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Motivation:

1. Dark-=sectorparticlesare (quasi-)stable
viable DM candidates.

2. Detectionslead to nonstandard decayswith
atypicalsignatures (jets)

3. Current searchesled by the DarkShowers
LHC Taskforce
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Motivation:

1. Darksectorparticlesare (quasi-)stable
viable DM candidates.

2. Detectionslead to nonstandard decayswith
atypicalsignatures (jets)

3. Current searchesled by the DarkShowers
LHC Taskforce

Keyideaand observables:

e Finalstatejet kKinematics

e Globalvariables (e.g, MET)

GEMI VISIBLE JETS (SV]) INA NU TSHELD

e Production mode through aresonance (Higgs, Z, etc)
e DarkShower and Darkhadronisation (Complexpart)

e Decayintovisible abservables, via the invisible fraction:

. _ Ndark;hadrons;stable
Tinvy =

Ndark;hadrons;total

\ e Internaljet structure )

-
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in Pythia8

Reoveed from: Bialich, C (2022)

1. Dark QCD sector pre-computed
on the hidden valley mod ule

2. Darkparton shower and dark
hadronisation (String
hadronisation mod el)

3. Abelian and Non-abelian HV gauge
groups for production processes

Hiddenvalley processes

W] 4 HerwigDarkshowerspackage: H7
nl Reoveawd from: Kulkami, S., @ al. (2024)

1. Modern pre-computed (beta
version) library for studies
on the dark sector

2. Darkparton showers and dark
hadronisation (Cluster
hadronisation model)

3. Studies aroun d e+e- collision
focused on meson momen ta.

Detector analysis
@ Remveed from: DeFaveeu, J., & al. (2014)

Computation on final-state
particles for SM and B SM
stable hadrons

Pre-computed CMS and ATLAS

detector card for .root file
generation.

CMS card used in this
analysis.
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Anti-k jet clusteringalgorithm
Jet radius =0.8(Lookingat Fatjets)
Current applied cutsin table 1.

18 BPs generated, compared to QCD bck.

Plus 3morefor testing,
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in Pytllias Reovew from: Kulkami, S., @ al. (2024)

Reoveed from: Bialich, C (2022)

1. Modern pre-computed (beta
version) library for studies

1. Dark QCD sector pre-computed on the dark sector 1. Computation on final-state
on the hidden valley module 2. Dark parton showers and dark particles for. SM.and B.SM
2. Darkparton shower and dark hadronisation (Cluster stable hadrons
had ronisation (Strin hadronisation m odel) 2. Pre-computed CMS and ATLAS
S & 3 s detector card for .root file
hadronisation mod el) 3. Studies around e+e- collision gen eration
) _ focused on meson momen ta. '
3. Abelian and Non-abelian HV gauge 3. CMS card usedin this
groups for production processes an alysis.

Hiddenvalley processes Herwig Dark showerspackage: H7 Detector analysis

Reoveel from: DeFaveeu, |., @ al. (2014)

GEMI— VISIBLE JETS CHARA CTERISATION

Anti-kr jet clustering algorithm @ o
Jet radius =0.8(Lookingat Fatjets) SR

Current applied cutsin table 1.

18 BPs generated, compared to QCD bck. Missing transverse energy

Requirement
Large-R jets multip licity =2jets
LargeR jetpT (Leading Jet, m0=2.5 TeV) pT >1.0TeV
LargeR jetpT (Leading Jet, m0=4.5 TeV) pT >1.25TeV
MET > 200 GeV

Plus 3morefor testing.
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PREPARED DATASETS FOR QCDBCKAND SVJSIGNAL S

Dataset My, [GeV] | Agark [GeV] | Tinw [%]

QCD - = 0.0
SV]s_BP_01_mzp_2.5TeV 10 2.50 40
SVJs_BP_02_mzp_2.5TeV 50 12.50 40
SV]s_BP_03_mzp_2.5TeV 100 25.0 40
SV]s_BP_04_mzp_4.5TeV 10 2.50 40
SVJs_BP_05_mzp_4.5TeV 50 12.50 40
SV]s_BP_06_mzp_4.5TeV 100 25.0 40
SVjs_BP_07_mzp_2.5TeV 50 20.0 30
SVJs_BP_08_mzp_2.5TeV 50 20.0 20
SVJs_BP_09_mzp_2.5TeV 50 20.0 50
SVJjs_BP_10_mzp_4.5TeV 50 20.0 30
SVjs_BP_11_mzp_4.5TeV 50 20.0 20
SVJs_BP_12_mzp_4.5TeV 50 20.0 50
SVJs_BP_13_mzp_2.5TeV 50 4.0 40
SVJs_BP_14_mzp_2.5TeV 50 10.0 40
SVJs_BP_15_mzp_2.5TeV 50 30.0 40
SV]s_BP_16_mzp_4.5TeV 50 4.0 40
SVJs_BP_17_mzp_4.5TeV 50 10.0 40
yV]s_BP_18_mzp_4.5TeV 50 30.0
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SVJs_BP_08_mzp_2.5TeV 50 20.0 20
SVJs_BP_09_mzp_2.5TeV 50 20.0 50
SVJs_BP_10_mzp_4.5TeV 50 20.0 30
SVjs_BP_11_mzp_4.5TeV 50 20.0 20
SVJs_BP_12_mzp_4.5TeV 50 20.0 50
SVJs_BP_13_mzp_2.5TeV 50 4.0 40
SVJs_BP_14_mzp_2.5TeV 50 10.0 40
SVJs_BP_15_mzp_2.5TeV 50 30.0 40
SV]s_BP_16_mzp_4.5TeV 50 4.0 40
SV]s_BP_17_mzp_4.5TeV 50 10.0 40
SVjs_BP_18_mzp_4.5TeV 50 30.0 40

Performing a parameter scan over
three key physical quantities:

Inv. Fraction : rggy = Tinw
Dark Quarks masses : my,

Dark hadronisation cte : Ap
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Dataset My, [GeV] | Agark [GeV] | Tinw [%]

QCD = 0.0
SV]s_BP_01_mzp_2.5TeV 10 2.50 40
SVJs_BP_02_mzp_2.5TeV 50 12.50 40
SVJs_BP_03_mzp_2.5TeV 100 25.0 40
SV]s_BP_04_mzp_4.5TeV 10 2.50 40
SVJs_BP_05_mzp_4.5TeV 50 12.50 40
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SVjs_BP_07_mzp_2.5TeV 50 20.0 30
SV]s_BP_08_mzp_2.5TeV 50 20.0 20
SVJs_BP_09_mzp_2.5TeV 50 20.0 50
SV]s_BP_10_mzp_4.5TeV 50 20.0 30
SVjs_BP_11_mzp_4.5TeV 50 20.0 20
SV]s_BP_12_mzp_4.5TeV 50 20.0 50
SVJs_BP_13_mzp_2.5TeV 50 4.0 40
SVJs_BP_14_mzp_2.5TeV 50 10.0 40
SVJs_BP_15_mzp_2.5TeV 50 30.0 40
SV]s_BP_16_mzp_4.5TeV 50 4.0 40
SV]s_BP_17_mzp_4.5TeV 50 10.0 40

Performing a parameter scan over
three key physical quantities:
Inv. Fraction : rggy = Tinw

Dark Quarks masses : my,
Dark hadronisation cte : Ap

We also vary the Z' mass to study

how the overall kinematical behaviour
will change. Fixed parameters are:

Lund parameters {a,b} with perturbative A.
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Dataset My, [GeV] | Agark [GeV] | Tinw [%]

QCD - 0.0
SV]s_BP_01_mzp_2.5TeV 10 2.50 40
SVJs_BP_02_mzp_2.5TeV 50 12.50 40
SVJs_BP_03_mzp_2.5TeV 100 25.0 40
SV]s_BP_04_mzp_4.5TeV 10 2.50 40
SVJs_BP_05_mzp_4.5TeV 50 12.50 40
SV]s_BP_06_mzp_4.5TeV 100 25.0 40
SVjs_BP_07_mzp_2.5TeV 50 20.0 30
SV]s_BP_08_mzp_2.5TeV 50 20.0 20
SVJs_BP_09_mzp_2.5TeV 50 20.0 50
SV[s_BP_10_mzp_4.5TeV 50 20.0 30
SVjs_BP_11_mzp_4.5TeV 50 20.0 20
SVJs_BP_12_mzp_4.5TeV 50 20.0 50
SVJs_BP_13_mzp_2.5TeV 50 4.0 40
SVjs_BP_14 mzp_2.5TeV 50 10.0 40
SVJs_BP_15_mzp_2.5TeV 50 30.0 40
SVjs_BP_16_mzp_4.5TeV 50 4.0 40
SV]s_BP_17_mzp_4.5TeV 50 10.0 40
SVJs_BP_18_mzp T 50 30.0

Performing a parameter scan over
three key physical quantities:

Inv. Fraction : rggyp = Tinw
Dark Quarks masses : m,y,
Dark hadronisation cte : Ap

We also vary the Z' mass to study

how the overall kinematical behaviour
will change. Fixed parameters are:

Lund parameters {a,b} with perturbative A.

Changes are pointed in red

With the following BPs used as testing for the DL analysis

Dataset my, [GeV] N Agary [GeV] | ronr [7]
SV]s_BP_19_mzp_3.5TeV 75 2.50 60
SV]s BP_20_mzp_3.5TeV 50 12.50 65
SV[s BP 21 mzp_3.5TeV 50 20.0 40
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We implemented some cuts but are they
being properly applied in our current
analysis? and will they be able to

reconstruct the invariant and transverse
mass? We should extract:

Di-jet Energy: £ >

Di-jet three-momentum: pi 2

e Di-jet Transverse-momentum: pr,;;
e MET: Ef***
and see if we can get an approximation

to the Z' mass
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reconstruct the invariant and transverse
mass? We should extract:

e Di-jetEnergy: E

e Di-jetthree-momentum: pi 2

e Di-jet Transverse-momentum: pr,;;

e MET: EJ's¢

and see if we can get an approximation
to the Z' mass
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M;; = /(E1+ E2)? — |py + pal?,




(2 ) DID O UR CUTS MATCHES WHAT DO WE EXPECT FROM THEM?

We implemented some cuts but are they  1nvariant Dijet mass M,;

being properly applied in our current
analysis? and will they be able to Mj; = \/(E1+ E2)? — |py + 1o,

reconstruct the invariant and transverse  Transverse mass
mass? We should extract:

e Di-jetEnergy: E m%n = MJ-Qj + 2(|Er?’i38|\/Mj2j + |ﬁT,jj|2
e Di-jetthree-momentum: pi 2 miss o
— Lo ‘pT,jj) ,

e Di-jet Transverse-momentum: pr,;;
e MET: Ef"**
and see if we can get an approximation

to the Z' mass 6
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(RESULTS)

PYTHIA + DELPHES (CMS card) Vs = 14 TeV PYTHIA 4 DELPHES (CMS card)
72 S BP_01_mzp_2.5TeV 3 SVjs_BP_01_mzp_2.5TeV
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Multiplicity

0.0010

0.000
D0( 1200 1400 1600 180

o000
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14 TeV PYTHIA + DELPHES (CMS card) = 14 Tev
=3 SVjs_BP_01_mzp_2.5TeV 3 SV)s_BP_01_mzp_2.5TeV
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All the cuts were satisfied!

The cut for the transverse momentum
in both jets is correctly applied,

andifwedomeasurethetransverse
andinvariant mass we observedthat

3 SVJs_BP_01_mzp_2.5TeV
SV|s_BP_04_mzp_4.5TeV

Multiplicity

1. Theinvariantmass is lower
thatthetransverse mass.

= oz = e 2. Theinvisible constituents
~ fromthe stable darkhadrons
contribute tothe total Z'
mass reconstruction.

2000 2500
prii1) [GeV]

Multiplicity
(=] (=]
Multiplicity
P -

00 :‘ﬂﬂﬁ 4000 Snfln— l%fl}”n 71"‘[14'; 8000
My i [GeV] \ D
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DELPHES allows us to compute the MET
fromthe "tree"filewhich already takes

intoaccount:

e Detectordimensions
e Particle isolation
e Particde smearing

this includes theinvisible particles (both
neutrinos and BSM),within the detector.

We use CMS detector cardfor this
analysis,where:
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DELPHES allows us to compute the MET

Global missing Eriss
fromthe "tree"filewhich already takes

intoaccount: Z pr € Inv. Particles
e Detectordimensions ) .
e Partide isolation Difference on the azimuthal

e Particle smearin
g Aﬁb — CbMETGzobaz _ quetzead

this includes theinvisible particles (both
neutrinos and BSM),within the detector.

We use CMS detector cardfor this
analysis,where:
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DELPHES allows us to compute the MET
fromthe "tree"filewhich already takes

intoaccount:

e Detectordimensions
e Particle isolation
e Particde smearing

this includes theinvisible particles (both
neutrinos and BSM),within the detector.

We use CMS detector cardfor this
analysis,where:

Global missing E7iss
Z pr € Inv. Particles

Difference on the azimuthal

Aﬁb — CbMETGzobaz I quetzead

Plots from the difference on the azimuthal are on the backup.
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(RESULTS)

PYTHIA + DELPHES (CMS card) Simulatior

PYTHIA + DELPHES (CMS card) Simulation
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(RESULTS)

PPPPP + DELPHES (CMS card) Simutation p

Main differences:

1. The HV parameters dependence

1s visible,where the dark

hadrons mass andthe invisible
fraction produces thelargest

changes in the MET distribution

2. Increasing the mediator mass
yields toaharder energy
spectrumandhigher MET values

3. SV]BPs can overlapbut all of

the distributions exhibit
differences.
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2D Representation of jet
visible constituents:

1. Charged hadrons (in particular mesons:
Neutral Kaonsand negative/positive pions)

2. Photons.
WHERE:
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2D Representation of jet
visible constituents:

1. Charged hadrons (in particular mesons:
Neutral Kaonsand negative/positive pions)

2. Photons.
WHERE:




The Lund-plane (Delphes-Level)

1 THEORY BEHINDIT

2D Representation ofjet
visible constituents:

1. Charged hadrons (inparticular mesons:
Neutral Kaonsand negative/positive pions)

2. Photons.

WHERE:

A% = (yi — ;)" + (¢ — )

(]

A= ""ici:.b: A?t = Dtb "'ia.b

—
>

()
O
=
Y4
—
=

Primary Lund-plane regions

non-pert. (small k¢)

Recovered mom:

(Dreyer, EA

In(1/4)

10



(RESULTS)

s

@HAT CAN WE LEARN FROM1 TD

~
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.

SVJs.BP_08_mzp_2.5TeV  SVJs_BP_18_.mzp_4.5TeV
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(RESULTS)

o [

SVJs.BP_08_mzp_2.5TeV  SVJs_BP_18_mzp )l(\

SVJs_ BP_01_mzp_2.5TeV

-
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Visual differences from QCD/SV] signals.

1. Dark quarks masses affect the
boost of decay hadrons
causing larger MPI emissions.(ForIn(kr))

2. The invisible fraction modifies
the ISR and hard-collinear
radiation

3. Darkhadronisation impacts the
non-perturbative and s oft

collinear regions(For small47)
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We want to know how much discrimination power
we have using 5 NNs:

Vision Transformer (ViT) for the L]JP ima ges
JetLOV usingthe Lund variables from Lund tree

MLP forallthekinematicalinformation
Fusion network between theViT and the MLP

Fusion network between theJetLOV and the
MLP

S I N N

Alltrained ona common balanced dataset.
\ J \
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We want to know how much discrimination power
we have using 5 NNs:

Vision Transformer (ViT) for the L]JP ima ges

JetLOV usingthe Lund variables from Lund tree

Concatenate

MLP forallthekinematicalinformation . SR —=ae
— — ...F.. EFEE -« vl:yrhwﬂ"v'tFmU-(‘lm\va.’,
Fusion network between the ViT and the MLP (== ® ( : : ey

Fusion network between theJetLOV and the TR
MLP

G b W=

KA]ltrained ona common balanced dataset. )




(ML ANALYSISIDEfD CPUSI ON NET WOR@

We want to know how much discrimination power
we have using 5 NNs:

Vision Transformer (ViT) for the L]JP ima ges
JetLOV usingthe Lund variables from Lund tree

MLP forallthekinematicalinformation
Fusion network between theViT and the MLP

Fusion network between theJetLOV and the
MLP

S I N O N I

\Alltrained ona common balanced dataset. )

e
GBSERVABLESDISTRIB UTIOID




-

\_

(Aﬂ, ANALYSIS IDE fD

We want to know how much discrimination power
we have using 5 NNs:

Vision Transformer (ViT) for the L]JP ima ges

JetLOV usingthe Lund variables from Lund tree

Fusion network between theViT and the MLP

Fusion network between theJetLOV and the
MLP

1
Z
3. MLP forallthekinematicalinformation
4.
5.

Alltrained on a common balanced dataset.

~

-
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TheLund JetPlane (LJP)for: The MLP for:

1. ViT
2. JetLOV

CI—'U SION NET WORK>
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We want to know how much discrimination power
we have using 5 NNs:

Vision Transformer (ViT) for the L]JP ima ges
JetLOV usingthe Lund variables from Lund tree

MLP forallthekinematicalinformation
Fusion network between theViT and the MLP

Fusion network between theJetLOV and the
MLP

I W

\Alltrained ona common balanced dataset.

e
OBSERVABLESDISTRIBUTION
TheLund JetPlane (LJP)for: The MLP for:
1. ViT
2. JetLOV

\_

J

CFU SION NET WORI()

Global Local (Jet-Level
MET Fnalstate Sub-structure

AG(MET, jiead) pr(ir), pr(Jz) 7(0.1)
o(71). o(j2) 7(0.8)
n(71), n(j2) 7(1.5)

My eo-BEC
Ad (1, J2)
Hadron multiplicity
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( CLASSIFICATION RESULTS ) (ARE WEABLETO DISTINGUISH QCD AND SW?)

Model Accuracy ROCAUC
Vil 0.8629 0.9293
JetLOV 0.9003 0.9572
MLP (Al 0.9054 0.9653
ViT+MLP 0.9389 0.9846
Je tLOV+MLP 0.9428 0.9872
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( CLASSIFICATION RESULTS ) CARE WEABLETO DISTINGUISH QCD AND SW?)

Model Accuracy ROCAUC
VIT 0.8629 0.9293
JetLOV 0.9003 0.9572
MLP (Al 0.904 0.9653
ViT+MLP 0.9389 0.9846
JetLOV-MLP 09428 0.9872

( CONFUSION MATRICES )

Model Trueneg (TN) Falsepos.(FP)

ViT 87.68% 12.32%
JetLOV 91.19% 8.81%

MLP 91.78% 8.22%
Vir+MLP 94.08% 5.92%

Jet LOV+MLP 94.99% 5.01%




( CLASSIFICATION RESULTS ) (ARE WEABLETO DISTINGUISH QCD AND SW?)

Model  Accuracy ROCAUC From the previous tables we can say that:
ViT 0.8629 0.9293
JetLOV 0.9003 0.9572 One observable such as the LJP won't
MLP (A 0.9054 0.9653 provide epough Q1scr1mmat10n rather
: than merging it with other observables.
VIT+MLP 0.9389 0.9846

JetLOV+MLP 09428 0.9872 Merging 2 different networks allow us

to reconstruct and retain the dominant
jet information.

C CONFUSION MATRICES )

The fusion model achieves the highest

discrimination power between SVJ or
Trueneg. (TN) Falsepos.(FP)
Mpee, o - QCD, and the best performance for

ViT 81.68% 1232% identify true SVJ or QCD signals.
JetLOV 91.19% 881%

MLP 91.78% 8.22%
ViT+MLP 94.08% 5.92%
Jet LOV+MLP 94.99% 5.01%
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Canjet sub-structure observableshelp usto
detect DS signaturesfor future CMS searches?

Short answer: Yes!, dark showers and SVJ
searchesallowusto distinguish them from a
well-known QCD bck, and understand their
kinematical parameters:

Jet-substructure observablesreveals which
parametershave the strongest impact on the
kKinematics

ML approachesshowed that the
discrimination powerissufficient for future
SV] searchesat the LHC.

FURTHER WORK




Canjet sub-structure observableshelp usto
detect DS signatures for future CMS searches?

Short answer: Yes!, dark showersand SV]
searchesallowusto distinguish them from a
well-known QCD bck, and understand their
kinematical parameters:

Jetsubstructure observablesreveals which
parametershave the strongest impact onthe
kinematics

ML approaches showed that the

discrimination powerissufficient for future
SV] searchesat the LHC.

The actualpaperwith more detailed
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Start the comparisonwith Herwig7
and pythia8 output

Complement the analysiswith other

* de cay channeldataset?

e Start a more extended ML analysis.

More detailin the backup!




Canjet sub-structure observableshelp usto
detect DS signatures for future CMS searches?

Short answer: Yes!, dark showersand SVJ
searchesallowusto distinguish them from a
well-known QCD bck, and understand their
kinematical parameters:

Jet-substructure observablesreveals which
parameters have the strongest impact onthe
kinematics

ML approaches showed that the
discrimination powerissufficient for future
SV] searchesat the LHC.

FURTHER

The actualpaperwith more detailed

contentisonarxiv:).Youcan find
itinthe QRcode!

Start the comparison with Herwig?7
and pythia8 output

. Complement the analysiswith other
decay channeldataset?

e Start a more extended ML analysis.

More detailin the backup!

(Thanks!)
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Jets are a reconstructed observable, normally described as a
collimated spray of hadrons, partons and invisible particles that
are being detected directly at the detector calorimeters as
deposited clusters of energy after passing the hadronisation
stage. For jet clustering the 3 most used jet algorithms are:

e Anti-kT jet algorithm
o Cambridge/Aachen jet algorithm
e KT jet algorithm




Jets are a reconstructed observable, normally described as a
collimated spray of hadrons, partons and invisible particles that
are being detected directly at the detector calorimeters as
deposited clusters of energy after passing the hadronisation
stage. For jet clustering the 3 most used jet algorithms are:

e Anti-KT jet algorithm
e Cambridge/Aachen jet algorithm
e KT jet algorithm

Parton level

Energy depositions
In calorimeters
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(RESULTS)

PYTHIA + DELPHES (CMS card) Simulation o

PYTHIA + DELPHES (CMS card) Simulation 5

No. Events
No. Events

BYEDS,

PYTHIA + DELPHES (CMS card) Simulation p v 1 PYTHIA + DELPHES (CMS card) Simulation ;

APET Epan Jreaa) lrad]

No. Events

' ‘

Jieaa) [rad) BYIET Chvas Jieaa) [rad)
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(RESULTS)

PYTHIA + DELPHES (CMS car

Now the dependence on the HV
parameters is mainly driven for:

e The mediatormass
e The dark hadron mass

e The invisible fraction

PYTHIA + DELPHES (CMS card) Simulation p

Physics reveal:

Mediatormasswill control the available
energy scale of the event,leading jet

e kinematicsand the amount of energy
from the dark sector and the phase
space for DS evolution.
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Numerical computation between constituentsto
quantify the pr weighted angularseparation
betweenthe constituents and the selectedjet, with:

1. 0 isthe angle from the partice
withinthe jet.

2. F;isthe energy from the constituent

3. Errepresentsthe total energy

Forthe hadroniccase we used the Pras Er-
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Numerical computation between constituentsto
quantify the pr weighted angular separation

betweenthe constituents and the selected jet, with:

1. 0 isthe angle from the partice
withinthe jet.

2. E;isthe energy from the constituent

3. Errepresentsthe total energy

Forthe hadroniccase we used thePras Er-

Tap ™ » Y 67

JjEjets 1€y
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Angularity Function (Delphes Level)

2 THEORY BEHINDIT

Numerical computationbetween constituentsto
quantify the pr weighted angularseparation
betweenthe constituents and the selected jet, with:

3
ey P a [ T
1. 67 isthe angle from the particle Ta,f = Z Z 0; ( E) -’
within the jet. jEjets i€] 4

2. F;isthe energy from the constituent

3. Errepresentsthe total energy

Forthe hadroniccase we used the Pras Er-

Recovered from: (Kulkarni, S., et al., 2024)
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YTHIA + DELPHES (CMS card) o « 08 8 1 3 Vi 14 TeV PYTHIA + DELPHES (CMS card) a
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(RESULTS)

PYTHIA + DELPHES (CMS card) o
10!

14 TeV PYTHIA + DELPHES (CMS card) a = 15,8 = 1, P

Physical changes:

Varying a willchange the relative
sensitivity of the observable at the
perturbative and nonperturbative
emissionlevel

Multiplicity

Increasing a willenhance the radiation
e close to the jet axiswith more collinear
configurations

).2 03 04 05
Angularity
PYTHIA + DELPHES (CMS card) o = 08,8 = 1, 7 = 125 Tev

g \ ; L | Forsmalla, emissions willbe more alike
g to large angularseparations, more

sensitive to the broad radiation pattern
of the jet.

[
0.0

Multiplicity

-
(=]

At o= 0.8 the observable willbe more
e balanced between collinearand wide-
angle emissions.
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Training hyperparameters

Hyperparameter| ViT MLP |]JetLOV|ViT+MLP | JetLOV+MLP
Optimizer Adam Adam Adam Adam Adam
Learning rate 7x10°N4 | 1x107-3 1x101-3 5x10"4 5x10M-4
Adam (b1,b2) 0.9, 0.999 ] 0.9,0.999 ] 0.9,0.999 } 0.9, 0.999 0.9, 0.999
Batchsize 128 256 256 128 128
Dropout 0.1 0.2 0.1 0.1/0.2 0.1/0.2
Weight decay 0 0 0 0 0
Max epochs 60 100 60 15 60
Early-stop patien ce 5 epochs | 5epochs | 5epochs | 5 epochs 5 epochs
Early-stopmin. delta | 1x10r4 | 1x10r4 | 1x1074 1x1074 1x1074
Random seed 42 42 42 Y 42
Epochs trained(max) | 35(60) | 11(100) | 15 (20) 48 (60) 18 (69)
Bestepoch 30 8 7 43 13
Bestval loss 0.3361 0.2356 0.2518 0.1567 0.1504
Avg. epochtime 75.2s 53s 516.7 s 63.8 s 335s
Total train time 43.8min | 1.0min | 1.01hrs | 51.0 min 1.68 hrs
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