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Beyond the Standard Model - Collider searches |' F[' C CORPUSCULAR

ATLAS & CMS - general purpose detectors

barrel New Small Wheel (NSW) barrel toroid magnet
muon chambers muon chambers

Final Run of LHC - software and hardware
NOTE.: outdated timeline

LHC / HL-LHC Plan PN
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- Analysis will benefit from Al methods
- Broad offer of libraries, ML/DL
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Trajectory of numerous TFGs and TFMs tt events > BSM probe
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Generative Models for Monte Carlo simulations for search- e/ I :

ing for New Physics in LHC experiments } | New Physics
vl EFT |
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ATLAS Computing Facilities in Spain |' Fl' C CORMISCULAR

Spanish ATLAS Tier-1 & Tier-2s Collaboration and coordination

cientifica

PIC: 4.71PB
IFIC: 3.34 PB
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UAM: 1.15 PB

Universidad Auténoma|
de Madrid
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MC Simulated Data

Simulation software

Pythia8

A SIMULATION TOOLKIT

CPU demanding

GEANT

O Hard Interaction
@ Resonance Decays
W MECs, Matching & Merging
B FSR
W ISR
QED
B Weak Showers
¥ Hard Onium

O Mekiparton Interactions

0 Ministrings / C

Colour Recom

String interactions
Bose-Einstein & Fermi-Dirac
B Pomary Hadrons
M Secondary Hadroms
B Hadronic Reinteractions
*: incoming lines are crossed)
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F
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Simulation parameters

Hl-rrin;-_ name

HL'T!i]l;" |l¢'H')'i'|it'i|:)|

CMS defanlt ATLAS default

POWHEG
qmass top-quark mass [GeV] 172.5 172.5 172.5
twidth top-quark width [GeV] 1.31 1.32 1.315
hdamp first emission damping parameter [GeV| 237.8775 258.75 250
WINASS W# mass [GeV] 80.4 80.3999 8.4
wwidth W#* width _’(:l‘\li 2.141 2.085 2.11
bmass b-quark mass [GeV| 1.8 195 1LATH
PYTHIA 8
PYTHIA B version v240 v230 v240 (CMS)
v244 (ATLAS)
Tune CPs Al4 Monash

PDF:pSet

TimeShower:alphaSvalue
SpaceShower:alphaSvalue

MPlLalphaSvalue
MPLpTOref

ColourReconnection:range

LHAPDFG parton densities to be used for proton beams

» for Final State Radiation
ale for Initial State Radiation
ale for Multi-Parton Interaction
Reference py scale for regularizing soft QCD emissions
Parameter controlling colour reconnection probahility

Value of a, at £ mass sce

Value of a, at £ mas:

Value of a, at £ mass

NNPDF3lnnlo NNPDF23.1o
as_0130_qed
0.127
0.127
0.126
2.09
1.71

as 0118
0.118
0.118
0.118
1.41

5.176

NNPDF23 1o
as_(0130_qed
0.1365
0.1365
(0.130
2.28

1.80

Negro, Giulia. (2022). Top Quark Modelling and Tuning in ATLAS and CMS.
10.48550/arXiv.2201.03517.

Experiment-theory loop update
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DTs, BDTs, NNs - Deep Sets |' Fl' C CORPUSCULAR

DT based methods Neural Networks

Single Decision Tree DT Gradient Boosted Trees BDT L Hiddeatlayere Outpus
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— - — — - -
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® 7

Class 2 X1 7x8 0 D D D

& e N D

Q class1 @ pdgld . C E E E E
N A " embeddingl N N N

® ® ® 6 ® p— X 7x8 A o S » S —{ ¢ N

T | 732 %64 %32 7x16 S
7x11 I fromPV, : E E E

N Tl embedding?2 o E E

% P ' N 6 3 1 b b
ass 1 |1} A 3 Wi, Dix Diy
‘ T T 4 2 6 3
) £ 2 Continuous :
S class2 ¢ : z
; 4 ; _ : p?’llt‘ = _(Z W‘p';x + er}
s PaPy ‘ OUTPUTS
J x2 7
pyts = *(z WPy + biy)
f

Class 2 Class 1 1

TensorFlow
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Use Case 1: SM/BSM semileptonic tt classification l' (L BSieA AR

Semileptonic tt SM (gluon) vs BSM (Z’)

all-hadronic 46%

Nﬁ@.
d)))f:
-
E\\
1
-~ < =

T+jets 15%

o < <
i{q{%
ﬁ
S = <

15%
Different M,

Complete invariant mass — SM and BSM

e
ex 15%
dileptonic
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Use Case 1: correlation matrices and first plots |' F.' C FISICA

CORPUSCULAR

Transversal momentum of the first jet (normalised) - SM vs BSM

12000 4
Correlation matrix - SM data Correlation matrix - BSM data SM
- 10 N 1.0 500
) ) 10000 750
) =} -08 1000
Bal % 1250
: : 8000 A 1500
g Z >
- - =
& & £ 6000 -
o
g g £
? ? 4000 -+
: 2
i‘ _é‘ 2000 A
£ . £ ‘
I_pt ptl pt2 pt3 pt4 m_jj m_jjj m_lv m_jlv. m_wwbb I_pt ptl pt2 pt3 pt4 m_jj m_jjji m_lv m_jlv m_wwbb 0 T T T T T T T
-3 —2 -1 0 1 2 3 4
Normalised pt of the first jet
SM Gluon vs tt resonance (M, = 1000 GeV) tt resonance (M, € [500,1500] GeV)

Key tendencies ]
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Use Case 1: final results (I S o
Number of BDT iterations Max depth of RF
Performance of BDT mass 1500 vs number of iterations Performance of RF mass 1500 vs Maximum depth
0.96 -
[ ] ] L] [ ] L] ™
sl ¢ o i y y . » . . . . . .
0957 43 0954 $
0.94 -
0.94 -
g 0.93 4 g « Accuracy
E E 0.93 1 . Fl-Score
E E ] Kappa
0.92 - « AUC
& £ 0oz
0.91 1 . . < ’ L
. e » Accuracy 0.91 - . .
o s F1-Score ¢ . . . * .
0.90 - » Kappa
" « AUC 0.901 .
0 25 50 75 100 125 150 175 200 0 10 20 30 40 50
Number of iterations Maximum depth
Assymptotic improvement Overfitting

13
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Dileptonic ttbar regression Correlation matrices

all-hadronic 46%

Correlation matrix for p: components

jet1_pt -

jetz_pt

-08

T+jets 15% e

met_pt

all_pt

jet1 €

15% mass 2lept

[ Very low correlation ]

mass_alljets

. ) 15%
dileptonic

Correlation matrix for p, components

. . . lar_pt -
CMS Simulation Preliminary 59.8 fb! (13 TeV) scalar_p .
60 T | — jetl_px - L 0. 133 0.47 (OISO 0.0 X 0.0 .00
T difference_pt
jetz_px R M 004 003 0 o | oa
5 % 5 g 8 45 g 3§ 3 & &8

o g 2 g 3 3 ~ 5 & L] g lept. 0.04 0.14 0 000  0.00

£ z ki g 2 ¥ ;‘ o : H pE_px o o -0.00
O £ oo

LOEYR 047 003 014 0.50 | 0.00 0 000 000

all_px S 0.50 000 000 000 000 000 00
0.4
. C ﬂ o -

Gen p¥ss- rec pHss (MeV)

[ Best if px/py coordinates ] — .
ol — e ATLAS —f

met_significance

0 100 200 300 400 500 600

Gen pT (MeV) L £ 2 H 3 é. EI ? g' _‘é

[ CMS precedent ] ( 14
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Reweighting procedure Hyperparameter testing

Hyperparameter Options
Truth-level dineutrino transverse momentum p'., Loss function [logcosh., huber, mse, mae, custom
300000 Activation function [relu, leaky relu. sigmoid|
First hidden layer neurons 16, 32, 64, 128, 256, 512|
250000 + Hidden layers neurons ratio | |1/8, 1/4, 1/2, 1, 2|
Epochs 50, 100, 500]
200000 1 Dropout 0.1, 0.2, 0.3, 0.4
A Alpha (DenseWeights) 0.25, 0.5, 0.75, 1]
- 150000 1 Imbalanced dataset Paticnce (Early Stopping) | |5, 10, 20]
5
Code Procedure Range
100000 7 mean T, = (2 —1)/T =
mean_std | x, = (r — I)/0, -
50000 1 min_max | x, = (z — min(z))/(min (z) — max (x)) | [0,1]
log rp =log(x + k) = x, = (r1 — T1) /7 [0, 4+00]
o- : . . ;
0 100 200 300 400 500 600
Energy (GeV) ( A . . f .
; 1 10N ncaion
[ DenseWeights ] _Activation functio
LeakyRelLU and RelU activation functions
Test_y for NN - mode = mean DenseWeights computed on normalized true_pt_nunu, mode = mean 201 RelU
12000 A s Alpha = 0 LeakyRelU,a = 0.1
< Alpha =0.25 15+ LeakyRelU, @ = 0.2
| - Apha=os -
10000 - 3.0 Algh: 075 % LeakyRelU, a = 0.3
025 Alpha = 1 & 101 LeakyRelU, a = 0.4
8000 - £ 2
k) o
g 2.0 E
6000 - g T 51
215 5
[ —
e ®
4000 - 1.0 % 0-
0.5 <
2000 -
0.0 -5
0 -10 -05 00 05 10 15 20
true_pt_nunu . . . . . . . . .
—-20 -15 -10 -5 0 5 10 15 20

Weighted sum z 15



Use Case 2: key results

Strong deviation - ongoing project

DNN_MET px_MeanAbsoluteError vs vec_diff px

7.5 1
5.0 -
2.5 4
g 001
E
-°I
o _2.5 -
¢
_5.0 <
_?.5 <
—10.0 1
T T T T T
-2 -1 0 1 2
DNN MET px
Generated - corrected py, unnormalized DNN, loss = MeanAbsoluteError
— Gen
2000 A DNN )
—— MET, not normalized
1500 A
1000
500 -
0 T T T T T
—-200000  —100000 0 100000 200000
MET (MeV)

Gen pJ¥ss- rec pIHsS (MeV)
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Preliminary results

Final plot - framework_test

40000

30000 +

20000 4

10000

—10000

ATLAS Simulation Preliminary

_________

_________________

_________

MET p
I MET o

DNN - MSE |

——— DNN- MSEo ]

T T T T T T T T
1] 25000 50000 75000 100000 125000 150000 175000

Gen pJHss (MeV)

[ Slight resolution improvement ]

Notably worse reconstruction
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Use Case 3: ARTEMISA infrastructure and results
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RF number of trees

BDT vs RF

ARTEMISA: metrics RF vs n_estimators

ARTEMISA: BDT - RF performance

0.958 *_.‘n__ﬁ. ................. —0.002 - ;\.:.’0
? S
]
09574 *
’ -0.0044 |
.t
0.956 - ;
: —0.006 -
0,955 - Local infrastructure
0.954 4 —0.008 4
0.953 4Artel ] llsa Y
extAcc v ' . -0.0104 ! «  extAcc
0.9524 . F1s ARTificial Environment for ML and Innovation . F15
in Scientific Advanced Computing . T . T . . . .
' i ' ' T T T ' 0 100 200 300 400 500 600 700
] 100 200 300 400 500 600 700 .
- . n_estimators
Number of iterations WNs -
Uls
—>s o
! o
M mlui01 - N
i —> > 4 HIConddr Y
! e
mlui02 -
N g 5
2 x P100 GPUs (testing) \ - )

43 x A100/V100 GPUs

17
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‘ Deep initiation into ML/DL applied to Physics

Useful for Bachelor’s / Master’s & first steps in HEP analysis

Classification: ttbar BSM signal

Regression: MET reconstruction

‘ ARTEMISA: high-end computing infrastructure

19
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gen. piss — rec, pss (GeV)

CMS precedent
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. . . 1
60 CMS Simulation Preliminary 59.8 fb™' (13 TeV) 60 CMS Simuiation_Preliminary 59.8 fb (13 TeV)
40 -
p ] B e o o i i -
0 .
_20 . -m
| — DNNu —— PUPPIL PF u
—40 o —
-e== DNN@  ==== PUPPl o PF o —40 DNN p PUPPI 1 PF 1
T T T T T ==== DNN o ==== PUJPPl O PF o
0 100 200 300 400 500 600 l l | |
10 20 30 40 50

gen. piss (GeV)

Successful attempt with Run 2 data at CMS

Number of primary vertices

Pileup resilience studies at CMS
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Cowais | pe= [pi 4]
t b quark
not b quarks @ = arctan(py/Px)
lepton — 0
neutrino 7= [tan (E)]
inv masses ~ Z(E’ : p_]’)

HEPMASS repositori: /M for training - 3.5M for testing

22 LL variables 5 HL variables

[ Pt (Z’jZ'tlsjtag ” e, @, 1 lepton ” p&‘g&?ﬂwf; }[Invariant masses]

24



Use Case 2: input variables

Pseudorapidity and invariant masses

m=Jﬁ+ﬁ

arctan(p,, /py)
—In [tan (g)]

s5; =m; + m]? T ?(Pf 37)
~ 2(p; " pj)

'
N
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New High-Level variables

Leading jets

Leading
leptons

MET

All jets

Invariant

Masses Others

2 leptons
Leading jet E

All jets

Scalar sum of
2 leading jet pt

jets

25



Neural Network - MLP I'Fl'l:

MLP architecture

Input

Hidden layers

Output

aC) Hz L) 8U(L) o0C) (T—1)
dw@ — gwl  8z@  gg@ .
dCy 0z L) 9all) dCy
b — ObL) 9L 9all)
dCy Oz L) dalL) 9C) (L
9al—D  9aL-1 92D dalk) .

=1. U’(Z(L)) . 2((1;(:"‘) —y)

Stochastic Gradient Descent
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https://www.3blue1brown.com/lessons/backpropagation

26



INSTITUT DE

-

, pympp=
Loss function plot (1 1 SoRvuscuLar

Loss Functions

4.0 - —— Sguared error 4.0 MSE
—— Absolute error
3.5 Huber loss (6=1) 3.5 4 Huber (d=1)
—— Huber (d=10)
LogCosh
3.0 1 3.0 A
2.5 2.5
v
g407 & 2.0+
1.5 15 -
1.0 1
1.0
0.5 4
0.5 -
0.0 1
T T T T T T T T T 0.0 T T T T T
-2.0 =1.5 -1.0 -0.5 0.0 0.5 1.0 1.5 2.0 —4 =D 0 2 4
Yo=Y Error
MSE - MAE - Huber MSE - Huber - lgcosh
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ARTEMISA - HTCondor

(i

https://htcondor.readthedocs.io/en/latest/users-manual/submitting-a-job.html

HTCondor is the job manager at ARTEMISA

condor_submit NNprova.sub
condor_q
condor_rm 862149

,sub file example:

([ N N ]

universe = vanilla

executable BDTprova.sh

log condor_logs/BDTprova. log
output condor_logs (

error condor_logs P a.$(C

notify_user alejandro.perez@ific.uv.es

notificatio

er_output_files = BDTprova.cs

_luster).$(Pr
Cluster).$(Pr

.sh file copy

#!/bin/bash
python3 BDTprova.py
cp BDTprova.csv /lhome/ific/a/alexpg/

INSTITUT DE

-
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Loss function exploration Custom loss definition Custom weights

x x 50000 I
40000 Alpha = 0.75; batch_size = 20000; dataset = mue; loss = MeanSquaredError; gbr_loss = squa :
= .75 _ . - mue: loss = o 400004 Alpha = 0.75; batch_size = 20000; dataset = mue; loss = Huber; gbr_loss = exponential .
40000 1 Alpha = 0.75; batch_size = 20000; dataset = mue; loss = MeanAbsoluteError; gbr_loss = lineal Bins = 10; neuron_layers = [12. 10, 8]: max depth = 30; n_estimatars = 5; mode = mean_std kappa = 10
Bins = 10; neuron_layers = [12, 10, 8); max depth = 30; n_estimators = 5; mode = mean_std] kappa = 10 Bins = 10; “eufﬁn_'a)‘efsf [12, 10, E.]: "Tal depth = 30; n_estimators = 5; mode = mean_std; kappa = 10 ATLAS Simulation Preliminary 3
ATLAS Simulation Preliminary . ATLAS Simulation Preliminary : 30000
— [ = -
=== > >
3 2 o
g _______________________ e B =z 1 s e S N = 20000
w 20000 e B B B . @ 20000 sttty s S N S 8
£ p—— Painiielet I S E ittt St N SR g
E‘i‘-_ [N S Lot ettt I il el S Y i 1 &
' e R e S T S e J 10000 4
L x-S S S - T R N~ ST
g M ! ¢ 1 . L
o I v ,___,—.—a—=—|_,_| g2
g - En £
T — E S o
=4 c
b o ]
o o =]
MET MET p ~10000 MET p
MET o ] MET o —a MET o
—— MET tstpu I —— MET tstp —— MET tst u
20000 | --- METtsto ~20000 { === MET tst & ~20000 { === METtsto
) —— DNN — DNNpu —— DNNp
— ~-- DNNo --- DNNgo —— DNNo
GBR u GBR u -30000{ ——=— GBR u
N --- GBRg --- GBRg --- GBRg
o 25000 0000 75000 100000 125000 150000 175000 0 25000 50000 75000 100000 125000 150000 175000 0 25000 50000 75000 100000 125000 150000 175000
gen. piiss (MeV) gen. pf'ss (MeV) gen. pf'=s (MeV)

DNN loss: MeanAbsoluteError DNN loss: Huber DNN loss: MeanSquaredError
AdaBoost loss: linear AdaBoost loss: exponential AdaBoost loss: square
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Loss function exploration Custom loss definition Custom weights

Coustom = \ Z( mean [a]b)2 + CrsE

b

ooooo

MET o MET o [ MET o
—— DNN DNN

I ‘ — DNNy
0001 -~ DNN & _'_/—'J ooooo DNN @ o am ===.DNN.g
| -
ATLAS simufation Preliminary Lo ‘ ATLAS Simulation Preliminary * ___________ ATLAS Simulation Preliminary
OOOOO i 30000 !
ooooo
_____
—F L & w
0000 00 00 ! ;
& i H :

m rec. pyss (MeV)
rec. pyss (MeV)

m rec. p"s= (MeV)

L
L
L

oooooo

150000 50000 150000
gen. pys (MeV) gen. pi'ss (MeV)

A=0.1 A=1 A =1000
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Loss function exploration Custom loss definition Custom weights

Scatter of weights and histogram of true values Training process - loss functions vs epochs

10°

3.0 A
104
2.5 1
3 c
. 10 L
o £ e —— loss
3 —
s g 2 2.0 —— val_loss
" 10 E
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Determination of missing transverse momentum using multivariate methods for a differential
top pair production cross section measurement at CMS
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CORPUSCULAR

Full_Input

Full_Input

Inclusion of all
TimeDistributed . .
fonctional |7 simulated neutrinos
may be beneficial

Embedding

Lambda

Reshape Getltem

Concatenate Dense

kernel {2x16)
bias {167

Comparison
between ATLAS and
CMS might be key

Dense
Activation Activation

Dense
; Dense

Activation

kernel {16x8)
bias {8)

Dense

Activation Activation

Lower-level
reconstruction may
yield better results

Getltem Getltem

kernel {8x2)
bias {2}

WeighterLayer

weighter_layer

i

Final Dense
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E(Sushi) + E(Germany) - E( E(Bratwurst) - ~ E(woman) - E(man) ‘ ~ E(woman) - E(man)

Embedding word differences using Chat-GPT2 - https://www.3blue1brown.com/lessons/gpt

Plurality Direction: \ Plurality Dot Products:

plar := E(cats) — E(cat)

Embedding concept of “plurality” using Chat-GPT2 - https://www.3bluelbrown.com/lessons/gpt
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Exploration alternative - BayesOpt

ParBayesianOptimization in Action (Round 1)
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By AnotherSamWilson - Own work, CC BY-SA 4.0
https://commons.wikimedia.org/w/index.php?curid=84842869
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Fast simulation alternatives - GAN and VAE

Training Set

Generator

SBlf—

GAN - diagram

8, 8,8, B
Embedding
Space

o v //
¥ " 5
- - -
oh - ,. Hh1 . ,_._., !“z ” CNN
B,
" ] ok
z,(x) INEF 2,00
63
Encodar

Decoder

Discriminator

UBe—
_)

..............................................................

e

-

Zixi8y WL

z,[x)

z,0%) = alzi)

Figure 1: Left: A figure describing the VQ-VAE. Right: Visualisation of the embedding space. The
output of the encoder z(x) is mapped to the nearest point e5. The gradient V. L (in red) will push the
encoder to change its output, which could alter the configuration in the next forward pass.

VAE - diagram
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Setting name

POWHEG-HVQ + PYTHIAS8 set up - CMS and ATLAS

Setting description

CMS defanlt

INSTITUT DE
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pp=ppy=
Tu™ :::ICS;II::P‘CJSCULAR

ATLAS defaunlt | Common Proposal

POWHEG
(Imass top-quark mass :(:l'\l.': 172.5 172.5 172.5
twidth top-quark width [GeV] 1.31 1.32 1.315
hdamp first emission damping parameter |GeV| 237.8775 208.7TH 250
WInass W% mass [GeV| 80.4 50).3999 804
wwidth W#* width [GeV| 2.141 2.085 2.11
bmass b-quark mass |GeV| 1.8 1.95 1.875
PYTHIA B

PYTHIA B version v240 v230 v240 (CMS)

v244 (ATLAS)

Tune CP5 Ald Monash

PDF:pSet LHAPDFG parton densities to be used for proton beams NNPDF3lanlo NNPDF23lo NNPDF23 1o
as 0118 as_0130_ged as_ 0130 _ged

TimeShoweralphaSvalue  Value of a, at Z mass scale for Final State Radiation .118 0.127 (.1365
SpaceShower:alphaSvalue  Value of a, at £ mass scale for Initial State Radiation 0.11% 0.127 (.1365
MPlL:alphaSvalue Value of a, at £ mass scale for Multi-Parton Interaction 0.11% 0.126 0.130
MPL:pTOref Reference pyr scale for regularizing soft QCD emissions 1.41 2.09 2.28
ColourReconnection:range  Parameter controlling colour reconnection probability 5176 1.71 1.80

Negro, Giulia. (2022). Top Quark Modelling and Tuning in ATLAS and CMS. 10.48550/arXiv.2201.03517.
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Pythia simulation procedure - animation 16 0 SomuscuLar

Physics modelled within Pythia 8

Classify event generation in terms of [figure credit: P. Skands]

“hardness”

1. Hard Process (here tt)
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Pythia simulation procedure - complete |' F.' C FiSICA

CORPUSCULAR
Physics modelled within Pythia 8

Classify event generation in terms of [figure credit: P. Skands]

L X ®

“hardness” o* ‘e @ o

1. Hard Process (here tt)

2. Resonancedecays(t,Z,...)

3. Matching, Merging and
matrix-element corrections

4. Multiparton interactions

5. Parton showers:
ISR, FSR, , Weak

6. Hadronization,

7. Decays, Rescattering
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Table 6.2. Cross sections, at next-to-leading-order in QCD, for
top-quark production via the strong interaction at the Tevatron
and the LHC [14]. Also shown is the percentage of the total cross
section from the quark-antiquark-annihilation and gluon-fusion

subprocesses.
onro (Pb) | ¢q@—tt | gg — tt
Tevatron (/s = 1.8 TeV pp) | 4.87 = 10% 90% 10%
Tevatron (y/s = 2.0 TeV pp) | 6.70 £+ 10% 85% 15%
LHC (y/s = 14 TeV pp) 803 £ 15% 10% 90%
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MNormalized counts

Reconstructed vs theoretical My -

statistical error
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