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Abstract. Empty ...

1. Introduction

The Large Hadron Collider (LHC) [] detector at CERN is the most advanced energy
protons collider. the HLC explores the elementary particles, which are the fundamental
constituents of matter, and their interactions. Elementary particles are the underlying
structure at the inner kernel of matter and, at the same time, plays an essential role in the
evolution of the Universe.

The Fast Tracking in High-Pileup environment (FTHP) is a urgent need has been
identified within the context of the CMS experiment. Accurate tracking of the charged
particles produced in the event is the foremost part of any physics analysis. Preliminary
results from the Trigger and Data Acquisition Group for the HL-LHC show that the timing
of tracking at the HL-LHC can be completely untenable, being more than 30 seconds per
event. We therefore study the possibility to apply Machine Learning techniques to this
problem.

The main principal goal of this project is apply machine learning algorithms to the
track reconstruction problem of HL-LHC. The data produced by this detector is bigger...
These kind of problem requires methods that work with temporal observation that are
represented by hits in dense environments

2. Related Work

Traditional algorithms ....

Here I think we need to talk about some techniques, LSTM, CNN

3. Deep learning Models for Tracking problem

The Recurrent Neural Network (RNN) is a model of neural network proposed in the 80’s
by [Rumelhart and McClelland 1986, Werbos 1988, Elman 1990]. They are well suitable
for modeling our problem of tracking finding as a prediction of sequence of next layer of
a hit. These networks were created to keep past information for use in the future. But
The disadvantages of NNRs occurs when they are unable, in practice, to connect the in-
formation of long dependence. All of these problems were explored by [Hochreiter 1991]
e [Bengio et al. 1994]. The first authors showed that RNN networks are difficult to train
with the Back Propagation algorithm. His work identified that deep architectures suffer
from the problem of vanishing gradient and exploding gradient. The RNN model is very
simple and powerful, but very sensitive to the problems mentioned.



3.1. Long Short Term Memory

In the mid-1990s, a variation of RNNs, called Long Short Term Memory (LSTM)
networks, was introduced by [Hochreiter and Schmidhuber 1997]. LSTMs are able to
learn long-term dependencies in sequence prediction. To overcome the problems mentio-
ned before vanishing and exploding, [Hochreiter and Schmidhuber 1997] proposed a new
architecture, which forces to maintain a constant error through internal states and special
units called gates. The major contribution of LSTM, is its memory cell, which acts as an
accumulator of the state of information. They differ from RNN in that in addition to ha-
ving a memory, they can choose which data to remember and which data to forget based
on the weight and importance of that feature.

LSTM can capture non-linear behavior and dynamics of physics and has demons-
trated a very high accuracy to learn time series observations.

3.2. Convolutional Neural Networks

Convolutional neural networks (CNN) originates from neuroscience dating back to the
proposal of the first artificial neuron in 1943 [34] and utilize layers with convolving filters
that are applied to local features [?, ?].

4. Method

Empty ...

5. Preprocessing, Datasets and Features

We decided to use the dataset provided by the TrackML Kaggle challenge 1 to guide our
efforts. The original TrackML dataset has 8850 event files of independent and simulated
high-pileup that contain, in the average, 10k tracks each, compose by the recorded hits, the
associations with the particles, the initial parameters of these particles and the geometry
of detector. For data entry to the models, the training dataset was organised with the
information of an entire track per tuple. For this reason, we sorting hits along the track
using geometric distance of the 3D Cartesian coordinates of each hit as a reference. We
noticed that there was more than one hit per layer, impairing the models’ learning. To
solve this, we remove hits that are closer than 20mm from the subsequent hit, keeping
one hit per layer from each tuple. We also add the polar coordinates of each hit to the
dataset, to see if there is a change in performance when training the model using Cartesian
or polar coordinates. For this data wrangling, we decided to use python multiprocessing
to parallelize the execution of data adjustments. Multiprocessing is a python package that
supports spawning processes. In our case, each event was touched by a parallel process.

6. Evaluation

This section contains three experiments

1https://www.kaggle.com/c/trackml-particle-identification



6.1. Metrics

We used four metrics as our main metrics the Mean Absolute Error (MAE), Root Mean
Square Error (RMSE) and R Square (R2) at training and testing stage to measure the
predictive regression accuracy of each model.
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The yi is the real hit value and f̂(xi) is predicted value. The x̂ = 1
N

is the mean.
R2 always is a value between 0-1.

6.2. Experiments

Our experiments is conformed by LSTM and comparisons with other models. It was run
on a server with 2x Intel Xeon Platinum 8160 CPU 2.10GHz with 48 threads each and
192GB of RAM DDR4-2666. This server has a Volta GPU NVIDIA Titan V with 12 GB
HBM2, 640 Tensor Cores and 5120 CUDA Cores.

LSTM experiments were using as a framework Tensorflow 2.1.0, Keras 2.3.1,
scikit-learn 0.22.1, numpy 1.17.2, scipy 1.4.1 and python 3.7.6 and Ubuntu 18.04.3 LTS
running in a server. We have tested different configurations, neurons, batch size and
epochs. This first model consists of 4 staked layer. The first layer has 800 neurons,
1 Dropout layer, 800 neurons, 1 Dropout layer, 1 full connected with 10 neurons and
an output layer with 3 neurons. The function used was ReLU, together with the Adam
optimizer.

The Table 1 shows all performance of models that we have used. the first ex-
periment used a LSTM with Cartesian and spherical coordinates as input. All data was
standardized using standard normalization. We had divided the dataset in tree parts. The
first dataset has .....

DataSet Model MAE RMSE RMSE-Vector R2

Cartesian coordinates - (x, y, z)
Dataset 1

LSTM-Norm 7.758 11.087 [10.59, 10.84, 11.79] 0.999
Spherical coordinates - (r, θ, ϕ)

Dataset 1
LSTM 1.75 3.204 [5.53, 0.15, 0.48] 1

Tabela 1. Models Performance.



The metrics 1, 2, 3 for LSTM with polar positions showed very small values in
millimeters. For the CNN neural network architecture

7. Conclusion
Empty ...
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