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Industry models keep getting better (and bigger)

Rate of improvement is quite impressive
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Compute* is all you need
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1 NVIDIA H200:

￼  FLOPs/day (BF16)∼ 1020

arXiv:2001.08361

arXiv:2203.15556

O(1T) parameters

*optimal use of compute
Delicate balance between dataset 

and model size
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What about HEP?
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44m

25m

Muonchambers

Tilecalorimeters

LArhadronicend-capand
forwardcalorimeters

Pixeldetector

Toroidmagnets Arelectromagneticcalorimeters

Solenoidmagnet Transitionradiationtracker

Semiconductortracker

The ATLAS detector 

100 million 
read out 
channels
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Detector simulation Event Generation

Tracking/Calo clusters Particle/Jet reco
Event observables 

“Analysis”

￼IR1Making sense of the data

Parton evolution & 
Hadronization
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The role of reconstruction

Reco Event 
(particles, jets, 

MET)

Foundation that serves all downstream physics analysis

Reconstructed EventLow level features
Lots of low level ML

H

H

H

𝝺
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Tracking/Calo clusters Particle/Jet reco
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Jets

Displaced 
Tracks

Lxy

Secondary 
Vertex

light jet c-jetu,d,s g
Most tracks originating 
from the PV
Few displaced tracks

Primary 
Vertex

Prompt 
Tracks

“Long” lifetime: 𝜏 = 1.2 ps
Many (￼ ) displaced tracks≈ 5

𝜏 =.6 ps
Some displaced tracks

b-jet H

H

H

𝝺

In the detector, quarks & gluons create jets

Jet Flavor “Tagging” is crucial 
for many analyses 
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b

b

b

b
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Jet Flavor Tagging in ATLAS

ATLAS TDR 1999
[T]he H → bb decay mode is dominant … [but] the extraction of a signal from H → bb 
decays in the WH channel will be very difficult at the LHC, even under the most 
optimistic assumptions for the b-tagging performance and calibration of the shape and 
magnitude of the various background sources from the data itself. 

Long history of success with ML in 
ATLAS flavor tagging
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Courtesy: Michele D'Andrea

GN3 public plots

Better

https://cds.cern.ch/record/391177/
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2025-01/
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HEP: Mainly driven by architecture 
and input features improvements

￼  FLOPs∼ 1018

??

x10 training 
data

Industry: Mainly driven by scale

What’s driving ML performance?
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￼  FLOPs∼ 1018

??

~7 orders of magnitude away!

x10 training 
data

What’s driving ML performance?
HEP: Mainly driven by architecture 
and input features improvementsIndustry: Mainly driven by scale
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Industry: foundation models

Fully differentiable pipeline

arXiv:2108.07258

2) Fine-tuning on small dataset

1) Pre-training on large dataset

• End-to-end

• Or from “Frozen” representation

Expensive, done only once

Latent 
representation
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Industry: foundation models

“Transfer learning is what makes foundation models possible, 
but scale is what makes them powerful”

Scale (￼  FLOPs)∼ 1025

2) Fine-tuning on small dataset

Latent 
representation

Fully differentiable pipeline

arXiv:2108.07258

1) Pre-training on large dataset
Expensive, done only once

• End-to-end

• Or from “Frozen” representation
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Analysis 1

Analysis 2

Analysis 3

Working 
points
Working 
points
Working 
points

Reconstruction ￼  Foundation model≃

Reco Event 
(particles, jets, 

MET)

Scale (￼  FLOPs)∼ 1018 Fine-tuning (discrete wp choices)

Calorimeter  
modality

Tracking  
modality

Muon  
modality

ML ML

ML

ML

Small learnable blocks

Small analysis network

Latent 
representation

Reconstruction: Complex hierarchical 
pipeline of frozen neural components

￼ϕ1 ￼ϕ2 ￼ϕ3 ￼ϕ4

￼ϕ
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Calorimeter  
modality

Tracking  
modality

Muon  
modality
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Analysis 1

Analysis 2

Analysis 3

What are we missing?

Reco  
  



 (preserve gradients “end-to-end”)

Latent 
representation

￼ϕ

Working 
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?

pHH

1) Jet flavors? 3) Is it a HH event?2) Filter
Low level 

constituents
High level 
features

Frozen 
“Representation”

Track Track 

Track Track 

Track Track 

Track Track 

￼pHbbTransformer

Track Track Track inputs

Track Track PFlow inputs

Track Track Jet inputs

Track Track Kinematics

Analysis ML pHH

p_t,eta,phi,m

?
￼ϕ1

→
∇

→
∇ ￼ϕ2

Benchmark example: HH(4b)

H

H

H

𝝺

b

b

b

b
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M. Vigl, N. Hartman, M. Kagan, L.Heinrich

M. Vigl, L. Heinrich
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?

pHH

Track Track 

Track Track 

Track Track 

Track Track 

￼pHbbTransformer

Track Track Track inputs

Track Track PFlow inputs

Track Track Jet inputs

Track Track Kinematics

Analysis ML pHH

p_t,eta,phi,m

?
￼ϕ1

→
∇

→
∇ ￼ϕ2

Benchmark example: HH(4b)

1. Scale 2. Fine-tuning

H

H

H

𝝺

b

b

b

b

M. Vigl, N. Hartman, L. HeinrichATLAS collaboration 
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Train loss
Test loss

Steps

Neural Scaling laws (simplified)
No data repetition!
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Train loss
Test loss

Steps

Bigger models

Neural Scaling laws (simplified)
No data repetition!
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Train loss
Test loss

Steps

Bigger models

arXiv:2001.08361

L(N, D) = L∞ +
A
Nα

+
B

Dβ
arXiv:2203.15556

Neural Scaling laws (simplified)
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Train loss
Test loss

Steps

Bigger models

arXiv:2001.08361

￼C = 6NBS

L(N, D) = L∞ +
A
Nα

+
B

Dβ
arXiv:2203.15556

Neural Scaling laws (simplified)
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Train loss
Test loss

Steps

Bigger models

arXiv:2001.08361

￼C = 6NBS

arXiv:2001.08361

L(N, D) = L∞ +
A
Nα

+
B

Dβ
arXiv:2203.15556

Neural Scaling laws (simplified)
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Scaling GN3: Loss surface

￼23

L(N, D) = L∞ +
A
Nα

+
B

Dβ

Highest achievable performance (on MC, with current inputs), 
we’ll see later what this means in terms of physics reach potential
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Compute optimal trajectories

￼24

min
N,D

L(N, D) s.t. C = 6ND = const. Cbudget



Matthias Vigl
￼25

Data repetition is always 
compute sub-optimal

Data limited scaling
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Data repetition is always 
compute sub-optimal

10x compute spent on data repetition can get us up to x3 effective Dataset size

Data limited scaling
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Where are we now?
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Current state-of-the-art (GN3)

? GPT-3 
scale

GPT-5 
scale

￼  FLOPs∼ 1023 ￼  FLOPs∼ 1025
￼  FLOPs∼ 1020
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We do have a lot of compute
Can reasonably get access to O(100-1000) GPUs for a few days (￼  FLOPs)∼ 1022 − 1023

Let’s put the scaling laws to test

TN25-86M

￼  FLOPs∼ 4 × 1020

￼  B Jets∼ 7.7

160 A100s
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It works!
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Seems like we were far away 
from solving jet tagging, still 
x10-50 to improve upon sota!


• Predictable improvements: 
can get there with scale alone

L(N, D) = L∞ +
A
Nα

+
B

Dβ

TN25-86M

￼  FLOPs∼ 4 × 1020

￼  B Jets∼ 7.7

160 A100s
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How much did we improve?

￼  FLOPs∼ 1018

Current model ??

Scaling
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￼  FLOPs∼ 1020 ￼  FLOPs∼ 1023￼  FLOPs∼ 1018 ￼  FLOPs∼ 1025

How much did we improve?

Current model

Deployable

Soon?
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The bitter lesson

“Domain knowledge”

“S
ca

ling
 la

ws”

￼  FLOPs∼ 1023 ￼  FLOPs∼ 1025￼  FLOPs∼ 1020￼  FLOPs∼ 1018

GPT-3 GPT-5
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L(N, D) = L∞ +
A
Nα

+
B

Dβ

More low level data increases the 
performance ceiling (￼  floor) which can 

consistently be reached by scaling compute
L∞



Matthias Vigl

Impact of scale on HH(4b)

￼34

￼Z(L, ϵb) =
S(L, ϵb)
B(L, ϵb)

=
s ϵ4

b L

(f br + bir ϵ4
b) L

=
s ϵ4

b

f br + bir ϵ4
b

L , bir ϵ4
b ≫ f br,

Z(L, ϵb) ≈
s ϵ4

b

bir ϵ4
b

L =
s
bir

ϵ2
b L

Z(L, ϵb,2)
Z(L, ϵb,1)

=
ϵ4

b,2

ϵ4
b,1

f br + bir ϵ4
b,1

f br + bir ϵ4
b,2

⟹
Z2

Z1
≈ (

ϵb,2

ϵb,1 )
2

ϵb = Tagger b-jet efficiency at fixed bkg. rejection
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Impact of scale on HH(4b)

Already Trained

Current model (GN2)

Soon?

5-8 years of data taking!

Baseline (GN3)
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arXiv:2401.13536

Scalar + HLF Vector + HLF

ℝ128
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“End-to-end” HH(4b)

“Foundation model” Jet Backbone

Jet High Level Features (HLF): pT, η, 𝜑 m

• Do we simply train the full pipeline from scratch 
on the analysis objective?


• Do we pre-train on jet tagging? 

• Is this frozen representation all we need?


• Does fine-tuning help?


• Are high dimensional per-jet 
representations better?

→
∇
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What do we gain by preserving gradients?

Standard 
analysis

Standard analysis: “frozen jet tagging” 
plus analysis network
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Standard 
analysis

Standard analysis: “frozen jet tagging” 
plus analysis network

From scratch (end-to-end): slower (of course) 
but eventually surpasses frozen backbone: 

there’s more than just jet tagging!From 
scratch

What do we gain by preserving gradients?
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Standard 
analysis

Standard analysis: “frozen jet tagging” 
plus analysis network

From scratch (end-to-end): slower (of course) 
but eventually surpasses frozen backbone: 

there’s more than just jet tagging!

High dimensional representations are 
more expressive

From 
scratch

128d latent 
space

What do we gain by preserving gradients?
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Standard 
analysis

Standard analysis: “frozen jet tagging” 
plus analysis network

From scratch (end-to-end): slower (of course) 
but eventually surpasses frozen backbone: 

there’s more than just jet tagging!

High dimensional representations are 
more expressive

Fine-tuning and more pre-training helps

S/ B : increased significance by 40%

From 
scratch

End-to-end 
fine-tuned 
analysis

More pre-
training

128d latent 
space

What do we gain by preserving gradients?
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￼41
Matthias Vigl

Bonus: Jet tagging as emergent feature
Track Track 

Track Track 

Track Track 

Track Track 

Representation
Transformer

Track Track Track inputs

Track Track PFlow inputs

Track Track Jet inputs

Track Track Kinematics

pHH

→
∇

With enough data, the network figures out 
what sub-task (Higgs tagging) is crucial to 
solve the downstream physics goal

128d 1d
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How far can we take this?
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• Hierarchical set of reconstruction 
tasks in HEP pipeline, plus the 
analysis objective


• We use ML for most of them


• Each task will saturate (￼ ) at 
increasing scale as we go back in 
the pipeline

L∞

Can scale all of these tasks individually, but a unified approach is preferable

Reco Event 
(particles, jets, 

MET)

ML ML

ML

ML

learnable blocks (scale!)

Latent 
representation

￼ϕ1 ￼ϕ2 ￼ϕ3 ￼ϕ4



Matthias Vigl

Are foundation models the future of HEP?
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M. Kagan slides • Scalable (and high performance ceiling) 
1. Low level inputs, complex task, scalable 
model


• Justifies Simulation/Compute allocation 
2. Useful for many downstream tasks


• Scale alone is as important as architecture 
choice

3. Need to (Pre)-Train on 3-4 orders of  
magnitude more data
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Domain knowledge

Sca
ling

 la
ws
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Conclusions

Clear potential from scaling current models, 
no need to change anything else


• We have more compute than we think


• Paves the way for large scale model 
deployment (IaaS) in LHC exp. frameworks


More ambitious:


• Drift towards foundation-model pipeline 

• Brings scale to all downstream tasks, cross-
experiment pre-training, end-to-end fine-
tuning, fast analysis turnaround 

Scale is the main 
driver of performance

Large scale ML (as in industry frontier compute) is under explored in HEP




BACKUP
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Are foundation models the future of HEP?

￼46

System to do rapid, optimal, and automated searches through lots of data and theory space

How would this look like?
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Are foundation models the future of HEP?

￼47Stolen from M. Kagan

Data AnalysisSimulationTheory

Results drive theory hypothesis selection (active learning)

Adaptable and rapid calibration

Automated workflow (agentic science)

Fine-tuning on selected hypothesisOn demand rapid data generation

Foundation 
model

System to do rapid, optimal, and automated searches through lots of data and theory space

Analysis as fine-tuningBrute force: large-scale pre-trained Foundation Model Result New hypothesis
Reusable, adaptable and generalised ML tool

Fast turnaround

https://indico.cern.ch/event/1604420/contributions/6760798/attachments/3196497/5689562/Kagan_ZPW2026.pdf
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Agentic science: maybe not so far away?
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x8 NVIDIA H200 
for ~1 week

I want to know which FTAG architecture I should deploy in ATLAS if I 
have a training budget of ~10^23 FLOPs. Here (/ftag_papers/*.pdf) are a 
few papers for models that enforce e.g. symmetries to gain performance at 
fixed dataset size, but they might be more compute expensive. Can you 
derive scaling laws as a function of compute and compare to a vanilla 
transformer, using the Jetclass dataset? Search the web for existing GitHub 
code, work autonomously and validate experiment runs when they’re 
finished, if something breaks, fix it and continue. You have 8 H200 gpus at 
your disposable and 1 week to get results
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Data repetition is always 
compute sub-optimal

10x compute spent on data repetition can get us up to x3 effective Dataset size

Data limited scaling
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The bitter lesson
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Alphafold 1

Alphafold 2

Alphafold 3

CNN + geometric modeling

Transformer (Evoformer) + structure module

Diffusion Transformer (multi-molecule)

High inductive bias

Medium inductive bias

Low inductive bias

~20–30 M parameters

~90–100 M parameters

~500–700 M parameters
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The bitter lesson

More compute = 
Better Physics
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Impact of scale on HH(4b)
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Impact of scale on HH(4b)
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Validating neural scaling laws: a brief history
￼  FLOPs∼ 8.6 × 1019

1.5 B parameters

33 NVIDIA 
Tesla V100

Jan 2020: 1st scaling laws paper

￼  FLOPs∼ 108
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Validating neural scaling laws: a brief history
￼  FLOPs∼ 8.6 × 1019

1.5 B parameters

33 NVIDIA 
Tesla V100

￼  FLOPs∼ 1023

10000 NVIDIA 
Tesla V100

175 B parameters

July 2020: GPT-3Jan 2020: 1st scaling laws paper Still no flattening!

🤝
Bet: is it going to hold?

￼  FLOPs∼ 108



Matthias Vigl
￼57

Validating neural scaling laws: a brief history
￼  FLOPs∼ 8.6 × 1019

1.5 B parameters

33 NVIDIA 
Tesla V100

￼  FLOPs∼ 1023

10000 NVIDIA 
Tesla V100

175 B parameters

July 2020: GPT-3Jan 2020: 1st scaling laws paper Still no flattening!

🤝
Bet: is it going to hold?

March 2022: Chinchilla compute-optimal scaling

L(N, D) = L∞ +
A
Nα

+
B

Dβ

￼  FLOPs∼ 108

Entropy (of language) 
as irreducible limit
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Validating neural scaling laws: a brief history
￼  FLOPs∼ 8.6 × 1019

1.5 B parameters

33 NVIDIA 
Tesla V100

￼  FLOPs∼ 1023

10000 NVIDIA 
Tesla V100

175 B parameters

July 2020: GPT-3Jan 2020: 1st scaling laws paper Still no flattening!

🤝
Bet: is it going to hold?

March 2024: GPT-4

March 2022: Chinchilla compute-optimal scaling

L(N, D) = L∞ +
A
Nα

+
B

Dβ

￼  FLOPs∼ 1025

￼  FLOPs∼ 108

Entropy (of language) 
as irreducible limit Still going strong!



Matthias Vigl
￼59

Validating neural scaling laws: a brief history
￼  FLOPs∼ 8.6 × 1019

1.5 B parameters

33 NVIDIA 
Tesla V100

￼  FLOPs∼ 1023

10000 NVIDIA 
Tesla V100

175 B parameters

July 2020: GPT-3Jan 2020: 1st scaling laws paper Still no flattening!

🤝
Bet: is it going to hold?

March 2024: GPT-4

March 2022: Chinchilla compute-optimal scaling

L(N, D) = L∞ +
A
Nα

+
B

Dβ

￼  FLOPs∼ 1025

￼  FLOPs∼ 108

Entropy (of language) 
as irreducible limit Still going strong!
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Train loss
Test loss

Model complexity (￼  )∼ Nparameters

Classic bias/variance trade-off

Over-parametrised

N

D

thr.

Double descent
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Train loss
Test loss

Model complexity (￼  )∼ Nparameters

Classic bias/variance trade-off

Over-parametrised

Interpolation threshold

Double descent
N

D

thr.
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Train loss
Test loss

More data (D)Classic bias/variance trade-off

Over-parametrised

Interpolation threshold
Model complexity (￼  )∼ Nparameters

N

D

thr.

Double descent
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Double descent in modern ML

￼63

arXiv:1912.02292

N

D

thr.

arXiv:2303.14151

https://arxiv.org/pdf/1912.02292
https://arxiv.org/pdf/2303.14151
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Double descent in jet tagging

￼64

100k Jets

N

D

thr.

Interpolation threshold
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Jet pt regression

￼65

Model wise DD

Ep
oc

h 
w

is
e 

DD

N

D

thr.Spin-off
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SUSY vs SM classification

￼66
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Jet pt regression

￼67

Model wise DD

Ep
oc

h 
w

is
e 

DD
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SUSY vs SM classification

￼68

3k events 150k events

Early stopping can show double descent N

D

thr.Spin-off
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Complete cost model

￼69

C = 6ND + kD + mN

Training cost Dataset creation cost Inference cost

+ preprocessing / validation

N

D

thr.

min
N,D

L(N, D) s.t. C = 6ND + kD + mN = const.
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Compute optimal trajectories

￼70

N

D

thr.

C = 6ND + kD + mN

k ↑ m ↑
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Compute optimal trajectories

￼71

N

D

thr.

C = 6ND + kD + mN



￼72 Matthias Vigl, Nicole Hartman, Lukas Heinrich

• Finetuning on even-level doesn’t necessarily find the best possible tagger, but finds the 
best possible representation!


• Finetuning a tagger for HH (only jet ID task) yields better tagging performance but lower 
event-level discrimination 

Any jet representation is allowed during event-level finetuning, not obvious this would be so easily mapped to jet 
probabilities

Jet task
Event task
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SUSY vs SM classification

￼73

Balanced dataset Class imbalance

Epoch-wise double descent doesn’t always happen
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C = 6NBS

LLMs typically never see data more than once 
before running out of compute budget. 


• We limit ourself to (few) simulated data, quickly 
running out of optimal compute - excess 
compute spent sub-optimally (e.g. train for 
multiple epochs, train large models with some 
degree of overfitting). ￼BS = epochs × Dmax

C(N*,D*<Dmax)
optimal = Cbudget C(N*,Dmax)

optimal < Cbudget

GeneratorInternet

Cbudget ∼ 1022 − 1025 Cbudget ∼ 1021 − 1022

∼ inf

C(N*,Dmax) C(N*,Dmax)

Dmax ∼ 1014 Dmax ∼ 109

C(N*,epochs×Dmax)

Cbudget Cbudget

What are we missing?

Collect/clean Simulate/preprocess

(FLOP/
day)(FLOP)
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Da
ta

se
t s

ize

Model complexity
“C

om
pu

te
 e
ffi

cie
nt

” 

tra
jec

to
rie

s

Do
ub

le 
de

sc
en

t 

(If

 u
se

fu
l)

Dataset / detector limit

Interpolation thr

Da
ta

 lim
ite

d 
sc

ali
ng

Training Compute-Optimal Large Language Models,  

Training Compute-Optimal Protein Language Models,  

Compute-Optimal LLMs Probably Generalize Better With Scale

Scaling Data-Constrained Language Models,  

Language models scale reliably with over-training and on downstream tasks

Deep Double Descent: Where Bigger Models and More Data Hurt

3) Data limited scaling -> double descent

How do we scale? 

1) Compute optimal scaling (LLM-style)

2) Data limited (or loss-optimal) scaling

https://arxiv.org/pdf/2203.15556
https://arxiv.org/pdf/2411.02142
https://arxiv.org/pdf/2504.15208
https://arxiv.org/pdf/2305.16264
https://arxiv.org/pdf/2403.08540
https://arxiv.org/pdf/1912.02292
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More than just Higgs tagging
Track Track 

Track Track 

Track Track 

Track Track 

￼pHbbTransformer

Track Track Track inputs

Track Track PFlow inputs

Track Track Jet inputs

Track Track Kinematics

Analysis ML pHH

Jets

?
￼ϕ1

→
∇

→
∇ ￼ϕ2

Track Track 

Track Track 

Track Track 

Track Track 

Transformer

Track Track Track inputs

Track Track PFlow inputs

Track Track Jet inputs

Track Track Kinematics

pHH

￼ϕ2

→
∇



￼77
Matthias Vigl

More than just Higgs tagging

Training the full pipeline from scratch vs 
on a frozen backbone (trained on Higgs 
tagging)

• Much slower (of course) but 
eventually does better

There must be more (useful) 
information to be extracted from the 
jet constituents other than jet label
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Compute optimal trajectories

￼78

*what defines the optimal trajectory is the assumption on compute cost

L(N, D) = L∞ +
A
Nα

+
B

Dβ

N⋆ ∝ Ca
budget, D⋆ ∝ C1−a

budget, L⋆ ∝ C−γ
budget

min
N,D

L(N, D) s.t. C = 6ND = const. Cbudget

a =
β

α + β
, γ =

αβ
α + β
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N

D

thr.

Data-constrained scaling
(or loss-optimal)

Want to have enough capacity to see a minimum in val loss ￼  stay 
approximately around the overfitting threshold

↔

“Cheaper”
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Compute optimal trajectories
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N

D

thr.

C = 6ND



￼81
Matthias Vigl

Latent representations: bitter lesson?

“human interpretable” 
projections = bottleneck

1dTransformer

1d

128d

Transformer 128d

pHbb

“Generic Latent space”

“Human projection” 
End-to-end 
Fine-tuning

No Pre-training

Standard 
HEP (fixed 
backbone)

￼81
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Reco Event 
(particles, jets, 

MET)

e.g. SUSY 
￼  1L search 
in ATLAS
t̃

Optimal test 
statistics

SBI

%

Theory point (hypothesis) 
drives the analysis definition

The final step: statistical “Analysis”
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Best of both worlds
Differentiability: we can do both

Track Track 

Track Track 

Track Track 

Track Track 

Representation
Transformer

Track Track Track inputs

Track Track PFlow inputs

Track Track Jet inputs

Track Track Kinematics

pHH

￼ϕ2

→
∇

￼ϕ1

→
∇

Pre-training: Jet labels Fine-tuning: Event labels

Pre-training supervised on what we think 
is useful, let the machine fineteune later 
to get optimal performance 
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Personal take: “Use scalable methods”. If your inductive bias meshes well 
with scale-up that’s great, use it, but don’t overcomplicate your setup to add 
inductive bias in a way that hinders scaling

TLDR: “Seeking an improvement 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.”
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How much are we talking about

￼  FLOPs∼ 1018
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How much are we talking about

￼  FLOPs∼ 1020￼  FLOPs∼ 1018

Sca
ling

 la
ws

￼  FLOPs∼ 1023 ￼  FLOPs∼ 1025
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ML

Physics

1997 2017

20232022202120202019

2018

RNN 
LSTM Transformers

Deep Sets 
1703.06114

Deep Sets 
1810.05165

RNNIP 
GNNs 

2008.02831
Transformers

1706.03762

Dynamic 
Graph CNN 
1902.08570

2018

Dynamic 
Graph CNN 
1801.07829

GNN review 
1806.01261

ParT 
2202.03772

GN2 
FTAG-2023-01

DIPS 
ATL-PHYS-PUB-2020-014

ATL-PHYS-
PUB-2017-003

https://www.bioinf.jku.at/publications/older/2604.pdf
https://arxiv.org/pdf/1703.06114
https://arxiv.org/abs/1810.05165
https://arxiv.org/abs/2008.02831
https://arxiv.org/abs/1706.03762
https://arxiv.org/pdf/1902.08570
https://arxiv.org/abs/1801.07829
https://arxiv.org/pdf/1806.01261
https://arxiv.org/abs/2202.03772
https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PLOTS/FTAG-2023-01/
https://cds.cern.ch/record/2718948
https://cds.cern.ch/record/2255226
https://cds.cern.ch/record/2255226

