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Dark Matter

o Dark Matter
26%

Baryonic Matter

Dark Energy 5%

69%

#long-lived over the age of the Universe
&Bfeebly-interacting with photons and baryons

@Bnot too hot
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DM searches @ LHC — Monojet

. . q g v
Monojet channel = 1 or more hard jets 99>
recoiling against a missing transverse “
momentum and no isolated leptons
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The i1dea

#B0ne of the challenges for the Monojet searches is that we
observe very similar jets for both signal and background

&BAnalysis of jet substructure is needed

@With Machine Learning we can effectively analyse low-level
data

&ML can learn both local and global correlations

#BGOAL: Design new analysis using ML
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GOAL: Design new analysis using ML

# We want approach that can be applied (with retraining):
%8 to real data
% to many BSM models
& We want to combine low-level and high-level information
# We want to include soft activity
& We want robustness againsts:
& changing masses of BSM particles in a reasonable range
# changing other model parameters, e.g. mixings

# We want to quantify the uncertainty of our method
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Dark Matter candidates

#BWeakly Interacting Massive Particles (WIMPs)
#BStrongly Interacting Massive Particles (SIMPs)
#BAxions and axion-like particles

#BDark photons

#&8Sterile neutrinos

BPrimordial Black Holes

...
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Supersymmetry

symmetry relating fermions and bosons

Y < @

quark (up, down, ...) <-> squark (sup, sdown, .

lepton (electron, muon, tau) <-> slepton (selectron, smuon, stau)
neutrino <-> sheutrino

gluon <-> gluino Electroweakinos

B/W boson <-> bino/wino} miXing _ neutralinos (#,#9,73,7°)
Higgs (2!) <-> 2 higgsinos charginos (7. 175)
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Benchmark moadel

SM background  Contributing signal process

J J
,
/. U j g .
v
] J
(Z — vv) + jets EWKino-EWKino
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Benchmark moadel

SM background  Contributing signal processes

(Z — vU) + jets EWKino-EWKino EWKino-squark squark-squark

m; € {200, 300, 500, 700, 900, 1100} GeV
m; € {2.0, 2.2, 2.3, 2.7, 3.0} TeV
m; = 10 TeV

R. Masetek ML coffee 17-01-2025




Ean s, e —

- - \' 3 ° . '

‘photo from museum’s FB page .



Jets and jet tagging

Parton level
P % ..... % %

\ Particle Jet Energy depositions

P In calorimeters
Naive definition: Proper definition:
Collimated bunch of hadrons Collection of hadrons defined
flying in roughly the same with a jet algorithm
direction
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ParticleNet

Model Accuracy AUC
TopoDNN [49] 0916 0.972
LoLa [16] 0.929 0.980
P-CNN [1] 0.930 0.9803
N -subjettiness [62] 0.929 0.981
PFN [51] 0.932 0.9819
TreeNiN [58 0.933 0.982
ParT [65] 0.940 0.9858
LorentzNet* [42] 0.942 0.9868
CGENN* [68] 0.942 0.9869
PELICAN* [10] 0.9426 0.9870
L-GATr (ours)* 0.9423 0.9870
Table from: https://arxiv.org/pdf/2405.14806
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https://arxiv.org/pdf/2405.14806

ParticleNet—edge convolutions

¢
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ParticleNet—edge convolutions

¢
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ParticleNet—edge convolutions

¢
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ParticleNet—edge convolutions

¢

Xi = {log(pr), log(E), nggy . ¢REL}i1

R. Masetek ML coffee 17-01-2025



ParticleNet—edge convolutions

_ xil — {log(pT)a lOg(E)9 HREL> ¢REL}i1
representation sum over k

IN @ new space nearest neighbours X

: X;
l 1 & /

MLPg(x;, X; — X;)
1

X
\ A £

Multi Layer Perceptron
with trainable weights © shared among all edges X;

xl.’:—
k
]:

R. Masetek ML coffee 17-01-2025




ParticleNet (Iite)
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https://arxiv.org/abs/1902.08570

Analysis

Preanalysis GNN model

o 4> Hets > 2 [ ) )

° pT > 520 GeV v

—

11 2 O Dense (256, ReLU, L2=10-3) EdgeConv (k=7)
* NS ! —
o ]?2~ > 32() G eV Dense (128, ReLU, L2=10-3) EdgeConv (k=7)
L v v
® ;/]2J < 2() Dense (128,i{eLU, L2=10-3) Global Avefge Pooling
® MET > 820 GGV Dense (128, ReLU, L2=103) Dense (256, ReLU, L2=10-3)

e lepton veto v v
Dense (128, ReLU, L2=10-3) Dropout (0.5)

o Ag (j*°, p) > 0.8 ; i

o A ( ] pITmSS) > 04 Dense (128, ReLU, L2=109 Dense (128, ReLU, L2=109
MET/\/H; > 16 1/GeV

® Dense (128, ReLU, L2=10-73)
° Meff > 1600 GeV Dropctt(OE)
e particlep, > 1 GeV v

Dense (2, Softmax)
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MC events

Ensemble training

m; = 300 GeV, m; = 2.2 TeV

higgsinos winos
|30 [C5
T 1 6
{C32 7
{ =1 3 8
—14 [9
- n
£ 103
)
>
)
O
=
0.0 Oj2 0j4 Oj6 Oj8 1.0 0.0 ofz Oj4 Oj6 Oj8 1.0
score score

R. Masetek ML coffee 17-01-2025




Binary classification
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MC events

Binary classification

= 00001

0 [C5
1 [ 6
2 [ 7
3 [18
4 19
- background

® (negative)

signal
(positive)

0.0

0.2 0.4

0.6 0.8

1.0

Actual

Positive

Negative

Predicted
A

|

Positive

Negative

|

/'

o
e

True
positive

™\

s

J
\

.
s

False
negative

™

/
™\

\_

False
positive

J

L

True
negative

J

TPR = TP/(TP+FN)
FPR = FP/(FP+TN)

R. Masetek ML coffee 17-01-2025

. NN
~

-
-.—’
2,

/7 7




higgsinos

Evaluation

m; = 300 GeV, m; = 2.2 TeV
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Signal efficiency vs. naive significance

WInos

higgsinos
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Limits for higgsinos
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Impact of the pT cut (winos)
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Cross evaluation for binos
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Variables

Input-output correlation

winos higgsinos

Correlation between score and other variables (Mix) Correlation between score and other variables (S comb.)

MET A MT2

MT2 MET A
HT - HT -
jet2 PT 1 jetl PT -
jetl PT + jet2 PT A
jet2 M A jet2 M A

jetl M 1 jetl M -

jet2 DPhi jetl Eta -
jet3 DPhi event Eta A
jet4 DPhi n Jet2 DPhi A
Q
Q
jet3 Eta 1 © jet3 DPhi
—
©
jet2 Eta - > jet2 Eta -
jet4 Eta A event M A
jetl DPhi jetd Eta -
jetl Eta - jet3 Eta -
event Eta A jetd DPhi

event M A jetl DPhi

jet3 M A jet3 PT A
jetd M A jet3 M A
jet3 PT A jetd PT A

jet4 PT - jetd M -
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Correlation Correlation
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Variable shuffling

WI1NOS
AUC Change by high-level data shuffling (S comb.)
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higgsinos
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Ag

Jet images (winos)

jetl, pr>1 GeV jet2, pr>1 GeV jet3, pr>1 GeV

s

: I-;:=.='.
gt s

Agp
Agp

BLUE -> higher activity for background
RED -> higher activity for signal
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Summary

@ Dal’k Matter can be SearChed @ LHC Machine Learning Electroweakino Production
Rafal Maselek'™", Mihoko M. Nejiri“““*! and Kazuki 3akurai'*’

@ We introduce a new analysis based on GNN ) faboratoire de Phyoique Subatomique ot do Cosmologie (LPSC), Univeraité Crenoble Alpso,

CNRS/IN2P3. 53 Avenxe dei Martyrs, F-38026 Srenable, France
) Institute of Theoretizal Physics, Faculty of Physics,

University of Warsaw, Pastonra 5 (02-0192 Warsaw, Paland

@ S U SY aS benCh mark mOdel : ‘) Theory Center, [PNS, KEK, 1-1 Oh>, Tsukuba, Iberaki 305-0801, Japaa

'“! The Graduate University of Advaiced Studies (Sokendai),
1-1 Olw, Thukuba, Thewak: 3050801, Japan
) Kavli IPMU (WPI), Univesity of Tosyo, 5-1-5 Kaskiwanoha, Kashiwa, Chiba 277-8583, Japan

% EWKino pair production

% EWKino-squark associated production

Abstract

The svstem of light electroweakinos and leavy squarks gives -ise to one of the most

@ Squark_pa”’ prod UC‘non challenging signatures to detect at the LHC. [t coasists of issinz transverse energy re-
sailer against a fow hadronic jets ariginating e ther from QCT radation ar sonark decays

T'he analysis generally suffers from the large rreducible Z + jets (Z = v#) backzround.

[n this study, we explore Machine Learning (ML) methods for efficient agnal/baclkground

liscrimination. QOur best attempt uses both reconstructed (jets, missing transverse energy,

@ We eval uate Our mOdel: ale,) and ow-level (pasticle-llow) objects. We nd (hat the discriminstion per funmesace
mproves &5 the pp threskold or scft particles is lowered from 10 GeV to 1 GeV, at the

axpense of larger sysiematic urcertainty. In many cases, the ML method provides a factor

:wo enhancement in S/VS + B from a simple kinematical selection. The sensitivity on

:he squark-elecroweskino mass plane is derived with this method, assuming the Run-3

@ Sample com pOSItIOn IS CI’UCIal the more Squal’kS the easier the ClaSSIfICatIOH and HL-LHC lumincsities. Mareover. we investigate the relations between input features
and the network’s cassification performance to reveal the physical informsztion used in
:he background/signal discrimination process

&8 high robustness against a change of the EWKino type

#8 high robustness against the change of the masses of sparticles

% We derive the limits
% Our approach is better than BDTs

%8 Soft activity is used, but can simulation be trusted?

% We interpret the network’s behavior
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Mass dependence (
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Mass dependence (higgsinos)
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Variable importance (winos)
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Variable importance (higgsinos)
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