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Machine Learning for particle physics

W/ Z top B-factories
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nique [13]. This method provides the most precise
my measurement at the Tevatron in the f+jets final
state [1, 2], and was applied in previous measurement of

The BABAR Collaboration

Cerﬂ COUFI’Ier. my in the dilepton final state using 5.3 fb~! of integrated
. luminosity [39]. The ME method used in this analysis is Avienct 12 9NNA
Discovery of the weak described below.

To discriminate signal from continuum background, we also use a neural network (NN)
combining six variables: a Fisher discriminant made from two event-shape variables (see
[18]); the cosine of the angle between the direction of the B and the collision axis (z) in the
CM frame; the cosine of the angle between the B-thrust axis and the z axis; the cosine of
the angle between the B-thrust axis and the thrust of the particles of the rest of the event;
the angle between the direction of the 7% and that of one of its daughter photons in the 7°
rest frame (7° decay angle); and the sum of transverse momenta relative to the z-axis of the
particles in the rest of the event.

neutral currents

B. Event probability calculation

The ME technique assigns a probability to each event,
which is calculated as

P(z, fiz,mt) = fir- Pz, me) + (1 — fiz) - Poxg(), (2)

where f,; is the fraction of ¢ events in the data, and
P and Pk are the respective per-event probabilities
calculated under the hypothesis that the selected event heD—eX/O408093
is either a tt event, characterized by a top quark mass mq,
or background. Here, x represents the set of measured
observables, i.e., pr, 1, and ¢ for jets and leptons. We
assume that the masses of top quarks and anti-top quarks
are the same. The probability P;(z,m;) is calculated as
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A voice recognition program translated a speech given by Richard F. Rashid,
Microsoft’s top scientist, into Mandarin Chinese. Hao Zhang/The New York Times

Scientists in Geneva on Wednesday applauded the discovery of a subatomic particle
that looks like the Higgs boson. Pool photo by Denis Balibouse
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https://www.nytimes.com/2012/11/24/science/scientists-see-advances-in-deep-learning-a-part-of-artificial-intelligence.html
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Big science, big data
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https://a3d3.ai/about/

ATLAS: Run 3, HL-LHGC
Belle-Il lumi
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Reconstruction 5, ¢(x) | 0)
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vf'f - Denisty ratio estimation
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Clusters
Energy deposits
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EXPERIMENT
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https://arxiv.org/pdf/1005.5254.pdf

Reconstruction

tagged jets

P

f tagging

Deep learning for HEP
CNNs (2015)

RNNs (2017)
Deep Sets / Graphs (2018)

Transformers (2020) ﬁ




Set-to-graph: 2002.08772
ATL-PHYS-PUB-2022-027
S. Stroud’s GN* seminar

Jet tagging: multi-task learning!

Graph-net based flavour tagger
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https://indico.cern.ch/event/1232499/
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GN1 (2021): helped a lot
30m training jets

100% improvement
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Vertex finding
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/70

60

C-jet rejection

50 |

Vs =13TeV
- tt jets, £p = 70%

2017 2018

First deep learning
application transforming
ATLAS physics analyes

E_ DL1r
-~ DL1 &

2019

2020
Year

T [ T
= ATLAS Simulation Preliminary

Run 3 reco

DL1d

2021

2022

GN2

2023

1500

12500
12000
11500

11000

FTAG-2023-01

t rejection

_Je

Light


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/

/70

60

C-jet rejection

Transformer-based tagger

FTAG-2023-01

@ (10) more training jets [300m ]

50 |

Vs =13TeV
- tt jets, ep = 70%

2017 2018

T [ T
= ATLAS Simulation Preliminary

First deep learning
application transforming
ATLAS physics analyes

E_ DL1r
-~ DL1 ﬁ

2019

Run 3 reco

DL1d

2020 2021 2022
Year

2023

1500

<

12000
11500

11000

t rejection

_Je

Light


https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/

More data, less physics

The more data we add, the less phyiscs inductive biases help.

transformer

> Jet flavor
D prediction

!

N

Track origin
predictions

Il

y l .
Combined Intial track

Conditional track \
representation

Z o1 = Z o1 T +/ 7, 4\

GN1 (2021): helped a lot GN2 (2023): help a little
30m training jets -+ 300m training jets

100% improvement - 15% improvement
ATL-PHYS-PUB-2022-027 2505.19689 16
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https://arxiv.org/abs/2505.19689
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PUBNOTES/ATL-PHYS-PUB-2022-027/

Classify b-jets




Classify other jets

Classify b-jets
O ®

GN2




GN3: multi-modal, multi-task

2x decrease in bkg mistag rate @&
FTAG-2025-01
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Density ratio intro

Generalizes the ratio of two histograms to high dimensions

Histograms = Neural density ratio estimation
PA(X)
o = A NNo(x) = o X e Rd
= =" Pa(X)

Loss: binary cross entropy

A/ B

P = — Z log NNg(x,) — 2 log (1 — NNg(xl-))

x; € A x; €B



Background estimation
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Wide spread adoption
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Bkg estimation (when we don’t trust QCD simu\ation)
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https://arxiv.org/abs/2412.03747
https://indico.cern.ch/event/1392054/attachments/2823468/4931436/CERN_DS_Seminar-CMS_EXO_22_026-BM.pdf
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2108.072568

e S .

Emergence of... “how” features functionalities
Homogenization of... learning algorithms architectures models
2000s 2010s 2020s

“From a technological point of view, foundation models are not new... however,
the sheer scale and scope of foundation models from the last few years have
stretched our imagination of what is possible.”


https://arxiv.org/abs/2108.07258
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‘A foundation model is any model that Is trained on broad data
(generally self-supervision at scale) that can lbe adapted (e.g, fine-tuned)
to a wide range of downstream tasks.”



https://arxiv.org/abs/2108.07258
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Classifier efficiency HEP reconstruction is trained on broad data

oieratini points

Each of analysis chooses their own
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Classifier efficiency HEP reconstruction is trained on broad data
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Tight / loose Q Foundation models: can we let gradients
do our work for us”? “Fine-tuning”




M. Vigl, NH, L. Heinrich
2401.13536

tagged jets
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Q Foundation models: can we let gradients
do our work for us”? “Fine-tuning”


https://arxiv.org/abs/2401.13536

M. Vigl, NH, L. Heinrich
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Background rejection

37

90% signal efficiency

Better
S+HLF scratch

S+HLF frozen

V+HLF frozen

V+HLF finetuned

---- V+HLF finetuned (JetClass init)

’——~
-y
- ~-__

104 10°  10° 107

N training evts

M. Vigl, NH, L. Heinrich
2401.13536



https://arxiv.org/abs/2401.13536

Background rejection

37

90% signal efficiency

103-
77
/ \
1074 - P / Std—
/,—’ analysis
| /
_//
(7
Better
101 - —e— S+HLF scratch
] —— S+HLF frozen
—— V+4+HLF frozen
—— V+HLF finetuned
---- V+HLF finetuned (JetClass init)
O 4 ,’"*f”\\\ _
i 2 1 47 < _______________________
© e S s S — = = e e SO
103 10* 10° 106 10’

N training evts

M. Vigl, NH, L. Heinrich
2401.13536



https://arxiv.org/abs/2401.13536

Background rejection

37

90% signal efficiency

103-
77
/ \
1074 - P / Std—
/,—’ analysis
| /
_//
(7
Better
101 - —e— S+HLF scratch
] —— S+HLF frozen
—— V+4+HLF frozen
—— V+HLF finetuned
---- V+HLF finetuned (JetClass init)
O 4 ,’"*f”\\\ _
i 2 1 47 < _______________________
© e S s S — = = e e SO
103 10* 10° 106 10’

N training evts

M. Vigl, NH, L. Heinrich
2401.13536



https://arxiv.org/abs/2401.13536

Background rejection

37

90% signal efficiency

103- |
End-to-end R - Seru y
G}@ analysis N\ —---==== - 4
/, |
107- L7 / Std
/,—’ analysis
] /
_//
74
Better
101 - —— S+HLF scratch
- —— S+HLF frozen
—— V+HLF frozen
—e— V+HLF finetuned
---- V+HLF finetuned (JetClass init)
O 4 ,’"*f”\\\ _
e’ 2 1 47 < _______________________
Rl == R ——————
103 104 10° 10° 10’

N training evts

M. Vigl, NH, L. Heinrich
2401.13536

Decreases bkg by 2x ...
S/\/E . increases significance by
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A better Higgs tagger helps
analysis performance
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A better Higgs tagger helps
analysis performance

But training from scratch, with
enough data, will surpass
traditional analyses.

Decreases bkg by 2x ...
S/\/E . increases significance by

40%!
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2401.13537; ML4Jets; IML

More self-supervised training
proposals, see M. Kagan & A. Hallin
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https://arxiv.org/abs/2401.13537
https://indico.cern.ch/event/1253794/contributions/5588564/attachments/2746940/4779937/MPM.pdf
https://indico.cern.ch/event/1297159/contributions/5729217/attachments/2789213/4863674/MPM_IML_Talk.pdf
https://indico.cern.ch/event/1459124/contributions/6150087/attachments/2938370/5162044/Kagan_FMworkshop_2024.pdf
https://indico.ph.tum.de/event/7906/contributions/10714/attachments/6920/9623/Foundation_models_for_HEP_Anna_Hallin.pdf
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Also in neutrino physics (DUNE)

Linear Probing: Semantic Segmentation

Semantic Segmentation
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https://docs.google.com/presentation/d/1A6RMXXNE5A410XVBYMonW8Y0OGv3jPZULEpVF2KoWug/edit?slide=id.g3644502a531_0_5153#slide=id.g3644502a531_0_5153
https://arxiv.org/abs/2502.02558

Phys. Rev. D 111, 092015 (2025)

What does this enable?

=» Sharing reconstruction across experiments
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https://arxiv.org/pdf/2503.00131

Phys. Rev. D 111, 092015 (2025)
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https://arxiv.org/pdf/2503.00131

The Q: Build big or build smart?

XYY R
9000000

BUILD BIG OR BUILD SMART: EXAMING SCALE AND DOMAIN KNOWLEDGE IN MACHINE LEARNING FOR
FUNDAMENTAL PHYSICS

Workshop ongoing in Munich, 25.8 — 19.9

https://www.munich-iapbp.de/activities/activities-2025/machine-learning



https://www.munich-iapbp.de/activities/activities-2025/machine-learning
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https://arxiv.org/abs/2310.12804
https://indico.cern.ch/event/1297159/contributions/5729183/attachments/2789640/4864511/IML_30Jan2024_NDIVE.pdf
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https://arxiv.org/abs/2310.12804
https://indico.cern.ch/event/1297159/contributions/5729183/attachments/2789640/4864511/IML_30Jan2024_NDIVE.pdf
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from vix fit if perfect track selection )

Interesting for Belle 2?7 1808.10567

6.2.1. Vertex finding algorithms. The Belle I experiment has deployed three implemen-
tations of a vertex fit: KFitter, developed for the Belle experiment, RAVE [59], a standalone
package originating from the CMS vertex fitting libraries, and TreeFitter [71], initially con-
ceived by the BaBar collaboration. We use both KFitter and RAVE for kinematic fits and
RAVE for geometric fits. TreeFitter is used for the fitting entire decay chains.

Kinematic fits. Kinematic fitting uses the known properties of a specific decay chain
to improve the measurements of the process. Lagrangian multipliers are used in order to
impose the kinematic constraints to the fit. Given the measurements, q = (q1, ..., gn), with
a covariance matrix, V', and kinematic constraints, h(q), the function to be minimised in
terms of the most suitable vertex is:

X = (qa— @)V q—-q) + +2\T (Ddy + h(boldsymbolq)) (15)

where A is the Lagrange multiplier, h(@) =0 and D = 0h/dy. Here q represents the
improved measurements, d is the kinematic constraint at the starting value and dyis the 43
difference between the improved measurement and the starting value.
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How to use gradients MORE?
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W/ A. Kofler, M. Kagan and L. Heinrich, in prep



How to use gradients MORE?

d b-tag d jet

Clustering not differentiable... how to fully
exploint the richness of our high dim data

(tracks / hits wéi ).
Particle Flow
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: Tracking @E@

Clustering

W/ A. Kofler, M. Kagan and L. Heinrich, in prep



How to see a Higgs: wearing the right
glasses

4

I/ﬂ=€,//x

Madgraph + pythia, pp collisions @ 14 TeV
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With A. Kofler, M. Kagan and L. Heinrich, in prep
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Differentiating clustering

Step 1: Interpret clustering decision probabilistically

Qanti-kT, M. Schwartz + collab: 1201.1914, 1304.2394

Deterministic Probailistic

Merge closest two particles Sample which particles to merge

¢ these btwo! ¢ merqe!
Edge weights show
‘ merging probability
y y

With A. Kofler, M. Kagan and L. Heinrich, in prep


https://arxiv.org/abs/1201.1914
https://arxiv.org/abs/1304.2394

Differentiating clustering

Step 1: Interpret clustering decision probabilistically

Step 2: Gradient with score based estimate
As in 2308.16680

Vé’ _x~p(6’) [f ()C)]
— Sx~p(6) [f()C) VHIOg p(6’)]

u.ﬂ

L[]

47

With A. Kofler, M. Kagan and L. Heinrich, in prep


https://arxiv.org/abs/2308.16680

Differentiating clustering

Step 1: Interpret clustering decision probabilistically

Step 2: Gradient with score based estimate

1.1'_

, Step 3: Gradient based opt for
clustering radius parameter

With A. Kofler, M. Kagan and L. Heinrich, in prep
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Differentiating clustering

Step 1: Interpret clustering decision probabilistically

Step 2: Gradient with score based estimate

, Step 3: Gradient based opt for
clustering radius parameter

With A. Kofler, M. Kagan and L. Heinrich, in prep
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pp—ZH—llbb, 14 TeV
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In conclusion...

p-tagging

more INputs;
bigger model, better perf
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Light-jet rejection

And... it translates to the physics (!)
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Light-jet rejection

2505.19689

And... it translates to the physics (!)
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GN3: Multi-task, multi-modal b-tagger
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GN3: Multi-task, multi-modal b-tagger

ATLAS Simulation Preliminary
VS =13.6 TeV, tt events
20<pr<250GeV, |n|<2.5

Component GN2 GN3

Track—jet association =~ AR-based association Ghost-association

Track selection dy < 3.5 mm, 40 tracks dop < 5 mm, 50 tracks

Inputs Jets and tracks Jets, ghost-associated tracks, soft muons,

PFlow objects

Activation function ReLU SiLU

Initialisation layers 256 312

Transformer encoder 4 scaled dot-product atten- 4 Flash Attention, Gated Linear Units,
tion 8 register tokens

Embedding dimension 256 512

Jet classification 4 classes: b,c,{, T 6 classes: b,c,ud, s, g, T

Background rejection

Loss balancing Fixed weights per task Geometric mean of losses (GLS)
Optimiser AdamW Lion
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including 8 DeepCore strings
5160 optical sensors
In the original EdgeConv implementation, edges are cal-
culated in each layer dynamically by k-Nearest Neighbors
(kNN). However, this edge selection scheme is not differen-
1450 m DeepCore . tiable in itself and therefore does not have gradients. This
foftlgagei':ﬁgf;?egswt'""zed would still work well for the segmentation task in the orig-
480 optical sensors inal paper, as points in the same segment are trained to be
close in the latent space. However, the situation is different
Eiffel Tower in this task, where it would not make sense to dynamically
A- s select edges. Therefore, the edges used in EdgeConv are cal-
2450 m culated from the input features only once in our model.
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All three of the winning solutions
used a transformer architecture.

Also in jet tagging (ATLAS and CMS), transformers outperform GNN architectues.


https://www.kaggle.com/competitions/icecube-neutrinos-in-deep-ice
https://arxiv.org/pdf/2310.15674

Simulation based inference
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NH thesis

Flows for high dimensional interpolation
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NH thesis

1) GP ﬁtS p(X, My, mHZ) = p(X ‘ My1, m|_|2) p(mHh mH2)
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NH thesis

Input processing: HH -> 4b background modeling
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https://cds.cern.ch/record/2878542

Input processing : HH -> 4b background modeling

ATLAS Thesis

Vs =13 TeV, 126 fb~1

4b SR

4b data
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NH thesis

Input processing : HH — 4b background modeling

Varlable transformatlons
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Proballistic reconstruction of two neutrinos

2207.00664

2307.02405

Useful for Belle 2? 1808.10567

Table 5: Expected errors on several selected observables in radiative and electroweak penguin
B decays. Note that 50 ab™! projections for B decays are not provided as we do not expect

to collect such a large 7'(5S5) data set.

Observables Belle Belle I1
(2017) 5ab~! 50 ab~!

B(B — K*tuvp) <40 x 1076 25% 9%

B(B — Ktvp) <19 x 1076 30% 11%
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https://arxiv.org/abs/1808.10567

Malte Algren
ATLAS-CONF-2024-014

Calibration... in a differentiable way
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https://indico.cern.ch/event/1387465/contributions/6019631/attachments/2924286/5133139/b_jet_calibration_using_optimal_transport_atlas_cms_WS.pdf
https://cds.cern.ch/record/2911642
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ML HEP

Foundation Model Reconstruction

Pretext tasks Reconstruction closure
(next word prediction)

Downstream head Analysis

Finetuning Analysis specific

reconstruction, e.g, operating points

Embedding Object observables (jets)
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How to build this HEP foundation model

M. Kagan's slide

& A. Hallin for up-to-date list

Contrastive Learning:
Symmetry Augmentation

Dillon, Kasieczka, Olischlager
Plehn, Sorrenson, Vogel, 2108.04253

Contrastive Learning:
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https://arxiv.org/abs/2401.13537
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https://arxiv.org/abs/2403.07066

Neural Differentiable Vertex Fitter
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https://arxiv.org/abs/2310.12804
https://indico.cern.ch/event/1297159/contributions/5729183/attachments/2789640/4864511/IML_30Jan2024_NDIVE.pdf
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Differentiating clustering

Step 1: Interpret clustering decision probabilistically

Ex: sample i through event w/ 6 p’cles

Step 2: Gradient with score based estimate Particles “pseudojets”

1 2 3 4 5 6
As demonstrated by M. Kagan and L. Heinrich for

particle interactions in material: 2308.16680

pM(1,2)
In general: p?(4,5)
. . D(4.5) .
For jet clustering: Pl \
or jet clustering oL T
VrE,®)lmyl = _p(R)[mHVRlng(R)] p©4,4) ®

i (VPO +VpPE5)+Vpea2)
mH +Vp®(4,5) +VpO(1,1) +Vp©(4.4) 79

With A. Kofler, M. Kagan and L. Heinrich, in prep


https://arxiv.org/abs/2308.16680

