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Abstract

The Time Of Flight (TOF) belong to the ALICE experiment and is dedicated to particle identification by
computing their time of fligh. It works by matching a hit and a track reconstructed by the inner detectors.
During that procedure there is some hit/track mismatch that can be reduced by using machine learning
techniques. The first part of the internship was dedicated to the study of the problem with an old ROOT
library called TMultiLayerPerceptron in order to improve PID with TOF. The second part was dedicated to
the use of Keras, a much more recent python library.

I. Introduction

ALarge Ion Collider Experiment (ALICE)
is one of the four main experiments of
the LHC dedicated to the study of the

strongly interacting matter created by heavy
ion collisions. One of the main purpose of
those collision is to recreate a theoritical state
of matter : the Quark-Gluon Plasma (QGP).
This is an exotic state of hot and dense mat-
ter where defonfined quarks and gluons can
be observed. This is not possible outside of
the thermodynamical conditions created by the
collisions because of the color charge that con-
fined quarks and gluons. But studying the
evolution of QGP requires to know the species
of the particles produced during the interac-
tion. This is the main objective of the Time Of
Flight (TOF) that uses the caracteristic time of
flight of the particles to identify them. It works
by associating a track propagated in the TOF
and one of the hit in its vicinity. The recon-
struction of the track propagated in the TOF is

done for one part by the Inner Tracking System
(ITS) located just close to the interaction point.
It consists in six layers of silicon around the
beam pipe that can give different informations
as the track impact parameter or an analogic
measurement of the energy loss in the detec-
tor, useful for identification of low momentum
particles. The second part is done by the Time
Projection Chamber (TPC), the main detector
of ALICE. However there are some errors in
the association between a track and a hit, this
is called mismatch (versus goodmatch when
the association is right), that degrade perfor-
mances of the TOF. It is proposed for this work
to use deep neural network, because of their ef-
ficiency to study non-linear and multi-variables
problems as this one, in order to reduce that
effect in the datas.
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II. Time of Flight

1. How does the TOF works?

The TOF is a cylindrical detector covering the
area |η| <0,9. It can measure low momentum
particles. For the high particle’s momentum,
it will be identified by another detector of AL-
ICE, for example the High Momentum Particle
IDentification (HMPID).

Figure 1: Time of Flight
TOF is a gaseous detector splited in 18 sectors
made of sensitive strips of 120×7cm2 [CER18]

This detector can reach a time resolution of
56 ps that allow it to distinguish kaons and
pions at 2 GeV/c and protons and kaons at 5
GeV/c [CER00]. To reach that resolution, the
detector is based on the Multi Resistive Plate
Chamber (MRPC) technology. It consists in a
double stack of five plates of commercial glass
separated with a distance of 250 µm by fish
line. The gap between the plates is filled with
a mix of gas composed of C2F4H2 (90%), SF6
(5%), and C4H10 (5%). There are two external
cathodes and one internal anode between the
two stacks [CER02]. When a particle passes
throught a strip, it ionizes the gas, the detector
gain creates an avalanche of electrons stopped
by the glass. Then it creates an electromagnetic
wave which ionizes the next gap, until the elec-
trons reach the internal electrode where they
are collected. The final signal is the sum of all
the signal created in the previous gaps. This
configuration amplifies the signal in the TOF
and give a good time resolution. Those clusters
are then assiociated with reconstructed tracks.

Figure 2: Multi Resistive Plate Gap
The stack of glass plate makes a quick and
precise detector. [INF18]

2. Particle identification in the TOF

Particle identification is an important purpose
to study heavy ions and QGP for several rea-
sons. On the one hand, knowing the particles
produced during an event gives thermodynam-
ical informations, particularly the temperature
because QGP happends after a phase transition
at Tcrit ∼170 MeV. On the other hand the hard
probes used to study the QGP depends on the
particles produced at the very beginning of the
interaction. Thus, it is necessary to be able to
compare the proportions ef those particles to
the known production rate. [GO18]
Particles are identified in the TOF by plotting
the relativistic coefficient versus the momen-
tum. There are several strips visible on figure
3, corresponding to the six species detected
in the TOF which are electrons, muons, pions,
kaons, protons, and deuterons.

One can see that there is a lot of background,
corresponding to the continous background
that needs to be removed from the TOF data
to improve the detector performances. Some
tracks seems to have a β>1 that do not make
any physical sense. It can correspond to reflex-
ions of particles on the most external parts of
ALICE that are detected by the TOF. This is an
exemple of clear mismatch in the detector.

3. TOF performances

The distribution used to identified particles is
a centered gaussian with a standard deviation
:
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Figure 3: Beta VS Impulsion in the TOF
This was obtained during beam tests for the
actual run at the LHC. [Jac18]

σ2
TOT = σ2

TOF + σ2
trk + σ2

event (1)

where σ2
TOF is composed of :

• The intrinsic resolution of the MRPC
• The resolution of the readout electronic
• The resolution of the internal clock of the

LHC
• The calibration of the TOF

The part σ2
trk is linked to the resolution on

the track’s reconstruction and the σ2
event part is

linked to time resolution on the evaluation of
the instant when the event occured. The total
time resolution is 56 ps for the TOF. [Car18]

III. Neural networks

1. How does it work

Neural networks were design during the 5O’s
and are based on the biological networks. Dur-
ing the 60’s many limitations were pointed
out, particularly, it was proven that it was im-
possible to solve non-linear problem with this
first generation of networks, thus for a long
time they were forgotten. But during the 80’ it
changes thanks to the multi-layers perceptrons
that solve all the previous problems. That is the
kind of network I used during this internship.

Figure 4: Time Performance of TOF [Pre17]

A neuron is basically a mathematical function
described by an activation function which de-
fine a threshold that triggers the neuron. Those
neurons are bound in layers and each one of
them is linked by synapses to all the neurons
of the next layer. The synapses are defined by a
weight modeling the strengh of the inteaction
between two neurons. For a multi-layer per-
ceptron the computation is made by making
the dot product of the entry vector and of the
synaptic weigth.
The first layer consists of the input parameters
of the problem, the next layers are called hid-
den and the last one is the output layer which
give the result of the computation. For the net-
works I trained the first layer is made of the
caracteristics of the tracks (see the apendices)
and the last one was just made of a neuron that
says wether or not the association is good.

2. Interests for the TOF

The problem of the mismatch involves many
parameters and their influences on the effi-
ciency has no reason to be trivial. The high
number of parameters is mainly due to the fact
that one can find up to ten clusters in the vicin-
ity of the track and all of them them have to
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Figure 5: Shape of a neural network
A network that was used to analyse the data

be taken into account. This makes the analysis
very difficult but neural network were built
to study those kind of problems which makes
them good candidates to improve particle iden-
tification.

3. Methods

To use a network one starts by setting two
sets of datas, the first one is used to train the
network and the second one is used to check
the accuracy after the training phase. During
the training, the tracks are presented to the
network which tries to minimize the error by
backpropagating the gradient, and change at
each track the synaptic weights. Then, once
the whole training data set is ended, there is
a check on the validation set that consists in
presenting a track to the network and checking
if the answer is right or wrong. Then when it
is finished this whole process is iterated, every
iteration is called an epoch.
However, to be efficient a network needs a
huge set of data, especially if the number of pa-
rameters is large, to avoid the overfitting. This
means that the network becomes too sensitive
to the training set of data and then it is impos-
sible to use it on another set and generalize the
results. Another thing is that a network needs
enough epochs to be accurate and not deviate
too much from the data.
For this internship the data came from simu-
lation GEANT 3 [CD94] of the LHC, able to
simulate events in ALICE thanks to a Monte-
Carlo algorithm. Thanks to that it was known if

the association cluster/track is right or wrong
to test the results make sense.
But, the proportion goodmatch/mismatch in
those simulated data are 90%/10% and it limits
the learning abilities by fixing the weigths of
the network beacause it is not facing enough
mismatch. So a pre-process was applied on
the data to have equal proportions of good-
match/mismatch. This highly improved the
performances of the trained data. One can see
an example of a trained network without this
process in the appendix to compare with the
following results.

IV. Results with TMLP

1. Training

The ROOT library TMultiLayerPerceptron
[Del03] was used for the first two third of this
work. It is quite old [PR93], but as there are
less thing to parametrize, TMLP is simpler and
allowed to understand the principles of ma-
chine learning. Moreover, as it belongs to the
ROOT framework, dedicated to data analysis
in particles physics and nuclear physics, it lim-
its the risk of errors in the network structure.
For this part the neuron are described by a
sigmoid function which is defined as follow :

f (x) =
1

1 + e−x , (2)

except for the output neuron described by a
softmax function which is applied to a vector
−→x of dimension n that return vector −→σ whose
components are :

σ(−→x )j =
exj

n
∑

i=1
exi

, ∀j ∈ [[1; n]]. (3)

The results presented in this section are given
by a network trained during 300 epochs with a
set of 3,000,000 tracks. Once the training is over
the figure 6 is obtained. This is the distribution
of the output neuron which allows to visualize
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if the network is able to separate the signal
(goodmatch) and the background (mismatch).
Thanks to that it is possible to chose a cut. This
cut defines if the association is right or wrong
according to the network. Here the chosen cut
is 0.30.

Figure 6: Distribution of the output neuron
The red distribution is for the mismatch. The
blue distribution is for the goodmatch.

2. Analysis

After the training, a new set of 1,000,000 tracks
is given to the network to check its perfor-
mances. The figure 7 is the distribution beta
versus momentum without any analysis. There
are the same problems as the one described for
the figure 3 : track with β<1, high background
a low momentum.
After the analysis, the figure 8 is obtained.
There is a clear improvement of the signal,
most of the tracks with β<1 and the high mo-
mentum tracks are also removed, which makes
sense as the TOF is designed to identify low
momentum particles. Plus there is an improve-
ment in the region β '0.9 et PT ' 1, even if
there is still some mismatch due to the high
density of tracks in this region that makes the
learning difficult for the network.
However by crosschecking the Monte-Carlo
truth of the figure 9 and the analysis by the
network it appears that a non neglitible part
of the signal has to be removed to improve the

Figure 7: Unselected data
Beta vs Momentum before analysis by the net-
work

quality of the data, which is a high cost for this
analysis.

3. Performances of this network

In order to characterise the network, we define
the following quantities :

Purity =
Good tagged goodmatch

Tagged goodmatch
, (4)

Contamination =
Mismatch tagged goodmatch

Tagged goodmatch
,

(5)

E f f iciency =
Tagged goodmatch

Total number of track
. (6)

The first quantity is the correct answers rate
given by the network, the second one is the
rate of false positives and the last one quantify
the part of the data that was discarded from
the input set. On the figure 10, it appears that
the efficiency decreases as the cut increases.
This means that more tracks are removed from
the unselected data. Moreover, there are more
tracks removed at low impulsion because the
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(a) Tagged good match by the network

(b) Tagged badmatch by the network

Figure 8: Analysis of an unknown set of data by the
network

density is higher in this region. The purity is
low in that same region for the same reason,
moreover to have a high purity a hard cut is
needed, at least 40%. Then it justifies the choice
made for the cut at 0.30 and it confirms that to
have an improvement part of the signal has to
be removed. The same remark is possible for
the contamination that needs a hard cut.

4. Conclusion for TMLP

The use of TMLP shows that a reduction of the
mismatch is possible to improve the quality of
the signal. But to achieve that a non neglitible
part of the signal has to be sacrified and t im-

(a) True Goodmatch

(b) True Badmatch

Figure 9: Monte-Carlo truth

plies that good statistics are needed to have
relevant results. Another drawback of the anal-
ysis with TMLP is the high computing time
needed.

V. Results with Keras

1. Training

Keras is a python library which use Tensor-
flow’s machine learning algorithms. It is more
recent than TMLP and it was expected better
results. [Cho17]
For this section the network was trained with
400,000 tracks during 200 epochs and after that
the figure 11(a) is obtained. All the neurons are
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(a) Evolution of the purity with the cut

(b) Evolution of the contamination with the cut

(c) Evolution of the efficiency with the cut

Figure 10: Those quantities characterize the network

defined by sigmoid function, even the output
neuron. There is an actual sepration between
goodmatch in red and badmatch in green. Par-
ticularly the separation is better as the answer

of the network is close to 1. This separation is
better that the previous and it took less epoch
to be obtained.
Keras also gives access to the accuracy of
the network at each epoch and it is in the
figure 11(b). One can see that there are impor-
tant variations of the accuaracy after 60 epochs
which suggests that it is not necessary to use
more epochs. But if the number of epoch is
reduced, then the set of data has to be bigger
which was not possible here because of mem-
ory leak problems that avoided the use of more
tracks.

(a) Distribution of the output neuron

(b) Learning curve

Figure 11: Caracterisation of the network after training
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2. Analysis

For this phase, 500,000 new tracks were used,
they are presented in figure 12, and a cut at
0.37 has been chosen. An improvement of the
signal is visible in figures 13 and 14. The re-
gion β>1 is cleaner than before performing the
analysis, same as the low momentum region
where the characteristic bands are delimited in
a better way with the analysis. Particularly the
strips of protons and kaons are clearer on the
analysed data. Yet it is still difficult to improve
the region of relativistic and low impulsion
tracks because of the density of the tracks.

Figure 12: Unselected data
Beta vs Momentum

Figure 13: Tagged goodmatch

But on the other hand it is still necessary to
remove an important part of the signal to clean

Figure 14: Tagged badmatch

(a) True goodmatch

(b) True badmatch

Figure 15: Monte-Carlo truth

the initial set has we can see with figure 16.
Particularly at low impulsion where the effi-
ciency has to be low to have a high purity and
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to limit the contamination.

Figure 16: Efficiency, Purity and Contamination
Performances for a cut at 0.37 with the Keras
network

Moreover, the figure 18 shows that there is
no influence of the analysis with the neural
network on the signal shape. Indeed on the
figure 18 where the nSigma distribution for
the unselected data, the true goodmatch and
the true badmatch are plotted and fitted by a
gaussian distribution with an exponential tail.
The tree other plots are the parameters of the fit
for the unselected data in black and in blue for
the data tagged as goodmatch by the network.
The first parameter is the mean and the second
is the standard deviation of the gaussian. The
third one is the parameter of the exponential
tail. Those fits show that there is no apparent
bias in the analysis of the network.

3. Conclusion for Keras

Those results show that to obtain equivalent
results to the TMLP library, less data and com-
puting time are needed which is a real improve-
ment. Plus with more optimisation it would
certainly be possible to obtain better perfor-
mances even if there will still be the issue of
the efficiency loss. Moreover this analysis is
relevant as it is not introducing any visible bias
on the signal shape.

Figure 17: Analysis of potential bias of the network
legende

VI. Conclusion and Outlooks

The purpose of this internship was to analyse
data from the TOF, a detector of the ALICE
experiment, with deep neural network and un-
derstand its feasibility. Indeed, there are some
errors remaining that have to be reduced in
order to improve the performances. In a first
part of the work, the library TMLP of ROOT
was used because of its simplicity. The results
show a true improvement by removing an im-
portant part of the mismatch but part of the
signal is eliminated as well. Then high statis-
tics are needed to be relevant, which makes
that analysis very costly.
Then Keras has been used and gives similar
results but with less data and computing time
involved. However, because of missing time
some parameters that could improve the train-
ing have not been modified, and the network
can be optimized. Another way to optimize
the training phase is to train one network for
each species of particle in the TOF (electron,
muons, kaons, pions, protons, deuterons). It
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Figure 18: Analysis of potential bias of the network(2)

would be efficient, particularly in the region of
low momentum particles where the density is
high. Once optimized, those networks might
be implemented in the Aliroot framework and
will be useful to analyse data that are actually
being taken and for the RUN 3 of the LHC.
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VIII. Appendix

1. Results for non treated data

This results are from a network that has been
trained on a set of data with proportions good-
match/mismatch 90%/10%. The results are
clearly poorer than the one presented before
which justify the choice of the pre-process. This
network was trained with 1 500 000 tracks and
100 épochs.

Figure 19: Beta vs Momentum
Data without analysis

Figure 20: Tagged goodmatch
Data without analysis
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Figure 21: Tagged badmatch
Data without analysis

(a) True goodmatch

(b) True badmatch

Figure 22: Monte-Carlo truth

2. Used parameters

Parameter Description
NTOFClusters Number of

clusters in the
vicinity of the
tracks

Length Length oh the
track

Beta Relativistic co-
efficient

Momentum Momentum of
th particle

Dx Residu on the x
axis

Dz Residu on the z
axis

DCAXY Impact parame-
ter on XY

DCAZ Impact parame-
ter on Z

T0Trktime Best estimation
of the time of
the initial ver-
tex

Eta Distribution of
the Eta parame-
ter

Phi Distribution of
the Phi parame-
ter

ExpTime Expected time
for the six
species in the
TOF

ExpSigma Expected reso-
lution for the
six species in
the TOF

TrackMatchIndex Index to
know if the
association
cluster/track is
right

Track PDG code Index of the
particle de-
tected

TOF Time Measured time
by the TOF

PT Transverse mo-
mentum 11
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