive learning methods, such as Adam, are not used as optimizers, it can be useful to
do something that allows to modify the learning rate. It is indeed always better to have a large
step-size at the beginning to guarantee a fast algorithm, but the learning rate should be further
reduced in order to reach the global minimum without causing overshoot (see Fig. 2.12). There
are some techniques that can do that, such as Annealing or Cosine Annealing. The last one is
used because there can be some holes in the function that may prevent from reaching the global
minimum that should be minimized (see Fig. 2.13)

Figure 2.12: Behaviour of the evaluation of global minimum with different learning rates [38].
This kind of optimization can be used, for example, when Adam fails. It can then be safe to
go back to SGD and use this function in order to speed it up and avoid being trapped in local
minima. It means that convergence could become very fast.
After these considerations, it is possible to consider neural networks with the same architecture
as the one described in Section 2.3 with fixed batch size (32) and activation function (ReLu for
the convolutional layers and for the first dense layer), but in this case characterized by different
optimizers: Adam, Adagrad, SGD, RMSprop, Adamax, Adadelta. In order to compare them
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(a) Cosine Annealing function used
to reduce the learning rate in an
adaptive way.

(b) Effect of the Cosine Annealing function in the evaluation
of the global minimum of the objective
function.

Figure 2.13: Cosine Annealing function used to reduce the Learning Rate in an adaptive way
and improve the NN training [39].
the background rejection at 99% of signal efficiency (WP_99) is observed for each network
(see Fig. 2.14) and the highest value of WP_99 is computed for Adam and Adamax. Due to the
fact that Adam is able to perform well with an extensive number of non-convex problems in the
machine learning field [40], we decided to select it as the optimizer for our case of study.

Figure 2.14: Background rejection at 99% of the signal efficiency for different optimizers.
Another important aspect to be considered when optimizing a NN is related to the overfitting
problem. For this reason some regularization techniques can be considered for optimization
such as the Dropout [41] and the use of Regularizers [42].
Dropout
As stated in the original paper by Nitish Srivastava et al [41], the dropout technique allows
to reduce the overfitting problem. During the training of the network, for each new input
data, some of the neurons are randomly kept in a ’non-active’ mode and, due to this statistical
behaviour, for each new data the deactivated neurons during the training are different. This
method, which affects training time only, allows to simulate a training with different neural
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network architectures while, during the validation, it allows to consider the complete neural
network architecture where the trained weights are re-scaled by the dropout factor.

Figure 2.15: Simple NN structure with two hidden layers on the left and a structure of the NN
when applying the Dropout during training on the right [41].

This is only the general idea of how this method works. In fact, when considering a CNN the
meaning of the dropout is not exactly the same, because the concepts of neurons is substituted
with the concept of filters. In the case of CNN, where the convolution can be easily described
as simply matrix multiplications, the dropout technique replaces some of the elements in the
matrix multiplication with zeros [43]. It is important to notice that this technique, in particular
for CNN, is not always a good solution and can lead to worse results. For this reason in the
following I will compare the performances, in terms of loss, for three NNs: one without the
dropout technique, one with a dropout applied after each convolutional and dense layers, and
the last one with the dropout applied only after the dense layer (see Fig. 2.16).

Figure 2.16: Comparison NNs with and without dropout technique.

As it is possible to observe from Fig. 2.16, either the red curves, representing the training and
validation loss when no dropout technique is applied, and the green curves, representing the
case in which the dropout is applied only on the dense layer, stop after a very small number
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of epochs because the validation loss starts very soon to increase instead of decreasing 4 . On
the other hand, the blue curves, representing the NN trained and validated with the dropout
technique, stop at a higher number of epochs meaning that there is less over-fitting than the
red or green curves. Due to the less over-fitting reached by the curves that represent the model
with the dropout technique, I decided to keep it after the convolutional layers and after the first
dense layer for all the following analysis.
Regularizer
The purpose of the regularizers is similar to the one of the dropout layers. They can be added
to the layers of the network in order to reduce the overfitting of the model. In particular the
regularizers allow to introduce penalties in the weights of the network. This is possible by
modifying a little bit the loss function, i.e. by adding to it the regularizer.
There are three main types of regularizers called: L1, L2, and a combination of L1 and L2.
They are defined as follows:
• L1 regularization [44]:
λ kwk1
λ is the regularization parameter and it will be optimized in order to improve the performances; and w are the weights of the network or the values of the filter of the network.
This regularizer allows to reduce some weights to zero and to simplify the model.
• L2 regularization [44]:
λ kwk22
λ is again the regularization parameter and it will be optimized in order to improve the
performances; w are the weights of the network or the values of the filters of the network.
This regularizer forces some values of the weights of the network to assume very small
values, which are near but not exactly equal to zero as in the case of L1.
In order to understand if this type of regularization is necessary during the training, we applied
the three different types of regularizer to our model and we compared the results for different
values of λ for each of them (see Fig. 2.17).
Due to the fact that when a regularizer is applied on the layer the values of the loss are modified
by this additional factor, the plots in Fig. 2.17 are not meaningful to understand which model
gives the best performances. In order to have a more significant comparison the values of
the AUC and of the WP_99 for all the different networks were evaluated and the results are
summarized in Table 2.3 for L1, in Table 2.4 for L2 and in Table 2.5 for L1_L2 .

4 In order to stop the training of the network when the model starts to become a bad model, we used the early
stopping criterion, where the training is stopped once the validation loss becomes higher than the training loss for
at least three consecutive times.
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(a) Comparison using L1 as regularizer.

(b) Comparison using L2 as regularizer.

(c) Comparison using the combination of L1 and L2
as regularizer.

Figure 2.17: Comparison of the performance of the network in terms of train and validation
loss without the regularizer (blue curves) and with regularizer with different values of λ : 10−2
in red,10−3 in green,10−4 in pink,10−5 in orange.

Table 2.3: Comparison of the AUC, the WP_99 and the loss when using L1 as regularizer and
different values of λ .

AUC
WP_99
Loss

no regularizer

L1(1e−2 )

L1(1e−3 )

L1(1e−4 )

L1(1e−5 )

0.9988
0.9893
0.0283

0.9894
0.9228
0.3417

0.99688
0.9788
0.1019

0.9989
0.9877
0.0517

0.9992
0.9915
0.0383

Table 2.4: Comparison of the AUC, the WP_99 and the loss when using L2 as regularizer and
different values of λ .

AUC
WP_99
Loss

no regularizer

L2(1e−2 )

L2(1e−3 )

L2(1e−4 )

L2(1e−5 )

0.9988
0.9893
0.0283

0.9957
0.9726
0.1255

0.9986
0.9846
0.0558

0.9990
0.9895
0.0403

0.9992
0.9918
0.0328
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Table 2.5: Comparison of the AUC, the WP_99 and the loss when using L1_L2 as regularizer
and different values of λ .

AUC
WP_99
Loss

no regularizer

L1(1e−2 ) L1(1e−3 ) L1(1e−4 ) L1(1e−5 )
L2(1e−2 ) L2(1e−3 ) L2(1e−4 ) L2(1e−4 )

0.9988
0.9893
0.0283

0.9883
0.9152
0.3934

0.9963
0.9748
0.01136

0.9989
0.9864
0.0551

0.9989
0.9886
0.0442

As it is possible to observe from Fig. 2.17 and from Tables 2.3, 2.4, 2.5 when a not very small
value of λ , such as 10−2 , is used, the performance of the network becomes worse of three
orders of magnitude (10−3 ) for the AUC and of the order of 10−2 for the WP_99. This suggests
to try to decrease the value of λ in order to reach similar performances. However, when the
value of λ decreases the performances of the networks are similar to the case where there is no
regularizer, but the behaviour of both the validation and the training loss (shown in Fig. 2.17)
becomes very similar to the behaviour of the train and validation loss when no regularizer is
used (blue curves). This result suggests to avoid using any regularizer in this specific study and
go ahead with the model without this kind of regularization.

2.4

Summary

In this chapter we have analyzed the hand-tuning of the hyper-parameters, first for a very simple
structure such as the FNN in order to observe the effect of the variation of the hyper-parameters
on the performance of the network in the EM and HAD classification problem. Then we
analyzed a more complex neural network, that is the one of interest in this kind of classification
problem, because it allows to classify images of the particle showers.
More specifically, in the case of the CNN we considered all the possible hyper-parameters that
can be optimized by hand such as: the batch size, the activation function, the optimizer. We
also tried to add some regularizations to our model, in particular the dropout and the regularizer.
At the end of the hand-tuning of the hyper-parameters of the CNN, the structure that we have is
characterized by:
• An input layer of size 21 × 21 × 3;
• A 2D convolutional layer, with 16 filters, a 3 × 3 kernel, a ReLu as activation function, a
pooling layer with size 2 × 2, a drop out layer with a fraction of unit’s layer to dropout
equal to 0.2;
• A 2D convolutional layer, with 32 filters, a 3 × 3 kernel, and ReLu as activation function,
a pooling layer with size 2 × 2, a dropout layer with a fraction of unit’s layer to drop out
equal to 0.2;
• A Flatten layer;
• A dense layer, with 127 neurons and a ReLu as activation function, a dropout layer with a
fraction of unit’s layer to drop out equal to 0.2;
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• A dense layer as the output layer, with 2 neurons, and a Softmax as activation function.
with a batch size = 32, the presence of the dropout layers and without any L1, L2 regularizer.
At this point, using the hyper-parameters selected by the hand-tuning, the only hyper-parameter
that can be still tuned is the network’s size.
For the selection of this parameter, a more sophisticated analysis needs to be done because it
requires a lot of computational time. This analysis is the optimization of the number of filters
in the convolutional layers and of the number of neurons in the first dense layer. The latter
optimization will be of fundamental importance because the number of filters and neurons are
the main responsible of the size of the neural network architecture when implementing it on
FPGA. For this reason, we are really interested in finding the optimal value of these parameters
that allows to have both great performances and a small size when implementing the network
on FPGA, in order to reduce the overall resources usage.
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Bayesian Optimization
At this point, the hyper-parameters of the CNN, that can be explored by a simple hand optimization, are fixed and it is necessary to focus on the size1 of the network. In order to fix the
size of the selected architecture (see Section 2.3) three parameters need to be determined:
• The number of filters in the first convolutional layer (sl1);
• The number of filters in the second convolutional layer (sl2);
• The number of neurons in the dense layer (sl3).
This means that the goal is to find the best combination of these three parameters that gives
the best network both in terms of performances and in terms of resources usage on FPGA
once implemented the network on it. Due to the high space, generated by all the possible
values of these three parameters, that needs to be explored in order to determine their best
combination, the hand optimization is not very suitable because it requires very long time to
explore all the possible combinations of the points in the space. For example, if sl1, sl2 and sl3
can assume values between 1 and 128, all the possible combinations that need to be explored
will be 128 × 128 × 128. This means that different optimization methods need to be considered
in order to find the optimal parameters for the size of the network.
For this purpose, this chapter will provide the idea of how the optimization of these types of
hyper-parameters can be done. Section 3.1 introduces some of the useful concepts and methods
to perform the optimization of the hyper-parameters, such as the number of filters and neurons,
that require an high dimensional space where the ideal values can be searched and to understand
the reasons why these parameters need to be optimized. Section 3.2 provides the explanation
of the process behind one of the methods, called Bayesian optimization, that will be used to
find the number of filters and neurons for the CNN. Then Section 3.3, will describe in more
details the Bayesian Optimization and will present the methods used in order to determine two
functions useful to perform this kind of optimization, such as the target function and the kernel
function. Finally, Section 3.4 will show the results obtained when performing the Bayesian
Optimization to find the best parameters that will determine the size of the network.

1 In an ANN with a fixed architecture characterized by convolutional and dense layers, with size of the network
we refer to the number of filters and neurons of these layers.

47

Bayesian Optimization

3.1

Fundamental concepts

When the size of the network is not known, it is necessary to use some techniques to find which
is the best neural network topology. This can be done by using a target function assuming a
different value for each trained topology and defined in such a way that its value is indicative of
the goodness of the size of the network. In particular, the better the topology, the higher the
value of such a function or, alternatively, the lower the overall error committed when using
this architecture. Therefore, the definition of such a function allows to map the problem into a
maximization problem since the global maximum of the target function will correspond to the
best architecture. In this study it is interesting to optimize the topology because it will affect
the hardware implementation, e.g. the resources usage. In general, it is of interest also because
such a maximization guarantees to have a good model where it is possible to reach the so called
bias-variance trade-off [39]. This is of interest whenever the relationship between the given data
and a function depending on them, as in this case the images of the EM and HAD particles and
the probability to belong to one of the two classes, can be represented by a parametric model,
such as a neural network. In fact, depending on the number of parameters introduced in this
neural network model there are two kinds of error, depending on the complexity of the model,
that can appear [45]:
• Bias error or underfitting. Its presence indicates that the assumptions done on the
properties of the parametric model would not allow the correct estimation of the target
function. In the specific case of topology selection, this corresponds to the fact that the
model is not complex enough and cannot correctly represent the data. As a matter of facts,
the more complex the parametric model is, the more the peculiarities of the function to be
estimated will be easy to approximate and, consequently, the lower the bias error will be.
• Variance error or overfitting. Its presence is indicative of the fact that the complexity
reached by the network is too high. The more complicated the model, the higher the
variance, because the model starts to encode fluctuations that are too much data dependent.
This means that as the model complexity increases the bias error becomes smaller but the
variance error increases while, if the model is too simple the variance error becomes smaller
but the bias error increases. Therefore, there is a point in the space of the variables that defines
the size of the network (such as sl1, sl2 and sl3) at which the global error, i.e. the sum of these
two, is optimal, when the model is neither too complex nor too simple. It is worth to be noticed
that finding this point is not the final answer to the problem. This would solve the problem for
what concerns the software side of the optimization problem. Nonetheless, the focus of the
thesis is not only to find the network that optimally solves the classification problem, but also
to obtain the network which is optimally implementable on hardware. This additional trade-off
to be considered requires a deepened study of the behavior of the target function in terms of the
topology, in such a way that one can understand how it is possible to change the parameters of
the network to obtain the best architecture both in terms of classification problem and in terms
of resources usage.
So far we have discussed that a maximization problem needs to be solved in order to find the
optimal topology of the network. Nevertheless, in neural network optimization there is no way
to know the target analytically as a function of the topology and, most importantly, it is not
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guaranteed that such a functional relationship is derivable. In fact, each of the points in the
space of the topologies is a neural network training and, due to the partial randomicity of the
result of a training process, neither continuity is certain. Additionally, it is very expensive to
evaluate the target at each of these points. Therefore, even a numerical maximization after
the evaluation of the target on the whole domain is out of discussion due to computational
limitations. This implies the need for alternative methods for exploring the space of topologies,
namely the Zero-Order Optimizations. These optimization techniques have been designed to
optimize non-convex objective functions and do not require the evaluation of the gradients [46].
There are different techniques that belong to this optimization class and can be used to explore
the space of the parameters that define the size of the network (sl1, sl2 and sl3), for example:
Grid search, Random Search, Covariance Matrix Adaption Evolution Strategy (CMA-ES) and
Bayesian Optimization (BO).
The Grid search (GS) is a technique where all the possible combinations of all the hyperparameters in a selected range are analysed. In particular, it is based on a for loop where at each
iteration a target neural network is built, trained and then the evaluation is performed to have
some results, such as the validation loss, the AUC, the WP_99, to compare the trained network
with the other NNs. This kind of techniques has a time complexity that increases very quickly
with the number of hyper-parameters.
Alternatively, it is also possible to use the Random search (RS) that is almost the same technique as the grid search, but in this case the hyper-parameters are randomly chosen and not
all the possible combinations are taken into consideration, reducing the computational time [47].
Another possible technique is the CMA-ES that is a sort of genetic algorithm that starts with
a population of points (which in our case would correspond to sl1,sl2 and sl3) and at every
generation keeps the best half of the points, then it evaluates the correlation of these points
and regenerates a new generation of points following the found correlation (see Fig. 3.1 [48]).
This algorithm converges very fast. The main problem is the computational cost, because it is a
function of the square of the dimension of the points at each generation (O(dim2 )).

Figure 3.1: Steps of a CMA-ES algorithm [48].
Every time the computation is very expensive, it is possible to use the Data-driven sampling. In
particular, these techniques start by sampling some data, computing a model that represents
the data and then, instead of sampling every time all the data, they use this model to evaluate
the best next sampling point and so on. There are different algorithms to perform Data-driven
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sampling and the best one is the Bayesian Optimization.
The Bayesian Optimization (BO) allows to estimate the target function, defined in the space
of the topologies, by estimating its mean and its accuracy interval, and to define a second
function, called acquisition function, that is used as a support during each iteration of the
optimization. At each iteration, the acquisition function is used to define, from a probabilistic
point of view, which is the best region of the space, namely the new best combination of the
topology parameters (sl1, sl2 and sl3), to be explored in order to find a point belonging to the
target function that could have a value that is higher than the previous known points. In order to
include this additional information in the estimation of the target function, which corresponds
to a new value of the target function for the new best combination of the topology parameters, a
method called Gaussian Process (GP) [49] is used. The main assumption at the basis of this
method is that the vector formed using the values of the target function can be described by
means of a multivariate gaussian distribution. Moreover, this distribution, or more precisely its
mean and covariance matrix, is assumed to be parametrized by the topology parameters (sl1, sl2
and sl3). The mean and the covariance matrix of the multivariate gaussian distribution, through
which the target function is modeled, are updated at each iteration, changing the approximation
thanks to the additional information that is introduced.
Ideally, the BO iteration procedure will converge to the maximum. This is to say that, after a
sufficient number of iterations is performed, it is expected that the acquisition function will
suggest to repeatedly sample the same combination of the topology parameters, not changing
anymore the approximation of the target function. Since this is just an ideal condition and
the convergence to the exact maximum is not guaranteed in a reasonable number of steps, it
is better to fix the desired number of iteration to stop the optimization. In any case, the final
topology identified by the BO will belong to a region, in the space of the hyper-parameters,
where the target will be higher than the other explored regions. Once the process of optimization
is completed, it is possible to check for which combination of the topology parameters the
maximum of the found target function is achieved and this combination will define the best
topology of the network.
More precisely, the Bayesian Optimization [50] is based on the Bayesian Inference, a statistical
technique that allows to infer the model from the data2 : starting from the data and a prior, that
is a prior idea of what the model is, it is possible to update the prior with the data and find the
so called posterior distribution. The evaluation of this posterior distribution is based on the
Bayes theorem:
p(data|model ) · p(model )
p(model|data) =
p(data)
In general the model that is used to represent the data is a Gaussian Process that allows to
find the parameters of the multivariate gaussian distribution that model the function of the
data (target function) that can be characterized or not by a stochastic component. Using this
Gaussian Process, it is possible to find a representation of this target function in terms of a

2 The data in this kind of model and in the case of a neural network where we are optimizing the size of
the network, correspond either to the different combinations of the topology parameters for which we know the
associated value of the target function, such as sl1, sl2 and sl3, and to the associated values of this target function.
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mean function and a variance/covariance function. This variance/covariance function gives the
variability around the mean and it depends on the points of the target function (see Section
3.2). So the idea is to use the Bayesian inference to calculate which is the best representation of
our data starting from a prior information of what the data are. In general, for the prior, it is
assumed that the mean is zero while for what concerns the covariance an hypothesis is used: the
covariance depends on the distance between points, the farther the points are, the lower is the
covariance, in a non trivial way to be approximated and it will be described by a function called
kernel that needs to be defined. After the evaluation of the mean and the covariance, the goal at
each iteration is to search the best point to define the new combination of the parameters (sl1,
sl2 and sl3) to be considered, in particular we need to find where the mean plus the standard
deviation allows to reach a better point than our maximum. In order to find this better point
an acquisition function is used. Different choices are possible for this function, but for this
specific study the one called Upper Confidence Bound (UCB) will be considered. The UCB is
characterized by the mean plus the standard deviation:
A(x) = µ (x) + kσ (x)
µ is the mean; σ is the standard deviation; x corresponds to the parameters that fix the size of
the network (sl1, sl2, sl3); and k is an hyper-parameter of the optimization process that needs to
be determined. It could be useful to specify that the UCB is equivalent to the Lower Confidence
Bound (LCB) where the sign of the mean is minus (−µ (x)).
Then, at each iteration the network is trained for the new values of the hyper-parameters, a fit
of the data with the additional values of the target function for the new hyper-parameters is
performed using the GP, the acquisition function is evaluated at each point in the space and the
maximum of the acquisition function will determine the new point to sample in the space.
The value of the hyper-parameter k gives a trade-off between exploration and exploitation.
Exploration means that some regions of the function are explored randomly and the higher is k
the higher is the exploration of the space. Exploitation means that the points in the space that
are already found out are explored more, and the lower is k the higher is the exploitation. The
optimization of the k parameter is in general done by hand.
The main limitation of the Bayesian Optimization is the Curse of Dimensionality [51]: as
the dimensionality of the space, where the data are defined (in this case the topology space),
increases, the volume of the space increases and as a consequence the data become sparse. It
means that an increasing number of data are required to get a proper fit with a method that relies
on the distance-based similarity between points. Consequently, this kind of optimization is
limited in dimension and performs well up to a dimension of the space that is 20-30. However,
in this specific problem the dimensionality is only 3, because only sl1, sl2 and sl3 need to
be determined at this point, and as a consequence it is possible to use this method for the
optimization without being affected by its limitation.

3.2

Gaussian Process

Having introduced in a general way different methods useful to optimize the parameters
associated to the size of the network (number of filters, sl1 and sl2, and number of neurons,
sl3) and having identified what might be the most suitable one when the computation time is
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very expensive, called Bayesian Optimization, it is important to understand how the Gaussian
process works, since it is at the basis of the Bayesian Optimization principle.
The Gaussian Process (GP) is a stochastic process involving random variables with a Gaussian
distribution. The general idea ([52]) is to consider an independent variable (x) ranging in a
domain (D) of our function, and a random variable that is the function of interest (y = f(x)). At
the first step a subset of the domain {X1 : xi ∈ D, i = 1, .., n1 }3 whose corresponding Y (Y ∈ Y1 )
are know, is selected. They are the known parameters that are used to select the prior for the
model. The main assumption is that the random variable (Y) follows a Multivariate Normal
distribution (N ( µ (X ), Σ(X ))), where µ (X ) is the mean; Σ(X ) is the covariance matrix; and
σ (x) is the standard deviation that is related to the spread of the points from the mean. In
particular, in the GP, the covariance plays a very important role because it characterizes the
entire process. In fact, it tells us how much the values of the function at two different points of its
domain are correlated. This is a structural information, essential for an optimal approximation
using such a multivariate gaussian description. The covariance matrix is in general not known.
It needs to be imposed from the outside in such a way that it satisfies the requirements of a
gaussian covariance matrix (positive definiteness and symmetry). In particular, it is forced to be
parametrized by the x-values by means of a function called kernel (K (xa , xb )) that can be of
different functional forms. The most used kernel is the RBF kernel, the exponentiated quadratic
covariance function:
− 1 kx −x k2
k(xa , xb ) = e 2`2 a b
(3.1)
where ` is the length-scale parameter and it is a positive number (` > 0). Starting from this
consideration, it is possible to consider new samples from D and evaluate the so called posterior
probability of Y2 . This means that a new sample {X2 : xi ∈ D, i = 1, .., n2 where n2 is the number
of new samples considered in the domain D} is selected and the corresponding values of the y
variable (called for simplicity Y2 ) can be predicted. In fact, the posterior probability distribution
of Y2 is the conditional probability of Y2 given X1 , Y1 , X2 . More specifically, this parameter
gives information about the possible interval of values that can be assumed by each variable
y ∈ Y2 knowing the parameters X1 , Y1 , X2 . In the following, I will derive the update equations,
already present in the literature [49, 52], at the basis of the regression in the Gaussian Process.
As said before, we consider the multivariate random variable Y ∈ RN , that contains both Y1 and
Y2 as
 
Y
Y= 1
(3.2)
Y2
Its joint distribution can be written as:
1
T
1
e− 2 (Y −µ ) A(Y −µ )
p(Y1 ,Y2 |X1 , X2 ) = p
2π|Σ|

(3.3)

where the inverse of the covariance matrix, A = Σ−1 , has been introduced. The purpose is to
find the probability distribution from which to sample Y2 given the information on Y1 , X1 and
the points in which the function needs to be estimated. In order to determine such a distribution

3 n corresponds to the number of elements, in the subset of the domain X , that we want to consider as a prior
1
1
for our model.
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the Bayes theorem must be used:
p(Y2 , Y1 , X1 , X2 )
=
p(Y1 , X1 , X2 )
p(Y2 ,Y1 |X1 , X2 )
=
=
p(Y1 |X1 , X2 )
p(Y2 ,Y1 |X1 , X2 )
=Z
dY2 p(Y2 ,Y1 |X1 , X2 )

p(Y2 |Y1 , X1 , X2 ) =

The probability distribution to be found has been written in terms of the known probability
distribution function and, as a consequence, the task is to explicitly perform the computations.
The first thing to be done is to work with the argument of the exponential:




 A11 A12 Y1 − µ1
T
T
T
(Y − µ ) A(Y − µ ) = (Y1 − µ1 ) (Y2 − µ2 )
=
A21 A22 Y2 − µ2
T
T
T
T
= Y˜1 A11Y˜1 + Y˜1 A12Y˜2 + Y˜2 A21Y˜1 + Y˜2 A22Y˜2

.
where the variable Ỹi = Yi − µi has been introduced. In order to proceed it is necessary to
express the Y2 dependent part of this term as a quadratic form of Y2 , possibly introducing a term
γ (Y1 ) to complete the square. First the general expression of the quadratic form, characterized
by two parameters to be fixed µ˜2 (Y1 ) and Ã(Y1 ), is introduced. Then by forcing it to be equal
to the last expression, once completed the square, the explicit values of the parameters are
inferred.
T
T
T
(Y˜2 − µ˜2 )T Ã(Y˜2 − µ˜2 ) = Y˜1 A12Y˜2 + Y˜2 A21Y˜1 + Y˜2 A22Y˜2 + γ
T
T
T
T
T
Y˜2 ÃY˜2 − Y˜2 Ãµ˜2 − µ˜2 T ÃY˜2 + µ˜2 T Ãµ˜2 = Y˜1 A12Y˜2 + Y˜2 A21Y˜1 + Y˜2 A22Y˜2 + γ

At this point it is possible to directly obtain that Ã = A22 whereas µ˜2 is obtained by solving:
A22 µ˜2 = −A21Y˜1
˜
µ˜2 = −A−1
22 A21Y1
The knowledge of the parameters allows to obtain the value of γ by solving:
T
˜
γ = µ˜2 T Ãµ˜2 = Y˜1 A12 A−1
22 A21Y1

Finally, the desired distribution can be computed in terms of the known parameters and of the
A matrix:
1

p(Y2 |Y1 , X1 , X2 ) =

˜

˜

1

1

˜

e− 2 Y1 A11Y1 + 2 γ e− 2 (Y2 −µ˜2 )
1 ˜
˜ 1
e− 2 Y1 A11Y1 + 2 γ

r

Z

TA

22 (Y˜2 − µ˜2 )

1 ˜
T
˜
dY˜2 e− 2 (Y2 −µ˜2 ) A22 (Y2 −µ˜2 )

|A22 | − 1 (Y˜2 −µ˜2 )T A22 (Y˜2 −µ˜2 )
=
e 2
2π
r
|A22 | − 1 (Y2 −µ2 −µ˜2 )T A22 (Y2 −µ2 −µ˜2 )
=
e 2
2π

=
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As expected the marginal distribution of a Gaussian is itself a Gaussian with the mean and
the covariance matrix to be explicitly written in terms of the original covariance matrix. A22
corresponds indeed to (Σ−1 )22 and its connection to the sub matrices forming Σ is not trivial.
In particular, the expression of the sub-matrices forming A in terms of the sub-matrices forming
Σ can be obtained by imposing the product of the two matrices to be equal to the identity:
1 = ΣΣ−1 = ΣA =


Σ11 Σ12 A11
=
Σ21 Σ22 A21

Σ A + Σ12 A21
= 11 11
Σ21 A11 + Σ22 A21


A12
=
A22
Σ11 A12 + Σ12 A22
Σ21 A21 + Σ22 A22



This leads to the linear set of equations:

Σ11 A11 + Σ12 A21 = 1



Σ A + Σ A = 0
11 12
12 22

Σ21 A11 + Σ22 A21 = 0



Σ21 A21 + Σ22 A22 = 1

(3.4)

By solving this system it is possible to obtain:

−1
−1

A11 = Σ−1

11 − Σ21 Σ22 Σ12


A21 = Σ−1 − Σ−1 Σ21 Σ−1
12
22
11
−1
−1
Σ
(
Σ
Σ
A
=
Σ

21 11 Σ12 − Σ22 )
12
11 12



 A−1 = Σ − Σ Σ−1 Σ
22

22

21 11

(3.5)

12

The last term corresponds to the covariance matrix of the desired Gaussian distribution. The
missing terms for completing its characterization is the mean:
˜
µ2|1 = µ2 + µ˜2 = µ2 − A−1
22 A21Y1 =

= µ2 − A−1
22 A21 (Y1 − µ1 )
In order to evaluate the value of A−1
22 A21 one can use the second equation of the system 3.4:
Σ11 A12 = −Σ12 A22
A12 = −Σ−1
11 Σ12 A22
−1
A12 A−1
22 = −Σ11 Σ12
T
−1
T
(A12 A−1
22 ) = −( Σ11 Σ12 )
−1
T
A−1
22 A21 = −( Σ11 Σ12 )

That yields:
p(Y2 |Y1 , X1 , X2 ) = N


µ2|1 =

T
µ2 + (Σ−1
11 Σ12 ) (Y1 − µ1 );
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(3.6)
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where µ1 and µ2 correspond to the prior information on the mean value of the function in the
considered points. In our case, they are both set to 0. On the other hand, all of the sub-matrices
can be computed from the kernel as
Σi j = K (Xi , X j )
The distribution is then fully determined and the Y2 points can be sampled from it. This sampling
procedure can be performed all at once or, as in the case of the Bayesian Optimization, it is
possible to design an iterative procedure for progressively updating the knowledge on a desired
function based on the previsions done with the knowledge at hand.
From a practical point of view, the product Σ−1
11 Σ12 is the most computationally expensive part
and the optimized way of implementing it, as it is done in the scikit-learn [53] implementation,
is by means of the Cholesky decomposition ([54]) of the Σ11 sub-matrix. In fact, being it
positive definite and symmetric, it can be written as Σ11 = LLT and the matrix χ = Σ−1
11 Σ12 ,
T
corresponding to the solution of the linear problem Σ11 χ = Σ12 becomes LL χ = Σ12 . L is a
lower triangular matrix and the solution of a linear system having the matrix of the coefficients
of this form is easily solvable. Therefore, one first finds the solution of the linear system
Lξ = Σ21
and then the χ matrix is obtained by solving
LT χ = ξ
The main advantage of the Gaussian Process is that it can be used not only to learn a function
that is well defined, as for example a sinusoidal function, but also to learn functions that are
rather characterized by noise. This aspect of the GP is very useful in order to find the best
number of filters in the first and second convolutional layers and the number of neurons in the
dense layer, because the function that is used as a target in the BO, and so in the GP, can be the
loss function or the AUC or the WP_99 that are not well defined functions of these parameters.
In particular the GP parameter that plays a significant role in determining the presence of noise
rather than a correlation is the covariance matrix and so the kernel. What can be done is to
consider the kernel as a sum of two contribution, for example:
• The RBF kernel that will approximate the correlated part;
• The White kernel, that can be described as a diagonal matrix having the noise level
along the diagonal, will take into consideration the uncorrelated part and so the noise that
characterized the points.
The RBF kernel is characterized by two parameters, the first one is the length scale, that
correspond to the parameter ` in the previous formula (Eq. 3.1), and a coefficient (α) multiplying
it that describes the importance, and so the weight, of the RBF term for the specific function it
is trying to learn. For what concerns the white kernel, it can be described by one term, i.e. the
noise level (β ), that states how much the function is dominated by the noise. More generally
the formula of the full kernel can be written as:
−

k(xa , xb ) = αe

|xa −xb |2
2`2
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The mentioned parameters are optimized with a gradient descent in the scikit-learn implementation itself that selects which are the best ones to approximate the model.
In order to clarify this concept, it is possible to consider two simple examples where the GP,
with the kernel equal to the previous formula, is used in order to approximate first a sinusoidal
function, sin(x), where the x values are sampled by a uniform distribution. Then a GP with the
same characteristic as the first one is used to approximate a sinusoidal function where a random
noise, sampled from a normal distribution with µ = 0 and σ = 1, is summed for each value of
x, namely sin(x) + noise(x).
At this point the parameters of the kernel selected by using the gradient descent, after the fit of
the GP with the prior data, are:
α = 3.20, ` = 2.52, β = 10−10 f or sin(x)
α = 0.94, ` = 1, β = 0.998 f or sin(x) + noise(x)
As it is possible to observe from this result, the value of the noise is very small in the first
case and very high in the second case, meaning that in the second case the model contains a
significant noise component, also if the contribution of the sine is still visible. The result of the
GP with the two function is shown in Fig. 3.2a and in Fig. 3.2b respectively.

(a) Prior and posterior distribution for the sinusoidal function. The GP is modelling the sinusoidal
function because there is not noise.

(b) Prior and posterior distribution for the sinusoidal function with additional noise. The GP is
modelling a significant noise component.

Figure 3.2: Prior and posterior distribution obtained by using the GP for two functions. In
black are represented the prior distributions of the known points, while in green and light green
are represented, respectively, the mean and the standard deviation predicted by the GP for all
the other values of the function at different values of x with respect to the prior points.

3.3

Practical hyper-parameters tuning

In this section I will focus on the use of two of the previously described hyper-parameters tuning
techniques, the Grid Search (GS) and the Bayesian Optimization (BO), and on the comparison
of their results. As already said, in order to perform the BO, it is necessary to find a target
function that gives significant results for the neural network comparison, i.e. a function whose
value changes with the number of filters and neurons and it is not constant, as well as the kernel
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to determine the correlation between the points of this function.
It is worth mentioning that when the parameters of a model, in this case of the Bayesian
optimization, need to be determined, it is important to define a procedure for this selection. As
well as what we did for the hand-tuning optimization of the hyper-parameters of the neural
network (in Section 2.2.1), there is not a unique way of performing such an optimization. In
this case we decided to first use the default kernel employed in the implementation of the BO
process available on scikit-learn ([53, 55]), i.e. the so called Matern(ν=2.5) kernel4 , in order to
check which is the best target function. Independently from the type of kernel used, at the end
of the process it is possible to obtain a rough estimate of the target function. This estimation
is enough to understand which target function could be more significant for the optimization
of the network with respect to the topology parameters. Once the target function will be fixed
the kernel will be modified to observe if there are other kernel functions that give a better
approximation in this specific case. Consequently, the first thing that will be considered is the
target function that will be used with 3D BO in order to determine which is the best neural
network in terms of performances. In order to select the proper target function, a first 1D BO
and a 3D GS will be performed and then the results will be compared. The 1D BO will be
performed considering a 1D topology space determined by the different values assumed by the
number of filters in the first convolutional layer (sl1), while the 3D GS will be done considering
different combinations of the number of filters in the first and second convolutional layers (sl1
and sl2) and of the number of neurons in the dense layer (sl3).
As already said, there are some parameters that are meaningful in particle physics like the
AUC and the Background rejection at 99% or 95% of signal efficiency (WP_99 and WP_95
respectively). For this reason, all of them will be taken into consideration along with the
validation loss at the last epoch, where, in the case of BO, the minus sign is added to the loss
since the BO is implemented on scikit-learn to solve maximization problems. The selection of
the target function is very important for the BO problem, either because it expects a function
with a mean µ = 0 and so the selection of the target will influence the performance, but also for
the selection of the kernel that will describe the correlations between the points of that function.
Once the target function will be defined, we will move towards the selection of the kernel,
comparing different possible kernels and combinations between them.

3.3.1

Grid search and Bayesian optimization with loss as a target

The first function that can be used as a target to compare different models is the validation loss function L . This target is used first in a GS optimization where each model is
characterized by different values of sl1, sl2, sl3 that are selected from the union of two different spaces: the first one corresponds to all the possible triplets that can be formed using
sl1 ∈ {8, 12, 16, 18, 24, 32, 64}, sl2 ∈ {8, 12, 16, 32} and sl3 ∈ {8, 12, 16, 24, 32, 64, 128} while
the second one is generated in the same way, using sl1 ∈ {8, 16, 32}, sl2 ∈ {24, 64, 128},
sl3 ∈ {8, 12, 16, 24, 32, 64, 128}. After the GS the comparison of the results for different combination of sl1, sl2 and sl3 in terms of loss function is shown in Fig. 3.3.
√

√

Matern kernel is defined as: Γ(ν )12ν−1 ( l2ν d (xi , x j ))ν Kν ( l2ν (d (xi , x j ))), where d is the Euclidean
distance, ν allows to specify the smoothness of the function, Kν is the modified Bessel function, Γ is the gamma
function (see [49]).
4 The
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Figure 3.3: 3D representation of the results of the GS method for different numbers of filters in
the 1st and 2nd convolutional layers and the number of neurons in the dense layer. The different
colors represent the value of the loss function after the test of the model. The maximum in dark
red, and the minimum in dark blue.
To better visualize the behaviour of the loss function for different values of sl1, sl2, sl3, it is
possible to plot the value of the loss for each different combination of that parameters as a
function, for example, of the number of filters in the 1st convolutional layer (see Fig.3.4).

Figure 3.4: 2D plot of the loss as a function of the number of filters in the 1st convolutional
layer.
Among all of these networks, the one minimizing the loss function is characterized by the
hyperparameters sl1 = 16, sl2 = 16 and sl3 = 12.
It is worth mentioning that the found minimum is not guaranteed to be always found as the
absolute minimum. This is due to the presence of an intrinsic randomness of the loss. For
this reason, the BO should be better since it is the only method described so far that is able to
take into consideration this aspect. Before proceeding, it is important to check the goodness of
the performances of the model by evaluating the loss as a function of the number of epochs,
the confusion matrix and the ROC curve together with its useful parameters (AUC, WP). The
results of the loss function and the ROC curve are shown in Fig. 3.5a and Fig. 3.5b respectively.
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(a) Loss function vs. the number of epochs.

(b) ROC curve. The yellow WP is evaluated
by performing the interpolation of the ROC
curve (expressed in the form 1- f pr vs. t pr )
at the abscissa t pr = 0.99 , while the magenta WP is evaluated from the confusion
matrix that contains the information about
f pr by performing 1- f pr .

Figure 3.5: Loss function and ROC curve of the model that gave the minimum value of the
validation loss.
These results show that the final value of the loss at the end of the test of the model is 0.0252,
while the WP is (0.99, 0.9920) and the AUC is 0.9991.
Finally the model is characterized by the following CM and CMr :




5424
82
0.9851 0.0149
CM =
CMr =
(3.7)
25 10709
0.0023 0.9977
Checking the value along the diagonal of the CMr it is possible to understand that the model
is able to recognize with a very high accuracy the EM particles (element on the second row
and second column of the matrix) and the HAD particles (element on the first row and the first
column of the matrix). The global accuracy of this model is 0.99.
Now it is possible to perform the Bayesian Optimization5 using as a target −L , since its
maximization corresponds to the minimization of the loss function. In order to understand the
behaviour of the BO it is better to reduce the parameter space from 3 to 1 in order to have a 2D
representation of the BO. For this purpose two parameters need to be set, for example: sl2 =
12 and sl3 = 16. It means that, once fixed the hyper-parameter of the BO (k=2), only sl1 is a
parameter to be optimized, and the one-dimensional space in which the BO method can choose
sl1 is between 1 and 128. After twelve iterations the result of the Bayesian optimization, shown
in Fig. 3.6, shows that the target function improves up to 25 filters and once the number of
filters becomes higher than that, it starts to become worse (higher in absolute value). This could
be very interesting for our purpose because the implementation of the NN on FPGA requires a
number of layers, filters and neurons that should be as small as possible.

5 All

the Bayesian Optimization are performed using the algorithm implemented by the scikit-learn library

[53].
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Figure 3.6: Results of Bayesian Optimization using Matern(ν = 2.5), for a space between 1
and 128, after 12 iterations. The y axis is negative because the BO has only the max function
implemented and so to have the minimum value the loss is multiplied by a minus sign.
In order to confirm the obtained result it is possible to increase the one-dimensional space in
which the BO can select the sl1 parameter from 128 to 256, it means that the new space is
between 1 and 256. As it is possible to see from Fig. 3.7 , the loss becomes worse when the
number of filters in the first convolutional layer increases, validating the previous result. These
results suggest to consider a small number of filters for the first convolutional layer rather than
an high one.

Figure 3.7: Results of Bayesian Optimization using Matern(ν = 2.5), for a space between 1
and 256, after 12 iterations. The y axis is negative because the BO has only the max function
implemented and so to have the minimum value the loss is multiplied by a minus sign.
In order to compare the results of the BO with the 3D grid search it is possible to consider only
the points of the 3D GS that are characterized by sl2 equals to 12 and sl3 to 16 (to have the
same values used in the BO) and to observe the corresponding values of the validation loss (see
Fig. 3.8). As it is possible to see from Fig. 3.7, the behaviour of the BO is very similar to what
is expected from the grid search (see Fig. 3.8).
With the GS method it is also possible to see, from Fig. 3.4, that for a small number of filters
in the first convolutional layer there are very bad and very good points including the point at
which the loss is minimal, that is more isolated from the others due to the very small value of
the loss function. Considering the BO, it is possible to extract similar information but with a
very small number of iterations, due to the fact that the BO does not explore all the points in the
space, but uses the information previously evaluated to select the next best guess and reach at
the end a very similar result, in terms of optimized target (L in this case).
As a conclusion, it is possible that the two methods will find a different best result, because
of the different selection of the hyper-parameters from the space, where the differences in
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Figure 3.8: Representation of the loss, evaluated with the GS method, as a function of different
numbers of filters in the 1st convolutional layer. For this plot only the evaluated values of the
loss for the models that have sl2=12, sl3=16 are considered.
terms of optimized target (loss) are very small. In this specific example, the best value of the
L during the test, according to the Bayesian optimization, is obtained with sl1 = 19, and the
corresponding value of the loss is 0.0268. As it is possible to see, the results in terms of loss,
for the two methods, are very similar and the difference is of the order of 10−3 . Conversely,
the combinations of the number of filters and neurons for the best point are different, (sl1 =
16, sl2 = 16, sl3 = 12) with GS and (sl1 = 19, sl2 = 12, sl3 = 16) with the BO, also due to the
restriction applied in the Bayesian optimization (sl2 = 12 and sl3 = 16). As a consequence, it
is possible to use the Bayesian optimization, instead of the GS, in order to reduce the time of
computation but reaching a model that will be characterized by a value of the loss that is almost
the same as the one that we can find with the GS in more time. Once these considerations are
done, it is possible to move towards different types of target such as AUC, WP_99 and WP_95
in order to see which is the most suitable one for this classification problem.

3.3.2

Grid search and Bayesian optimization with AUC as a Target

The same considerations done for the GS and BO with minus the loss −L as a target can be
done by considering the AUC as a target. Considering the same models as those trained for the
GS with the loss as a target, it is possible to select which of them reaches the highest value of
AUC, i.e. the best model. The results of the GS obtained with AUC as a target are shown in Fig.
3.9.
In this case the maximum value of AUC is shared by two different architectures:
• sl1=12, sl2=16, sl3=8;
• sl1=12, sl2=32, sl3=24.
and it is equal to 0.9992. In this case, in order to implement the BO with a target equal to the
AUC it is necessary to change the mean and the spread of the AUC to find a proper function for
the GP. This is due to the fact that the value of AUC is always near 1 and the Gaussian process
requires a function with a mean almost near 0 and a spread of 1 to properly work.
For this reason, in order to find this function it is possible to extract approximate rescaling
factors by observing the results obtained with the GS, focusing only on the models that have
sl2=12, sl3=16, just to have the same models used in the BO with the loss function as a target
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Figure 3.9: 3D representation of the results of the GS method for different number of filters in
the 1st and 2nd convolutional layers and of neurons in the dense layers. The different colors
represent the value of the AUC. The maximum in dark red and the minimum in dark blue.
and see which model is the best one in terms of AUC. Given the aforementioned models, the
behaviour of the AUC as a function of the first convolutional layer (Fig. 3.10) allows to find a
good mean and a good spread (standard deviation) that will be used to adjust the AUC for the
BO.

Figure 3.10: Representation of the AUC, evaluated with the GS method, as a function of
different numbers of filters in the 1st convolutional layer. For this plot only the evaluated values
of AUC for the models that have sl2=12, sl3=16 are considered.
The value of the mean is 0.9988 while the value of the spread is 0.00028, and so the AUC in the
BO is renormalized in the following way:
AUC − 0.999
8 · 10−4
In words, the AUC is shifted by the mean and rescaled by a factor obtained by multiplying the
approximate spread of the AUC by 3. In fact, the Gaussian process, at the heart of the BO, is
based on the choice of the next guess in within 3 times the standard deviation from the average
value.
Considering now AUCcorr as the target for the BO it is possible to analyse its behaviour as
a function of the number of filters in the 1st convolutional layer (sl1) by fixing sl2=12 and
AUCcorr =
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sl3=16. Also in this case it is possible to start by observing the evolution of the BO when the
hyper-parameter k is equal to 2 and the space in which it selects sl1 is between 1 and 128 (see
Fig. 3.11).

Figure 3.11: Results of Bayesian optimization using Matern(ν = 2.5) and k=2, for a space
between 1 and 128, after 12 iterations.
As it is possible to see from this picture, there are a lot of fluctuations for different values of sl1
and there is not a well defined trend of AUC when the number of filters in the 1st convolutional
layer increases. In this case, it is possible to increase the sl1 space in order to see if for very
large values of sl1 there is a significant variation of AUC. For this reason it is possible to
perform the BO always keeping the hyper-parameter k equal to 2, but selecting the space where
sl1 is chosen in between 1 and 256 (see Fig. 3.12).

Figure 3.12: Results of Bayesian optimization using Matern(ν = 2.5) and k=2, for a space
between 1 and 256, after 12 iterations.
As it is possible to observe from Fig. 3.12, after 170 filters in the 1st convolutional layer the
value of AUC starts to become smaller and the best value of AUC is obtained for sl1=30 and the
corresponding value of AUC is 0.9991. Also in this case it is difficult to directly compare the
results from GS and those from BO, because the best point found with GS has sl2 = 16 or 32
and, respectively, sl3=8 or 24 cannot be found by means of the BO when sl2 is fixed to 12 and
sl3 is fixed to 16. Instead, it is possible to compare only a specific subset of the results of GS,
those shown in Fig. 3.10, with the behaviour seen with BO, in Fig. 3.12, in a restricted space
between 1 and 60. As it is possible to see from the two figures, it seems that around sl1 ' 25
there is the maximum value of AUC and then the characteristic presents a local minimum. In
conclusion it seems that also comparing the AUC value allows to prove the effectiveness of GS
and BO methods and the coherence of their results. Now that we also observed the behaviour of
the BO when using AUC as target, we can move to the last two possible targets, such as WP_99
and WP_95.
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3.3.3

Grid search and Bayesian optimization with WP_99 or WP_95 as
a target

It is also possible to consider, instead of the L and the AUC, the Background rejection at
99% or 95% of signal efficiency as a target for the GS and BO. Starting with the GS and
still considering the already trained models used for the L and for the AUC, it is possible to
represent the results of the GS in terms of W P_99 (see Fig. 3.13a) and in terms of W P_95 (see
Fig. 3.13b).

(a) 3D representation of the results of the grid search methods for
WP_99.

(b) 3D representation of the results of the grid search methods for
WP_95

Figure 3.13: 3D representation of the results, in terms of WP_99 and of WP_95, of the GS
method for different number of filters in the 1st and 2nd convolutional layers and of neurons in
the dense layer. The different colors represent the value of the WP_99, in the figure on the top
and of WP_95 in the figure on the bottom. The maximum in dark red and the minimum in dark
blue.
When considering W P_99 as a target, different models, according to the GS, give the same best
value and they are characterized by:
• sl1 = 8, sl2= 128, sl3 = 8;
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• sl1 = 32, sl2 = 128, sl3 = 64;
• sl1 = 12, sl2 = 16, sl3 = 8.
and the corresponding value of W P_99 is 0.9922.
While for W P_95 the best model is characterized by: sl1 = 32, sl2 = 32, sl3 = 16 and the
corresponding value of W P_95 is 0.9964.
In order to perform the BO, even in this case it is necessary to adjust the target by using a
certain mean and a certain spread. In order to evaluate these parameters, it is possible to use the
results of the GS, but selecting only the models that are characterized by sl2=12 and sl3=16
in order to keep the same network configuration used for the BO with L and AUC as target.
In this way, the value of WP_99 as a function of the number of filters in the 1st convolutional
layer (see Fig. 3.14a) and the value of WP_95 as a function of the number of filters in the 1st
convolutional layer (see Fig. 3.14b) allow to evaluate proper approximate means and standard
deviations for the BO models that are:
• for W P_99 the approximate mean is 0.9898 and the approximate standard deviation is
0.00085. And the redefined target for the BO is
W P_99red =

W P_99 − 0.9898
2.55 · 10−3

• for WP_95 the approximate mean is 0.9950 and the approximate standard deviation is
0.00032. And the correct target for the BO is
W P_95corr =

(a) WP_99 vs. the number of filters in the 1st convolutional layer.

W P_95 − 0.9950
9.60 · 10−4

(b) WP_95 vs. the number of filters in the 1st convolutional layer.

Figure 3.14: Representation of the WP_99 and WP_95 as a function of the number of filters in
the 1st convolutional layer. For this plot only the evaluated values of WP_99 and WP_95 for
the models that have sl2=12, sl3=16 are considered.
Now, considering WP_99 as the target, the hyper-parameter k equal to 2, sl2=12, sl3=16 and
sl1 in a range between 1 and 128, the results of the BO are shown in Fig. 3.15.
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Figure 3.15: Results of Bayesian optimization using Matern(ν = 2.5), for a space between 1
and 128, after 13 iterations.
In this result, it seems that the value of WP_99 becomes better as the number of filters in
the first convolutional layer increases, even if there are some oscillations. It is also possible
to increase the space where the value of sl1 is chosen from 128 to 256 to see if WP_99 will
continue to keep the same behaviour. For this reason, retaining the same value of k as before
and considering the space in between 1 and 256 a new BO is performed and the result is shown
in Fig. 3.16.

Figure 3.16: Results of Bayesian optimization using Matern(ν = 2.5), for a space between 1
and 256, after 12 iterations.
In this case it seems that the result of the BO is not very significant because there are a lot of
fluctuations of the parameter WP_99. The best value of WP_99 is found for sl1 = 112 and the
corresponding value of WP_99 is 0.9913.
Instead, considering WP_95 as the target, the hyper-parameter k equal to 2, sl2=12, sl3=16 and
sl1 in a range between 1 and 256, the results of the BO are shown in Fig.3.17.

Figure 3.17: Results of Bayesian Optimization using Matern(ν = 2.5), for a space between 1
and 256, after 12 iterations.
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Observing the behaviour of the WP_95 shown in Fig. 3.17, it is possible to observe that the
BO is not very useful if the target is WP_95, since it seems that all the points are interpreted as
noise and that there is not a dependence on the number of filters that can allow to understand
which combination is the best one.
After having observed the results for different targets, such as: the validation loss, the AUC, the
WP_99 and the WP_95, what it is possible to say is that when using the WP_99 or WP_95 or the
AUC as a target, it is not simple to identify a characteristic behaviour of these functions because
they seem to not have a meaningful variation when the number of filters or neurons change and,
as a consequence, the best target function that can be used in the BO, with reference to this
specific classification problem, is the validation loss. This consideration can be done because
the loss as a function of the number of filters and neurons presents a non-steady behaviour.
In particular, it starts to become worse (i.e. to decrease in absolute value) when the number
of filters becomes too big. This is the reason why we decided to select the validation loss as
the target function and also to reduce the target space in a range between 1 and 128 (instead
of considering a range between 1 and 256) for the next steps. Finally, we also decided to fix
the value of the hyper-parameter of the BO, k, to 4 in order to increase the exploration of the
space. Now that the target function, the target space and k are selected they will be fixed and it
will be possible to explore different kernel functions in order to see if better approximations of
the selected target function can be reached by considering kernels different from the Matern
(ν=2.5) kernel used until now.

3.3.4

Selection of the number of epochs

Before going ahead with the selection of the kernel for the BO, it can be useful to introduce
a criterion for the selection of the number of epochs during the training in order to avoid the
over-fitting (also called over-training) of the network, that we observed during the comparison
of the validation loss and the train loss in the selection of the target function. The over-training
problem can be visualized by comparing the training loss and the validation loss, as it is done
in Fig. 3.18, where it is possible to observe the behavior of the training and validation loss
as a function of the number of filters in the first convolutional layer. In particular what can
be observed is that the training loss and the validation loss start having an opposite behaviour
after a certain point and the value of the validation loss becomes higher than the value of the
train loss. This is unexpected in a good model because when the validation loss is much higher
than the training loss, it is possible that one of the two loss functions is increasing instead
of decreasing. It means that the network is not modeling the data in a correct way and that
the network gives randomly corrected outputs during the training which will not be correct
during the validation. This suggests that for a high number of filters (high sl1) the networks are
characterized by an over-training.
In order to better visualize this problem, it is useful to compare two models obtained in the BO
with the validation loss as a target that behaves in an opposite way. The two selected models
are: the one that gives the minimum validation loss that is characterized by sl1=19, sl2=12,
sl3=16 (Best model) and one of the model that gives one of the highest values of the validation
loss (Worst model), for example, sl1=256, sl2=12, sl3=16.
For both the models the training and validation loss as a function of the number of epochs are
represented in Fig. 3.19.
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(a) Result of BO with Test Loss as a target.

(b) Result of BO with Train Loss as a target.

Figure 3.18: Comparison results BO with Test and Train loss as a target.

(a) Loss of the best model.

(b) Loss of the worst model.

Figure 3.19: Comparison of the loss as a function of epochs for the best and worst model found
with BO.
This result shows that in the worst model the validation loss, after almost 20 epochs, starts
increasing instead of decreasing and becomes higher than the train loss. This means that there
is an over-fitting and it could be the reason why at large value of sl1 the two BO results show
an opposite behaviour when using validation and training loss as target. On the contrary, in
the best model it seems that there is still a small over-fitting, but after almost 90 epochs. It is
perhaps better to reduce the number of epochs in the training process from 100 to 20 to avoid
the over-fitting in both cases. This stopping criterion will be used in Section 3.3.5, where we
will still be doing a preliminary analysis for the selection of the kernel that allows the best
approximation of the target function in the BO, with the aim of avoiding the over-fitting.
In a second moment, during the real evaluation of the best combination of sl1, sl2 and sl3 in
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Section 3.4, in order to finalize the model and to obtain a more general stopping criterion, an
improved and more adaptable criterion will be considered. Instead of stopping the training
for each model at 20 epochs, the past history of the validation loss across the epochs is taken
into consideration in order to determine whenever it starts to increase instead of decreasing.
Moreover, the presence of several fluctuations can influence the stopping criterion. For this
reason, instead of directly checking the value of the validation loss at each epoch, an average
of the validation loss across the previous n = 5 epochs is evaluated at each new epoch and the
training is stopped whenever this average is higher than that evaluated at the previous epochs
for at least k = 3 consecutive times.

3.3.5

Kernel selection

Once the target function is determined and a stopping criterion is selected for the training
process, it is possible to focus on the selection of the kernel that can be used as a covariance
matrix in the optimization of the hyper-parameters of the CNN, such as the number of filters
and neurons. As already mentioned, the selection of the kernel is of fundamental importance
because it describes the correlation between the points of the target function in the optimization
process and it needs to be selected at the beginning of the optimization by hand.
In order to do that, different possible kernel functions and their combinations will be considered:
Matern(ν=2.5), RBF, k·RBF + W, RBF +k·W, Matern(ν=2.5) + Matern(ν=1), Matern(ν=2.5)
+ k·Matern(ν=1), k·RBF·k·RBF + W, k·RBF +k·RBF, k·RBF + k·Matern(ν=2.5),
Matern(ν=2.5) + W, Matern(ν=2.5) + Matern(ν=1) + W, Matern(ν=2.5) +k· Matern(ν=1)
+ W, k·RBF + k·RBF+ W; where k is the weight associated to the considered kernel and it
corresponds to the parameter of the kernel that is optimized in the scikit-learn implementation
of the GP; the RBF and the White kernel (W) are described in Section 3.2; and the Matern
kernel is a generalization of the RBF kernel, [49], where it is possible to specify the smoothness
of the function (ν=1 means once differentiable, ν=2.5 twice differentiable, ν=0.5 the kernel is
identical to the exponential kernel and ν=∞ the kernel corresponds to the RBF).
In particular, the first thing to consider is a 3D BO for each kernel, where the variables to
be determined are always sl1, sl2 and sl3, in order to have a prediction of the mean and the
covariance in the 3D space for each possible kernel.
Then, due to the fact that the BO generates an estimate of the target function, in order to
understand the goodness of the model it is necessary to observe how close is the selected kernel
to the descriptions of the real correlations. Therefore, each model approximation needs to be
compared with something that is known to be a good result. In order to do that, it is possible to
perform, for each kernel, a GS along sl1 by fixing sl2 and sl3 to the values corresponding to the
best point obtained in the BO with the same kernel. In fact, such a grid search can be used to
obtain a more detailed estimation of the target function along with the considered slice with
which the BO estimation can be checked against. Each GS is performed for 17 different values
of sl1, and in particular the selection of these values depends on the number of parameters of
the network. It was reasonable to take more values closer together when the number of filters is
small and then take larger range: 3,4,5,6,7,8,9,10,12,15,20,30,40,60,80,100,120. This is done
because, when comparing neural networks, it is expected to have more variation in terms of
performances when the parameters of these networks change more. This appears for example
when the number of filters is doubled rather than changed of a small amount, i.e. it is expected
to have more variation in terms of performances when two networks are characterized by 3 and
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6 filters rather than by 30 and 40. This is because any ANN is a parametric method and the
way it learns a function strongly depends on the number of parameters in it. Any parameter can
be thought of as a feature, that the network can extract from the data and used to classify the
image under analysis. Consequently, changing the number of features extractable by doubling
them is more informative than changing them by a small amount each time.
In this way, there will be a reasonable number of points after each GS where it is possible to
perform the GP to determine either the empirical mean and the covariance. In this way, there
will be something that can be compared with the corresponding estimates obtained via the 3D
BO once it will be projected in 1D by taking one slice along sl2 and sl3 equals to those for
which the best point in the 3D BO is obtained. This means that the sl2 and sl3 of either the GS
and the 1D slice of the corresponding 3D BO are equal and a significant comparison can be
made, see Fig. 3.20 and Fig. 3.21.
What is expected from these figures is that a good kernel will allow to obtain the predictions
made by the 3D BO, when considering one slice along sl2 and sl3, that are similar to the
predictions made on the GS points by the GP. As a consequence, it is possible to consider as
good a kernel that allows to have a similar behaviour of the two curves, the orange one and the
blue one with the corresponding accuracy intervals. Nonetheless, there is not a unique way
to quantify how similar two curves are and, in the following, two criteria will be considered.
Firstly, it will just be analyzed the distance in between the two average values. Then, the
information on the accuracy interval will be taken under consideration and a number will be
associated to the overlap of the two accuracy intervals to define the distance existing between
the two approximations. These are two ways of defining a distance between the approximations.
In any case, the smaller is the distance, the better will be the kernel used for the approximation.
What it is possible to intuitively conclude from these plots is that the best results are obtained
with the weighted RBF kernel plus the white kernel, by the product of the weighted RBF plus
the white kernel or by the sum of the weighted RBFs plus the white kernel (Fig. 3.20c, Fig.
3.21a and Fig. 3.21g respectively), where the product of the weighted RBF is strictly related to
the power of two of the weighted RBF. This can be intuitively said because these three kernels
are those for which there is a more significant overlap between the expected result from the GS
(blue curves and intervals) and the corresponding estimation made by the BO (orange curves
and intervals). In addition, these plots are not characterized by mean curves that exactly follow
the points. The latter condition would mean that they would be modelling the noise and not the
correct relations between the points, as in the case of Fig. 3.21e. Moreover, in order to have
a quantitative and more precise comparison between these kernels it is possible to perform a
second analysis.
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(a) Predictions when using the Matern kernel
with ν = 2.5

(b) Predictions when using the RBF kernel.

(c) Predictions when using the weighted RBF
kernel plus the White kernel.

(d) Predictions when using the RBF kernel
plus the weighted white kernel.

(e) Predictions when using the Matern kernel
with ν = 2.5 plus Matern kernel with ν = 1.

(f) Predictions when using the Matern kernel
with ν = 2.5 plus the Matern kernel with ν =
1 plus the white kernel.

Figure 3.20: Representation of the prediction of the validation loss for different number of
filters in the first convolutional layer. In red and orange are represented the predictions made by
the 3D BO when considering one slice along sl2 and sl3 corresponding to the values for which
the best point of the 3D BO is obtained. The best point of the 3D BO is represented by the
yellow star. In black are represented the points evaluated by the 1D GS and in blue and light
blue are represented the prediction made by the GP performed on the black points.
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(a) Predictions when using the weighted RBF
kernel times the weighted RBF kernel plus the
white kernel.

(b) Predictions when using the weighted RBF
kernel plus the weighted RBF kernel.

(c) Predictions when using the weighted RBF
kernel plus the weighted Matern kernel with
ν = 2.5.

(d) Predictions when using the Matern kernel
with ν = 2.5 plus the white kernel.

(e) Predictions when using the
Matern kernel with ν = 2.5 plus
the weighted Matern kernel with
ν = 1.

(f) Predictions when using the
Matern kernel with ν = 2.5 plus
the weighted Matern kernel with
ν = 1 plus the white kernel.

(g) Predictions when using the weighted RBF
kernel + the weighted RBF kernel + the white
kernel.

Figure 3.21: Representation of the prediction of the validation loss for different number of
filters in the first convolutional layer. In red and orange are represented the predictions made by
the 3D BO when considering one slice along sl2 and sl3 corresponding to the values for which
the best point of the 3D BO is obtained. The best point of the 3D BO is represented by the
yellow star. In black are represented the points evaluated by the 1D GS and in blue and light
blue are represented the prediction made by the GP performed on the black points.
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In this case we run a 3D GS for 6 different values of sl1, sl2 and sl3 (3, 6, 12, 42, 75, 100), to
generate in total 216 points in the 3D space, then this process is repeated 10 times in order to
have for each of the 216 points a mean and a standard deviation. In this way it is possible to
generate a target through which comparing the results of the already performed 3D BO. More
specifically, a new matrix that contains all the possible combinations of sl1, sl2 and sl3 (with a
final size equal to 216 × 3, where 216 corresponds to the total number of combinations of sl1,
sl2 and sl3 considered and 3 corresponds to the total number of coordinates in the space: sl1,
sl2 and sl3) is generated and it will be used as input of the already fitted 3D Gaussian process
during the 3D BO. In so doing, for every 3D BO with one of the selected kernel, the associated
3D GP that is fitted during the optimization is used in order to make the predictions for each
combination of sl1, sl2 and sl3 of the matrix. These predictions can be compared with the
generated target.
This comparison can be done in different ways. The simplest idea can be to evaluate, for each
3D GP, and so for each BO model, and for each combination of sl1,sl2 and sl3, a difference in
terms of a mean and also a difference in terms of a standard deviation. The difference in terms
of a mean is the difference between the mean given by the target (µt ) and the mean obtained
after the predictions made with the kernel fitted during the specific 3D BO (µβ o ): |µt − µβ o |.
Instead, considering the standard deviation, it is the difference between the standard deviation
given by the target (σt ) and the standard deviation evaluated by making the predictions with the
fitted kernel (σβ o ): |σt − σβ o |. These operations allow to generate, for each kernel, two vectors
of size 216 containing, for each combination of sl1, sl2 and sl3, the difference between the
mean of the target and of the 3D GP and the difference between the standard deviation of the
target and of the 3D GP. Once created these two vectors the simplest way to compare all the 3D
BO models is to evaluate the norm 2:

s

N

∑ |ai|2

i=1

where a corresponds to one of the vectors containing the difference in terms of mean or in terms
of standard deviation for each combination of sl1, sl2 and sl3.
At the end of this comparison we will have two numbers associated to each BO model with
different kernels that tell us the goodness of the model. It is expected to have a small value of
the norm 2 both when a is the vector associated to the differences of the mean and when a is the
vector associated to the differences of the standard deviation. The results are shown in Table
3.1 and it is possible to observe that one of the best kernel when comparing the mean is k·RBF
+ W while comparing the standard deviation is k·RBF + k· Matern, however it is worth noting
that in terms of standard deviation the difference between the k·RBF + k·Matern and the k·RBF
+ W is not very significant and it is of the order of 10−3 while in terms of mean it is of the order
of 10−1 . This suggests that both these kernels could be used, and k·RBF + W seems to have
low differences for what concerns the mean.
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Table 3.1: Comparison between the 3D BO using different kernels in terms of mean and
standard deviation (std). Matern kernel is indicated with M
Kernel

mean

std

M(ν = 2.5)
RBF
k·RBF+W
RBF+k·W
M(ν = 2.5)+M(ν = 1)
M(ν = 2.5)+k·M(ν = 1)
k·RBF·k·RBF+W
k·RBF+k·RBF
k·RBF+k·M(ν = 2.5)
M(ν = 2.5)+W
M(ν = 2.5)+M(ν = 1)+W
M(ν = 2.5)+k·M(ν = 1)+W
k·RBF+k·RBF+W

0.985
1.038
0.969
1.880
1.004
0.995
0.976
0.999
1.031
0.991
1.081
1.057
1.012

14.608
0.494
0.256
1.562
14.899
0.257
0.259
0.255
0.254
0.255
0.339
0.254
0.255

Let us now consider a more general method to compare the 3D GP predictions and what is
expected from the target. In particular, what we expect is that the predictions evaluated by the
3D GP overlap with the predictions made after the GS (target). In order to compare the results
in a more significant way using the information related to how much the two plots for each
model (represented in Fig. 3.20 and Fig. 3.21) are overlapped, two parameters can be evaluated:

• the difference between the two top extremes of the target (µt + σt ) and of the 3D GP
predictions (µβ o + σβ o ): |µt + σt − ( µβ o + σβ o )|;

• the difference between the two bottom extremes of the target (µt − σt ) and of the 3D GP
predictions (µβ o − σβ o ): |µt − σt − ( µβ o − σβ o )|;

In this way it is possible to have an estimate of the regions that are not overlapped. For the
purpose of clarification only, in Fig. 3.22 is shown a generic plot with two functions that
in some regions are overlapped and in other regions are not overlapped. The yellow regions
represent the difference that we evaluate between the two top extremes (|µt + σt − ( µβ o + σβ o )|),
while the green regions represent the difference evaluated between the two bottom extremes
(|µt − σt − ( µβ o − σβ o )|). As it is possible to observe these regions represent the non overlapped
regions and for this reason what we have is that the smaller the two regions are, the better the
model is.
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(a) Plot of two simple functions, sine and cosine, (b) Plot of two simple functions, sine and cosine, in yellow
that are overlapped in some regions.
is highlighted the difference between the two top extremes
while in green is highlighted the difference between the
two bottom extremes.

Figure 3.22: Visual representation of the difference between top and bottom extremes.
In order to directly compare these regions, the norm2 of the difference between the two top
extremes and then the norm2 of the difference between the two bottom extremes can be
evaluated. Finally, in order to have only one number that allows to understand the accuracy of
the BO models, it is possible to sum these two parameters and finally to compare this sum for
all of the BO models. The quantity used for the comparison is termed error in terms of area
(Ea ) and the best model should have the smallest possible value associated to this quantity. The
results are shown in Table 3.2 and it is possible to observe that the smallest Ea is obtained for
k·RBF·k·RBF+W. This result is not in disagreement with the result found with the previous
criterion. In fact the two kernels differ in the value of Ea only at the third decimal value. This is
due to the fact that the RBF part of the k·RBF·k·RBF+W is strictly related to the power 2 of the
RBF part of k·RBF+W.
Table 3.2: Comparison between the 3D BO using different kernels in terms of area. Matern
kernel is indicated with M.
Kernel

Ea

M(ν = 2.5)
RBF
k·RBF+W
RBF+k·W
M(ν = 2.5)+M(ν = 1)
M(ν = 2.5)+k·M(ν = 1)
k·RBF·k·RBF+W
k·RBF+k·RBF
k·RBF+k·M(ν = 2.5)
M(ν = 2.5)+W
M(ν = 2.5)+M(ν = 1)+W
M(ν = 2.5)+k·M(ν = 1)+W
k·RBF+k·RBF+W

29.404
1.164
0.239
4.911
30.026
0.251
0.237
0.291
0.347
0.270
0.828
0.360
0.265

At the end of this study where different kernels were taken into consideration it is possible
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to conclude that in this specific classification problem the kernel that better describes the
correlation between the points of the target function is k·RBF+W, or something that is strictly
related to it. As a consequence for the next step the kernel will be fixed to k·RBF+W.

3.4

Results of Bayesian optimization

After having determined the most suitable target function and kernel for this classification
problem and having fixed a general stopping criterion useful to avoid the over-training, it is
possible to perform the 3D bayesian optimization in order to finally find the ideal combination
of the number of filters in the first and second convolutional layer and of the number of neurons
in the dense layer that gives the best performances of the CNN.
In this section I will show the results obtained with the BO using a stopping criterion based on
the past history of the validation loss during the training, minus the validation loss as the target
function and a kernel, determined in Section 3.3.5, that is a sum of two terms, the RBF kernel
and the white kernel:
2
−

k(xa , xb ) = αe

|xa −xb |
2`2

+ β δ (xa − xb )

The 3D Bayesian Optimization is performed by using as parameters the number of filters in the
1st (sl1) and 2nd (sl2) convolutional layers and the number of neurons in the dense layer (sl3).
The kernel, after having fitted the GP during the 3D BO, becomes:
0.006032 · RBF (length_scale = 17.7) + W hiteKernel (noise_level = 1e−10 )
and the result is shown in Fig. 3.23.

Figure 3.23: Evaluation of the validation loss for different combination of sl1, sl2 and sl3.
The colorbar represents the value of the validation loss, the highest value in dark red and the
smallest one in dark blue.
The best value of the validation loss, equal to 0.0267, is obtained with the following combination:
sl1 = 85, sl2 = 63, sl3 = 28. At this point it is also possible to perform the GP for only one of
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the three parameters. In particular it is possible to fix the other two parameters to the best value
found with the 3D BO in order to compare the 2D representation of the loss as a function of sl1,
sl2 and finally sl3.
It means that first it is possible to perform the GP for different sl1 by fixing sl2 = 63 and
sl3 = 28. The associated kernel will become:

0.04132 · RBF (length_scale = 100) + W hiteKernel (noise_level = 2.2e−5 )

The result of GP is shown in Fig. 3.24a, it is also compared with the result obtained considering
one slice of the 3D BO (shown in Fig. 3.24b).

(a) Loss as a function of the number of filters in the
1st convolutional layer.

(b) Loss as a function of the number of filters in the 1st
convolutional layer in the 3D case, orange, and in 1D,
blue.

Figure 3.24: Comparison of the results obtained with the GP after a small GS along sl1, on
the left, and with the 3D BO with a cut along sl2=63 and sl3=28, in order to have a Loss as a
function of sl1, on the right.

The same can be repeated for sl2 by fixing sl1 = 85 and sl3 = 28. The associated kernel in this
case will be:

kernel = 0.02362 · RBF (length_scale = 100) + W hiteKernel (noise_level = 4.96e−5 )

The result of BO is shown in Fig. 3.25a and it is also compared with the result obtained after
the 3D BO as done for sl1 (see Fig. 3.25b).
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(a) Loss as a function of the number of filters in the
2nd convolutional layer.

(b) Loss as a function of the number of filters in the 2nd
convolutional layer in the 3D case.

Figure 3.25: Comparison of the results obtained with the GP after a small GS along sl2, on
the left, and with the 3D BO with a cut along sl1=85 and sl3=28, in order to have a Loss as a
function of sl2, on the right.
Finally, with sl3 it is possible to fix sl1 and sl2 to be 85 and 63 respectively. The associated
kernel will be:
kernel = 0.02242 · RBF (length_scale = 100) + W hiteKernel (noise_level = 8.56e−6 )
The result of BO is shown in Fig. 3.26a, it is also compared with the result obtained with the
3D BO as done for both sl1 and sl2 (see Fig. 3.26b).

(a) Loss as a function of the number of neurons in
the dense layer.

(b) Loss as a function of the number of neurons in the
dense layer in the 3D case.

Figure 3.26: Comparison of the results obtained with the GP after a small GS along sl3, on the
left, and the comparison with the 3D BO with a cut along sl1=85 and sl2=63, in order to have a
Loss as a function of sl3, on the right.
As it is possible to observe from these results, the 3D GP does not match exactly the results
obtained with the 1D GP. This could be related to the choice of the function that models the
correlation between points that, in this case, could be a too simple model even if we observed
that the kernel we are using is better than others. However, the results obtained with the selected
kernel and target function reproduce in a very good way the behaviour of the target function
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that it is expected by the known results. For this reason, these results are enough for our
purpose. They also allow to understand that the loss function that we are trying to minimize,
in a certain region of the topology space, does not strongly depend on the number of filters
in the convolutional layers or on the number of neurons in the dense layer. More precisely
it means that the value of the loss function is always around 0.032 ± 0.006 when sl1, sl2 and
sl3 are not too small (10) or too high (110). These considerations can be very useful for the
implementation of the network on FPGA, since it will be possible to modify the number of
filters in the convolutional layers and of neurons in the dense layer in order to guarantee the
implementation of the network on FPGA without loosing too much in terms of performances.
However, due to the fact that the best performances, loss equals to 0.0267, of the CNN are
obtained for sl1 = 85, sl2=63 and sl3 = 28 and that performing this kind of optimization gives
the optimal bias-variance tradeoff, because allows to find a model that is neither too complex
nor too easy, we will keep this architecture and we will try to implement it on FPGA.

3.5

Summary

This chapter provided an explanation of different tuning techniques for the optimization of
the hyper-parameters related to the size of the network with a more detailed attention to the
Bayesian optimization. Then, different strategies used in order to determine the target function
and the kernel function that were used in the practical use of the Bayesian optimization were
explained. These selected target function and kernel are the validation loss and the weighted
RBF plus the white kernel respectively. In doing this selection of the functions useful for the
Bayesian optimization process it was also introduced the criterion used in the training process
to avoid the over-fitting problem. Finally, the Bayesian optimization was performed and the
number of filters in the 1st and 2nd convolutional layers and the number of neurons in the dense
layer were found to be equal to 85, 63 and 28 respectively.
At this point, all the hyper-parameters of the neural network are optimized. The final and ideal
architecture of the CNN for the classification of EM and HAD particles is:
• Input layer of size 21 × 21 × 3
• A 2D convolutional layer, with 85 filters, a 3 × 3 kernel, a ReLu as activation function,
a pooling layer with size 2 × 2, a dropout layer with a fraction of unit’s layer to dropout
equal to 0.2;
• A 2D convolutional layer, with 63 filters, a 3 × 3 kernel, and ReLu as activation function,
a pooling layer with size 2 × 2, a dropout layer with a fraction of unit’s layer to dropout
equal to 0.2;
• A Flatten layer;
• Dense layer, with 28 neurons and a ReLu as activation function, a dropout layer with a
fraction of unit’s layer to dropout equal to 0.2;
• Dense layer, with 2 neurons as output, and a Softmax as activation function.
with a batch size = 32, the presence of the dropout layers and without any L1, L2 regularizer.
The method described up to this point to select the hyper-parameters of the neural network is
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universal and re-applicable and it will be re-used later in this study for an additional optimization
(in Section 4.2.2).
Moreover, this architecture needs to be implemented on FPGA in order to observe how many
resources are needed for the implementation and how much time the associated hardware
requires in order to receive the input and give the output (latency). In order to observe these
number of resources and this latency we need to exploit the tools described in Section 1.4.2 and
in Section 1.4.3, called hls4ml and Vivado HLS, that will allow the conversion from the Keras
model into the C++ code and the conversion from the C++ code into the HDL code respectively.
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Vivado implementation
This chapter aims at describing the use of the hls4ml tool in order to convert the Python model
of the CNN into a C++ code and the use of the tool Vivado HLS in order to convert the C++
code into an HDL code. These tools are used one after the other. In particular, once the
C++ code is generated, it can be opened with Vivado HLS in order to perform the so called
C-simulation (csim). This simulation allows to simulate the behaviour of the C++ code, which
is the translation of the Python model, and to generate outputs that, if the conversion (including
the compression of the weights and the biases of the network from a floating point precision to
the fixed point precision) has been done correctly, must correspond to the predictions made by
the original Python model. In fact, the output of the C-simulation is compared to the predictions
made by the original model in order to observe whether the output of the network is still correct
after the first conversion. Once the output is assessed as correct, the next step is the synthesis of
the model, step where the C++ code is converted into an HDL code. Finally, when the synthesis
is completed, it is possible to have information about the approximated number of resources
and latency. This is an approximation and does not correspond to the real number of resources
and the real latency. In order to have their real value it is possible to extract the IP core using
Vivado HLS and load it in a different tool called Vivado.
In more details, even in this case we started to implement on FPGA a simple network, such as
the FNN. Once succeeded with this task, we moved to the implementation of a more complex
network, the CNN, applying the learnt information.
Section 4.1, describes the implementation of the FNN on FPGA, showing what are the modifications needed in the C++ code in order to find an output that reproduces exactly the predictions
made by the original Python model. Section 4.2 introduces the implementation of a very small
CNN at the beginning and then it reports the problems that have been encountered in the implementation of the CNN on FPGA using Vivado HLS for the conversion into the HDL code. They
were mainly due to the presence of size limits for what concerns the implementable network
through Vivado HLS. Thereafter, in Section 4.2 are also introduced the compression techniques
that we needed to apply in order to implement our CNN on FPGA, such as the reduction of
the size of the particles images, and, as a consequence, the new necessary optimizations of the
network and their results are presented. Finally, this new network is implemented on FPGA and
the estimated resources and latency are extracted.
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4.1

Comparison between Vivado and Python results for a
FNN

The implementation of the neural network on FPGA, and in particular the conversion of the
Python code into a C++ code and then into an HDL code, can require some modifications of
the original network in order to reach better performances when converting the code. In order
to understand this aspect we decided to start with the implementation of a very simple ANN.
We selected a FNN with 3 layers with respectively 20, 10 and 1 neurons, a ReLu as activation
function, except for the last layer where a sigmoid is used, Adam as optimizer and an input
of size 17 that corresponds to the most informative features of the clusters of particle energy
described in Section 1.2.1. After having trained the model, we tried to convert the Python code
into the C++ code with a Reuse Factor (RF) equal to 15 and with the default settings of hls4ml,
in particular by using:
ap_ f ixed < 16,6 >
where 16 stays for the total number of bits and 6 indicates the bits used for the integer part.
One of these 6 bits is used for the sign, in order to convert the floating point format of the
Python model into the fixed point precision used by the HDL for the weights, the biases and
the predictions for each layer. Since Python, and in general the IEEE standard for the double
precision floating point format, works with up to 52 decimal values, such a representation can
result in the loss of some details supported by the Python language and, as a consequence, in a
compression.
Once the C++ code is generated, it is possible to use Vivado HLS in order to perform the
C-simulation and to observe the output after the conversion. The cumulative distributions of the
absolute value of the error either between the predictions of the Vivado HLS model and the
predictions of the Python model and between the predictions of the Vivado HLS model and
what is expected from the target are shown in Fig. 4.1a and in Fig. 4.1b respectively. Ideally, in
the absence of errors these plots would reach one almost immediately, meaning that the only
errors appearing are extremely small.

(a) Cumulative distribution of the absolute
value of the error between the predictions of
the Vivado HLS model and the predictions
of the Python model.

(b) Cumulative distribution of the absolute
value of the error between the predictions
of the Vivado HLS model and the target.

Figure 4.1: Cumulative distribution of the absolute value of the error between the predictions
made by Vivado HLS and by Python, on the left, and between the predictions made by Vivado
HLS and the target, on the right.
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What it is possible to observe from these plots is that the output of the Vivado HLS model is not
correct. In fact, there is a significant error when comparing it either with the predictions made
by the original Python model and with the expected target. In order to figure out where this
error is coming from it is possible to first compare the weights of the original Python model
and the compressed ones generated during the conversion into the C++ code, to see if there is a
mismatch after the compression for each layer. As it is possible to see from Fig. 4.2 the output
errors do not come from an error in the compression of the weights, since they differ by a factor
of 10−5 only.

(a) Cumulative distribution of the error of
the weights for the first layer.

(b) Cumulative distribution of the error of
the weights for the second layer.

(c) Cumulative distribution of the error of
the weights for the last layer.

Figure 4.2: Cumulative distribution of the absolute value of the error between the weights of
the first layer, second layer and last layer generated by Vivado HLS and the ones of the original
Python model.
Once it is ruled out that the problem is related to the compression of the weights, in order
to understand why there are these errors on the output it is possible to use the Python files
provided in the hls4ml package. In particular, they allow to visualize how the parameters in the
Keras model are interpreted during the translation into the hls4ml model in terms of predictions
and weights. This is because the Keras models are characterised by floating point numbers
that need to be translated into the fixed point precision that is the way employed by Vivado
HLS to interpret them. More specifically, two plots can be considered, one that describes the
weights for each layer in the Keras model and the associated precision in the hls4ml model
and the second one that shows the prediction made after each layer in the Keras model and
the associated precision in the hls4ml model. This comparison is a verification method that
is used in machine learning problems to check the effectiveness of the model. One example
of these plots is shown in Fig. 4.3, where the coloured rectangles, representing the ranges
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of values for the weights and for the predictions of the Keras model, are obtained using the
boxplot format. Using this format, each rectangle extents from the lower to the upper quantile
values of the vector containing the weights or the predictions. The line in the middle of this
rectangle corresponds to the median. In addition, the black lines outgoing from each rectangle
represent the range of values. It is worth mentioning that in the case of a simple FNN it was
sufficient to use the 25-th percentile and the 75-th percentile as the lower and upper quantile for
the representation of the range of values, while these numbers will be modified later for the
analysis of the CNN.

(a) Weights distribution.

(b) Activations distribution.

Figure 4.3: Representation of the ranges of values for the weights and for the activations
(corresponding to the predictions) of the Keras model, coloured rectangles, and the hls4ml
model precision in gray.

As it is possible to observe from Fig. 4.3, it seems that the distribution of the Python weights
fits the hls4ml model precision because the coloured rectangles are inside the gray intervals.
On the other hand, observing the activations distribution, which corresponds to the predictions
distribution, the rectangles are not always inside the gray intervals, i.e. the precision used in
that case is not good enough. This problem can be solved, in two different ways: by increasing
the fixed point precision and as a consequence the number of bits used, or by modifying the
Keras model. The first method requires an higher number of bits that could imply an higher
number of resources. For this reason, due to the fact that we have a limited number of resources
on FPGA, we decided to try to use the second approach first. For what concerns the Keras
model, it is possible to think about a reduction of the range of values assumed by the predictions.
This can be done by introducing a normalization of the input values in order to have a mean
equal to 0 and a standard deviation of 1. In addition, in order to improve the performances as
well, it is also possible to add a normalization, not only on the input data, but for each layer
in the neural network in order to have a negligible change of the distribution of values at each
iteration. In this way, better performances and faster convergence (an example in terms of loss
is shown in Fig. 4.4) are achieved. The normalization performed after each layer is called batch
normalization and it is used to normalize (i.e. mean 0 and standard deviation 1) the output of
the activation function for each layer [56].
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Figure 4.4: Comparison of the loss as a function of the number of epochs for a simple FNN
(Train and Test Loss) and for the same FNN but with an input normalization and a Batch
normalization after each layer (Train and Test Loss BN).

Once the normalization is performed, comparing the values assumed by the weights and by
the predictions of the Keras model with the hls4ml, the precision gives a better result, as it is
possible to see in Fig. 4.5. In this case both the weights and the predictions of the Keras model
have values contained in the precision interval of the hls4ml model. This means that, in order to
have an optimal result when the Keras model is translated into the hls4ml model, it is possible
to normalize both the inputs of the network and the output of each layer in the model.

(a) Weights distribution.

(b) Activations distribution.

Figure 4.5: Representation of the ranges of values for the weights and for the predictions of
the Keras model, coloured rectangles, and the hls4ml model precision in gray.

Thanks to this result we expect that now, comparing the output of the Keras model and the
output obtained after the compression into a C++ code, the error between the two results will
become approximately zero. Fig. 4.6 shows that the presence of the normalization on both the
input of the network and after each layer reduces the range of values assumed by the weights
and the predictions of the Python model allowing a correct compression with the same floating
point precision (ap_ f ixed < 16,6 >).
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(a) Cumulative distribution of the error between the predictions made by the Vivado
HLS model and by the original Python
model.

(b) Cumulative distribution of the error between the target and the predictions made
by the Vivado HLS model.

Figure 4.6: Cumulative distributions of the error between the target, the predictions made by
Vivado HLS and the ones made by the original Python model. This result is obtained when
using both the input and batch normalization in the Python model.
Another possibility is to normalize only the input of the neural network instead of considering a
batch normalization layer after each activation function, in order to see if the batch normalization
is necessary or not. The first things that can be observed are the performances of the network in
terms of the loss as a function of the number of epochs (see Fig. 4.7).

Figure 4.7: Comparison of the loss as a function of the number of epochs for a simple
FNN (Train and Test Loss), for the same FNN but with an input normalization and a batch
normalization after each layer (Train and Test Loss BN) and finally for the same FNN with only
the input normalization (Train and Test loss IN).
In this case the training loss, when only the inputs are normalized, is smaller, and thus better,
than the case where the batch normalization layer is added after each activation function.
However, considering the validation loss, the two cases are exactly equal. Due to the fact that
the parameter of interest is the value of the loss once the network is trained and so the validation
loss, let us see how the performances, like the predictions, the AUC and the WP_99, of the
neural network with only the normalized input change once compressing it with hls4ml.
As it is possible to observe from Fig. 4.8 also in this case the weights and the predictions of the
Keras model have values that are inside the precision interval of the hls4ml model. In fact, the
distribution of the error is equal to the previous case and the output after the conversion into a
86

Vivado implementation

C++ code is correct also in this case (see Fig. 4.9).

(a) Weights distribution.

(b) Activations distribution.

Figure 4.8: Representation of the ranges of values for the weights and for the activations
(corresponding to the predictions) of the Keras model, coloured rectangles, and the hls4ml
model precision in gray. In this case the Python model is characterized only by the input
normalization.

(a) Cumulative distribution of the error between the predictions made by the Vivado
HLS model and by the Python model.

(b) Cumulative distribution of the error between the target and the predictions made
by the Vivado HLS model. In this case the
Python model is characterized only by the
input normalization.

Figure 4.9: Cumulative distributions of the error between the target, the predictions made
by Vivado and the ones made by Python. This result is obtained when using only the input
normalization in the Python model.
At this point, another parameter can be checked to compare the performances of these three
networks and select which of them is the best to be implemented on FPGA while keeping
the performances. This parameter is the already mentioned ROC curve and more specifically
its related area (AUC). In particular, the ROC curve for the Keras model and for the hls4ml
model are compared for each of the network, without any normalization, with both input and
batch normalization and with only input normalization, in Fig. 4.10a, Fig. 4.10b, Fig. 4.10c
respectively. Besides, the values of the AUC are made explicit in Table 4.1, where it is possible
to observe that the performances are kept unchanged only in the case where both input and
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batch normalization are applied.

(a) ROC curves of the Keras model (blue) and of
the hls4ml model (light blue) for the simple FNN.

(b) ROC curves of the Keras model (dark green)
of for the hls4ml model (light green) for the FNN
with both input and batch normalization.

(c) ROC curves of the Keras model (red) and of the
hls4ml model (orange) for the FNN with only the
input normalization.

Figure 4.10: Comparison of the ROC curves between the Keras model and the hls4ml model.

Table 4.1: Comparison of the performances of the networks, in terms of AUC, without any
normalization, with both input and batch normalization and with only input normalization.

Keras
Vivado HLS

AUC (No normaliza- AUC (Input and batch
tion)
normalization)

AUC (Input normalization)

0.9930
0.3534

0.9969
0.9891

0.9965
0.9965

The conclusion that can be extracted after this last comparison is that, due to the equal results
obtained in terms of output for the network where both the input and batch normalization are
applied and for the network where only the input normalization is applied, both these networks
can be taken into account. However, when we observe the comparison in terms of performances,
it is possible to note that they are kept exactly equal, after the compression, only in the case
where both the input and batch normalization are applied.
For these reasons, for the next steps where a more complicated network will be analysed, both
the input and batch normalization will be taken into consideration from the beginning.
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4.2

Comparison between Vivado and Python results for a
CNN

The implementation of a Convolutional Neural Network on Vivado HLS is a little more complicated than implementing a Fully connected Neural Network. The convolution operation is more
computationally expensive than the simple multiplication. It means that while implementing a
FNN does not require a big attention to the number of neurons in the network, in the case of
CNN if the number of neurons or filters is too big there may be problems of dimension and
Vivado HLS will not be able to convert the model into an HDL. First of all, considering the
information extracted from the implementation of a simple FNN, I tried to implement the model
summarized in Section 3.5, with in addition the input normalization and the batch normalization
after each layer as an additional feature. However, with the current version of Vivado HLS
(Vivado 2019.2) it is not possible to convert this model into an HDL code, because the model
is too big and the actual size of the model requires a huge usage of memory. What it can be
done at this point is to try to compress the actual network to reduce this memory usage. Before
doing that, we decided to use one of the structure employed in the example of the conversion
provided by the hls4ml library, in order to observe if the output of the C++ code matches with
the predictions of the Python model for this more complicated network. The provided model
is composed by: 1 convolutional layer (with only 2 filters and a ReLu as activation function)
and the output layer (with only two neurons and a softmax as activation function), Adam as
optimizer and categorical crossentropy as loss and we used the images of the particles with size
21 × 21 × 3 as input. The output for this simple model that is obtained after the C-simulation
was compared with the Python predictions. The results show that there were some errors in the
conversion of the Keras model into the C++ code because, observing the differences between
the two outputs, it was possible to observe that there is an error of 1 (see Fig. 4.11a) at least for
20% of the times.

(a) Comparison output Vivado HLS and Python.

(b) Comparison output Vivado HLS and Python
after adding AP_RND and AP_SAT.

Figure 4.11: Comparison of the predictions between the Keras model and the Vivado HLS
model.
The main problem of this error is the default interpretation of the weights in Vivado HLS. In
particular, if the fixed point precision is fixed to be < 16,6 >, where 6 bits stay for the integer
part, one of them is for the sign and 16 are the total bits, what Vivado HLS does is:
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• if the value of the weight is higher than 25 it assigns to this weight a negative value;
• if the value of the weight is smaller than −25 it assigns to this weight a positive value.
This interpretation, in this specific case, is not the optimal one because some weights in the
convolutional layer can be also of the order of 300 and the assignment of a value that is opposite
in sign explains the reason why there is an error of exactly 1. There are two possibilities to
solve this issue:
• increase the number of bits for the integer part;
• modify the way in which Vivado HLS interprets these high values or small values.
To increase the number of bits is not optimal when implementing on FPGA because it means
that the hardware components will need higher number of bits, i.e. higher area. Instead, the
second possibility can be more interesting in our case, it is indeed possible to specify how to
convert the floating point into a fixed point precision by adding the following two parameters:
• AP_RND that allows to round numbers with significant decimal values, in order to avoid
the use of a very high number of bits for the decimal part;
• AP_SAT, that allows to saturate very high values to the maximum acceptable value, in this
case 25 , and very small values to the minimum acceptable value −25 , without changing
the sign.
The parameter AP_SAT could appear a limiting parameter because numbers such as 100 and
300 are interpreted as 32 even if they are very different. However, in this specific case there
are not a lot of weights that assume very high or very small values and for this reason it is
reasonable to use this method without increasing the fixed point precision1 . Another reason to
use the second method instead of the first is that the order of magnitude of the weights can be
very different and it is difficult to exactly know it for each layer. As a matter of facts, the second
criterion, where these information are not required to be known, is better and more general.
By adding these two parameters the problem of an error equal to 1 for 20% of the times is
addressed (see Fig. 4.11b). However, in the same picture, Fig. 4.11b, it is possible to observe
that there is still a difference of 0.02 for 20% of the outputs. This is related to the complexity
of the operation in the network and, indeed, by simplifying a little the model, substituting the
categorical crossentropy with the binary crossentropy, that in our case can be done because
we have a binary classification problem and it is possible to use 1 neuron only in the output
layer and substitute the activation function of this layer with the sigmoid. As a resul, the error
disappears completely (see Fig. 4.12).

1 If the use of AP_SAT alone does not solve the problem it is possible to also increase the number of bits
associated to the integer part in the fixed point precision.
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Figure 4.12: Comparison of the output between Keras and Vivado HLS models when using
binary crossentropy.

At this point that we understood what it can be done to solve the problem on the output when
implementing the CNN with Vivado HLS, the main problem is that the conversion from C++
code into VHDL or Verilog is not supported for large networks on Vivado HLS 2019. In
particular, the main issue of the structure found in Chapter 3 is the size of the images that seems
too large to be implemented.
It is important to specify that, at this point of the project, the network with the ideal images size
(21 × 21 × 3) is optimized to reach optimal performances when dealing with the classification
of EM and HAD particles and, once the implementation of large CNNs will be supported by
Vivado HLS, it will be possible to directly implement this architecture on FPGA and to observe
the related resources usage and latency.
However, due to the limitations imposed by the current available version of Vivado HLS, in
order to solve the problem and go ahead with the FPGA implementation (even if the size
21 × 21 × 3 was the optimal size for the images on the output of the detector) new datasets with
images of size 9 × 9 × 3 were created. This size was selected because it is the smallest that
allows to keep enough information for the particles classification and to not loose too much in
terms of characteristics of the particles in the images. Let us now analyse this new image size
that will also require a new optimization of the CNN to find the hyper-parameters that give the
best performances in this case.

4.2.1

New images size

The size 9 × 9 × 3 is smaller than the ideal case and this implies that some of the particle
information can be lost. For this reason, it is better to consider all the possibilities available
when generating the dataset in order to select which of them gives better results:
• Small pixel size: images where 1 pixel corresponds to 1cm in the virtual plane and use
smaller granularity. The images will be characterized by 9 cm window (see Fig. 4.13a);
• Large pixel size: images where 1 pixel corresponds to 1.5cm in the virtual plane and use
larger granularity. The images will be characterized by 13.5 cm window (see Fig. 4.13b).
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(a) Images of EM and HAD particles with a
size of 9 × 9 × 3 and a window of 9cm.

(b) Images of EM and HAD particles with a
size of 9 × 9 × 3 and a window of 13.5cm.

Figure 4.13: Images of EM and HAD particles of size 9 × 9 × 3 with different granularity .
In order to select which of these datasets is better to not loose the performances with respect
to the 21 × 21 × 3 images I compared the 3 datasets in terms of validation loss and ROC curve
(see Fig. 4.14) using the same structure of the network summarized in Section 3.5.

(a) Comparison Train and Validation loss for the 3
datasets.

(b) Comparison ROC curve for the 3 datasets.

Figure 4.14: Performance comparison for the 3 datasets. In green the dataset with images size
21 × 21 × 3, in blue the datasets with images size 9 × 9 × 3 and a window of 9cm, in magenta
the datasets with images size 9 × 9 × 3 and a window of 13.5cm.
As it is possible to observe from Fig. 4.14, the dataset with images of size 9×9×3 and a window
of 9cm (blue curves) allows to reach performances that are almost equal to those obtained with
the dataset with 21 × 21 × 3 images size (green curves). For this reason, the dataset with 9cm
window is selected and in the next section a small hyper-parameters optimization is performed
to select the best architecture.
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4.2.2

Small hyper-parameters optimization for the new images size

Considering the new dataset characterized by images with size 9 × 9 × 3 and 9cm window, it
could be useful to perform a study, similar to the one done in Section 2.3 and in Chapter 3, in
order to select the best hyper-parameters of the Convolutional Neural Network for the particles
classification problem, where the images have different shapes compared to the previous case.
As before, the first thing that can be selected is the activation function (see Fig. 4.15). In this
case, in order to take into account the variability of the network, instead of running the CNN
one time only for each possible activation function, I run each CNN 5 times for each activation
function and I compared the loss, the AUC and the WP_99 in terms of mean and standard
deviation.

(a) AUC comparison between different activation functions.

(b) Loss comparison between different activation functions.

(c) WP_99 comparison between different
activation functions.

Figure 4.15: Comparison between different activation functions.

From these plots it is possible to understand that the SELU could give better results compared
to the other activations considering the uncertainties, highest AUC and WP_99 and smallest
validation loss. Fixing the activation function to the SELU it is possible to perform the same
comparison for the optimizers (see Fig. 4.16). In this case, the optimizer that gives the best
global result, is the Adam. Fixing the optimizers, the other hyper-parameter that can be fixed is
the learning rate of the optimizers (see Fig. 4.17).
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(a) AUC comparison between different optimizers.

(b) Loss comparison between different optimizers.

(c) WP_99 comparison between different optimizers.

Figure 4.16: Comparison between different optimizers.

(a) WP_99 comparison between different
Learning rate using Adam as optimizers.

(b) ROC curve comparison between different
Learning rate using Adam as optimizers.

Figure 4.17: Comparison between different learning rate
From Fig. 4.17 it is possible to observe that the best learning rate is 0.001, that is the default
value for Adam. The final step for this small optimization is the selection of the number of
filters in the first and second convolutional layers and the number of neurons in the dense layer.
In order to do that the Bayesian optimization with minus the validation loss as a target function
and the weighted RBF plus the white kernel as the kernel function, described in Chapter 3, is
used and the results are:
• Number of filters in the 1st convolutional layer = 128;
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• Number of filters in the 2nd convolutional layer = 128;
• Number of neurons in the dense layer = 128.
with a loss = 0.0259. This result means that the selected range of parameters is too small and it
is possible to find a better value of the loss by increasing the range of values for sl1, sl2 and
sl3. As a consequence, it is not possible to be sure that larger numbers would not give better
performances. However, this network is still too big, also with this smaller size of the images,
and the conversion from the C++ code into the HDL code is still not supported by Vivado
HLS and several problems related to excessive memory usage appear. For this reason, a more
detailed study of how many filters and neurons are supported in Vivado HLS when the images
size is 9 × 9 × 3 is performed. The maximum number of filters or neurons in each layer that
allows the conversion is very small, compared to what obtained after the BO, and corresponds
to:
• Number of filters in the 1st convolutional layer = 5;
• Number of filters in the 2nd convolutional layer = 15;
• Number of neurons in the dense layer = 8.
Now that the maximum number of filters and neurons supported by the current version of
Vivado HLS is discovered, it is necessary to understand if the compression of our network from
sl1 = 128, sl2 = 128 and sl3 = 128 to sl1 = 5, sl2 = 15 and sl3 = 8 respectively implies a
degradation of the performances of the network or the performances do not change significantly.
In order to do that the two Python models can be compared in terms of validation loss and of
the ROC curve. This comparison is shown in Fig. 4.18, where it is possible to observe that in
terms of validation loss there is a variation that could be significant because it increases from
0.0259 to 0.0368 while in terms of the AUC the variation is not very significant and it decreases
from 0.9990 to 0.9985.

(a) Comparison in terms of the validation loss.

(b) Comparison in terms of the AUC.

Figure 4.18: Comparison between the best architecture found after the BO and the architecture
with the highest number of filters and neurons that can be implemented with Vivado HLS, in
terms of validation loss and AUC.
This result suggests that, even if the validation loss of the model is increasing, the AUC is always
very high, that means that the network is still able to classify very well both EM and HAD
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particles. For this reason, this network could be a good compromise in terms of performances
and size, in the framework of FPGA implementation. As a consequence, now it is possible to
move to the implementation of this network using hls4ml and Vivado HLS.

4.2.3

Vivado implementation of the new network: sl1=5, sl2=15 and sl3=8

In order to implement the CNN on FPGA, we have seen that, in addition to the input and batch
normalization, it is necessary to modify the way how Vivado HLS performs the conversion by
adding the parameters AP_RND and AP_SAT to the traditional ap_ f ixed < 16,6 >. Even if we
observed that this modification completely solved the output problem in a very small network, it
is better to check if the effect is the same also with this higher number of filters and neurons. In
Fig. 4.19 are shown the cumulative distributions of the absolute error between the predictions
after the csim and the predictions made by the original Python model and what it is possible to
observe is that also in this case this method seems suitable to implement the network.

(a) Only ap_ f ixed < 16,6 > for the conversion.

(b) ap_ f ixed < 16,6 > plus AP_RND and
AP_SAT for the conversion.

Figure 4.19: Cumulative distributions of the absolute error between the predictions after the
csim and the predictions made by the original Python model. On the left only ap_ f ixed <
16,6 > is used for the conversion, while on the right in addition to ap_ f ixed < 16,6 > are also
used AP_RND and AP_SAT.
However, it could be interesting to check how these additional parameters modify the number
of resources once converted the C++ code into an HDL code performing the synthesis. In
order to do that, we compressed the same Python model into C++ codes using three different types of conversions from floating point to fixed point precision: ap_ f ixed < 16,6 >,
ap_ f ixed < 16,6, AP_RND > and ap_ f ixed < 16,6, AP_RND, AP_SAT >. Once the models
are compressed, it is possible to synthesize them by selecting the FPGA of interest: xcku15pffve1760-2-e and by selecting a clock period, that in our case we fixed to 5 ns.
After the synthesis, it is possible to have an estimation of the number of resources that will be
used in the hardware implementation, and the estimated latency. In Table 4.2 are summarized
the results in terms of resources and latency, where the latency is expressed in terms of number
of clock cycles and the values highlighted in red represent values that exceed the total number
of resources available on the selected FPGA.
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Table 4.2: Comparison between the resources and the latency when using different types of
parameters for the conversion from floating point to the fixed point precision.

Parameters

BRAM

DSP

FF

LUT

Total La- Theoretical
tency
Latency

Default

750

1454

84610

3964

451

AP_RND

750

1456

89559

3966

453

AP_RND
and
AP_SAT
Available

750

1456

163381

763139
(145%)
804017
(153%)
1079057
(206%)

4002

489

1968

1968

1045440

522720

For what concerns the latency, it is worth mentioning that there is a problem in the way the
pooling layer is synthesized with the hls4ml implementation. During the implementation of the
pooling layers, a warning suggesting that they are not implemented with the same optimization
methods, described in Section 1.4.2, used for all the other layers appears. This can be observed
in Table 4.3 where it is possible to see that hls4ml, for the implementation of the pooling, is
processing the operations in a sequential way. In fact, it uses a rather low amount of resources
compared to other layers of similar sizes, while having a huge latency at the same time.
Table 4.3: Comparison between the resources and the latency required by each layer in the
selected CNN.

Conv 2D
SELU
MaxPool
Normalize
Conv 2D
SELU
MaxPool
Norm
Dense
SELU
Norm
Dense
Sigmoid

BRAM

DSP

FF

LUT

Latency

0
178
0
0
0
120
0
0
15
4
0
0
1

136
355
0
6
670
240
0
4
32
8
1
2
0

27218
11718
1505
2512
9487
7923
1148
1807
3664
267
243
325
14

591209
26285
8024
1551
36945
17775
4962
1645
4096
607
477
359
163

330
1
2131
13
21
1
1411
13
17
1
7
5
2

Consequently, what is missing in the implementation of the pooling layer is the parallelization
of its operations that, in Section 1.4.2, we have seen as the way to reduce the latency at the
cost of increasing the resources. For this reason, in Table 4.2 are quoted the total estimated
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latency (including the pooling) and the theoretical latency considering the latency of the pooling
layers similar to those of other layers of similar sizes (about 20 clock cycles). The total latency
obtained with the pooling layers is obviously not affordable, while considering a possible
parallelization of the pooling operations it would be about 10 times smaller. As it is possible
to observe from Table 4.2, by adding only the AP_RND parameter to the type of conversion
there is an increase of 8% in terms of LUT compared with the traditional conversion, while by
adding also AP_SAT the increase is higher and of 61%.
These results suggest that modifying the conversion from the floating point into a fixed point
precision by adding AP_RND and AP_SAT is not suitable for this kind of study because the
number of resources, in terms of LUTs, increases a lot and it is already exceeded when we
consider the traditional conversion with 16 bits. As a consequence the best choice, in this case,
is to go back to the traditional conversion of the floating point into a fixed point precision and
to try to modify for each layer the number of bits by observing the values assumed by the
predictions after each layer and by the weights for each layer. This can be useful to reduce the
number of bits when the values of the predictions or weights are small enough. In order to see
the selected proper number of bits for each layer, Fig. 4.20 and Fig. 4.21 show the values of
the weights and the predictions of the Python model together with the values that are correctly
interpreted by Vivado HLS.

(a) Distribution of the predictions.

(b) Distribution of the weights.

Figure 4.20: Distributions of the predictions and of the weights, where the coloured rectangles
represent the values assumed by the predictions and the weights of the original Python model
and the gray rectangles represents the intervals inside which Vivado HLS is able to make a good
conversion. The coloured rectangles are obtained using 1-th percentile and 99-th percentile as
lower and upper quantiles.
In Fig. 4.21 the coloured rectangles are obtained using 25-th percentile and 75-th percentile as
lower and upper quantiles. While the yellow circles correspond to the values that are outside
the black line intervals and are shown because we observed that it could be useful to cover them
in order to have a good conversion from the Python model into the C++ code.
This is because when the network is characterized by more than two layers, even if only few
values are not converted in a correct way in the first layers, the error that is generated can be
propagated through the next layers and, as a consequence, it could be amplified on the output of
the network. As a consequence we expect that, for each layer, when the gray interval is able to
cover both the coloured rectangle shown in Fig. 4.20 and the yellow circles shown in Fig. 4.21
the conversion will be good.
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(a) Distribution of the predictions.

(b) Distribution of the weights.

Figure 4.21: Distributions of the predictions and of the weights, where the yellow circles (and
also the coloured rectangles) represent the values assumed by the predictions and the weights of
the original Python model and the gray rectangles represents the intervals inside which Vivado
HLS is able to make a good conversion.

In addition, observing Fig. 4.20 and Fig. 4.21 it is possible to see that the gray rectangles,
representing ranges of values that can be correctly interpreted by Vivado HLS, cover different
ranges for each layer. This is due to the selection of different fixed point precisions for each
layer depending on the values assumed by both the coloured rectangles in Fig. 4.20 and the
yellow circles in Fig. 4.21.
Moreover, the ranges of values assumed by both the weights and the predictions after each layer
for the Python model are always inside the gray rectangles except for the last layer. Considering
the last layer, the region that is not covered is the one associated to values smaller than 2−10 .
Due to the fact that on the output we expect a number smaller than 0.5 for HAD class and
higher than 0.5 for EM, it is not meaningful to have so many decimal values for the predictions.
This means that the range of values assumed by the weights and the predictions of the Python
model are correctly interpreted by Vivado HLS.
The corresponding ap_fixed values used for the conversion from floating point to the fixed point
precision for each layer are summarized in Table 4.4.
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Table 4.4: Different ap_fixed used for different layers depending on the values assumed by the
weights and by the activations of the Python model.
Layer

Total bits

Integer part

18
15
15
15
15
15
15
14
15
14
18
14
13

9
6
6
6
6
5
5
5
6
5
4
5
2

1st Conv 2D
1st SELU
1st max pooling
1st batch norm
2nd Conv 2D
2nd SELU
2nd max pooling
2nd batch norm
1st Dense
3rd SELU
3rd batch norm
2nd Dense
1st sigmoid

At this point, it is necessary to compare the predictions made by the Python model and those
obtained after the C-simulation performed using Vivado HLS. The results are shown in Fig.
4.22 and show that the conversion from the Python model into a C++ code is done in a correct
way and there is no error between the two outputs.

(a) Cumulative distributions of the absolute
error between the predictions after the csim
and the predictions made by the original
Python mode.

(b) Cumulative distributions of the absolute
error between the predictions after the csim
and the target.

Figure 4.22: Cumulative distributions of the absolute value of the output error between the
Python model, the Vivado HLS output and the target.
The last thing that can be done to check the goodness of the model is to observe the ROC curve
of the original Python model and the one obtained after the compression of this model into a
C++ code. This comparison can be observed in Fig. 4.23. This picture shows that there is not a
degradation of the performances of the network once it is compressed into a C++ code and it is
synthesized on hardware, because the difference in terms of the AUC are of the order of 10−4
100

Vivado implementation

and their ratio is equal to 99.94%.

Figure 4.23: Comparison of the ROC curves of the original Python model and of the model
obtained after the Vivado HLS csim.
At this point that the network can be implemented on FPGA, it is possible to observe the
approximated number of resources and of the latency required by the hardware in order to
implement this specific network. Table 4.5 shows how many of each type of resources contained
in the FPGA are required for the implementation compared to the available resources on the
FPGA under consideration. The information that can be extracted from this table is that the
number of LUT, even if it is only an approximation, is higher than the available resources on
FPGA.
Table 4.5: Resource and latency usage when using as activation function the SELU. The latency
is expressed in terms of number of clock cycle.
BRAM
SELU
803
Available 1968

DSP

FF

LUT

Total La- Theoretical
tency
Latency

1449
1968

87895
1045440

526458
522720

3964

450

In order to try to reduce the number of LUT, what can be done is changing the structure of the
neural network architecture by simplifying it. In particular, it is possible to start by considering
the activation function, that we selected to be the SELU. This activation function is not very
simple to be implemented on hardware because, as already said in Section 2.3.1, it is defined as
[35] :
(
x,
if x > 0
SELU (x) = λ
x
αe − α, if x ≤ 0
This means that, when the values of x are negative, this function assigns to them very small
numbers near to zero involving complicated operations to be implemented on hardware.
Provided that the behaviour of the SELU function is very similar to that of the ReLu and the
only difference is that the ReLu assigns 0 to negative numbers, a reasonable consideration can
be to substitute the current activation function for the first and second convolutional layers and
101

Vivado implementation

for the dense layer with the ReLu.
Once this is done, it is appropriate to check the degradation of the Keras model by evaluating
the validation loss and the ROC curve and by comparing them with those obtained with the
SELU as activation function (see Fig. 4.24). As it is possible to observe from the two pictures,
the difference in terms of validation loss is not very significant, in particular the validation loss
is better when using ReLu (0.0352) than when using SELU (0.0368), and the ratio between the
two AUC is equal to 99.98%. This means that it is reasonable to substitute the SELU with the
ReLu and check if in this case the number of resources will be reduced.

(a) Comparison of the validation loss of the two
Keras model when using the SELU as activation
function, green curve, and the ReLu as activation
function, blue curve.

(b) Comparison of the ROC curves of the two Keras
model when using the SELU as activation function,
green curve, and the ReLu as activation function,
blue curve.

Figure 4.24: Comparison of the Keras models when using SELU or ReLu as activation function,
in terms of validation loss and ROC curve.

Also in this case, in order to perform the compression from the Keras model into the C++
code, we used different number of bits for each layer depending on the associated values of the
weights and of the predictions. The plots to observe the range of the values assumed by the
weights and the predictions for the Keras model and the ranges that are correctly interpreted by
Vivado HLS are shown in Fig. 4.25 and in Fig. 4.26. Table 4.6, instead, summarizes the values
used for the conversion from the floating point into fixed point precision.
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(a) Distribution of the predictions.

(b) Distribution of the weights.

Figure 4.25: Distributions of the predictions and of the weights, where the coloured rectangles
represent the values assumed by the predictions and the weights of the original Python model
and the gray rectangles represents the intervals inside which Vivado HLS is able to made a good
conversion. The coloured rectangles are obtained using 1-th percentile and 99-th percentile as
lower and upper quantiles.

(a) Distribution of the predictions.

(b) Distribution of the weights.

Figure 4.26: Distributions of the predictions and of the weights, where the yellow circles (and
also the coloured rectangles) represent the values assumed by the predictions and the weights of
the original Python model and the gray rectangles represents the intervals inside which Vivado
HLS is able to made a good conversion.

Now that the different numbers of bits are determined for each layer, what it can be done is (1)
to compare, as it was done for the network with the SELU as activation function, the output of
the original Keras model and the predictions made after the compression into a C++ code, and
(2) to verify if the performances are kept (see Fig. 4.27a and Fig. 4.27b respectively). Observing
these figures, it is possible to see either that there is not any error between the predictions of the
original model and the predictions after the compression into a C++ code and also that there
is not a significant loss in terms of performances, because the ratio between the AUC of the
models is 99.86%.
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Table 4.6: Different ap_fixed used for different layers depending on the values assumed by the
weights and by the activations of the Python model.
Layer

Total bits

Integer part

18
15
15
15
15
15
15
14
15
16
18
14
13

9
6
6
6
6
5
5
5
6
5
4
5
2

1st Conv 2D
1st ReLu
1st max pooling
1st batch norm
2nd Conv 2D
2nd ReLu
2nd max pooling
2nd batch norm
1st Dense
3rd ReLu
3rd batch norm
2nd Dense
1st sigmoid

(a) Cumulative distributions of the absolute error
between the predictions after the csim and the predictions made by the original Python mode.

(b) Comparison of the ROC curves of the original
Python model, blue curve, and of the model after the
compression into a C++ code, light blue curve.

Figure 4.27: Comparison of the predictions and of the ROC curve for the original Python
model and for the model compressed into a C++ code and simulated with Vivado HLS.

Having consolidated that substituting the SELU with the ReLu allows to have good performances also after the compression of the Python model, we can move to the synthesis process
and observe the approximated number of resources, as well as the latency, required by the
hardware to implement this network. Table 4.7 summarizes the resources and the latency needed
when implementing the network with the SELU and the ReLu, as well as the total number of
them available on the FPGA of interest.
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Table 4.7: Comparison between the resource and latency usage when using as activation
function the SELU and the ReLu. The latency is expressed in terms of clock cycle.

SELU
ReLu
Available

BRAM

DSP

FF

LUT

Total La- Theoretical
tency
Latency

803
501
1968

1449
849
1968

87895
76709
1045440

526458
506492
522720

3964
3959

450
445

By comparing the number of resources when using ReLu and SELU it is possible to observe
that using the ReLu allows to reduce the resources usage. The most interesting parameter to
observe is the number of LUT, that in the case of the network with the SELU as activation
function is higher than the total number of LUTs available on the FPGA. When using the
network with the ReLu as activation function, instead, the required number of LUTs is smaller
than the total available LUTs on the FPGA. This result suggests to keep the ReLu and to avoid
the use of the SELU to guarantee a more reasonable resources usage.
Once we have found a suitable neural network that can be implemented on FPGA and that
gives good performances also after the implementation, in order to know exactly the number of
resources and the latency necessary for its implementation, it is possible to extract, by using
Vivado HLS, the IP core of the project and use it in a tool called Vivado. With this tool we are
able to obtain the real number of resources and the real clock period required by the circuit.
The final number of resources and the clock period, obtained with Vivado, are shown in Fig.
4.28.

(a) Resources usage
after
performing
the synthesis with
Vivado.

(b) Timing reached after the synthesis with Vivado.

Figure 4.28: Resources usage and Latency.
As it is possible to observe from Fig. 4.28 all the resources required for the implementation are
very different from the approximated values extracted with Vivado HLS and are smaller than
the total available resources on the FPGA of interest and the timing after the synthesis match
the constraint of 5 ns reaching 3.99 ns. This means that 5 ns could be used as a clock period
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and the final latency of the circuit will be around 2.2 µs 2 . This number is obtained considering
the latency for the pooling layers of the same order of magnitude of the ones of the other layers
with similar size assuming a parallel implementation also for the pooling operations. However,
with the current hls4ml implementation of the pooling operations, and as a consequence with a
sequential implementation, the latency is always too big and of the order of 19.8 µs.

4.3

Summary

The purpose of this chapter was to introduce the methods used during this project to implement
the ANN on FPGA using hls4ml and Vivado HLS. After having analysed the implementation of
a simple ANN, the FNN, the batch normalization after each layer and the input normalization
were added to the model described in Chapter 3. Then, before implementing this model, a
simple architecture for the CNN was used in order to guarantee a correct output after the
compression into a C++ code also when a more complicated model (CNN) is considered. This
was done by adding two parameters, in the conversion, called AP_RND and AP_SAT. Once
these simple studies were performed we understood that the selected network was too big to be
converted into an HDL code using Vivado HLS.
For this reason different images size and different architectures with different number of filters
and neurons were taken into consideration. When discovered the optimal image size (9 × 9 × 3)
and the optimal architecture (sl1=5, sl2=15 and sl3=8, with SELU as activation function), that
allow to keep the performances unchanged, we moved to the implementation of this network
on FPGA, performing the conversion into a C++ code, the C-simulation and the synthesis in
order to generate the HDL code. By observing the resources and latency after the synthesis we
discovered that the use of a different activation function, such as the ReLu, allows to reduce the
number of employed resources and, as a consequence, it has been fixed as the activation function
for both the convolutional layers and the first dense layer. Finally, we used the Vivado tool to
observe the real number of resources and the real clock period required for the implementation
of this network on FPGA. As a conclusion we found that the network with sl1=5, sl2=15,
sl3=8, with the input and batch normalization, with the ReLu as activation function for the
convolutional layers and for the first dense layer and the binary cross-entropy as loss is the most
suitable network for this particles classification problem. In fact, this network reaches very
good performances before the implementation (AUC = 0.9983 and a validation loss = 0.0352)
and allows to keep them once implemented on FPGA. It can also be implemented on FPGA
with a number of resources that is sufficiently small for the implementation on the FPGA of
interest (xcku15p-ffve1760-2-e) reaching a clock period of 3.99 ns and as a consequence a
possible latency of 2.2 µs that is reasonable for the analysis of the particles on the output of the
detector because, as we mentioned in Section 1.1, the constraints for this type of analysis are of
the order of few microseconds.
However, when using this approach we are able to use at minimum 13 bits for few layers and,
for all the other layers, a higher number of bits is required (as shown in Table 4.6). It could be
very interesting to try to reduce the number of bits necessary for the conversion from floating

2 This number is obtained by multiplying the latency in terms of the number of clock cycles, 445, with the
fixed clock period equal to 5 ns.
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point into a fixed point precision in order to see if the overall resources can be reduced more.
This reduction of the resources could be of interest when the parallel implementation of the
pooling layer operations will be supported by hls4ml. This is because, as already said, the
parallelization of the operations implies either a reducion of the latency, making it suitable for
this specific classification problem, but also an increase in terms of resources. This last effect
could impact the feasibility of the hardware implementation if the number of resources required
to implement the entire circuit becomes higher than those available.
In order to reduce the number of bits for the conversion and, as a consequence, the resources
usage, it is possible to consider a different approach and, more specifically, a new Python
library called QKeras that allows to quantize the weights and the biases of the network during
the training process by using the so called quantized layers and quantized activations. This
approach will be described in the next chapter.
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Quantized Neural Networks
In the previous chapter we have seen a methodology for the implementation of an ANN
on FPGA based on the traditional training of the network and a subsequent quantization of
the values of the weights and of the biases for each layer during the conversion from the
floating point format of the Python model to the fixed point precision suitable for the hardware
implementation. Considering this methodology we observed that it is impossible to significantly
reduce the number of bits associated to the weights and to the biases. In fact, the minimum
number of bits used for the conversion was 13.
In this chapter we are interested in exploring a new methodology where the weights and the
biases will be quantized before the training process by using the so called quantized layers.
These layers are defined in a library called QKeras [57]. This library allows to perform different
types of quantizations such as exponent quantization, binary or ternary quantizers. The idea
of using QKeras is to quantize some specific layers of the network. These layers are those
that handle the data and perform the so called input data type changes, such as Dense or
Convolutional layers or the Activation layers. All the other layers that instead manipulate the
data without modifying their type, but ordering them in a different way, are kept unchanged and
as a consequence cannot be quantized using this library. This last type of manipulation where
the data are reordered is in general performed by layers such as the Max Pooling and Flatten.
As a matter of fact, in order to quantize a model it is necessary to substitute the dense layers,
the convolutional layers and the activation layers with the quantized dense (QDense) layers, the
quantized convolutional (QConv2D) layers and the quantized activation (QActivation) layers
respectively. It is worth mentioning that it is not necessary to quantize the entire model, it is
also possible to quantize only the layers of interest. In particular, for the QDense layer and for
the QConvolutional layer it is possible to specify two parameters called kernel_quantizer and
bias_quantizer that allow to specify the type of quantization to be applied to the weights and
the biases respectively.
In this specific study we observed that the first convolutional layer requires a high number of
resources. The first point of interest is the quantization of the first dense layer to reduce its
associated resources and be able to retain more resources for the convolution operations. In this
way, it would be possible to see if the total number of resources necessary for the implementation
will be reduced. In addition, another reason to apply binary or ternary quantization only to
one of the last layers is to avoid having errors propagating through the entire network. For
these reasons, Section 5.1 will describe two different networks with only the first dense layer
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quantized using in one case the binary quantization (-1 and 1) and in the second case the ternary
quantization (-1, 0, 1) for the weights and the biases. These two networks will be compared
with each other and with a non-quantized network in terms of Keras performances and also in
terms of resources usage after the FPGA implementation. Then, another interesting thing is
to observe how the performances of the network change when the entire model is quantized.
In order to do that, in Section 5.2 three quantized models with binary quantization, ternary
quantization and a generic quantization (where it is possible to specify how many bits to use)
will be considered and compared in terms of performances.

5.1

Quantization of the first dense layer

In this section the network with the structure defined in Section 3.5 and with the modification,
described in Chapter 4, necessary to guarantee the correct implementation on FPGA (such as
sl1=5, sl2=15, sl3=8, input and batch normalization, a binary cross-entropy as a loss and a
ReLu as activation function) will be considered.
The first thing that can be done is the quantization of only the first dense layer. For this
purpose the dense layer characterized by 8 neurons will be substituted with the QDense layer
with 8 neurons, the corresponding activation function will be instead substituted with the
corresponding quantized ReLu1 and two quantized model will be taken into consideration. The
first model, that will be called for simplicity binary model, is characterized by the QDense layer
with a binary quantization (-1,1) for its weights and biases while the second model, called for
simplicity ternary model, is characterized by the QDense layer with the ternary quantization
(-1, 0, 1) for its weights and biases. These two models were trained2 and validated and their
performances comparison is shown in Fig. 5.1 and is summarized in Table 5.1. These results
suggest that when only one layer of the model will be quantized there will not always be a
degradation in terms of performances. In fact, considering the binary model there is a little
degradation while considering the ternary model the performances are as good as the ones of
the model where there is not any quantized layer, the loss is smaller and the accuracy is higher
of a factor of 10−3 , the AUC is higher of a factor of 10−4 and the WP_99 is higher of a factor of
10−3 . It is important to notice that the value of the validation loss for the not quantized model
is not in contradiction with the result obtained in Section 4.2.3 because, as already said, when
training a neural network we have a randomness component that propagates in the performances
of the network.
Once understood that the performances of the network with one quantized layer do not present
significant degradation and that in the case of the ternary model the performances are kept
unchanged, it is possible to check what is the effect of this quantized layer in terms of resources
usage and latency when implementing this network on hardware. Also in this case the same

1 The

quantized ReLu implemented on the QKeras library is a function that performs the ReLu and the quantization to a certain number of bits. More specifically it is possible to use a sigmoid to the inputs to normalize them or
alternatively it is possibile to not normalize them and keep numbers up to 2integer · (1−2−bits ) where integer stays for
the number of bits associated to the interger part of the number and bits stays for the number of bits to perform quantization (https://github.com/google/qkeras/blob/287e3ee8bd61fe1dd890fd6f3920e859842cf176/
qkeras/quantizers.py#L1124).
2 In

this case the tool INNATE was not used for the training because it does not support the QKeras library yet.
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(b) Comparison in terms of the Loss.3

(a) Comparison in terms of the Accuracy.

(c) Comparison in terms of the ROC curve.

Figure 5.1: Comparison of the performances of the not quantized model, the binary model and
the ternary model in terms of loss, accuracy and ROC curve.
Table 5.1: Comparison between the Keras performances when using different type of dense
layer: not quantized, binary or ternary.
Type of Dense Val Loss
Layer

Val Accuracy

AUC

WP_99

Not
Quan- 0.03731
tized
Binary
0.04058
Ternary
0.03495

0.98851

0.99816

0.98397

0.98839
0.98900

0.99744
0.99825

0.98076
0.98450

FPGA (xcku15p-ffve1760-2-e), the same Reuse Factor (RF) equals to 15 and the same strategy
of using different number of bits for each layer depending on their weights and predictions
will be used. After the conversion of the python code into a C++ code, the C-simulation and a
subsequent synthesis to generate the HDL code were performed. In this way the approximated
number of resources and the approximated latency for each model are estimated (using Vivado
HLS) and reported in Table 5.2. What it can be observed from this comparison is the decreasing number of BRAM, DSP and FF resources necessary to implement the quantized model
compared to those necessary to implement the traditional Keras model. However, the number
of LUT seems to increase and in order to verify the exact number of resources usage, as done in
Section 4.2.3, the IP core can be exported using Vivado HLS and it can be used to synthesize
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the model with Vivado and to extract the real number of resources and clock period for each
model (see Table 5.3).
Table 5.2: Comparison between the approximated number of resources and the approximated
latency (expressed in number of clock cycle) when using different types of dense layer: not
quantized, binary or ternary.

Type
Model

of

Not
Quantized
Binary
Ternary
Available

BRAM

DSP

FF

LUT

Total La- Theoretical
tency
Latency

501

849

76709

506492

3959

445

379
379
1968

820
813
1968

75477
72702
1045440

538928
524153
522720

3957
3958

444
445

Table 5.3: Comparison between the real number of resources and the clock period when using
different types of Dense layer: not quantized, binary or ternary.
Type
Model

of BRAM

DSP

FF

LUT

Clock
Period

245

772

128617

164407

3.99 ns

191
191
1968

767
687
1968

128514
125254
1045440

131858
129997
522720

3.72 ns
3.70 ns
5 ns (constraint)

Not
Quantized
Binary
Ternary
Available

Comparing the real number of resources it is possible to see that the global effect of quantizing
one layer of the model is to reduce the number of resources usage and to reduce the clock
period required by the hardware. The fact that by quantizing only one layer of the network it is
possible to keep unchanged the performances of the network and that it is possible to reduce
the number of resources used, is of great interest for this study. It indeed suggests that this
method is promising to further reduce the resources usage and the clock period required by the
hardware used for the implementation. Finally, once understood that between the binary and
ternary models the one that is more promising to be used instead of the non-quantized model
is the ternary model (due to its better performances and smaller clock period and resources
3 In this case the validation loss is not exactly equal to that obtained in the previous chapter (Fig. 4.24a) and it
is around 0.037 because the network has been run another time and there is a variability in the model. This run
was necessary because we need to train the network without INNATE due to its incompatibility with the QKeras
library.

111

Quantized Neural Networks

usage), it is possible to check if the predictions of the model before the compression into the
C++ code match those made after the C-simulation (see Fig. 5.2). Fig. 5.2 shows that the
error in terms of predictions is almost zero and the ratio between the AUC before and after the
compression of the model into a C++ code is 99.58%. Consequently this type of network, with
only the dense layer quantized with a ternary quantization of the weights and of the biases, can
be implemented on FPGA without loosing the performances and reducing both the resources
usage and the latency.

(a) Distribution of the absolute value of the
error between the predictions made by the
original python model and the compressed
model after the C-simulation.

(b) Comparison in terms of the ROC curves, in
light pink the results after the C-simulation while
in magenta the results of the original python model.

Figure 5.2: Comparison of the performances of the ternary model before and after the compression into a C++ code in terms of predictions and ROC curves.
This result is of relevant interest for the implementation on FPGA and the associated real time
classification task. In fact, after this analysis, it is reasonable to think that by quantizing more
than one layer it will be possible to implement on FPGA the quantized network reducing more
the resources usage and the related latency. For this reason, in the next sections we will focus
on the study of the quantization of the entire model.

5.2

Quantization of the entire model

Now that we have demonstrated the astonishing potential of applying the quantization before
the conversion into a C++ code and so directly during the training, it is possible to increase the
number of quantized layers in the model and check, also in this case, the performances degradation and the changing in terms of resources usage and latency in the hardware implementation.
In order to do that, we decided to consider first, in Section 5.2.1, two models: one with all
the layers quantized, i.e. both the first dense layer and the two convolutional layers (with the
associated activation functions) and a binary quantization for the weights and the biases, called
complete binary model for simplicity, and the other one with all the layers quantized (with also
the associated activation functions) and a ternary quantization for both the weights and the
biases, called complete ternary model. Then, in Section 5.2.2 we will consider the models used
in the previous section (Binary model and Ternary model), but in this case we quantize also the
convolutional layers using 4 bits for the quantization of their weights and biases.
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5.2.1

Models with all the layers quantized with the same quantization:
Binary or Ternary

Starting from the models described in Section 5.1 we decided to quantize not only the first
dense layer but also the two convolutional layers and their associated activation functions. In
this case both the convolutional layers, with 5 and 15 filters respectively, will be substituted
with QConv2D layers with 5 and 15 filters respectively and with the same quantization as
the one used for the Qdense layer for the parameters kernel_quantizer and bias_quantizer.
Consequently, also in this case we consider two different models:
• The first one with the binary quantization for the kernel_quantizer and bias_quantizer for
each layers (complete binary model);
• The second one with the ternary quantization for the kernel_quantizer and bias_quantizer
for each layers (complete ternary model).
It is worth mentioning that the output layer is not quantized. This is because we are interested
in comparing the performances of the model and, as a consequence, it is more significant to
keep on the output values between 0 and 1, such as 0.99, and not only 0 and 1. Once these
models are trained, we compared them with the corresponding model with only the dense layer
quantized. The comparisons in terms of performances are shown in Fig. 5.3a for the binary
quantization and in Fig. 5.3b for the ternary quantization.

(a) Comparison when using binary quantization
for the weights and the biases for each layer of the
QKeras model except for the last one.

(b) Comparison when using ternary quantization
for the weights and the biases for each layer of the
QKeras model except for the last one.

Figure 5.3: Comparison of the performances in terms of the ROC curve when using only one
layer quantized and when using all the layers of the model quantized except the output layer.
Figure 5.3 shows that the performances are kept when using only one or all the layers as
quantized in terms of the ROC curve. In the case of binary quantization for the weights and
the biases the ratio between the two curves is 99.28% while for the ternary quantization is
99.75%. However, observing the behaviour of the validation loss vs. the number of epochs for
the complete binary model and for the complete ternary model it is possible to observe a lot of
fluctuations and it seems that the models are not learning in the correct way, because the value
of the loss does not become smaller as the number of epochs increases, see Fig. 5.4.
In fact, the values of the validation losses are higher than the cases where only one layer was
quantized and are 0.16857 for the complete binary model and 0.06033 for the complete ternary
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(a) Binary quantization.

(b) Ternary quantization.

Figure 5.4: Representation of the validation loss vs. the number of epochs when using all
the layers of the model quantized, except the output layer, with the binary and the ternary
quantization for the weights and the biases.
model. This means that we have a degradation of the validation loss that is of the order of 10−2
compared to the results obtained with only the dense layer quantized. This result suggests that
this type of quantization for the first and second quantized convolutional layers is not enough to
keep the performances of the model and, as a consequence, it is better to increase the number
of bits for the quantization of the weights and of the biases in the QConv2D layers. This can be
done by using, for example, 4 bits for the quantization. However, this type of quantization is
not yet supported by hls4ml for the conversion of the Python model into a C++ code and thus,
in order to see if we are going in the correct direction, we can observe how many resources and
latency are required for the hardware implementation of the model where all the layers (except
the last one) are quantized, even if we know that the performances are not kept.
For this purpose we compressed the two models (complete binary model and complete ternary
model) using hls4ml, then the generated C++ codes were simulated and synthesized by using
Vivado HLS and finally, always using Vivado HLS, the IP core was exctracted and used in
Vivado in order to obtain the real number of resources and clock periods (see Table 5.4).
Table 5.4: Comparison between the real number of resources and the approximated latency
when using different types of dense and convolutional layers: not quantized, binary or ternary.
Type
Model

of

Not
Quantized
Complete Binary
Complete
Ternary
Available

BRAM

DSP

FF

LUT

Clock period

245

772

128617

164407

3.99 ns

191

88

117355

125347

3.58 ns

191

113

117849

126073

3.76 ns

1968

1968

1045440

522720

5 ns (constraint)

What can be observed in this case is that the number of DSP, FF, LUT resources is reduced
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compared to the case where only one layer was quantized. The clock period instead always
meets the constraint of 5 ns, it is almost kept unchanged and does not vary significantly. These
results suggest that when all the layers are quantized the resources can be reduced more than
the case where only the dense layer is quantized. Consequently, it is reasonable to try to use
one bits more for the weights and biases of the quantized convolutional layers in order to see if
the performances will be kept in this case.

5.2.2

Models with all the layers quantized with different quantizations
for dense and convolutional layers

The last thing that can be done to keep small resources and latency is to change the type of
quantization for the weights and the biases of the QConv2D layers. This means that we will
always consider the binary quantization or the ternary quantization for the weights and the
biases of the quantized dense layer and, in addition, we will consider 4 bits for the quantization
of the weights and of the biases of the two QConv2D layers and for the quantization of their
associated activation functions. Moreover, the last layer is still not quantized in this case, in
order to allow the comparison in terms of performances. The two models in this case will be:
• The first one with the binary quantization of the weights and biases for the quantized
dense layer, 4 bits for the quantization of the weights and the biases of the quantized
convolutional layers and 4 bits for the quantization of the activation functions associated
to the QConv2D layers (Binary 4 bits quantization );
• The second one with the ternary quantization of the weights and biases for the quantized
dense layer, 4 bits for the quantization of the weights and the biases of the quantized
convolutional layers and 4 bits for the quantization of the activation functions associated
to the QConv2D layers (Ternary 4 bits quantization);
Once the two models are defined, the only thing that can be done is the comparison of the
performances with the case where only the dense layer was quantized, because the quantization
with a specific number of bits, as already said, is not supported by hls4ml. The comparison of
the performances in terms of ROC curve between the Binary 4 bits quantization model and the
Binary model and between the Ternary 4 bits quantization model and the Ternary model are
shown in Fig. 5.5a and in Fig. 5.5b respectively.
More precisely, the ratio between the ROC curves for the Binary 4 bits quantization and the
Binary model is 99.97% while for the Ternary 4 bits quantization and the Ternary model is
99.94%. This suggests that both the models present very good performances. Moreover, the
validation loss for these models presents a more correct behaviour and decreases when the
number of epoch increases reaching 0.0408 for the Binary 4 bits quantization model and 0.0539
for the Ternary 4 bits quantization model (see Fig. 5.6).
As a conclusion, when adding one more bit to the quantized convolutional layers for the
quantization of the weights and of the biases, the performances of the models are good and
comparable with those obtained with the non-quantized models and with the models with only
the dense layer quantized. This suggest that quantizing the network directly from the training,
by using the QKeras library, is a very promising approach to reduce the number of resources
usage and the latency for the classification of EM and HAD particles problem.
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(a) Comparison when using binary quantization
for the weights and the biases for the quantized
dense and 4 bits for the quantized convolutional
layers of the QKeras model except for the last one.

(b) Comparison when using ternary quantization
for the weights and the biases for the quantized
dense and 4 bits for the quantized convolutional
layers of the QKeras model except for the last one.

Figure 5.5: Comparison of the performances in terms of the ROC curve when using only one
layer quantized and when using all the layers of the model quantized except the output layer.

(a) Binary quantization.

(b) Ternary quantization.

Figure 5.6: Representation of the validation loss vs. the number of epochs when using all
the layers of the model quantized (except the output layer) with the binary and the ternary
quantization for the weights and the biases of the QDense layer and using 4 bits for the
quantization of the weights and of the biases for the QConv2D layers.
The implemented network is not an approximate quantization of the optimal network but
rather the optimal quantization network. This procedure allows to reduce the resources usage in
the most natural way.

5.3

Summary

In this chapter we have seen a different approach for the quantization of the ANN. Instead of
quantizing the model only during the compression from the Python model into the C++ code,
e.g. once it is already trained and validated, it is possible to use the quantized layers and to
specify the type of quantization for their weights and for their biases.
This type of quantization allows to reduce the number of bits for the conversion of these layers
and consequently to reduce the number of resources usage and the latency when implementing
the model on FPGA. Approximately, the higher the number of layer that will be quantized, the
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lower the number of resources usage and the latency. From this analysis, we have observed that
for this specific particles classification problem, when only the dense layer was quantized, the
performances of the network were kept, in particular when the ternary quantization was used
for the kernel_quantizer and for the bias_quantizer. In addition we observed that, when all the
layers were considered as quantized layers, the ternary and binary quantization for the weights
and the biases of the quantized convolutional layers are not enough to guarantee a model with
high performances and the reasonable number of bits that can be used is rather 4.
However, with the current version of hls4ml it is not possible to convert the QKeras model with
a specific number of bits for the weights and the biases into a C++ code and, subsequently, it
was not possible to test if the resources and the latency would be effectively reduced. This
last study, related to this new type of quantization using QKeras, should be a starting point to
explore more the quantization of different layers with a specific number of bits for the weights
and the biases and to verify, once hls4ml will be updated to support this conversion, the effective
number of resources usage and the latency.

117

Chapter 6

Conclusions
The purpose of this study was to exploit an alternative method based on deep neural networks
for the classification of EM and HAD particle on the output of the first stage of the HGCAL
Trigger Primitive Generator (TPG) in the Level-1 trigger system. In this chapter I will provide
the obtained results and some possible future works that might be done to improve this study.
The final result of this project is the confirmation of the possibility to use a new innovative
approach, based on Deep Neural Networks, for the real time analysis of the particles generated
during the proton-proton collisions in the LHC.
I have first shown how the use of a simple Fully Connected Neural Network, able to learn
the relationship between input features and a target output, can be promising to substitute
the traditional methods adopted for the classification of EM and HAD particles, based on
hand-made algorithm such as Boosted Decision Trees on the output of the stage 2 of the TPG.
In fact, we have found that using this architecture without any detailed optimization allows to
reach optimal performances, i.e. an accuracy of the order of 99.56%.
Then, I have shown that the Convolutional Neural Network is a promising neural network
architecture that could be implemented on existing hardware (FPGA) and could be used after
the stage 1 of the HGCAL TPG in the Level-1 trigger by substituting the stage 2, that consists
in a hand-made clustering algorithm able to reconstruct and to classify clusters of energies
with a constraint of few microseconds dictated by the rate of the collisions. In fact, the main
information that can be extracted from this analysis is that, after a careful optimization of the
hyper-parameters of a Convolutional Neural Network using different techniques such as the
hand-tuning followed by a Bayesian Optimization, it is possible to find the optimal architecture
for this specific particle classification task. The optimality of the network that is reached is not
only in terms of performances, but also in terms of resources usage and latency required for
the implementation on the FPGA (see the first row of Table 6.1). The found network allows to
reach an accuracy of 99.69% after the implementation and, for what concerns its latency, we
have found that it is of the order of 19.8µs.
118

Conclusions

Table 6.1: Resource and latency usage. The latency is expressed in terms of number of clock
cycle.

Standard
NN
Ternary
Available

BRAM

DSP

FF

LUT

Total La- Theoretical
tency
Latency

245

772

128617

164407

3959

445

191
1968

687
1968

125254
1045440

129997
522720

3958

445

However, we observed that most of the latency (3500 clock cycles) came from the pooling
layers. It is an unexpected result due to the fact that the pooling operation is a simple evaluation
of the maximum, an easier operation than the matrix multiplication.
Observing the hls4ml implementation, we discovered that the pooling layer is not implemented
in the same way as all the other layers. In particular, its operations are kept serialized and it is
not possible to parallelize them with the current available version of hls4ml. For this reason, we
have also taken into account the pooling layers by considering that their operations were parallelized as done for all the other layers and we associated to them a latency of the same order of
magnitude (20 clock cycles) of the layers with similar size. By doing this considerations, it was
possible to find a latency that is more reasonable, of the order of 2 . 2 µ s . This number seems
very promising for the real time classification of the particle on the output of the L1-trigger and,
for this reason, it could be of interest to study in more details the parallel implementation of the
pooling layer operations using hls4ml in terms of future works.
On the other hand, I also exploited a new type of artificial neural network where some of the
layers or all the layers have been already quantized before the training process. This approach
seems interesting when the network has to be implemented on FPGA. In fact, we observed that
by quantizing just one dense layer it is possible to have a reduction of the resources needed on
FPGA while keeping the performances and the latency of the network unchanged if compared
to the traditional neural network model (see the second row of Table 6.1).
Starting from this consideration, we decided to explore the quantization of all the layers of the
network to further reduce the resources. Along this dissertation, we observed that, in order to
not loose the performances of the network when quantizing all the layers, it was necessary to
use more than 3 bits for the quantization of the convolutional layers (more precisely, 4 bits).
However, the implementation of this type of network quantization using hls4ml is still in
progress and at the moment allows to consider only the binary and the ternary quantization.
For this reason, we were not able to perform the implementation of the network with also the
convolutional layers quantized. This last observation suggests to explore in more details this
new type of artificial neural network in the future.
In addition to these results, this thesis also provides a definition and a practical use of a well
defined methodology for the optimization of deep neural networks that takes into consideration
the trade-off constraint between the software performances and the resources and latency usage
imposed by the hardware implementation.
119

Conclusions

Furthermore, this document involves the testing of the innovative tool provided by the LLR
laboratory to speed up the training process, called INNATE. The latter is used during all the
training processes in the present project, showing its effective functioning with either different
Neural Network architectures and optimization techniques.

6.1

Future works

Following the results obtained in this study, there are still some further investigations that could
be considered:
• Parallel implementation of the pooling operations using hls4ml
During the implementation of the neural network on FPGA we observed that the pooling
layer is not synthesized in the same way as the other layers and, in particular, it is
synthesized in a sequential way. We expect that it could be possible to reduce a lot the
time required by the hardware associated to this layer when considering a parallelization
of its operation during the synthesis made by hls4ml;
• Synthesis of QKeras layers characterized by a generic number of bits using hls4ml
We observed that the quantization of the convolutional layers with a number of bits higher
than three allows to keep the performances of the quantized network comparable with
respect to the traditional ones. We expect that, due to the less number of bits (4) required by
the quantized convolutional layers compared to those needed when converting traditional
NN models, the resources usage once implementing this type of quantized network on
FPGA will be smaller.
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Optimizers algorithms
A.1

SGD

The Stochastic Gradient Descent (SGD), [58], is a method used to evaluate the minimum of a
specific type of function. It is similar to the Gradient Descent that is based on the evaluation
of the full gradient during each iteration that will be used to define the direction in the space
where we have to go in order to find the minimum. However, the SGD does not evaluate the
full gradient for each iteration but it evaluates only a certain number of samples, reducing
the computational cost of performing this operation. Let us consider a convex minimization
problem where the function f (x) to be minimized is proper, closed and strongly-convex:
f ∗ = minp f (x)
x∈R

The algorithm of the SGD can be written as follow:
1- Select a starting point x0 and the value of a parameter, γt that define the step size
called learning rate;
2- For k = 0,1,.., N-1, where N is the number of the iteration, perform:
xt +1 = xt − γt ĝt
where γk is a positive number and ĝt is an unbiased estimate of the full gradient: E [ĝt ] =
∇ f (xt ). The main disadvantage of this algorithm is the fact that the learning rate is fixed.

A.2

Adagrad

The Adaptive Gradient Algorith [59], called Adagrad, is a method where the learning rate is
adapted at each iteration depending on the value assumed by the past gradients. Hence, the main
advantage, compared to the SGD, is that the update of the learning rate is done in an adaptive
way. What it is possible to say in general is that with high global learning rate this method
requires more iterations to converge than SGD due to the fact that the step size decreases.
Instead, if the global learning rate decreases, this method starts to have better accuracy and
lower losses with respect to the stochastic methods due to the fact that it does not keep the step
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size, i.e. the learning rate, constant but it updates the learning rate depending on parameters.
Its main disadvantage is that the global learning rate is divided by a factor that depends on the
sum of the squares of the past gradients (element-wise product between past gradients) and so
the learning rate, at each step, decreases of a quantity that increases. For this reason, when the
global learning rate is too slow it does not perform well as the other adaptive methods because
it requires a large number of iterations to converge.
The algorithm of the Adagrad can be written as follow [59]:
1- Initialize x0 , r=0;
2- For t = 0,1,.., N-1, where N is the number of the iteration, perform:
r = r + ĝt
xt +1 = xt −

ĝt

γt
√ ĝt
δ+ r

where ĝt is an unbiased estimate of the full gradient, γt is the global learning rate, δ is the
damping coefficient and τ is the decaying parameter.

A.3

RMSprop

The Root Mean Square Propagation (RMSProp) algorithm is very similar to AdaGrad and adds
an exponentially decaying average of the squared gradient that allows to remove the problem
that appears in AdaGrad, that implies a significant reduction of the learning rate at each iteration.
The RMSProp allows to have a redistribution of the weights between the past gradients and
the squared gradient. So it has the same advantages of AdaGrad with respect to the stochastic
methods but it adds the advantage, previously mentioned, compared to AdaGrad. The algorithm
of the RMSprop can be written as follow [60]:
1- Initialize x0 , r=0;
2- For t = 1,.., N-1, where N is the number of the iteration, perform:
r = τr + (1 − τ )ĝt
xt +1 = xt −

ĝt

γt
√ ĝt
δ+ r

where ĝt is an unbiased estimate of the full gradient, γt is the global learning rate, δ is the
damping coefficient and τ is the decaying parameter.

A.4

Adam

The Adaptive Moment Estimation (Adam) algorithm is a kind of combination of two already
mentioned methods: the Adagrad and the RMSprop. It is an improvement compared to the
others mentioned methods. It is very similar to RMSProp because it still adds the exponentially
decaying average of the squared gradient but it also adds the exponentially decaying average of
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the gradient. So it combines the RMSProp and the Momentum. In this way when the global
learning rate is low it should be better than the other methods because it reaches higher accuracy
after a small number of iteration and it is able to escape from local minimum (as the case of
momentum). Instead, when the global learning rate is too high it does not perform well and the
stochastic methods can present better accuracy.
The algorithm of the Adam can be written as follow [40]:
1- Initialize x0 , m1 =0, m2 =0;
2- For t = 0,1,.., N-1, where N is the number of the iteration, perform:
m1 = β1 m1 + (1 − β1 )ĝt

m1 ←

m2 = β2 m2 + (1 − β2 )ĝt

ĝt

m1
1 − β1t +1

m2
1 − β2t +1

m2 ←

xt +1 = xt − γt

m1
√
δ + m2

where ĝt is an unbiased estimate of the full gradient, γt is the global learning rate, δ is the
damping coefficient, β1 is the first order decaying parameter and β2 is the second order decaying
parameter

A.5

Adamax

Adamax algorithm is a variant of the Adam algorithm in which the norm l2 of the past gradients
(also written as ĝt ĝt ) is substituted with the infinity norm [40].
The Adamax algorithm can be written as follow [40]:
1- Initialize x0 , m0 =0, u0 =0;
2- For t = 1,.., N-1, where N is the number of the iteration, perform:
mt = β1 mt−1 + (1 − β1 )ĝt
ut = max(β2 ut−1 , |ĝt |)
xt = xt−1 −

γ mt
1 − β1t ut

where ĝt is an unbiased estimate of the full gradient, γ is the global learning rate, β1 is the first
order decaying parameter and ut is the exponentially weighted infinity norm.
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A.6

Adadelta

The Adadelta algorithm is an improvement of Adagrad. Its main difference compared with
Adagrad is that it does not update the learning rate using the accumulated past gradients that
imply a continuous reduction of the learning rate as the number of iteration increases, it instead
uses a fixed window of past gradients (that means a small number of past gradients compare to
the number of iterations) [61].
The Adadelta algorithm can be written as follow [61]:
1- Initialize x0 , E [g2 ]0 = 0; E [∆x2 ]0 = 0
2- For t = 1,.., N-1, where N is the number of the iteration, compute:
the gradient gt
the accumulate gradient E [g2 ]t
∆xt = −

RMS[∆x]t−1
gt
RMS[g]t

xt +1 = xt + ∆xt
where gt is the gradient, E [g2 ]t is the average of the squared gradients at time t and RMS is the
root mean square.
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