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Does the Brout-Englert-Higgs mechanism occur in Nature?

zzzzzzzzzz

ATLAS Collaboration. "A detailed map of Higgs boson interactions by the ATLAS
experiment ten years after the discovery". Nature 607, 52—-59 (2022).

Discovery of a Higgs boson of mass 125 GeV at the Large Hadron Collider
(LHC) completed the Standard Model (SM). L $kc=k

. . . 10°— + & is a free parameter
We will further explore the Higgs sector in the next decade. — SM prediction
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https://www.nature.com/articles/s41586-022-04893-w

Does the Brout-Englert-Higgs mechanism occur in Nature?

ATLAS Collaboration. fA detailed map of Higgs boggn intzeragtzggzg)y the ATLAS
o . . experiment ten years after the discovery". Nature 607, 52-5 .
Discovery of a Higgs boson of mass 125 GeV at the Large Hadron Collider

(LHC) completed the Standard Model (SM). - R
. ) . 10°}— + & is a free parameter
We will further explore the Higgs sector in the next decade. = — SM prediction
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https://www.nature.com/articles/s41586-022-04893-w

Does the Higgs potential look like a Mexican hat?

Veul(d) = u> 11> = 1| p|* =V,

Higgs mass term Quartic Higgs coupling
UV behaviour, vacuum stability
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Source: "Advanced Course on Higgs Physics", J. Braathen 2024
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Does the Higgs potential look like a Mexican hat?

Ver(®) = w2 1> = 2 p|* =V,

Higgs mass term Quartic Higgs coupling
UV behaviour, vacuum stability

1 3m}
h + —K4<ﬂ)h4 + ...
4! v2

Aunn predicts strength of HHH interaction and
determines shape of potential
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Does the Higgs potential look like a Mexican hat?

Ver(®) = w2 1> = 2 p|* =V,

Quartic Higgs coupling
UV behaviour, vacuum stability
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Aunn predicts strength of HHH interaction and
determines shape of potential
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Higgs mass term
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Source: "Advanced Course on Higgs Physics", J. Braathen 2024
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Does the Higgs potential look like a Mexican hat?

Veul(d) = u> 11> = 1| p|* =V,

Higgs mass term Quartic Higgs coupling
UV behaviour, vacuum stability

1 3m}
h + —K4(ﬂ)h4 + ...
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Aunn predicts strength of HHH interaction and
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Source: "Advanced Course on Higgs Physics", J. Braathen 2024
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Direct searches for Higgs boson pair production allow for measuring AuxH. N
Higgs most frequent decay to b-quarks makes flavour tagging essential. - T
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e nversitét Hamburg Hjggs branching fractions e n ;

CERN Yellow report


https://twiki.cern.ch/twiki/bin/view/LHCPhysics/CERNYellowReportPageBR
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Some open questions

How does the Higgs potential look like?

What is the origin of the vast range of quark and lepton masses?

= Are there modified interactions to the Higgs boson and known particles?

What stabilises the Higgs mass versus high-scale new physics?

= Are there new particles close to the mass of the Higgs boson?

Research problems: 1. Measuring the Higgs Charm Yukawa Coupling
2. Direct searches for Higgs boson pair production

lH_' . . .
Universitat Hamburg 3. Searches for additional Higgs bosons

10



The Large Hadron Collider — a discovery machine

High-energy (E) particle collisions enable

« Probing the structure of matter (resolution ~ 1/E)

« Discovery of new and massive particles (E = mc?)

- Investigating the conditions of the early universe (E = kT) e

ALICE LHCb

Large Hadron Collider
« Proton-proton (pp) collisions at 13 TeV (Run 2, large dataset)

and 13.6 TeV (Run 3, larger dataset), also pA and AA collisions
« Four large experiments, today focus on ATLAS and CMS
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Flavour tagging of jets in ATLAS and CMS
/\

4 N\

experimental technique to select heavy-flavour jets,
driving Large Hadron Collider (LHC) exploration of
Higgs, Top and Beyond Standard Model physics.

L J

ATLAS and CMS
general purpose
experiments

LHC proton

ALICE
UH [ 1976 (7 km) |
4 1110 =
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Jets
collimated
sprays of
hadrons
initiated by
a parton.
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Flavour tagging

4.2 GeVl/c ? 1.27 GeV/c 2

‘bl iC

bottom charm

We can distinguish

from other jets (light jets) by
exploiting the distinct properties of b and ¢
hadrons.

b-jet

light jet
- Long lifetime (b: ~1.5ps / c: ~0.6ps) results in
displaced decays with secondary vertex '
- High mass (compared to other hadrons)

« High decay multiplicity and hard fragmentation
« “Soft“ charged leptons in displaced decay primary vertex

secondary vertex

impact
parameter
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Flavour tagging

1.27 GeV/c ?

We can distinguish

from other jets (light jets) by
exploiting the distinct properties of b and ¢
hadrons.

b-jet

light jet
- Long lifetime (b: ~1.5ps / c: ~0.6ps) results in
displaced decays with secondary vertex '
- High mass (compared to other hadrons)

« High decay multiplicity and hard fragmentation
« “Soft“ charged leptons in displaced decay primary vertex

secondary vertex

impact

parameter
UH very strong involvement in ATLAS
s e flavour tagging by CPPS et

13



Tracking detectors enable flavour tagging

LAILAS e -/ s b-tagged jet in 7 TeV collisions Displaced decay usually happens in

hitp://atlas.ch

beam pipe and results in secondary
vertex with that have

Measurement of track impact
parameters and reconstruction of
secondary vertices requires excellent
tracking detectors located close to the
beam pipe.

- Challenge at end of pixel detector lifetime: ol i

i ' iati March 2017
Sniversitat Hamburg tracking radl.atlon damage can degrade OATLAs 2014 Insertable b- s, | March X
DER FORSCHUNG | DER LEHRE | DER BILDUNG flavour tagglng performance FbE e |ayer 2t R=33.25 mm : I 4 |ayer p|Xe|
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Ingredients: jets and particle flow candidates / tracks

= CMS particle flow event reconstruction:
holistic approach by correlating basic
elements from all detector layers.

CmMs

Simulation

Ref jet
‘ pr= 85 GeV

Calo jet /

pr=59 GeV PF jet

pr=81GeV

—~ 100F
3 cMms
O Simulation
>

Ref jet Calo jet

pr=72GeV. /pr: 46 GeV

PF jet
-200kL [ [ [ e—  pr=69GeV
-250 -200 -150 -100 -50 0

x (cm) arXiv 1706.04965
i
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ATLAS particle flow jets: reconstruction
of jets based on combination of inner
tracking detector tracks and
calorimeter clusters.

Run 152166
Event 81727

Calorimeter
clusters

http://atlas.ch

Particle Flow
algorithm

Tracks / \
) Charged  Neutral
PFlow jets PFlow PElow
objects objects

algorithm 16

\ ( Jet finding ://




— T T T T T

L B N T T T
| ATLAS Simulation —— light-flavour jet tracks |

How to tag flavour? 0 VE=13TeV citais

77z stat. uncertainty

|J—'. Track-signed impact p: s -
Track has positive impact parameter 3
. if the angle between jet axis and the ]
[ B line joining primary vertex to point of
L closest approach to the trackis </ 7

2 and negative otherwise.

Charged particle tracks

Normalised distribution / 0.01 mm

associated with the jet 0°E f
provide features with
. .. . 10°F "
discrimination power > F
to "tag" the jet flavour. T R
track-signed do [mm]
- 13 TeV, 2016 Transverse impact parameter d,
- CMS —bij .
‘i’: vk sSimulation b¥etts Distance of closest approach of track to
i:cond‘aiyfVertexh(SV) g g+ie2tg eV _ﬁcﬁ;ets the primary vertex in transverse plane.
e point from where B e P
the b or c hadron decays. . Signed impact parameters of b-jets ( )

are mostly large and positive, while light-

LI L L B R L R AL

flavour jets have values consistent with
zero within resolution. 17
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Machine learning

= No single property of heavy-flavour jets can provide optimal performance:
= Track impact parameters
= Reconstructed secondary vertices (flight length, mass, energy fraction, track multiplicity)

= Soft charged leptons produced in decay of b/c hadrons

= Therefore, combine all available information in a multivariate discriminant.

= Use machine learning tools: boosted decision trees, neural networks, transformers.

History of flavour tagging at LEP

(first report 1991), HERA and

Tevatron, already using neural
networks (JETNET 2.0 in F77).

RSCHUNG | DER LEHRE | DER BILDUNG Figure 9. A feed-forward neural network with one layer of hidden units. 18



https://iopscience.iop.org/article/10.1088/0954-3899/17/10/024/pdf
https://www.sciencedirect.com/science/article/abs/pii/001046559290099K

Problem statement

What we have:

« Jet constructed by anti-kt algorithm (R=0.4 / large radius)
with kinematics (pt, eta, phi, mass)

* Collection of tracks and neutral particle flow candidates

associated with jet: X.with i ={1, ..., n} 22
 Each track has features X. € Rm ~,/

* Jet has labels from simulation:
* Y:{b, c, light, (strange)} or {bb, cc, top, QCD}

High dimensional problem:
n em~0(10°)

What we want: p(Y | X,, ..., Xn)

Note: definition of label (“jet flavour”) provides room for discussion. “What is a quark jet?”
ATLAS / CMS define jet flavour by ghost hadron / parton association

UH

i

23 Universitdit Hamburg
DER FORSC ER BILDUN

RSCHUNG | DER SHRE | DER BLOUNG This way of phrasing the problem is from Nicole Hartmann (TUM)



Data and analysis chain

Calibration & alignment
Reconstruction &

) Statistical analysis
Data reduction

Simulation provides high-fidelity labelled
data for training machine learning algorithms.

Th "Digital twin"
: : : "Particle Physics for Babies", L.
eory (Simulation) Source: "Particle Physics for Babies", L. Corpe
L2 Universitat Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG 20




History of algorithms

ATLAS
JetProb, IPxD, MV1 ~ MV2c20, DL1, DL1r/d GN series
Run 1 Run 2 Run 3
Specialised algorithms BDTs, deep neural networks Graph networks, transformers
>
CMS CSV DeepCSV, Deeplet ParticleNet, RobustParT, UParT

UH
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Eur. Phys. J. C 83 (2023) 681

ATLAS DL1 algorithm

Low-level algorithms with specialised tasks compute inputs for neural network.

Manually optimised P o _ R L I I B I I I &
Discriminant for b-tagging: [ ATLAS Simulation == light-flavour jets 1

— SV1 JefFitter 025 Vs =13 TeV, ttevents, fc=0.018  —- cC-jets ]
DpLir = In ( lp b ) - Anti-kt R = 0.4 PFlow jets —— bets ]

fC . pC + ( - fC) . pllghl 0.20 '_ 20 GeV < pT < 250 GeV, Inl <25 7/ stat. uncenainty _'

fc parameter to tune light-flavour jet vs c-jet rejection

) (ndets, 266) (ndets, 128) (ndets, 80) (ndets, 48) (ndets, 36) (ndets, R4) (ndets, 12) (ndets, 8) ets, 3) T

DpLir =In ( Pb ) i

o

-

(6]
T T
-—-

ferpe+(1=fo) * Plight

Normalised number of jets

©
-t
o

24 relu units
12 relu units
6 relu units

[0}
5=
c
=
=
o
-
o
™

128 relu units
60 relu units
48 relu units

n
=
c
=
=)
—_—
[
-
O
o
~N

k jet features

0.05
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Two stage approach DL1r b-jet discriminant
Low-level algorithms use properties (e.g. impact parameters) of

individual tracks or reconstruct secondary vertices. .

level

—— Trained —

Manually optimised

Their outputs are fed into the high-level taggers e
Pl universitat Hamburg (€€ Neural networks) to provide a discriminant. el DL1
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https://arxiv.org/abs/2211.16345

ATLAS GN algorithms

New approach: predict jet flavour

with no separation between low-level

and high-level algorithms, directly

taking as inputs

= jetprandn

= track parameters, uncertainties,
impact parameters

= hit information of tracks

UH
i
2% Universitait Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

Simulation

- - N

Associated
Jet
I tracks

Manually
optimised
algorithms

Trained
algorithms

High level
algorithm (DL1r)

L — — — — » JetFlavour DL‘I

-——— Simulation —— =N

Associated
tracks

L — — — — —» JetFlavour GN

Track origins

Vertices



Nature Commun. 17 (2026) 541

ATLAS GN2

b-jet
light jet 5 ¥
: 2 o g
- GN2: 1 layer with 256 nodes B -2 —0O
> = c
\049 Initial track Conditional track
®§ Secondary vertex representation representcmon

Track
initialiser
Track
origin
network

\ i
Primary vertex <> s |—> —
Impact :
parameter
/ Transformer

Track inputs Combined inputs

Vertex
grouping
network

Jet inputs
—/
Nig
M Xy s X (gt 1) GN2 operates on jet + track inputs with a
transformer model using auxiliary tasks.
h Universitdt Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG 24


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/FTAG-2023-05/

ATLAS GN2 b/c-tagging discriminant

Pooled graph

representation %
S Jet flavour
B —| 5£ |03 brediction

Pb, Pc, Pu, Ptau

ATLAS approach (different to CMS): combine output
probabilities of GN2 in one-dimensional discriminant
defined as likelihood ratio

Pb
fepe * fepr+ (1= fo = fr) Pu

Db=log(

Straightforward re-definition of discriminant for c-tagging
Dc by swapping p» and pc.

Similar quality of data/MC agreement
(before calibration) as DL1 series
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FTAG-2023-01
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/

ATLAS GN2 auxiliary tasks O Em-

light jet

N
The GN series simultaneous trains jet §,°°°
classification with auxiliary tasks for &

Secondary vertex

= prediction of the underlying physics
process of each track's origin

Primary vertex
Impact

parameter ATL-PHYS-PUB-2025-029

b jets Cjets light jets T jets

[ ATLAS Simulation Preliminary

-
o

o
o
.

Relative frequency
o o
B »

o
[N
:

o
o
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2025-029/

ATLAS GN2 auxiliary tasks

The GN series simultaneous trains jet
classification with auxiliary tasks for

= prediction of the underlying physics
process of each track's origin,

= grouping of tracks originating from a
common vertex.

Total loss function is sum of loss
functions for jet flavour categorisation
and auxiliary task loss functions.

Liotal = Ljet + @Lyertex + BLtrack

UH
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Normalised to number of vertices

Ratio

1.25
1.00
0.75

0.04}
0.03F
0.02}

0.01F

Nature Commun. 17 (2026) 541

[ ATLAS Simulation

[ VS =13.6 TeV --- MC truth 1
- tf, 20 < pr < 250 GeV, |n| < 2.5 SV1
o.ooz'i"'I : —_——

:_ 1 PR | PR E

0 1 2 3 4 5
Mgy [GeV]

at least as good
as

27


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/FTAG-2023-05/

ATLAS GN2 algorithm performance

c 3 [ J T T ] ! T T ] c 5 T T T T T T T
S 10" £ ATLAS GN2 - S 10 EATLAS GN2
3 - 140 b~ Vs =13 TeV - ] 3] F 140 o1, VS =13 TeV : :
@ | tt1-lepton(e or 1) events GN2 calibrated— S [ tE1-lepton(e or i) events GN2 calibrated
= 20 <pr<250GeV, |nf<2.5 DL1r % 10 £20<pr<250GeV, |n| <2.5 DL1r 4
o DL1r calibrated E E DL1r calibrated
10° E o ]
: : 10° E E
1 102 E _
10 | 3
10
100 I | | I I | I | i i i |
055 060 065 070 075 080 085 090 095

0 1 |
10055 060 065 070 075 080 08 090 095

b-jet efficiency b-jet efficiency

GN2 at 70% b-efficiency charm jet rejection 50

light-flavour jet rejection 1500 28



Possible applications for GN2
ATLAS

EXPERIMENT

Very rare processes (SM tttt: ~1800 expected in Run 2 dataset) with challenging complex final states.



Possible applications for GN2

top candidate jet 1:
p, = 463 GeV
E = 538 GeV ~ = 7

top candidate jet 2:

" el ATLAS
= e

Searches for new particles in events with four or three top quarks. EXPERIMENT

30



ATLAS GN2 for lepton isolation

Background in e.g. ttH and tttt measurements from non-prompt leptons
originating e.g. in semi-leptonic hadron decays.

Suppression possible with isolation (measure activity around lepton).

c ———— 77— ————————
8 [ ATLAS Simulation Preliminary ~ —— PLIT ]
8 [ Vs=13TeVand13.6 TeV PflowTight_VarRad 1
o " Powheg+Pythia8+EvtGen tt events PflowLoose_VarRad
N o 1%k * Tight_VarRad i
5 3 +Loose_VarRad
o
>
X
| %
@
10°F

PLIT ,,,,,,,,,,,,,,,,

RN Y P
~~~~~~~ -

Prompt |ept0n 070 075 080 08 080 0% 100

. . Prompt-muon efficiency
et Hanburg isolation tagger MUON-2025-01 31



https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/MUON-2025-01/

ATLAS GN2 architecture in four-top heavy Higgs searches

! Threefold improvements from multi-modal and

multi-task GN2 model:

1. Improved b-tagging with GN2 results in larger
b-efficiency at same background rates

Four top quark final state

Each top quark decays to Wb,

It/q
W+

t y/q/

h Universitait Hamburg
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ATLAS GN2 architecture in four-top heavy Higgs searches

9

|

Four top quark final state

Each top quark decays to Wb,

+ 08 (32%)
Im/q

W+
vlq'

ﬁ Universitait Hamburg
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230 (5%)

12 (42%)

2055 (7%)

Threefold improvements from multi-modal and
multi-task GN2 model:

1. Improved b-tagging with GN2 results in larger
b-efficiency at same background rates

2.0nce PLIT is commissioned, strong reduction of
non-prompt lepton background

resulting in final state with

« only hadrons (OL)
« 1charged lepton (1L) largest BR but large
- 2 opposite-sign charged leptons ~ P2ckground
« 2 same-sign charged |eptons small BR but very clean (most
sensitive channels)
« 3 or more charged leptons
32



ATLAS GN2 architecture in four-top heavy Higgs searches
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Four top quark final state

Each top quark decays to Wb,

+ 08 (32%)
Im/q

W+
vlq'

ﬁ Universitait Hamburg
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230 (5%)

12 (42%)

2055 (7%)

Threefold improvements from multi-modal and
multi-task GN2 model:

1. Improved b-tagging with GN2 results in larger
b-efficiency at same background rates

2.0nce PLIT is commissioned, strong reduction of
non-prompt lepton background

3. Use GN2 architecture for event classification

resulting in final state with

« only hadrons (OL)
« 1charged lepton (1L) largest BR but large
- 2 opposite-sign charged leptons ~ P2ckground
« 2 same-sign charged |eptons small BR but very clean (most
sensitive channels)
« 3 or more charged leptons
32



e L n A4

Fabiola Gianotti (CERN), 4 July 2022
YV VRN WA W

9

years

HIGGS boson

discovery

Niass Distibytio

Light jet rejection - b tagging efficiency ¢ = 70%
HJetProb 2010

Initial tagger based on track impact parameter

IP3D-JetFitter/SV1 201
[| Ver

Impact Parameter (IP) and Secondary

H MV1 2014

Tagger combination based on MultiVariate method (MV)

MV tagger after IBL insertion at Run 2

Hmvzczo- IBL 2018

HDL1r* 2019

Deep Learning Neural Network tagger

|:| Graph Neura: Ietwork tagger
* Variation in efficiency due to lower jet threshold and improved charm rejection

1 1 1 I 1 1 1 I 1 1 1 l 1 1 l 1 1 l 1 1 l 1 1 l 1 1

200 400 600 800 1000 1200 1400 1600
Light jet rejection factor

I - - ) m, [GeV] I
P
<N

UH
uversitzt amburg.—~ N@W paradigm in ATLAS flavour tagging with astounding results.
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https://indico.cern.ch/event/1135177/timetable/

H. Qu, C. Li, S. Qian ICML 2022

CMS Particle Transformer
Most recent Unified Particle

- Transformer (UParT) is based on
Atienton
Block =

L blocks Class token

Particle Particle
Attention Attention fp=====--
Block Block x[-1

Particle Transformer (ParT)
architecture.

K arXiv:1706.03762 [cs.CL]
"Attention Is All You Need"

Multi-Head Attention

Particle
Attention
Block

Particles =»]

Interactions =

(Embedding) (Embedding)

Scaled Dot-Product Attention

A= \/(yz' —yj)? — (¢i — ;)2
kr = min . A MatMul

T =i (p1,i; P1.5) E\

_ mln(pT’i,pTyj) SoftMax t
PT,i, PT.j Scaled Dot-Product

2 _ (. N2 _ |57 1772 Attention

m” = (E; + E;)* — |pi + pj| T T I
m Linear Pr{ Linear P Linear

t
Q K Vv

v K Q
. QKT
Attention(Q, K, V) = softmax(———)V
K (@) ( \@y 3

particle interactions

P-MHA(Q,K,V,U) = SoftMax (QKT +U) Vv
) ) ) ’\/@

™
23 Universitdit Hamburg
additional term U from particle interactions
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https://arxiv.org/abs/2202.03772
https://arxiv.org/pdf/2202.03772
https://arxiv.org/abs/1706.03762

. . CMS-DP-2024/066
CMS today: Unified Particle Transformer CMS-DP-2025/08]1

Unified approach of having a single model
for classification tasks

* b/ctagging, quark- gluon tagging,

strange tagging, tau tagging

and regression tasks:

« flavour-aware jet energy correction and
resolution

UParT v2 is a modern version with architecture and training
improvements and a bigger training dataset w.r.t. the first version.

UParTv2 at 70% b-efficiency charm jet rejection 120
TRt light-flavour jet rejection 2800


https://cds.cern.ch/record/2904702/files/DP2024_066.pdf
https://cds.cern.ch/record/2948917/files/DP2025_081.pdf

ATL-PHYS-PUB-2026-005

ATLAS GN3 state-of-the-art algorithm

Jet inputs

7 Global pooled
n, representation
if
) Jet flavour
. 55 | ™ @D prediction
Track inputs

: x
) H
Initial Bl
representations
L‘ 5% Jet
Conditional _ I ] et pr
,/'” representations E 5 = regression
&= | & il
—
/ %%
Miracks X My YAl -3
— 52
—

Track
initialiser

¥
£2 | —— @@ charge
prediction

Heavy quark

-« Electrons inputs

k3

°
E& - Track origin
prediction

Electrons
initialiser

g

Pflow inputs £s Track particle ID
& s prediction

2%

Pflow
initialiser

@
[ -
S

Vertex
prediction

UH
unversiat vamowrg. NEW WLEE. GN2: adding neutral particle flow and electron inputs,

s rossrune | e e e _ o _ . 36
jet pt regression, heavy quark charge prediction, track particle ID prediction


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-005/

UParTv2 (3000)

Evolution of ATLAS/CMS algorithms

> LB — T e e — |
£ LHC run periods ) -
¢ ||™. Run1l W Run2 AT Comparison should be |_
“— 103_ i ¥ 1 . .
37} ParicleTransiogy : taken with grain of salt:
o DeepJet x 2¢ -
§ Early DeepJet x )
® R, Many differences between
S MVAV2 x ' jet definition, datasets for
2 .
2 l evaluation, detectors and
o et Datasets i R i
5 ol ~ Run-1 | calibration of algorithms.
= f CMVAV2 +  + DeepCSV + Run-2 (Phase-0) |
'.5) x  Run-2 i
g CSW2 + * Run-3 ' Need for calibration of
o BN CMS ‘ .
g algorithms such that
< x CSV ATLAS : )
_ ENANENENE | N simulations match data!
2012 2014 2016 2018 2020 2022 2024 2025
Year of publication
Et‘i Universitait Hamburg
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https://gitlab.cern.ch/atlas-flavor-tagging-tools/algorithms/salt
https://arxiv.org/abs/2404.01071

Calibration of b/c-efficiency and mis-tag rates DP-2026-022

CMS preliminary 18.0fb~! (13.6 TeV)
T — T T

tt + Jets (ep)

B Monte Carlo ¢ Data

7% Stat. Unc. —_ Mon?:‘gano (uncorrected)

Performance of flavour-tagging algorithms is
optimized and evaluated using simulations
(mostly inclusive ttbar events).

Events / 0.05 units

= We cannot expect simulations to describe all .
effects impacting the performance of flavour- e -
tagging algorithms accurately ol T e

robustParT discriminant

= We need measurements of the b-/c- and light-jet tagging efficiencies.
= Need to extract samples of jets dominated by a single jet flavour
= Provide results as data-to-simulation scale factors (SF: functions of pt and eta)
= Assumption: SFs are process independent but not simulation independent

UH

i

23 Universitdit Hamburg
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https://btv-public.docs.cern.ch/DPNotesRun3/DP-2026-022/DP-2026-022/

CMS Calibration results

Scale factors SF(pr)
. . pr) =
from calibration { 6MC(pT)

measurements b/c/light
CMS Preliminary 18.0fb~" (13.6 TeV)
o) T T T T T
I{'/') 16 robustParT M WP (comb) + System8 + LTSV ]
14l — fit pr rel. -+ Tag&Probe |
I fit + (stat @ syst)
1.2f .
1.0 \—]r-#_IL : ‘A~_‘Ti_.$_, F e — |
hhg T i T = I o —— '7
a | o 1
0.8 s
0.6} |
20 30 50 70 100 140 200 300 600 1000400

jetpr (GeV)
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DP-2026-022

(o0 CMS Preliminary 18.0fb~" (13.6 TeV)
()] o T [ I ' ' ' | o
© - robustParT: tt + Jets
_5 L --- uncorrected I
T - »
g |uwE ooreeted A
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b jet identification efficiency

Performance of algorithm
with applied corrections 39


https://btv-public.docs.cern.ch/DPNotesRun3/DP-2026-022/DP-2026-022/

ATLAS Calibration results FTAG-2023-07

T T L L L B B W Vo T¢ T
80F ATLAS Prellmlnary :
- Vs =13TeV, pr €[85, 110] GeV GN2 43500
70 - ( data 74(:/) ] —_
3 60 :_ C-jet rejection in simulated (Pythia8) top-pair events - 3000 E\
W L 1 C-jet rejection in top-pair data events ] Q
— N light-jet rejection in simulated (MadGraph) Z + jets events ~—
T:/ 50 F " light-jetrejection in Z + jets data events + -2500 E/
(@) - ] (@)
S ank 6.4 : 5
3 40F Reco Software Update ” + 72000 &
() N 1 4 (2
= 30F | 31500 +
% 30 - Reference: DL1r - dagugw) I 2.
oof  DL1 (gt =75%) | i 41000 5
Lt IS SR 5
10 :_ l—‘—|—§—l x1.4x1.7 i x1.5 _: 500
oL L B NS . BN |,

PRI I

2017 2018 201 9 2020 2021 2022 2023
UH
Universitait Hamburg Year Of tagger deployment
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-07/

Current research frontiers

1. Scaling laws
2 .Foundation models
3. Charge / fragmentation tagging

4.Continuous calibration

Biased selection! Not talking about: strange tagging,
tagging at the trigger-level, tagging of large-radius jets,
tagging in datasets with sparse information (TLA/scouting),
o [ better robustness (adversarial training with MiniFool),
s robust jet labelling (flavoured jet algorithms), ...
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How to further improve algorithms?

The Bitter Lesson
Rich Sutton

March 13, 2019

hwi]

The biggest lesson that can be read from 70 years of Al research is that general methods that leverage computation are ultimately the
most effective, and by a large margin. The ultimate reason for this is Moore's law, or rather its generalization of continued

exponentially falling cost per unit of computation. Most Al research has been conducted as if
were constant (in which case leveraging human knowledge would be one of the only ways to improve performance) but, over a

slightly longer time than a typical research project, massively more computation inevitably becomes available. Seeking an
imrrovement that makes a difference in the shorter term, researchers seek to leverage their human knowledge of the domain, but the
only thing that matters in the long run is the leveraging of computation. These two need not run counter to each other, but in practice
they tend to. Time spent on one is time not spent on the other. There are psychological commitments to investment in one approach

_orthe other, And the human-knowledge approach tends to complicate methods in ways that make them less suited to taking

Researchers seek to leverage their human
knowledge [...], but the only thing that matters
in the long run is the leveraging of computation

ominent.

e computation available to the agent

[here were many examples of Al researchers' belated learning of this bitter

thampion, Kasparov, in 1997, were based on massive, deep search. At the

bf computer-q
(hen a simple

sed chess res
ategy, and 4

wanted methods based on human input to win and were disappointed

... many examples of Al researchers’ belated
learning of this bitter lesson

d
yare
:"

thers

UH
Universitit Hamburg from Lukas Heinrich, Foundation Models in Experiments, COMETA General Meeting
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https://indico.cern.ch/event/1616526/contributions/7017741/attachments/3286033/5879536/FoundationModels_Cometa.pdf

Scaling laws

16
ATLAS Simulation Preliminary * €
V5 =13/13.6 Tev * ud
Lap Voo :
i Ve oft e s
\ .\ LY L] T
"'. ‘6. e light (ud+g+5s)
B Y *e © *  TN25-86M
u (N LN e,
9 LN o “we
N N
— (Y » ~d
2 1.0t o N
|1, L3 -, [
Y A Y
N SO T
bl * ok
0.8} N Soo SO
. ~ ~ \\:\Q\\\
\\

0.6F

Loss < L.

10! 102 103 104
Background rejection @ 77% bjet-efficiency

10°

Train jets (D)

o
o
~

r100K

rim
r10M

F100M
1B
-208B
1T
F1P

ATLAS scaling study training dataset

with up to 7.7 billion jets and 86M

parameter model
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i
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ATL-SOFT-PUB-2026-002

Model size (N)
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CMS Simulation Preliminary (13.6 TeV)
/c/‘“’"
V.72 o=
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Newest taggers on both experiments improve

mainly by training larger models on far more jets.

(When) will scale become the dominant lever?
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https://btv-public.docs.cern.ch/DPNotesRun3/DP-2025-081/DP-2025-081/
https://cds.cern.ch/record/2953659/files/ATL-SOFT-PUB-2026-002.pdf

Nice overview in A. Hallin, Foundation models for high-energy physics

Foundation models

A foundation model is any model that is trained on broad data (generally using self-supervision
at scale) that can be adapted (e.g., fine-tuned) to a wide range of down-stream tasks.

[Submitted on 8 Mar 2024 (v1), last revised 7 Sep 2024 (this version, v2)]
Omnijet-0: The first cross-task
Tasks . f .
foundation model for particle physics
DO Joschka Birk, Anna Hallin, Gregor Kasieczka
Large Unlabelled Qé%f . Jet Tagging
Dataset PAPER - OPEN ACCESS
P Masked particle modeling on sets: towards self-
Charged Pileup supervised high energy physics foundation models
Particle Tracks P > > Mitigation Tobias Golling, Lukas Heinrich, Michael Kagan, Samuel Klein®, Matthew Leigh,
Margarita Osadchy and John Andrew Raine
Calorimeter N Published 17 September 2024 - © 2024 The Author(s). Published by IOP Publishing Ltd
Clusters Pre-training ‘ F|ne.tun|ng Track-Calo Machine Learning: Science and Technology, Volume 5, Number 3
- Clustering
Calorimeter 3 Foundation [Submitted on 14 Dec 2024 (v1), last revised 6 May 2026 (this version, v2)]
Hits Model & o Pretrained Event Classification Model for
Q " - - -
S,g‘o Particle-Flow High Energy Physics Analysis
> o' Reconstruction
Muon Tracks oo Joshua Ho, Benjamin Ryan Roberts, Shuo Han, Haichen Wang
sm?;;'t'::;"ed 8?@2 Event Bumblebee: Foundation Model for Particle
oo Analysis Physics Discovery
- Mulhp!e . Andrew J. Wildridge, Jack P. Rodgers, Ethan M. Colbert, Yao yao,
g/ modalities ,§ Anomaty Andreas W. Jung, Miaoyuan Liu
2 Detection " "
HEP-JEPA: A foundation model for collider
physics using joint embedding predictive
UH architecture
iti Jai Bardhan, Radhikesh Agrawal, Abhiram Tilak, Cyrin Neeraj,
23 Universitdit Hamburg Subhadip Mitra 44
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https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434
https://arxiv.org/pdf/2509.21434

Charge / fragmentation tagging

New CMS Charge Tagger tags flavour + charge of jets in one single network

= Based on Particle Transformer with extended input Similar development at ATLAS:

features and two/three classification tasks

c L e L L o o o o o o
. . .. g [ ATLAS Simulation Preliminary -_—C

= Potentially opens charge-consistent pairing S osk V5 =13.6TeV, ttevents --- ¢ ]

= I 20<pr<250GeV, |n|<25 ... other+b+b 1

T = [ elet = 50% ]
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https://cds.cern.ch/record/2945237
https://cds.cern.ch/record/2961896?ln=en

Continuous / optimal-transport calibration

e Idea: obtain a mapping from pmc,, , to pdata

= Architecture: Normalizing flow with a constraint
to ensure the transport map is minimal.
= Closure with conventional calibration methods
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https://link.springer.com/article/10.1140/epjc/s10052-025-14682-0

Outlook




ATL-PHYS-PUB-2026-002

Looking ahead: Flavour tagging in Run 4
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verstst o Showing here ATLAS b-tagging ROC curves to give idea of

improvement w.r.t. Run 3 despite massive increase in pile-up! 48


https://cds.cern.ch/record/2956726/files/ATL-PHYS-PUB-2026-002.pdf

Flavour tagging impact on Higgs searches

g H
Higgs potential e = Yukawa couplings
e.g. HH — bbyy 5 VH, H(cc) searches
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2025-001/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2025-012/

Machine Learning algorithms: Where next?

Vector-to-vector Set-to-Vector Set-to-Set
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Cardinality of the inputs is not fixed but Cardinality of both the input
output is and the output are not fixed

Known and used since many years

We are now mostly in the regime of characterising set-to-vector architectures

i-t-l . g
o e o€ from Francesco Armando Di Bello, ATLAS Higgs-charm & jet tagging, 2nd CMS Higgs Charm Workshop 50
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https://indico.cern.ch/event/1645713/contributions/7018078/

Summary

1. Flavour tagging is the experimental technique to select heavy-flavour jets, driving the
LHC exploration of Higgs, Top and Beyond Standard Model physics.

2. ATLAS (GN2) and CMS (UParT) converged on multitask transformer taggers built on
constituent/vertex interaction features which can be calibrated at fixed operating points

3. Frontiers:

= Scaling laws (larger models + more data = better performance) and foundation
models (self-supervised pretraining + transfer)

= Continuous, multi-dimensional calibration (beyond 1D operating points)
= Jetcharge tagging, strange tagging, trigger-level tagging

= HL-LHC upgrades: extended tracking acceptance, better impact-parameter
resolution, and timing / 4D tracking for {u)=200
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The shape of the scalar potential V(g)

in our universe is mostly unknown

Currently known:
- location of the EW minimum: vev

A more complex
structure given by Deeper
additional scalar minimum

Additional scalar states are
appealing because of their

relations to the open

fields could be realised questions of the SM:
in nature and hidden in 7j - origin of the EWSB
experimental data 75 o— - stability
i minimum - baryogenesis
Absolute - portal to dark sector

minimum

Taken from Kateryna Radchenko Serdula talk at 21st LHC Higgs Working Group workshop
https://indico.cern.ch/event/1389221/contributions/6195713 /attachments/2981797/5250371/LHCHWG21_Radchenko.pdf

- curvature around the minimum: m,,
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The ATLAS and CMS experiments Multi-purpose detectors with 4 coverage

ATLAS Detector CMS Detector
i figh

ghj

Key:
Muon
------------------- i Electron
------ ) ) — = Charged Hadron (e.g.Pion)
I ~ 3 — — = - Neutral Hadron (e.g. Neutron)
>t s 00 ====- Photon

Tile calorimeters

= LAr hadronic end-cap and er
forward calorimeters Solenoid
Iron return yoke interspersed
with Muon chambers

Pixel detector
Transverse slice

LAr electromagnetic calorimeters
through CMs om 5m 6m
L 1 1 1

B
£
)
-5

Toroid magnets
Solenoid magnet | Transition radiation fracker

Muon chambers
Semiconductor tracker

Source: "Particle Detectors", Kolanoski / Wermes
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Track impact parameters

Transverse impact parameter d,

Distance of closest approach of track to
the primary vertex in transverse plane.

Longitudinal track impact parameter z,

Distance in z-direction between
primary vertex and track at point of
closest approach in x-y plane.

Track-signed impact parameters

Track has positive impact parameter if the
angle between jet axis and the line joining
primary vertex to point of closest approach to
the track is < 11/2 and negative otherwise.

UH IP < 0\
ifi
23 Universitdit Hamburg
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N\
primary vertex

Normalised distribution / 0.01 mm

—— 11— —— —
o " ATLAS Simulation —— light-flavour jet tracks ]
10 E Vs =13TeV c-jet tracks E
. b-jet tracks
77 stat. uncertainty
10" F b .
ik
£tk
[«
[
2 rII
10°F
10°F 3
o
yo o nienl
0! o R U T R SRR
-0.6 -0.4 -0.2 0.0 0.2 0.4 0.6

track-signed do [mm]

Signed impact parameters of b-jets
( ) are mostly large and
positive, while light-flavour jets
have values consistent with zero
within resolution.
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Secondary vertices

Algorithms aim to reconstruct secondary vertices from displaced decays.

Properties of fitted secondary vertices (mass, flight length) provide
discrimination for heavy-flavour jet identification.

ATLAS Simulation Preliminary
(s=13TeV, tt

truth
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ATLAS Simulation Preliminary
Vs =13 TeV, tt

reconstruction

Normalised distribution

Normalised distribution

———
[ ATLAS Simulation

| VS =13TeV, tt events — C-jets i
E Anti-kr R = 0.4 PFlow jets E
[ pr>20GeV,|n| <25

] 3

T e
== light-flavour jets |

—— b-jets E
777 stat. uncertainty ]

- L L L s L | L
1000 2000 3000 4000 5000 6000
JetFitter invariant mass [MeV]

........... s B I I S
ATLAS S|mu|at|on ] Ilght flavour]ets

—._- VS =13 TeV, ttevents - C-jets
E Anti-kr R = 0.4 PFlow jets
F pr>20GeV, |n| <25

b-jets
7772 stat. uncertainty

|
10 20 30 40 50 60 70 80 90
JetFitter 3D decay length significance
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ATLAS GN2 vertex finding auxiliary task

Edge classification as an auxiliary task grouping tracks from

common vertices helps the jet classification.

GN1 successfully
predicts jet flavour

Primary vertex

ATLAS Simulation Preliminary\
Truth Labels

\/__ =13TeV
tt jets
Truth b-jet

pr=134.1 GeV

pp =0.995
pe=0.005
pu=0.000

Ntrack

Two tracks

from the B

decay

/

GN1 Prediction

cherry-picked example
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First track

Ntrack

L

*

GN1 vertex and
origin prediction

O000@0@000 e

is perfect

Truth
Predicted

Pileup

Fake

Primary

FromB

FromBC

FromC

FromTau
OtherSecondary

Three tracks from
the B — C decay

Efficient vertexing:
e recall of > 65% of
tracks in truth vertex

e purity of > 50% of
tracks in reco vertex

The algorithm correctly
identifies 80% of truth
vertices inside b-jets.

zzzzzzzzzz
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/

CMS Deep]et algorithm JINST 15 (2020) P12012

Charged (16 features) x25 1x1 conv. 64/32/32/8 RNN 150 b
bb
Neutral (6 features) x25 1x1 conv. 32/16/4— RNN 50 Dense lepb
200 nodes x1, 2
1x1 conv. 64/32/32/8— RNN 50— 100 nodes x7 I
g
more inputs than ATLAS CNNs RNNs Deep Neural Network
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https://doi.org/10.1088/1748-0221/15/12/P12012

Eur.Phys.).C 86 (2026) 6, 641

UParT robustness: adversarial attacks CMS.DP2025.081

How to improve robustness against Monte-Carlo (MC) simulation mismodeling?

Learn from input feature distortions while keeping . CMS Simuiation Preliminary 13.6 TeV
. LNV i s s s G S M o B VA W T Y i
nominal performance. 2 | %
S
ks
R-NGM (Rectified Normed Gradient Method): § 101 1
]
double forward-backward pass, one to compute the ¢
. o
adversarial attack, S
(2]
= 1072} b =1
Tiady = Ti + € ‘VCE(:L’,“ (9)| % g At tt events ]
g /’ AW pr > 30 GeV, |I"|| &2 performance
. . . . @ // / mm UParTR-NGMonR-NGM |  recovered
one to train on nominal + adversarial samples using §10_3 /7 7 mm UParT nominalon RNGM | performance loss

I ’ ]
I J UParT R-NGM on nominal
iy ,/ B UParT nominal on nominal identical

TRADES (,trade adversarial robustness off against
accuracy “)loss. L = CE(%; 40, 0) + A - KL(2i, %5 ga0) — cwsb
----- ¢ vs udsg

10_4“:'1’1.’I,.‘|...1.‘.|“‘|
FaX Universitit Hamburg 0.0 0.2 0.4 0.6 0.8 1.0
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https://cds.cern.ch/record/2948917/files/DP2025_081.pdf
https://arxiv.org/abs/2511.01352

Training with adversarial attacks

Nominal train

1) Data loader loads batch
2) Feed batch into model
3) Compute loss
4) Update weights

W

new

23 Universitdit Hamburg
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Adversarial prediction

1) Data loader loads batch

2) Feed batch into model

3) Compute loss

4) Perform attach to obtain adversaries
1) update inputs
2) feed attacked batch into model
3) Compute loss

5) Update weights

W,,,=W—2¢VyL

new
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Jet energy regression in UParT

Classification

L = CatEntropy(x, Tyun) +

Regression

Yregr * log (COSh’(y _ yt'ruth))

1.00f~

0.951

0.90(- .

0.85 | 1

0.90

518 CMS Simulation Preliminary 13.6 TeV - CMS Simulation Preliminary 13.6 TeV
o ' T T T B - T T T T

g tt event, b-jets g tt event, c-jets
%11% Inl<25 R %1“% Inl <25 R
=" BN UParT == . UParT

2 Bl ParticleNet 2 Bl ParticleNet

c c

ksl — 0.0<|nl<1.0 K — 0.0<|n|<1.0
g1 - 10<Inl<15 g - 10<InI<15
= 15<|nl<2.0 = 1.5<|nl < 2.0

00
prIGeV]

100 200
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300

0.85

L L L
100 200 300

460
p?_(cl [G eV]

Median jet response

CMS DP-2024/066

Quantile regression
(resolution estimation)

745 CMS Simulation Preliminary 13.6 TeV
g T T T T
tt event, uds-jets
Inl <25
Bl s == UParT ]
B ParticleNet
— 0.0<|n<1.0
1.05[- - 1.0<In/< 1.5 |
1.5 ¢l < 2.0
1.00}-
095 -
0.90 .
0.85 Il 1 Il 1
- 100 200 300 400
tel,
pTIGeV]

1.15

+ A/quantile ! [])0.16 (Z - Ztruth) + p0_84(2 - Zt'ruth)]

CMS Simulation Preliminary 13.6 TeV
T T T T

=)

Median jet response
g

0.90

0.85

tt event, g-jets
Inl<25

B UParT

W ParticleNet

— 0.0<|n|<1.0

- 1.0<|n<1.5 |

1.5 < < 2.0

a0
prIGeV]

L L L
100 200 300
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https://cds.cern.ch/record/2904702/files/DP2024_066.pdf

CMS-DP-2025/081

Differences between UParTvl and UParTv2

Hyperparameter UParT v1 UParT v2
Number of layers 6 6
Embedding (hidden) size 128 192
Total number of parameters 2M 5.7M
Activation function GELU SILU/SwiGLU
Normalization layer LayerNorm RMSNorm
Size of training dataset (after reweighting) 35M 70M
Optimizer Ranger AdamW
Learning rate 2e-03 1e-03
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https://cds.cern.ch/record/2948917/files/DP2025_081.pdf

c jet rejection

CMS UParTv2 b-tagging performance

CMS-DP-2025/081

, CMS Simulation Preliminary (13.6 TeV)
5 10 A =
& i tt-4q+2b ]
S | pr>30GeV,|nl<25 -
200 CMS Simulation Preliminary (13.6 TeV) qc') I BN UParT v2
F T T T T T o
I tt—4q+2b, €pc=70% X111 _104% -.C__). 10_1:— 0 UParT vi =
175[ 250 > pr > 20 GeV, In| < 2.4 - S - B ParticleNet ]
[ B cjet rejection = qt:) - h
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125} = S i mm Deeplet |
100l 17 — bvsc
F é 1072 b d -
75F y02 = I o VS uasg ]
5 | o ]
50 > i .
I (2]
251 © §
5 2
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L | L L L | L u’ /f// { L L | L L L |
0.2 0.4 0.6 0.8 1.0
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b-jet tag efficiency
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https://btv-public.docs.cern.ch/DPNotesRun3/DP-2025-081/DP-2025-081/

CMS UParTv2 c-tagging performance

minary
-~

CMS Simulation Preli
> 10— T 71
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[} i |
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2 el f-4q+20 |
E pr> 30 GeV, |n| < 2.5
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c-jet tag efficiency

CMS-DP-2025/081

CMS Simulation Preliminary (13.6 TeV)
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https://btv-public.docs.cern.ch/DPNotesRun3/DP-2025-081/DP-2025-081/

CMS UParTv2 strange-tagging performance CMS-DP-2025/081

CMS Simulation Preliminary (13.6 TeV)
S 5 R S S B

—
o
o

HcaL / wt K*

150 cm

10~k
ECAL -
0 -2y

S X
130cm :

« Kg — 210 — 4y
"X

—_
<
N

Inner
Tracker

Jet misidentification efficiency

tto4q+2b
pT> 30 GeV, |r]|<25
svs b-AUC =0.989
svsc-AUC =0.876
— svsu-AUC =0.655
— svsd-AUC = 0.631
— svsg-AUC =0.830

1078
arXiv:2003.09517 [hep-ph]
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https://btv-public.docs.cern.ch/DPNotesRun3/DP-2025-081/DP-2025-081/
https://arxiv.org/abs/2003.09517

Differences between GN2 and GN3

ATLAS-FTAG-2025-01

Component

GN2

GN3

Track—jet association
Track selection
Inputs

Activation function
Initialisation layers
Transformer encoder

Embedding dimension
Jet classification

Loss balancing
Optimiser

AR-based association
do < 3.5 mm, 40 tracks
Jets and tracks

ReL.U
256

4 scaled dot-product atten-

tion

256

4 classes: b,c,l, T
Fixed weights per task
AdamW

Ghost-association

dop < 5 mm, 50 tracks

Jets, ghost-associated tracks, soft muons,
PFlow objects

SiLU

L2

4 Flash Attention, Gated Linear Units,
8 register tokens

512

6 classes: b,c,ud, s, g, 1

Geometric mean of losses (GLS)

Lion
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2025-01/

ATL-PHYS-PUB-2026-001

ATLAS GN3 b-tagging performance
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ATL-PHYS-PUB-2026-001

ATLAS GN3 c-tagging performance
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-001/

ATL-PHYS-PUB-2026-005

ATLAS GN3EPCLVO1 b-tagging performance
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-005/

ATLAS GN3EPCLVO1 c-tagging performance

Background rejection
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Background rejection
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ATL-PHYS-PUB-2026-005

>

——— ——
TLAS Simulation Preliminary
V5 =13.6 TeV, Z' events

250 < pr < 6000 GeV, |n| <25

———————
= GN3PflowMuonsV00

GN3PflowMuonsElectronsHybridV00
= GN3EPCLVO01

DL R

o

P T I T S S TR I S S R’

B L s

0.4 05 0.6
c-jet efficiency

71


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2026-005/

Charge / fragmentation tagging generator dependence
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b-quark charge inefficiency
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