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Higgs Boson: The Mass-Giving Particle Conducting a non-resonant search What is an LSTM network? The more effective model/
The Higgs Boson is a fundamental particle in the A non-resonant search involves looking for signals that do not produce distinct peaks or A Long Short-Term Memory network is an advanced type of RNN designed specifically to overcome ;gjgeﬂ?:rrg\j;]y s:g?;:(cjalggii}ss:ji:‘eg:iiztsr;fjact?gnbi:ss:rI:a(::t?;:Ziptir:t'icrllesé ?g;:Iiya?wlcli
Standard Model and is crucial for explaining how other resonances in the |'nvar|ant mass dIStrIbl:It!OI"I. It is in situations like this whgn the decay products | he vanishing gradient problem. e o rFrjmodeI g deterrzines tie B Boso’n o accuratgel o
particles acquire mass. It gives rise to the Higgs field, have greater invariant mass than the original particle that we must take this approach over a This occurs when the gradients used for updating the RNN's weights become very small, effectively efficieﬁtl P g8 Y
which is essential for the formation of stable matter as resonant method such as a bump-hunt. stopping the network from further learning. In our case, would mean the RNN would struggle to y- : . . . . . . .
o . . . . . . . . Non-resonant searches typically include simpler implementation than machine learning algorithms
its interactions with particles is what allows them to gain ) capture long-term dependencies in the sequential collision data. e b . . .
mass. [t was first discovered in 2012 at the Laree Hadron Fig1.0-The ATLAS | This approach has three main steps: ) and therefore offer a more accessible insight into the world of particle physics. However, their
' & detectoropened ™ | = . o the t fthe d ducts f | dat Time > accuracy is very much dependant on your identification of background events and accuracy in their
Collider (LHC) at CERN, a 27-kilometer ring built to IStogram the transverse mass ot the decay products Tor real data Timet=0 Timet=1 Timet=2 Timet=3 Timet=4 Timet=5 Timet=6. Timet =100 o o _ _ :
accelerate protons and heavy ions to near-light speeds * Histogram the transverse mass of MC simulations of the background removal, as shown in fig 3.2 and 3.3. Furthermore, it is simply not possible to predict and simulate
to collect data on their collisions. It is thanks to the ‘ « Subtract the backgrounds from the data ® ® ® : . every background event, meaning there is always a considerable uncertainty attached to the output.
. ) Im(p) AT . () . @ ! . . . .
. . . d | n | = = = = = - || oo | o In contrast, an RNN is much more complicated and computationally expensive to apply. However, on
silicon trackers, calorimeters and muon spectrometers in O ® ® : _ , _ , L
the ATLAS detector that we can detect the products of Among the most significant background events is the non-resonant @ @ O O simulated data it has proved to be highly accurate as it does not need to consider individual
o e Fig 1.1- The . . . : . af . : ,
these collisions, specifically the decay products of Higgs Field 2 oo WW diboson production stemming from 2 quarks, which we included . 5 o \yw_giboson background * * i L * * * * background events or pre-defined cuts. Instead, it captures complex dependencies and patterns that
unstable particles such as the Higgs Boson. as part of our analysis. Further background events include 77, production from two quarks 19! © O @) @ may be indicative of Higgs boson events.
single-top-quark, and W* jet events. 61 Fig 4.1 - Decay of information through time in an RNNI!
. _ _ s To solve thi bl LSTM LSTM units that i i | iods. Th In the search of the Higgs boson, we have found using an RNN to be far superior to the tradition non-
Research aims Plotting our data and then subtracting the MC data from | © SOIVE this probiem, an’ uses LITES TNat Preserve INTormation overiong PErows. IeSe o5 nant search approach, especially for the H-> WW channel which we specifically tested.
the real data yields the following graphs. The final units are added together in layers of an RNN and are controlled by three gates — input, output and
By statistically analysing the dataset, we can detect specific particles. However, no model Histogram leaves signals remaining outside of 3 forget — which regulate the flow of information in and out of the cell. They ensure important - - - -
provides absolute certainty, and some models offer more reliable insights than others. Background events — the Higgs signal! 21 J information is kept and irrelevant information is discarded, ensuring gradients remain stable Appl’cat’on mn Magnetlc MO”OPOI@S
5 1] through training.
This brings us to our project aims: Magnetic monopoles are hypothetical elementary particles that possess a single magnetic charge. The
. 4 04 - - . . . . . . f :
+ To prove the existence of the Higgs boson through 2 separate methods: T T H—r Applylng fhe RNN fo the H’ggs search existence of a magnetic monopole in the universe would explain why electric charge is quantized.
31 AnNSYerse mass m i i i i ! i i
o By performing a non-resonant search where we filter out background events using Fig3.1- Histogra?m of transve;izmass of real ;/gnous theorula; ﬁredmteo]l the;n.to z:.rlsi.natu;ally but hjver; t Ic:fen ofb:er\(/jed exie:'m:]en.tally ar.1f(.j tt;ew
Monte-Carlo simulations ’ data (blue) and MC simulations (orange) Using Recurrent Neural Networks (RNNs) to classify Higgs boson events involves a series of steps iscovery would have profound implications for our understanding of fundamental physics (unification
o By developing a Recurrent Neural Network model to detect Higgs Boson events 1 5 900F ATLAS Preiminary Open Data_ +_Data from data preparation to model training and evaluation. Our classification process involves of forces and the structure of space-time).
with high accuracy ol - £ 800 - 1aTev. 101" o Dionle detecting the subtle decay signatures of the particle we are looking for. For the Higgs boson, we Magnetic monopoles are expected to leave distinct )
* Compare the accuracy and effectiveness of the two models in processing the complex, N " 700f- 2 W evin B, =1 = Ve can look at patterns such as decays into photons, W and Z bosons, or fermion pairs, amidst signatures in particle detectors(unique ionization patterns .
sequential data generated by particle detectors ) 100 . 150 , 200 T 20 300 5”°§ > Single top significant background noise. and long, straight tracks)- making them perfect for e |
 Explore how the superior model can be used to support the existence of theorised Fig3.2- Histogra:‘:i::s:":r:e e of real data i’gg: Our actual data consists of a Training set of 250000 events, with an ID column, 30 feature Recurrent Neural Network classification. So, we set out to 7
particles with simulated background events subtracted 3005 columns, a weight column and a label column and a test set of 550000 events with an ID column evaluate the application of RNN's in the detection of
liable signal be obtained b o f 2005 and 30 feature columns. It contains a mixture of simulated signal and background events, built elusive particles like magnetic monopoles. In our research,
Through this, we hope to gain a deeper understanding of the statistical techniques that go A mors rekla € s(;gna canﬂ(]a Of tlfme_ z-accountmg or J: from simulated events provided by the ATLAS collaboration at CERN. we utilized an RNN model to distinguish between synthetic
into particle classification and how machine learning can be used to accelerate the detection more n’?cfgrrTun freventz.t eni’ O\r/]v(;ngr |sto%Lar:\n . ; monopole events and background noise. Fig 6.1 Al Interpretation of
of particles, as well as provide supporting evidence for hypothesised exotic particles. alc.icou- > 1o eslso eque evﬁ >4 'g Zups ed ! hich & FENDESSS There are a couple steps in developing this: hypothesized magnetic
allowing u; too hserve Z sm-a exfce;s IQMa:I?' anb whic g L T TS 1; Je We first preprocess our data by normalizing all particle features (invariant mass, energy etc.) monopoles
F’,om Deca P’Od"Cts to Detection corresponds to the production of the IE8S boson. m, [GeV] *  Then employ K-Fold cross-validation The exact decay channels of magnetic monopoles remain hypothetical- this makes it inaccurate to
y Fig 3.3 - Histogram of transverse masses, taking into account more background events (] o This manipulates the way we use the training data to ensure robustness and avoid identify specific signals/signatures in experimental data like ATLAS, we instead simulated our own data.
The Higgs Boson is almost impossible to spot directly, it simply decays too fast for us to z overfitting (when the model begins to model the training data excessively closely, By generating realistic synthetic data with a Monte Carlo simulation, noise and overlapping features, we
detect. However, we can identify and measure its decay products and work backwards to What 1S & Recul"'ent Neu"al Network? instead of modelling the trends). simulated monopole events (with a mass of 100 GeV, charge of 68.5, an average track length of 1000
piece together the particle that decayed in the first place. By looking for the right products * Compile the model, including defining the necessary callbacks for the training process units, and an average ionization of 100 units, while background events had a mass of 50 GeV, an average
with the right attributes, we can spot where a Higgs Boson probably decayed, thus 'finding A Recurrent Neural Network (RNN) is a type of neural network particularly suited for * Train the model - this took us a very long time track length of 800 units, and an average ionization of 80 units) and trained our model.
the Higgs Boson'. Below is an example of a possible decay: . . . . . . . Receiver Operaing Charscterisic (R06) Curve
processing sequential data, as it retains an internal state that captures information about , _ . , : - -
Initial Decay Products previous inputs in the sequence. We can use RNNs in particle physics to analyse sequences of Our model architecture consists of an input layer to accept sequential data, 2 LSTM layers to The TOde| achieved an Impressive accuracy
measurements of properties such as enerev and momentum. The RNN will learn temporal process sequential information, dense layers to combine learned features, dropout layers which of 90% on test data, with precision and recall
§ 50000 : VV -l e atterns within thepse Ze uences, thus allog\zl/in it to reco nisé indicators of individualp article help avoid overfitting again, and finally the output layer which uses a ReLU function to produce a both exceeding 90% for both monopole and
I & ] P 9 ’ g g P classification output. background events. The Area Under the ;
: : o) |z events Curve (AUC) of the Receiver Operating :
—— — l = H H " 04
| 4 oy How an RNN works Characteristic (ROC) curve was
H : I Ve , 2 An RNN processes inputs in a sequence. At each time step, t, it takes an input, X, and RNN pe’formance approximately 0.90, indicating that the RNN
g QQQQQ W* I ' 1 |T; combines it with the previous hidden state h,_,, using a recurrent function, A. _ _ Recelver Operating Characteritic (ROC) Curve effectively captured the sequential
—_ — - lk We Obtalned the fO“OWIﬂg I'ESU|tS: 10 — dependencies in the ionization WM_/’ 1 ] 1 Us— RQC:urvetarea:BQO\lD
Fig 2.1 - Higgs to 2 W-Bosons channel Feynman diagram [ I_l:, ]\ Secondary Decay Products . Output of Training Accuracy —98.7% ’,// measurements, demonstrating high ) ) Fm_mweﬂate o
. . o / Hidden State\ function passed Validation accuracy - 97.8% o /// accuracy in classifying monopole events. Fig 6.1 Receiver Operating Characteristic (ROC) Curve
Fig 2.2 - Higgs -> W Bosons -> Lepton and Neutrino @ @ @ to next node @ Test Accuracy — 97.5% L
We opted to search for the Higgs Boson via the H-> WW channel (shown above). %0.5— /,x c I -
However, similar to the Higgs itself, W bosons decay too fast to show up in the ATLAS T T T T T As visible from the results, the RNN shows 2 P onciusion
detector. We instead infer that they were there by detecting the Secondary Decay Products: a ' exceptional classification ability to separate :,,| e H , ; £ the LSTM.based RNN model hiehlichts the potential of ad g
'good quality lepton'(l) and a neutrino(v). The neutrino is not detected directly, rather it too is A — A » A » A > A the Higgs Boson from background noise. P € sUp€rior pertormance ot the “oase modethighiights the potential ot advance
; 'micci ' e machine learning techniques in high-energy particle physics. Its ability to recognise patterns in
inferred from ‘missing energy An ROC (Receiver Operating Characteristic)  **] gl & a & ) gy P .p y ) y ) g P
c t inout curve evaluates the performance of a binary et temporal data suggests RNNs are particularly useful in situations where traditional methods may
. 1 . 1 . . . . urren |npu ,,” —_ curve (area = 0.99) . .
We then find our 'good quality' lepton by imposing a set of criteria over the 600,000+ — =~ classification model by plotting the True "0 02 os o5 = = struggle or prove tedious due to the complexity of event sequences.
dilepton entries in order to narrow them down. This criteria is imposed by making a series of @ . . o False Positive Rate
‘cuts' on our data. After this selection process, we are left with a set of secondary decay Fig 4.0 - Structure of an RNN [7] rosttive Rate (TP-R) against the Falsg Pos.ltlve Fig 5.0 - ROC Curve of our RNN in detecting the Higgs Boson
oroducts that could have been from a Higgs B;)son Decay ' Rate (FPR) at various threshold. It visualises As a team we set our own personal goal at the start of this project — to build a foundation for us to
Though RNNs are a powerful tool for sequential data processing, they suffer from the the”tr:de-?(;‘f l]:c)eltween.ifans;cn:typ(ﬂ%w ;Nle” the rr;odel ?ettgcts trl:]e posﬁ(;vses) and s:cpeafl;lty (how apply our passion for the ever-evolving world of machine learning to the vast complexities of particle
. . e L . . well it avoids false positives). An of 1 suggests perfection, whereas 0.5 suggests random , , _ _ _ _ .
However, the next layer of complexity is introduced when we consider that not every set vanishing gradient problem, which limits their ability to retain information long-term. For the guessing, so the clopser the curve is to the tofﬁeft cgrner the better the modeﬁf oerformance. The physics. Though our rigorous research and meticulous planning, time managing and organisation we
of lv1'v' decay products is from a Higgs Boson decay, they could have been from a quark- 600,000 events we are working with, memory can become a considerable issue and can ROC cur\;e generated from the model's predictions also s'howed excellent performance with feel we have achieved so much more than that and have opened our eyes to this ever-evolving field
significantly impact the result. So, we have opted to use a more advanced variation of an RNN ) . )
quark decay for example. & yimp P a higher area under the curve (AUC=0.99). of particle discovery.

called an LSTM.
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