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Why tfH?

u

Standard Model of Elementary Particles

interactions / force carriers

three generations of matter

(fermions) (bosons)
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Why H > c&? u

Decays of a 125 GeV SM Higgs

e H coupling to second-generation quarks is relatively
unexplored:
- 2019 H > pji study B3 2]
- 2025 CMS ttH -» cc study [EF [1]

e Welcome challenge in flavor-distinction

e Possible avenue for BSM signals to appear Higgs .
3]

[ Unexplored ¢ ] [ Rare @ ] [ Flavor ID @ ]
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Rare @

Tagging heavy flavor jets
must be done efficiently to
preserve statistics

- improves software

Flavor ID @

Distinguishing c-quarks
from b-quarks
> better flavor tagging

algorithms for both
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What is flavor tagging?

e What kind of particle does this jet come from?
- A classification task (ML is well-suited to do this)
e Distinguishing ¢ vs b is necessary for a great many
analyses
e Flavors can get muddied, misidentified
- The rates of mis-IDs must be known to preserve
healthy statistics, and
- The rates of mis-IDs must be known to choose
the right working point (tagging efficiency) for
each analysis

Emeline Olson (Siegen) ttH(c¢)

Focus of today

Jet Flavour Tagging

which flavour of quark initialized the jet?

/A

b-jet

<]

q c-jet

% light (i, d, s, g)-jet
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Previous tagging methods u

Run 1
e Multivariate neural networks (MV1 2014) [E3 [4]
Run 2
e Boosted decision trees to begin (MV2 2018) 25 [5]
e Deep Neural networks

- DL1d; combines many underlying algorithms (2022)

[6]
- GN1; Graph NN (2022) & [7]

Present status of b-tagging studies in ATLAS

1 Gavrilenko, S. Haywood, A.G. Clark, D Froidevaux and L. Rossi

8]
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ATLAS’ GN2 tagger

“Transforming jet flavour tagging at ATLAS” [8]
e Low-level track information as input (w/ physics-informed auxillary tasks)

e End-to-end architecture
b-jet

light jet

Ve
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Yos

§ Initial track
5‘”
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K

7on,

Track inputs Comblned inputs

= .

Myracks X Mg Mypeks X (njf + nlf)

>
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ATLAS’ GN2 tagger u

Attention Is All You Need

Niki Parmar” Jakob Uszkoreit”
Google Research  Google Research

“Transforming jet flavour tagging at ATLAS”
[8]

e Low-level track information as input (w/
physics-informed auxillary tasks)

e End-to-end architecture

1 Introduction
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ATLAS’ GN2 tagger

“Transforming jet flavour tagging at ATLAS” [8]

e Low-level track information as input (w/ physics-informed auxillary tasks)

e End-to-end architecture
b-jet
light jet
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ATLAS’ GN2 tagger u

“Transforming jet flavour tagging at ATLAS” [8]

e Low-level track information as input (w/ physics-informed auxillary tasks)
e End-to-end architecture

»;%ary vertex
Primary vertex @<
Transverse impact
parameter /

light jet

o
%

Jet
flavour
network

(]

2
%ep, 5,
/o"*/e NG
0
Track
origin
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Inputs o
Track inputs | Combined inputs E §§ -
Jet inputs Y Transformer 58
- X
g +
Tliracks X Mg Miracks X (Mg + Myg) [ 8]
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ATLAS’ GN2 tagger

For tt:

70% b-tagging
efficiency

30% c-tagging
efficiency
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Conclusion

Generative ML for training GN3 u

ML scaling law + cheap generated data =
cheaper GN3 tagger

e GN3 is a transformer model

- . it follows the ML scaling law B [P
V5 =13/13.6 TeV e u & §

- it now uses calorimetry info (expensive to M . o e
Slmu|ate) |n tralnlng Inputs 12 '\ 3.‘ o light (ud+g+5) [100K 34K

LR * TN25-86M

182K
979K

5M
28M

Test Loss

e AtlFast3 > hybrid of Geant4 & generative ML
(GAN) simulation

251M
48
6778

107 10° 107 10°
Background rejection @ 77% bijet-efficiency

NEFEEREEREN ]

[10]

Digitization

]
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Generative ML for training GN3
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Decay channels u

e Each t > Wb w/ 99.7% chance
e ttH > bb and tt are the leading-order backgrounds

- The two of them combined result in a signal-to-background ratio of ~ 4 - 10> for
the full Run 2 integrated luminosity

| OL

2L

(1L /

Emeline Olson (Siegen) ttH(c<) September 2026 11/15



Decay channels

e Each t > Wb w/ 99.7% chance

The analysis

o] lele)

e ttH > bb and tt are the leading-order backgrounds
- The two of them combined result in a signal-to-background ratio of ~ 4 - 10> for
the full Run 2 integrated luminosity
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Decay channels u

e Each t » Wb w/ 99.7% chance
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Decay channels

e Each t » Wb w/ 99.7% chance
e ttH > bb and tt are the leading-order backgrounds

- The two of them combined result in a signal-to-background ratio of ~ 4 - 10> for
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Pre-selection (1L) u

e ttH » cC events must follow the following pre-selection regs:
- Each event must contain at least five reconstructed jets.

e H > ccw/ 3% chance e H > bbw/ 58% chance
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e ttH - cC events must follow the following pre-selection regs:

- Each event must contain at least five reconstructed jets.
- Exactly one electron or muon must be present in the event.
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The analysis
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Discriminants, working points u

Discriminants for the analysis are defined as:

Pb
Dy = |
SR I S (R A AT

Pe
D.=1
G ot fp (=) P

with f., f;, and f, being constants defined as needed for efficient tagging, and the probabilities
given by GN2.
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Discriminants, working points

c-tag score
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The analysis
[e]e]e] ]

e Each jet is assigned to one of
these seven categories

e As a default for comparison, we
use 30% c-jet efficiency and 70%
b-jet efficiency
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Conclusion II

You are ~100% gibbon

The analysis will yield:

Higgs-top coupling understanding

e Further constrained limits on BSM
signals
e ML flavor tagging improvements AI model

(part of) A PhD thesis for yours truly

Thank you kindly!
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Analysis feature definition u

e The analysis dataset is defined by up to 10 jets per event, with each jet having the
following features:
- Kinematics (E, pr, 1, ¢)
- Flavor-tagging probabilities (for jet to originate from whichever flavor)-GN2 provided
- True flavor

e And also, some event-level features:

number of reconstructed jets

number of b-tagged and light-tagged jets
Missing transverse energy and ¢ of MET vector
true process label (ttH > cC, etc)
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