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CMS Experiment at the LHC, CERN
' Data recorded: 2016-Sep-08 08:30:28.497920 GMT
o

Run-/ Event /'k:S: 280327 /55711771 /67

40 million times a second

LHC proton-proton collision CMS detector with O(100 million) readout channels

e Astronomically large: ~500 Tb of data produced by CMS per-second

o After real-time filtering of collisions (trigger) — Tens of Pb per-year saved offline for further analysis

e Extremely diverse: plethora of detector technologies with different geometry/readout

e Well understood: small uncertainty in the data

e Well structured: significant effort in making datasets easier to work with

e High-fidelity/quality simulation: provides “truth”
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CMS Experiment at the LHC, CERN
' Data recorded: 2016-Sep-08 08:30:28.497920 GMT
o

Run-/ Event /'k:S: 280327 /55711771 /67

40 million times a second

LHC proton-proton collision CMS detector with O(100 million) readout channels

Ideal playground for Machine Learning initiatives
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C la S S I ﬁ C a t I O n Published online: 4 July 2022 announced the observation of a Higgs boson at amass of around 125 gigaelectronvolts.
Tenyears later, and with the data corresponding to the production of a30-times larger
Open access

number of Higgs bosons, we have learnt much more about the properties of the Higgs
boson. The CMS experiment has observed the Higgs boson in numerous fermionic and
bosonic decay ch L ished its spin—parity bers, determined its
mass and measured its production cross-sections in various modes. Here the CMS
Collaboration reports the most up-to-date combination of results on the properties of
the Higgs boson, including the most stringent limit on the cross-section for the
production of a pair of Higgs bosons, on the basis of data from proton-proton
atacentre-of- nergy of 13 teraelectronvolts. Within the uncertainties,
< allthese observations are compatible with the predictions of the standard model of
] elementary particle physics. Much evidence pointsto the fact that the standard model
isal rgy approximation of amore comprehensive theory. Several of the
standard modelissues originate in the sector of Higgs boson physics. An order of
magnitude larger number of Higgs bosons, expected to be examined over the next
15years, will help deepen our understanding of this crucial sector.
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number of Higgs bosons, we have learnt much more about the properties of the Higgs
boson. The CMS experiment has observed the Higgs boson in numerous fermionic and
bosonic decay ch L ished its spin—parity bers, determined its
mass and measured its production cross-sections in various modes. Here the CMS
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Monte-Carlo simulation

e [Theory — observables] is described by highly-intractable likelihood

e Use high-fidelity MC simulation of each stage of collision event High dimensional integral over latent variables
Model Lagrangian L(z| &) = /dzd/dzs/dzpp($|zd)p(zd|zs)p(zs|zp)p(zp|62)
L(d)

| p(z,/a)

Observables e.g. Fundamental physics
reconstructed parameters of interest
energies, momenta e.g. Higgs boson mass

and angles of all
final state particles

e Provides “truth” for inference on real data

o Accurate simulation is crucial to avoid bias (calibration)

e |abelled collisions for supervised learning
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ML in particle physics

NOrmalrg

e Disclaimer: collider, CMS, experimental e skt
5 = density
& : Anomaly estimation

Neutrino Physics & ML workshop, ETH (2024) | RS s

O

©)

( e Topics: \

Theoretical HEP & Al talk, EuCAIFCon (2024)

Latest ML developments for LHCb, EP-IT seminar (2024) “ T | ' \
DM direct detection [arXiv:2406.10372]

Novel ML
techniques

'''''''''

Object identification & reconstruction Ry

tations/
Architectures

Regression

Event classification

Simulation (generative) Classifcation

Learning
strategies

/
: o Inference / s it

e Try to keep relevant with mostly new applications/results %

———————————

Taken from J. Duarte ICHEP slides
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https://indico.cern.ch/event/1291157/contributions/5958213/attachments/2901085/5090949/ICHEP2024_NovelMLTechniques_23Jul2024.pdf
https://indico.phys.ethz.ch/event/113/overview
https://indico.nikhef.nl/event/4875/contributions/21152/attachments/8268/11791/EuCAIFcon2024-Schwartz.pdf
https://indico.cern.ch/event/1433541/
https://arxiv.org/abs/2406.10372

Object identification
& reconstruction
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Jet classification ML4Jets 2023

-

-
e Jet = spray of particles (cone) produced by hadronization of a quark/gluon when ejected from high-energy collision

e Jets come in different “flavours” — different substructure

Light-quark jets b-quark jets Boosted (large radius)
e.g. QCD background e.g. H—bb e.g. top decays

e Jet constituent particles produce patterns of “hits” as they traverse detector

o Essentially a pattern recognition problem

o Has become a huge frontier in ML over last years (see ML4Jets)
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https://indico.cern.ch/event/1253794/timetable/#20231106.detailed

Jet representations

e FEvolution of representations:

r.-
b _ -
"

Image-based (CNN)

Difficult to combine

non-additive quantities,

very sparse (>90% pixels

Sequences (RNN)
Can include any kind of
constituent feature, no
iIssues with sparse data,

Point/particle cloud (GNN)
Unordered list is permutation
invariant, no issues with
sparse data

are blank) sorted list e.g. decreasing pT
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https://arxiv.org/pdf/2202.03772

Jet classification

e Huge advances by using low-level information with Graph Neural Networks (e.g. ParticleNet in CMS, GN1/GN2 in ATLAS)

e Now Transformers (e.g. ParT): “attention” gives more weight to certain jet constituents

L blocks Class token (i'
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i
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e Add domain knowledge e.g. Lorentz Invariance in Pelican [arxiv:2211.00454] s £ e

o Competitive performance with far fewer parameters! -1
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https://cms-ml.github.io/documentation/inference/particlenet.html
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://arxiv.org/pdf/2202.03772
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://arxiv.org/pdf/2202.03772
https://arxiv.org/abs/2211.00454

Impact of improved jet classification [CMS-PAS-HIG-23-012]

e Translates to significant improvements in particle physics measurements/searches

o Search for boosted HH — bbVV — bb4q

o Global particle transformer (GloParT) classifier to identify boosted VV—4q

H
, CMSPrelminay ___________ 60fb, 2018 (13 TeV) CMS Preliminary 138 fo' (13 TeV)
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https://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/HIG-23-012/index.html
https://cds.cern.ch/record/2866330?ln=en

[CMS-DP-2024-066]

All-in-one algorithms

e Unified particle transformer for small-radius (AK4) jets: UParT

o Simultaneously identify heavy-flavour (b, c), identify hadronically decaying tau-leptons, identify s-jets, regress jet energy, estimate jet energy resolution
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(resolution estimation) o5 CMS Simulation Preliminary 13.6 TeV
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2 » In| < 2.5 = - B UParT nominal on nominal e -
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https://cds.cern.ch/record/2904702/files/DP2024_066.pdf

[CMS-DP-2024-066]

All-in-one algorithms

e Unified particle transformer for small-radius (AK4) jets: UParT

o Simultaneously identify heavy-flavour (b, c), identify hadronically decaying tau-leptons, identify s-jets, regress jet energy, estimate jet energy resolution

Classification Regression Quantile regression . . o
(RolulonEstneten) CMS Simulation Preliminary
[ U [ | I | 1 I | | 1 1 ] 1

13.6 TeV

—t
o
o

ff events
- pr>30GeV,|n|<25

- B UParT R-NGM on R-NGM
| B UParT nominal on R-NGM

- 0 UParT R-NGM on nominal
s | 1DAT s sk

L = CatEntropy(z, Tirun) + Yregr * 10g(coSh(Y = Yurutn)) + Vouantite - [P0.16(2 — Ztrutn) + Po.sa(z — Ztrurn)]

-

CMS Simulation Preliminary 13.6 TeV
T O O O O O S

tt event, b-jets |

Inl <28

fication efficiency

sponse

-

e A word of caution...
o Challenging to calibrate sophisticated jet-taggers
o Trained with simulation — learn modeling-specific details. Systematic uncertainties!
o Explainability/interpretability: what makes this particular jet Type-X like?

e Cover such topics this week

- @@
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https://cds.cern.ch/record/2904702/files/DP2024_066.pdf

Event classification




| CMS Experiment at the LHC, CERN
U H E P 07 (20 2 1) O 2 7] ~ % Data recorded: 2018-Aug-04 19:53:53.824320 GMT

Event classification B o

e Common task: identify collisions of interest (“signal”) from “background”

o Traditionally used (sequential) selection cuts to increase signal purity
o Now use Multivariate ML algorithms based on high-level features

o E.g. Boosted Decision Trees (BDT), Deep Neural Network (DNN)

137 b’ (13 TeV)

e Output provides powerful summary to “cut” or fit directly
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® Tip: XGBoost BDT typically provides most powerful, robust, calibrated classifier for “tabulated” input data BDT-bkg
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https://cms-results.web.cern.ch/cms-results/public-results/publications/HIG-19-015/index.html

Event classification

JHEP 07 (2021) 027/]

e Common task: identify collisions of interest (“signal”) from “background”

| CMS Experiment at the LHC, CERN
~§ Data recorded: 2018-Aug-04 19:53:53.824320 GMT

Run/Event/LS: 320840 / 142108814 / 87
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Model-agnostic searches

e What if we don't know what the signal looks like a-priori? Use Anomaly detection algorithms

e FE.g. Unsupervised learning with (Variational) Auto-Encoders (AE)

r Encoder Decoder

-

e No labels — Learn directly from data
e Anomaly metric: compare input, x, to Decoder( Encoder(x) )

o |f large difference then event has low Prob(bkg)
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" [PRL 132 (2024) 081801]
MOdel-ag nostic searches PRL 132 (2024) 081801

e What if we don't know what the signal looks like a-priori? Use Anomaly detection algorithms
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https://journals.aps.org/prl/pdf/10.1103/PhysRevLett.132.081801

" [PRL 132 (2024) 081801]
MOdel'agnOSth searches PRL 132 (2024) 081801

e What if we don't know what the signal looks like a-priori? Use Anomaly detection algorithms
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Anomaly detection in real-time

e What if we don't know what the signal looks like a-priori?

[CMS-DP-2023-079]

o If we don’t consider this in the trigger (online filter), we lose data before we even begin

o Apply anomaly detection algorithms online e.g. AXOL1TL Selects unigue events,

ENCODE Bottleneck
(lower dim.

Encoded data

Variational Auto-Encoder

Trained to compress and reconstruct collision data

Jonathon Langford

DECODE

preference for high multiplicity

Prelimi 2023 (13.6 TeV
y COPeimingy ______ 2028(136TeY) CMS Prefminary 052716, 2024 (136 Te)
*g i l —— HLS Emulation [% R AR AN
L ' — QK - i :
8 106; P = Sco(:;azss § § 107} Run 380470
- - score = 25 L : — JetHT :
1051 : © score =250 § = 10 A ~—— Double Muon -
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100k e . 0= — AXOTight
. E t 4 :— E
ol e I :
| e N 103k .
1021 s 51 2
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107 . q 5 3 1t
1. [ f
100;.—15. — l T ST TRTR RS — ; . o I—; 100;_ T | PRI O (T T A T [ S B ‘A*Jﬂ R 1—;
0 250 500 750 1000 1250 1500
AXOL1TL Score ¢ 10 <) 20 3

L1 Object Multiplicity

Trigger on events with high anomaly score
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Anomaly detection in real-time

LAXO! ITL

[CMS-DP-2023-079]

e What if we don't know what the signal looks like a-priori?

o If we don’t consider this in the trigger (online filter), we lose data before we even begin

o Apply anomaly detection algorithms online e.g. AXOL1TL Selects unigue events,
preference for high multiplicity
CMS Experiment at the LHC, CERN
P | Data recorded: 2023-May-24 01:42:17.826112 GMT M elinay  _ DEb . 2EANEETEY)
= ; L . a
3 Run / Event / LS: 367883 / 374187302 / 159 £ ol Run 380470
S =
10°E rrﬂ e Double Muon
. - g — AXO Nominal 1
10°E — AXOTight
104k -
10°F n
10% 3
10" =
Event not selected by standard triggers : 10% . || oo -
12 jets (max L1), eleven with E. > 20 GeV, 0 10 20 30 40
Muon with E. = 3 GeV, Number of vertices = 75 L1 Object Multiplicity
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Anomaly detection in real-time

[CMS-DP-2023-079]

e Demonstrated successful running in L1T (2024)

B ]
CMS Preliminary 0.767 fb~1, 2024 (13.6 TeV)
E Rate Monitoring
=% 10" Fill 9707
% | —— L1 Physics Rate
o 10°{ —— Single Muon Trigger . R e B
45 —— HT Trigger l T
10%: —— AXO Very Loose o SS T  POR
3 —— AXO Loose | 1‘[
10 | —— AXO Nominal
102] — AXO Tight -
{ —— AXO Very Tight
10%;
10°-
UL | Ik
O 0 Q 0 0 0 Q Q Q Q Q Q Q Q Q Q 0 0
A0 480 (00 0T BT 0T T (@ O T @ Y o o 1 @Y @ \,00 \,\0 N2 \,’50
Time [UTC]
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Simulation
(generative)

Jonathon Langford




Simulation is painful!

. .. i . Model Lagrangian
e MC simulation is extremely CPU-intensive [:(52)

ATLAS Preliminary

2022 Computing Model - CPU: 2031, Conservative R&D
24%

Tot: 33.8 MHSO06*y

7%

7% Data Proc
MC-Full(Sim)
MC-Full(Rec)
MC-Fast(Sim) p. [GeV]
MC-Fast(Rec)
EvGen
Heavy lons
Data Deriv
MC Deriv

Analysis

8%

8%

1%

[CERN-LHCC-2022-005] ge,

e (Can we use ML to short-cut parts of the simulation chain?
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Faster simulation

e Deep generative models for fast photon shower simulation in ATLAS calorimeter to

[CSBS 8, 7 (2024)]

replace (slow) Geant4

Generator

Generated \

| T [
Cells in Layer 3 : .| Bxf +7 |2 =0 | shower
AGXAN = 0.0245%0.05 i 8—‘5, Layers g 8?.50
—_n
A -d
Tigger T L]
ox An §%Wer Impact point
0 =01 .
% — ! Generative
l Adversarial
= = = y
— ) g O g O g O
n=0 & Gitic| 5.6 e |2t b 2 |2ed — Network (GAN)
Q16X output (8~ 3 [T 0798 =S T %Ug S T 2 »3 simulation
¢ I s T
, c = =
; I_"igger
i Owe - =
: A¢ = 6_0982 Critic L
4.3Xg //‘ l ;
/ 1 v — — — Y
y ) g O g O g O
$ .o Ml =
& . ~— M E Critic 5.0 |4 Z=0 | =0 |, Z=mM
R A¢=0.0245 ‘ output § 20 ‘nga i :?Pga i ‘%’ga Z
36 B ® C o o =3
= X4
=147,
Smm Square cellsin — GP = 10-°
J\ Layer 2 E Critic =0
| | . .....-......______-- = X )
~—— Latent space (5 dim.)
37'5mm/8~469 \A:I }‘\ ? z=p+e-o
-+ =0. e
. 4n = 0.003, "MM 025 Encoder & Decoder
Strip cellsin Layer 1 i o g
~— Colls in PS = | . . ” e . . o .| Variational
AnxAd = 0.025x0.1 b= 0_ - a_ - a_ 0 @ . s . 9 = =
i Hakintiintinti g85 1585158 88| Awuto-Encoder
OE& < (O]
n 5 O (VAE)
276+5 27645
Particle energy
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Faster simulation CSB5 8.7 (2024)

e Deep generative models for fast photon shower simulation in ATLAS calorimeter to replace (slow) Geant4

O  Generation time reduced by up to two orders of magnitude, very small memory footprint (5 Mb)

£ Tr.D DL D T ey U oy © vl T 52 % L g [atiassimuation ¥ Geanta g fariassimuiation’ ¥ Geants
u‘? 1 oL ATLAS Simulation ¢ Geantd | £ betatod Simition T % VAR d Betatiea simuiatin | T VAE
< v, 0.20 < |n| < 0.25 ¢ VAE 210° g1
o Detailed Simulation 4 GAN 2 2
LIS — 10?2
101; 4
L.X =
00 212;14 ! : / :
1‘05 = = Elo A T 2o /‘/;,%7 % 4 > 1.0K /,‘-,/"', J ” 727
’ mo.sv e %% . Ok aadaa .l Z % Jx1073
T 00 25 50 7.5 10.0 125 15.0 17.5 20.0 70 7.5 8.0 85 9.0 95 100 105 110
-’ Wr72 Wn2
LIF 8B www- P
e ATLAS Simulation 4+ Geant4
S 104k v, E=262GeV, 0.20 < |n| < 0.25 = VAE
E Detailed Simulation S GAN
0.95} E g
L 1 L 1 l L 1 L L I 1 Ll L 1 l L L L L l L L L L l L (%
“_l 1.1 1 l, L |l ' L] I 1 L] l 1 L] ¥ Ll l ¥ I 1 L} ' 1 L] L] 1 l L)
w vy
m /,
= G
£10 D H
0 2
/4
0.9 1 1 l. 1 l L 1 1 ] I 1 1 L 1 l L 1 1 L l 1 1 L 1 l L 'a_;
0 0.5 1 1.5 2 2.5 .
|Oglo(Etmth/GeV) 6.0 B e s 10,0
Total energy of shower: response & resolution Shower shape variables (lateral shower width)

Decent agreement, slightly better for GANs Room for improvement, VAE outperforms particularly for high pT photons
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Better simulation

e Better our simulation reflects real data — more accurate inference (i.e. less bias, reduced systematic uncertainty)

o Calibration/refinement is a crucial part of any particle physics analysis: traditionally use binned scale factor approach

o ML approaches promise high-dimensional, unbinned calibration

e Example: “One Flow to correct them all” [arXiv: 2403.18582]

A

Normalising flow architecture

Map both simulation and data to share distribution,

conditioned on boolean

Jonathon Langford
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Morph simulation to data
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https://arxiv.org/pdf/2403.18582

Better simulation

e Better our simulation reflects real data — more accurate inference (i.e. less bias, reduced systematic uncertainty)

o Calibration/refinement is a crucial part of any particle physics analysis: traditionally use binned scale factor approach

o ML approaches promise high-dimensional, unbinned calibration

e Example: “One Flow to correct them all” [arXiv: 2403.18582]
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Apply morphing with flow
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Unfolding

e Unfolding: reconstruct “true” distribution of a physical quantity from measured (i.e. smeared) data

[Phystat Conference on Unfolding 2024]

O Limited to small number of observables and present as differential cross section in predetermined bins

mi’5 (GeV)

2 < |ygen <25

10000 y]’g“e& <0 5 0 5< .Y|rgnear; 1 < l}"rgv?anx < 1 5 1 5< I)’Irg:anx<2 max 100
3 F R o N > .
5000f CMS | : = Unfold by solving: Ndata = R Nunfold + N bkg
?888 ; g’m;ft’?t"’” E o (Perhaps with regularisation)
- ondition: A
500f 3.16 o 10~ g_
5000f 3 S
2000/ < S 335 (13 TeV
10001 T 1022 = | . )
500f A o «f CMS —CT18 NNLOx NP x EW 3
5000 E: et ‘ 3 % 108F E
2000} < ; Q 6k 4
10005 3}\2 1073 ~ ) 10 i
500¢ = E10 -
5000f 2 L ol s
2000} & 1674 g 10° 3
1000 E o 1 -
500 s n c i
5000 + bt} 1; Tev - {6 '8 10_2 + Data —
2000} Pythia 8 1 33 3 gl lyl . <0.5 (x 10°) i
1000} o antikyd A o 10°F o o5<py <1.0(x10) :
500 p= (n o a) o 2 max =
i 106 S 10°F 4 1.0<ly  <15(x1 02) .
BN 2@@& @ 2@@@@ 2@@& (,9 QQQQQQ QS%%Q £ o8 1.5 <yl . <20 (x1 4) g
en o » 20< |Y| o <25 (x10%) antl-k (R-O 8)_
mi% (GeV) 10-10 L ,
. . 300 1000 2000 10000
Response matrix ( R ): extract from MC simulation: m, , (GeV)
1.2

Fraction of “truth” bin i lands in reco bin j
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Unfolding with omnifold oA d 91 031

e Unfolding: reconstruct “true” distribution of a physical quantity from measured (i.e. smeared) data

O Limited to small number of observables and present as differential cross section in predetermined bins

e OMNIFOLD: result provided (unbinned) as dataset of particle-level events

OmniFold

B il i e . gl Particle-level MC | . Particle-level MC heasurement
. Detector-level M( ' Data ' ! l 4 o(x,)-adjusted { ! | ¥
l l } T _________ I MC Final iteration | | I
B a rat ’.“..-‘..u-----..-........}

@(x,) U(x,) = UX,)

% f A £ e | A P
Xt ' xp xP

-
* -
----------------------------------------------------------------------------------------------------------------------------------------------------------------

Repeat X 4

N-dimension event observables Output f(x) used to extract likelihood-ratio (weight)

({ -
LIF®] == ) wilog(f()) — ), wilog(l ~ f(¥) w(X) = ' (X)_* PA(X)
i€A i€B 1 — f(X) pB(X)

Iterative NN reweighting procedure using BCE loss function over datasets A and B
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Unfolding with omnifold i SR

Z+jets process: x = 24 observables

e VG G B L Construct new observables from (reweighted)
: e P — E s I oo - particle-level dataset: not presented in original paper
Dataset on Zenodo
T prreerrrrrertrr . s Ty B ™ 0 T
i Code on GitLab
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Invertible networks for inference Conditional on 6

e CINN: Conditional Invertible Neural Network (e.g. Normalising Flow) . fi(zo) @ .fz(zz 1) @fm zi) -

o Map complex observable space to simple base distribution ; f|> . 1/5 /—\QEM

-

~ -

o Conditional on parameters we are trying to infer

zo ~ po(zo) z; ~ pi( Zg ~ pK ZK

o Apply to high dimensional feature space — limited information loss

o Learning the density, p(x|0) !

p(x16) = p-(T~2(x[) )| Det Jr-1(xI0)
Conditional Invertible
Neural Network (cINN) ) )

True Values (Learnt) Transformations of x to

— latenfc .space z | Conserves probability mass
Conditional on 6. Evaluate simple base
9 distribution density
Reconstructed . ) Latent

Space

Variables

L(D|6) = || p(xi|6)

x; €D
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Invertible networks for inference

e CINN: Conditional Invertible Neural Network (e.g. Normalising Flow) fi(=o) @ fi(zi—l)

Conditional on @

@ - @
//’ \\\ - =
\
\
\

I
»

s ~
7
4

Example: CALOFLOW [arXiv:2404.18992v1] (' g|g ; | 4}1\_\ ,: '." QJ(\I_\‘,‘:

Infer incident pion energy (0) from measured energy in calorimeter cells (x) * # ) ' k

~ ’ ~ 4 ~
> -7 = -7 e

zo ~ po(zo) z; ~ pi(2;) zx ~ pk(ZK)

~ - ~ -

—@— Flow (uniform)
1.01 - —&- Flow (log-uniform)

—@— MSE (uniform) 7\ 3.0 Ern_;e = 30 GeV

E[rug - 60 GeV

/ 3.0
=&~ MSE (log-uniform) b

g £
= 230

< 0.99 §
uj‘s.’ + 1.5

J 0.98 i
9 91.0

o i ~
= 0.97 / 1 0.5
0.96 20 25 30 35 40 0:0

Einc [GeV]

10 20 30 40 50 60 70 80 90
Truth Energy [GeV]

p(x16) = p-(T~2(x[8) )| Det Jr-1(xI0)

Learnt full density: per-shower resolution estimates
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Invertible networks for generation

{Z()} e N(O, ]l)
e [lows are invertible — use as generative model
o Sample over base distribution, z, Xgen — T(Z()'H) = f(Zo|(9; ¢)

o Obtain synthetic data {xgen} for fixed value of 0 which follows learned conditional density

o Significantly less compute than expensive MC simulation

Conditional Invertible
Neural Network (cINN)

True Values
)

0

Reconstructed . ) Latent
Space

Variables

X
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Invertible networks for generation

{Z()} e N(O, ]l)
e [lows are invertible — use as generative model
o Sample over base distribution, z, Xgen — T(ZOIH) = f(Zo|(9; Q5)

o Obtain synthetic data {xgen} for fixed value of 0 which follows learned conditional density

o Significantly less compute than expensive MC simulation e.g. FlashSim at CMS [CHEP2023 Talk]

T antik,RET |

Particle-level (truth) Detector-level
Expensive CMS detector (reconstructed)
simulation (Geant4)
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Invertible networks for generation

{Z()} e N(O, ]l)
e [lows are invertible — use as generative model
o Sample over base distribution, z, Xgen — T(ZOIH) = f(Zo|(9; Q5)

o Obtain synthetic data {xgen} for fixed value of 0 which follows learned conditional density

o Significantly less compute than expensive MC simulation e.g. FlashSim at CMS [CHEP2023 Talk]

1,1 Fully connected
! invertible block

O....QO =
OonoOO N

oy . S
f i b
Particle-level (truth) ' Invertible network | Detector-level
T (reconstructed)
Conditional variables, 6 Replace with surrogate of full

detector simulation using flow Input data, x

Generated particles momentum, angle, mass, flavour

Reconstructed particle momenta, angle, ID, ...
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FlashSIM at CMS

CMS Simulation Preliminary

Full high-fidelity
MC simulation

@)
S e T | T FullSim
£ —— FlashSim [CHEP2023 Talk]

hoe

Generative
flow

sieie

ro

elnvMinusPInv

® & > &
S ¥ Y Y P

pr [GeV] deltaEtaSC

1T 2 P Cl &
VPSS S S

elnvMinusPInv
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Outlook

e Covered many different “Types of ML in Particle Physics”: BDT, DNN, CNN, GNN, Transformer, GAN, NF, ...
o With vast array of applications: object identification/reconstruction, event classification, anomaly detection, generation, inference
o Only a subset: diffusion models, detector design & optimisation, pileup mitigation, background prediction, ...
o ML s clearly opening up many new possibilities in the field!

e As our dependence on ML grows — Must ensure we use tool correctly

o Performance is not the only relevant metric

o Focus on robustness, interpretability, insensitivity to modeling details, ...

o E.g. systematic-aware learning, domain adversarial training

9-12 September 2024

London, UK mﬁj 5::

e \We will cover these kind of topics over Phystat: Stats meets ML

PHYSTAT

Statistics meets Machine Learning ITIMPERIAL

o Plenty of interesting discussions to come!
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Object reconstruction

e Previous slides assume object (jet) has already been reconstructed from detector read-outs

o Traditional object reconstruction follows rule-based algorithms (e.g. Kalman Filter, DBScan, Particle Flow)

Tracks and calorimeter hits
b
= Track
e ® Raw ECAL hit
g paf\‘c /@ Raw HCAL hit
Gh a(ge c\dﬂg “ @ Raw Muon chamber hit
(2
Raw detector hits d
a e |
o ‘ . Charged hadron
. Calorimeter — Photon
Raw tracker hit clustering = Neutral hadron
Raw ECAL hit N
Raw HCAL hit . Ry oo
5 . Tracks and calorimeter clusters .. — Muon
aw Muon chamber hit
. Particle
- flow
— Track
@ ECAL or HCAL cluster
Adapted from [arXiv:2309.06782]
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Object reconstruction

e Now investigating graph-based ML for reconstruction

o Example: ML Particle Flow to learn mapping from tracks/clusters — particles

Decoding

Elementwise loss L(y /i y,)

I v, >
e = elementwise
classification & regression FFN

+——p
(x by | w) =

h. e R256

Trainable neural networks: #, &,
® - track, I - calorimeter cluster, ® - encoded element
- target (predicted) particle, - no target (predicted) particle

Event as input set Event as graph Transformed inputs
= {x} X={x},A=4; H = {h;)
38 @ : Graph building '\f: Message passing s
it
o B B LSH+KNN B —’-_’ I .
B
FX[w)=A C(X,A|lw) =
o m
Target set ¥ = {y,} Output set Y’ = {y/} l

x; = [type, prs Egcars Eucars s @ Mouter» Pouters 9- - --1»  type € {track, cluster}
= [PID, pr, E.n, ¢, q, ...], PID € {none, charged hadron, neutral hadron, y, et

5]

[arXiv:2101.085/8]
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Matched jets / bin

n
=}

—
[$))

-t
o

0.5

Tracks and calorimeter clusters

— Track
@® ECAL or HCAL cluster

d Particles

Charged hadron
% — Photon
___~_— Neutral hadron
= — Electron
' \ WRR . — Muon

Demonstrate improved performance over rule-based algorithms

0.0 .

1e5
| g [ PF(M=1.01,IQR=0.06)
1 MLPF (M=1.00,IQR=0.03)

ZH

. L/j. A

I

0.6

1.0 12 T4
jet pT, reco/PT, gen

Matched jets / bin

M: Median, IQR: Interquartile range

Types of ML in Particle Physics

—
=}

0.6

0.4

0.2

0.0——

o5

o
)

R [ MLPF (M=099,|0R=006)—

—
L

P S e —

06 08 10 12 1.4
jet PT.reco/PT, gen

[arXiv:2309.06782]



https://arxiv.org/pdf/2309.06782
https://arxiv.org/pdf/2101.08578

Parametric classifiers (CMS-PAS-HIG-22-012

-+
e What if we are searching for new physics (signal) over large parameter/hypothesis space? ¢ . <
x o’ i
o Example: search for new resonant particle, X, with mass m, in [250,1000] GeV g™ - y
H/Y
e Train ML classifier using MC simulation to identify signal-vs-background: g %‘\/qu\: =

4 N

1. Train single classifier using simulation from many m, hypotheses = sub-optimal

- —>
2. Train multiple classifiers, one at each hypothesis = unwieldy for large parameter space f (X) to f (x; mX)

3. Parametric classifier: output is conditional on m, parameter

[EPJC 76 (2016) b, 235]

0=9a
Add m, as additional
X7 training feature (6)
Ja(x1,x2)
X2
v
O
-} 3
< /
X] 07k Interpolatable!
9=0, 5 f(x1,x2,0) ;
2 /
06L x— Parameterized NN (mass is a feature)
X1 e x-x Network trained on all masses
Jo(x1,x2) Train on all signal MC simultaneously {m1,m2,...} ' > Network trained at mass=1000 only
x2 05 1 ! |
Give background MC random values (in set) 200 750 1000 1250 1500

Mass of signal
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https://cms-results.web.cern.ch/cms-results/public-results/preliminary-results/HIG-22-012/index.html

Parametric classifiers (CMS-PAS-HIG-22-012

+
N
e What if we are searching for new physics (signal) over large parameter/hypothesis space? ¢
H .
X ,"’ T_
o Example: search for new resonant particle, X, with mass m, in [250,1000] GeV g™ - y
| e | | N H/Y
e Train ML classifier using MC simulation to identify signal-vs-background: g =
-5
CMS Preliminary 138 fb~! (13 TeV) = [T T ,1,3.8.f]b| (131—?\/)
2] E ¢+ ¢ ¢ f ¢ 3 [ T B == ¢ T g = o -
= f _ o) ] = CMS 95% CL upper limits
© 1051 H y+jets HE Xg5—HH [J | T il Prafminas Bulk Radion — DbasEied i
- - 3 Tl | Y a— e 1
T : tt+jets WM VY +]ets Data ¢ 1 T : (Ar=2TeV) ---- Median expected
104k Ve - < B 68% expected
g ] i 95% expected
<
T
Q.
L
o]
103 ~
O 1.5r T T T T ]
= | . i
& 1.0 e e sg2l .
= . i Py v o % s v o pil g g ga o pownl ooy ol eagofoss sliop ] s
8 I T . 300 400 500 600 700 800 900 1000
93.0 0.2 0.4 0.6 0.8 1.0 mx [GeV]
5 5 f(X; mx =350 GeV) . . :
f(x)to f(x; mX) —— e Optimised discriminant for each mass hypothesis
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[CMS-PAS-EX0-22-026]

Model-agnostic searches :

e What if we don't know what the signal looks like a-priori? Use Anomaly detection algorithms

Jet

e CMS apply model-agnostic approaches to dijet resonance searches with anomalous jet substructure P

Jet

& & = |
% ] | R L2 10°F 3 TeV Resonances 3
) 6: VAE-QR + Data i = % 30 Significance + m VAE-QR ]
o 10 _ = Bkg. fit _ 2 o 50 Significance + ® CWolaHunting -
,C—) ! -——= 3 TeV X—)YY'—)4q 3 8 104 = ---- Inclusive, 95% CL Exp. Upper Limit + 8 TNT .
~ 10°% A E w F + ® Inclusive + m CATHODE :
% : --- 5TeVW'-B't—-bZt ] @ f . ® 2-prong (Tar, Mso) is CATHODEE
gJ 104} o - j 3-prong (Tsz, Mgp) QUAK - General
LLI E O 10 E_ = —é
103;— o 5
- & . i .
102k 102 8 2 "t . " 4 Increased discovery
F 5 & * [ ] .
: * ol I men.. | * .. 1 potential
- s s e, 4 x| e i ¢ | EEes S i )
107 - :. . + 3. | Cross section needed for
s — =} e
[ ] e Sl * 1 bodiscovery reduced by
100 \ = i v ]
TR S S S S Y T A ® 7 = up to factor of 7/,
- 7711 = : :
Eloof ' ' ' S 28 . compared to inclusive
< I - "“"__- o ..
§°2-'l I N B e ) 52 dijet search
= p G ]
! | ) ! L L | ) ! ) ! | ! N L L | ! ! ) . | ! +*
42000 3000 4000 5000 6000 ,z 3 _:. v g
mll (GeV) o & ¥ I+ - ?= =) L H W -!
OE) y [ SR " e R . .............. g g L . B et *......
> 0 | y I' ] |
(@] '
. . . . . . = X-YY —-4q W -5Bi-bZt W,—-WR-3W Y ->HH -4t
Other approaches including semi-supervised learning (partial labels) = (242) (3+3) (2+4) (6+6)
and weakly-supervised learning (noisy labels N _
y=sup g (noisy ) Signal Model
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LHC triggering

Data-taking

Online filtering
(Trigger)

Ny

40 MHz collisions, O(100 million) readout channels

Streaming data rate [B/s]

https://a3d3.ai/

1019_

A3Da3 institute

FPGA/ASIC

LHCLIT pune (@

Neuro° °°° _

| | |
1 PBlyr

1 TB/yr
' ®

CPU/GPU

LHC HLT _

LIGO ZTF

IceCube @ Netflix 4K UHD
|

| | |
104 102 10° 102  10*  10°
Latency requirement [s]
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Cross section o/ pb

[

o
[
N

-]
o
o 0]
llll"ll]l[l]1]ll11\l IIIIIIIIIIUTIII

1 llll 1 llll 1 llll L llll

107
106 HEP 1110 {2011} 132, 1, 2, %
JMEP 1110 {2011) 132 1, £, 1]
10° —
mput Ph ymmur ms:
(2014) 293
104 -
3 o CERN-2017-002 M; 1. % 7]
10 = |HEP 10 (2015) 146, 1] oo
102 E=
= CERN- 2017 002 M; . £ ¢ :
10' E
B LHCXSWG-2019-005, t, 2, 71
100 |HEP 10 (2015) 146, 1] -
[normal zation; shape] 7
t = |HEP 07 (2014) 079 -1
10—1 + = |JHEP 03 (2008) 042 —
f = JHEP 06 {2012) 095, =
Comput. Phys. Commun. 185 =1
(2014) 2771-2797, -
1 0_2 JHEP 1606 (2016) 060 —
CC-BY |hc-xsecs.org A
10—3 : 1 1 1111111 1 1 1111111
10!
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~1 in a billion collisions




LHC triggering

Data-taking

40 MHz collisions, O(100 million) readout channels

Streaming data rate [B/s]

—

o
-
w
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o
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-

(=)
-t
wn

1011

10°

A3Da3 institute

(Trigger)

P

LHC L1T puNE

CPU/GPU

LHC HLT

LIGO ZTF

Neuro° °°° _

Online filtering

IceCube @ Netflix 4K UHD
|

! L l
1072 100 102 104 108

Latency requirement [s]
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1012
1011
1010
10°
108

10’

e \We need trigger algorithms to be:

-

lll!!ll L 1 1 lllllll I I lllllll

hi #nys C 40

ll] I\l llll T IIII T UTI { foma |

o Very fast = get more data through

o Very accurate = select the right data

W HEP 1110 {2011} 132, 1, 2,
£

-
l 1 llll 1 llll 1 llll 1 llll L_L11l

L1l

Probability to
produce anything

JMEP 111012011} 122: 1. ¢£. %
tl’: 4 f 185 :
ggH  imse s =
VBFH :
: -l
i z ttH 11 Probability to
3 (fH E produce a Higgs
100 HH ey Jf | boson
£ comiitiation:siant] 2 ~1in a billion collisions
B t = JHEP 07 (2014) 079 .
10—1 3 + = |HEP 03 (2008) 042 —
r 4 f = JHEP 06 {2012) 095, —
Comput. Phys. Commun. 185 =1
(2014) 2771-2797, -l
10_2 JHEP 1606 (2016} 060 -
CC-BY |hc-xsecs.org A
10—3 l]iill : 1 1 1111111 1 L 1|||||l :
10° 10! 10% 103
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[FastML23 Workshop]

F tM L Pile-Up = number of simultaneous
a S p-p collisions in bunch crossing

e Task becomes much harder during HL-LHC due to increased Pile-Up

e Advances in FPGA technology facilitates ML in the ultra-low
latency, high-bandwidth environment

/,\_ Conifer hls 4 ml convert python ML model to FPGA language

> o)
£ PP &
Q$Q$QQ§ Q$\
CMS Phase-2 Simulation Preliminary 14 TeV, 200 PU
N
(6 features/patrticle) l l l l l l l l l l 5008 ,__ HH —_ bbbb eventS
“““““ Q - D No Selection
(20 features/particle) O L —
""""" = S \" " b-tag NN @ 15 kHz
(5 features/particle) O} — -_-
(50 features) ' N0.06 "] QuadJet+HT OR Jets+Muon @ 15 kHz
© B :
(20 features) ' & = ' QuadJet+HT @ 11 kHz
(10 features) g 0.04 —
(1 feature) v —
b-tag score ..
3 0-02 — : FH
Field Programmable Gate Array (FPGA) L =3
High parallelism, high flexibility, ' ' - 1‘*‘% |
latency deterministic, power efficient e e s Lf oy T ———
(pér p;rtic\e dense l;yer} e Q 600 800 1000

myy (gen) [GeV]
Example: CNN to identify b-quark jets in us domain
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T h e i n ve rse p ro b le m Likelihood is integral over all possible trajectories through latent space

e Determine underlying parameters, 0, that produce observed data, x p(X'le) o dZ p(X7 2‘9)
e MC simulation: accurate density estimation in high-dim space is extremely challenging! Reconstructed four-momenta + ID of

all final state particles

e Typically construct lower-dimensional summary statistic

D C Rnxd . hXk

Histogram of h bins in k dimensions

137 b1 (13 TeV)
e Construct Poisson-likelihood using summary statistic to infer, § = {,u, y} 3" Hoym - t2ssseey T
~ 20FF-@ p_pn ) e
. . . ‘g agH VBF VH top Daa ]
o e.g.to extract signal rate, u, with nuisance parameters, v g o R :
80 : I:I S1c§mponent :
60| REZE -
L(data|u,v) = ( | | Pois | N,|pus(v) + b(l/)]) - C(v)
r e R e T s P R P I D) MU o B
?g B component subtracted
10
5
o
e Where can ML improve inference over traditional methods? =, SOOIV |
m,, (GeV)
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