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1 Introduction

There are several evidences that the theory of the Standard Model has to be extended
in a more general theory. One of the most important is the dark matter problem. About
30% of the total amount of matter in the universe remains unknown and invisible to all
the current detectors. None of the particles in the SM can explain the state of the dark
matter. The dark matter candidate should be a stable and neutral particle which does
not or extremely rarely interact with the SM particles.

The Large Hadron Collider at CERN is strongly involved in this issue. The search
for a neutral and non-interacting dark matter candidate in the detector is expected to be
seen as missing transverse energy. Recently, the study of the Hidden Valley theory has
been investigated. This theory predicts the existence of the so-called semi-visible jet that
could be seen in LHC data.

The application of machine learning techniques in LHC analysis offers a new way of
looking for dark matter. In this project, the theory of the Hidden Valley is investigated
with the used of machine learning algorithm. The goal is to produce images of the semi-
visible jet and see if they are different from usual jets from the SM using Convolutional
Neural Network.
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Figure 1: The Standard Model



2 Dark matter searches

2.1 The Hidden Valley theory

The idea of the Hidden valley is to assume the existence of a new SU(2) gauge sym-
metry group independently of the SM gauge group and constituting the dark sector. In
this model, the dark sector is strongly interacting and the two sectors have the possibility
to communicate through portal interactions (figure . There are several possibilities for
the dynamics within the DM sector.
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Figure 2: The Hidden valley (1))

In this work, the strongly coupling hidden sector is assumed to be composed of dark
quarks with a coupling constant ay = % with g4 is the strength coupling constant. The
dark quarks can form bound states, ie. dark hadrons. Like in the SM, a confinement scale
is assumed in which the strong coupling constant defined perturbatively diverges. As a
consequence, the dark hadrons production is done for energy smaller than the confinement

scale Ay. The quarks with pT" > Ay will hadronize and produce a shower of dark hadrons
exactly in the same way as in the SM.

As in the SM, the dark fermions can take two different states and are designed by
Xao = X1,2. The dark Lagrangian can be written in the same way as the QCD Lagrangian
in term of the dark quarks and the dark gluon field strength tensor (Fy,):

1 — .
Locp = _ZGMVGIMJ - @D(ZE— m)y (1)
1 .
*Cdark - _ZngFdMV - ya(Z/D/_ Md,a)Xa (2)

The first term represents the kinetic term of the dark gluon and the second term is
the fermion Dirac Lagrangian with M, the mass of the dark fermion. This similarity
between the two Lagrangian reflects the fact that the dark sector will behaves exactly in
the same way as QCD in the SM. All the QCD physics is then well refined inside the dark
sector, especially the hadronisation and the formation of jet.



The theory assumed also a portal between the two sectors. The mediators of the Hid-
den Valley allow the communication of the visible and the dark sector. The interaction
between the SM and the DM sector can be seen as an effective theory in which the in-
teraction is modelled by a contact operator. This means that the mediator is integrated
out only at high energy. At higher energy, the UV completion occurs which means that
it becomes possible to describe the interaction in a more general way with the exchange
of the mediator. The figure [3]illustrates the different possibilities for the UV completion.
In this work, the case of the t-channel is investigated. It corresponds to the collision of
two quarks trough the mediation of the ¢ mediator. The result is the production of two
dark hadrons corresponding to two dark jets. The search of at least two semi-visible jets
in the data will be necessary in order to access this process.

Contact Operator s-channel t-channel
q
% p or E(I)
o) q

Figure 3: Different portals possible (2))

In this effective theory, the Lagrangian for the t-channel reduces to an effective La-
grangian of dimension 6 where c;jq encode the flavor possible structure and A is the
characteristic scale of the contact operator (beyond this scale, the mediator have to be
integrated out):

Cijab

Lcontact D A2 (@’Y“%’)(Ya%Xb) (3)

2.2 Semi-Visible jet

Starting from the proton of the LHC, two visible quarks can go to the dark sector
through a mediator into two dark hadrons. These two quarks will hadronize and form
bound state. The figure 4| represents these interaction for the s-channel.

There are two different dark quark flavours. The two different dark quarks flavours
can form 6 different hadrons ITT, 117, TI° and p., p_, po. The dark sector must by defini-
tion constitutes the dark matter. As a consequence, it is necessary that some of these
bound states remain stable and do not decay into the SM sector in order to explain the
current state of the DM problem. The stability of these dark hadrons depends on the
gauge symmetry group of the hidden sector. Only the hadron p is unstable and decays to
the visible sector. It conducts to a jet formed of visible quarks (coming from the unstable
dark hadrons) and of dark quarks (coming from the stable dark hadrons). These kind of
jets are called semi-visible jets.



Figure 4: Dark shower from the s-channel (3))

In the figure 5] the different cases are shown depending on the stability of the dark
hadrons. The semi-visible jet (in the centre) are characterised by a visible and dark com-
ponent. In the case where all the dark hadrons are unstable, the jet decay totally in the
visible sector becoming a QCD jet. In the case where all the dark hadrons are stable, the
jet stays in the dark sector. The dark hadrons are not directly detected and are inferred
as missing transverse energy (MET).
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Figure 5: Dark sector parton shower (2)

A way to quantify these jets is them to compare the number of stable dark hadrons
over the number of total dark hadrons which is introduce trough the parameter r;,, :

# of stable dark hadrons (4)
Tinv =
# of dark hadrons
If all the dark hadrons decay in the visible sector, then r;,, — 0. And if all the dark

hadrons are stable, then r;,, — 1. For the semi-visible jet, r;,, is comprised between 0
and 1.




2.3 Signature

Looking for the t-channel, two jets will be emitted in opposite directions. Different
possibilities can occur depending on the parameter r,, of the jets (figure @

Tinv = 0 0< Tiny < 1 Tiny = 1

Figure 6: CharacteriDark sector parton shower (2I)

By definition, all the semi-visible jets will contain missing transverse energy coming
from the dark particle. If the two jets have not the same composition and so the same
Tinv, One jet will have less pT (subleading jet) than the other (leading jet). This dif-
ference of pT compared to the leading jet will be compensated in the dark sector. As
a consequence the subleading jet will have more MET than the leading jet. This gives
a unique signature for semi-visible jet, MET will always be aligned with the subleading jet.

Only unbalanced semi-visible jets can have a non zero MET. In general, the two jets
will have the same missing transverse energy and the total cancelled out. These semi-
visible jets look like SM jet events and are as a consequence not interesting. Indeed, pure
SM jet do not contain any MET in general (MET from neutrinos are coming from the
decay of W, Z or top bosons) and if the SM jet contains it, there is no correlation between
the jet and MET.

Note that when 7;,, = 0, all the dark quarks decays in the visible sector and there is
no missing energy. In the other extreme case, r;,, = 1, there is no missing energy except
if an Initial-State-Radiation is emitted before the collision so that the missing energy can
be inferred from the jet produced by the ISR (figure [6).



3 Data analysis

3.1 Generation of the data

The signal of this dark sector is simulated using the Hidden Valley module of Pythia8
for the generation of the dark shower and for the hadronization. Then it is necessary to
simulate the response of the detector to these events. This is done using the DELPHES
detector simulator. However, to study the properties of the dark events, the passage
trough DELPHES can be skipped.

3.2 Basics properties

As seen below, the data for the signal need to be constituted of two semi-visible jets.
Because of the fluctuations and the second order process, other jets will be emitted in
addition. A pT cut is then required to not consider jets with a pT too low to be detected.

In order to see the prediction of the theory for the signature of the semi-visible jet, it
is useful to plot basic properties of the signal events. The figure [7] show the distribution
of missing transverse energy and its azimuthal angle distribution on the figure
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Figure 7: Distribution of MET Figure 8: Distribution of phi of MET

The azimuthal angle between the leading jet and MET (figure is picked at pi
which is well in agreement with the prediction. The leading jet is emitted opposite to the
subleading jet containing MET.

The subleading jet (figure is aligned with MET as predicted (figure [12)).
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Figure 9: Distribution of the leading jet pT Figure 10: Distribution of delta phi between
MET and the leading jet
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3.3 Comparaison

The background events are constituted of events with multijets (at least two jets)
coming from SM interaction. Jets events coming from QCD interactions are made of
the hadronization of quarks and gluons (colour charged particles). The machine learning
algorithm will be used to distinguish them from the semi-visible jet.
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4 Machine learning

4.1 Images formation

Semi-visible jets and SM jets are very similar which explain why they do not have
been observed yet. It is therefore necessary to investigate the problem through machine
learning. Supervised machine learning algorithms are used when the data are labelled.
This means that the algorithm can have the direct correct answer during the training
part. In this project, the algorithm start from simulated data from the Hidden Valley
module from Pythia. The machine learning algorithm is so supervised.

Note that it will not be possible to apply an unsupervised learning with semi-visible
jet directly to data from the LHC. Indeed, alignments of MET with one jet inside the data
occur in SM events. They are classified as miss reconstruction of the jet due to some miss
measurement of the detector and are thrown away. This show even more the difficulty of
finding semi-visible jet. It justified the used of machine learning algorithm and the used
of supervised learning on simulated data first.

The machine learning part will be applied to images of jets. The jets images consist
of a distribution of the transverse momentum of each constituent of the jets into the
azimuthal angle (y axis) and the pseudorapidity (x axis) plane. This gives an 2D image
with transverse energy deposition as pixel intensity.

Before applying the machine learning algorithm on these images, it is necessary to
prepossess the images. This part makes sure that all the images have the same represen-
tation. It will allow the algorithms to work more efficiently.
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Figure 17: Jets image: BGOO event

4.2 Preprocessing

The preprossessing part is done in three steps. The first step is a displacement of the
centre of the jet to the coordinate (0,0). The centre of the jet is calculated taking into
account all the transverse energy of each jet. This step does not change the distribution
of transverse energy of the constituents.
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Figure 18: Preprocessing steps

The second step is a rotation in the phase plane. The two constituents with the high-
est transverse energy must be parallel to the phi axis. The rotation is done in such a way
that the second highest particle is on the negative side of the highest particle. On figure
the result of the rotation has redistributed the constituents. This is because the grid
is rotated inside the phase plane which lead to a redistribution of all the constituents

(figure [19).
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Figure 19: Rotation of the grid (4))

The third step places the origin on the highest transverse energy particle (figure |18¢]).

All the images has been plotted with a normalisation factor. This makes sure that the
comparison for the machine learning part will be made on the same kind of intensities for
each image. In this project, the pT of each constituents is divided by the sum of all the
constituents inside the jet. The result of the step 3 without normalisation is shown in the

figure 20

In order to see the effect of the preprocessing part, it is useful to plot the average
images for all the different steps. The result of the preprocessing is shown on figure
for the background events and on figure 22d] for the signal events. The goal is clearly to
have a systematic pattern in all the images, a vertical behaviour.

The images need to be produced in colour and in black and white without any colour-
bar. Indeed the CNN will learn what is present in the images and no important informa-
tion are contained in the axis and the colour-bar. The black and white images are used
to train easily the machine learning part. The next figures show the final images. For

10
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Figure 21: Average image for background images
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Figure 22: Average image for signal images

the signal events, 917 images have been produced. The background events have to have
the same pT range as the pT of the signal events (the range chosen is 300 to 700 GeV)
and lead to around 2000 images. The sets of images have to be constituted of the same
amount of background and signal images. In total, 1834 images are used for the machine
learning.

(a) SIGOO (b) SIG03 (c) SIGO05

Figure 23: Final images
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4.3 Convolutional Neural Network

Convolutional Neural Network allowed the classification of images. This type of neu-
ral network is divided into two parts: the convolution and the classification. The neural
network will find some features in semi-visible jets using convolution operation. The CNN
will then classify and label all the images in input into background or signal jet according
to these features. The goal is to build the best model so that semi-visible can be distinct
from SM jets.

The images are separated into 80% train and 20% validation set. The model runs on
two classes: background class and signal class. The model used is shown on figure [24]

Model: "sequential 41"

Layer (type) Output Shape Param #
conv2d_ 128 (ConviD) (Hone, 15, 15, 1&) 445
max pooling2d 117 (MaxPoolin (None, 7, 7, 1é&) 4]
conv2d 129 (ConvZD) (Hone, 7, 7, 32) 4540
max pooling2d 118 (MaxPoolin (None, 3, 3, 32) o]
convad_130 (ConviD) (Hone, 3, 3, ©4) 184%¢
max pooling2d 119 (MaxPoolin (None, 1, 1, &4) 4]
dropout_ 40 (Dropout) (Hone, 1, 1, ©4) Q
flatten 41 (Flatten) [Hone, &4) il
denze_ 82 (Dense) [Hone, 128) 8320
dense_&3 (Dense) (one, 2) 258

Total params: 32,162
Trainable params: 32,162
MNon-trainable params: 0

Figure 24: Sequential model

The principle of the convolution operation is shown on figure A filter, the kernel,
is displaced from the right top corner of the image to the left bottom corner applying
systematically the operation. This enhances some features in the image.

Parcours de la

fenetre de filre Pas 1 Pas 2 Pas 3

E = = =
Pas 4: Pas5: Pas 6: Pas 7.
Fenétre de filtre l:l I: l:l
Image quelconque
Pasn3: Pasn-2: Pas n-1: Pasn:
= | ] ]

Figure 25: Principle of the convolution operation on images (4))
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After a layer of convolution, a layer of pooling is used. This layer is used to reduce
the size of the images keeping the most important information find by the layer of convo-
lution. The figure 26 shows the effect of the max-pooling layer.

Single depth slice

2 11124
max pool with 2x2 filters
56|78 and stride 2 6 8
3|12 (1|0 3|4
112|3]| 4
y

Figure 26: Maxpooling convolution (4]

Overfitting is a challenging problem encounter in ML. The parameters are fitted for
this specific set of training data and does not work on the validation data. In order words,
the model is not generalisable. A dropout layer can be introduced in the model. It will
randomly dropout some output of the model in the training part. Doing so, overfitting
can be decreased.

The layer flatten is used to make an 1-dimension map of the features for the dense
layer. This last one initialise the connected network and the classification of images.

The result of this model is shown on figure 27] and 28 The validation accuracy goes

down and the validation loss goes up for the last iterations. The model needs to produce
the inverse behaviour. The problem encounter is overfitting.

Training and Validation Accuracy Training and Validation Loss

0.700 —— Training Loss

0.70 0.675

0.650

0.625

0.600

0.575

0.550

Figure 27: Loss of the model Figure 28: Accuracy of the model

The model used here is a binary classifier. A way to evaluate a binary model is to plot
the Receiver Operating Characteristic curve (ROC curve). The ROC curve represents the
true positive rate as a function of the false positive rate. In this model, the true positive
rate is defined as labelling a background image as background and the negative rate as

13



labelling a background image as signal. The model has to be found in such a way to have
a ROC curve as close as possible to 1 in the true positive rate part.
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Figure 29: ROC Curve

This model needs to be run on several iterations. An epoch is an iteration on the
whole model. If the model runs on too few epochs, it will reach a local minimum and
not the global minimum of the derivative of the loss function. In order to find the global
minimum, the model need to be run on at least 50 epochs. Doing so, the result of the
current model is even worse. This model is a consequence not good and need to be
improved. As the project is going to its end, the model could not be investigated in more
details. An ideal result is shown on figure 30| and 31 The accuracy increase and loss
decrease for the validation set.

Training and Validation Accuracy Training and Validation Loss

Figure 30: Accuracy of the model Figure 31: Loss of the modell
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5 Conclusion

In this project, the dark matter problem has been investigated. The Hidden Valley
theory predicts the existence of the so-called semi-visible jet. Semi-visible jets are com-
posed of visible and invisible hadrons. The alignment of MET with the subleading jet
gives a unique signature and offers a new way to look for dark matter. However the diffi-
culty to find out such signature from SM jets impose the used of machine learning method.

Jets images are images of all the constituents in the the azimuthal and pseudorapidity
plane. These images have been produced for semi-visible jets and for usual jets. In order
to make the learning process more efficient, all of the images have been preprocessed. In
this part, all the images are manipulated to have a systematic behaviour in the images.

Finally, these images have been used for the Convolution Neural Network. The model
that have been built is not a good model and need to be improved. The ROC curve of the
model has to be as close as possible to 1 in the y axis. This condition is necessary in order
to apply the model on real data from the LHC and hope to find traces of semi-visible jets.
This work has to be followed in future searches.
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