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How can we explain dark matter?

Why more matter than anti-matter in the
Universe?

Dark energy?

Are there new forces / particles to discover ?
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Physicists build mathematical models of the Universe

“All models are wrong, but some are useful”
b

What makes a useful model?: They are predictive

B

>WV' ¢ Particle physics is more messy!

General Relativity reproduces
Newtonian gravity in the right

limits ) \ }

But also predicts:

Perihelion of mercury Black Holes Gravitational Waves .
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Visible universe explained by this Lagrangian

The Standard Model of Particle Physics
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All explained by this Lagrangian

The Standard Model of Particle Physics

It’s deeply flawed:
Can’t explain 85% of all matter (dark matter)

. Why more matter than anti-matter?
- Model parameters need incredible fine-tuning

 Why do neutrinos have mass and why do they oscillate?
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The space of mathematical tricks we could use is enormous

In the old electroweak theory, we didn’t know how to give particles like Z and W bosons their
mass without violating important symmetries

Uk (p)

N

\ X \

Higgs mechanism to the rescue: 2

- The core mathematical trick is unintuitive, inspired by revelations from superconductivity
research in the 1950s!

- How long would particle physicists have take to figure it out on their own?

What if solutions to current open problems are in other unintuitive mathematical tricks?



Neutrinos remain massless in Standard Model, can’t explain their oscillations



Neutrinos remain massless in Standard Model, can’t explain their oscillations

A testing ground for automated theory design



How to design your own particle physics theory ?

Determined by choice of fields and symmetries
they must obey

Fields sit inside symmetry group representations

Adding fields: Akin to adding particles to your universe, gives you more free parameters, more flexibility.
Trivial to explain data with 100s of free parameters
Adding symmetries: Adds structures and restrictions, reduces flexibility but makes the theory richer
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- O O O = O

o O O

A rich space of discrete mathematical choices

Takes months to build intuition for how to use these symmetry
groups and their representations 0 i

Risky: After months of study, you might hit a dead-end 1 0

Cycle graphs up to order 24 1 O
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Baretz et al (inc. Ghosh): arXiv:2506.08080

Design end-to-end automated pipeline: Physics software to form building blocks

Fields & symmetries
V. V. V.
ik aelielleile;
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Design end-to-end automated pipeline: Physics software to form building blocks

Fields & Symmetries -
V. V. V.
ik aelielleile;

Compute Lagrangian
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Design end-to-end automated pipeline: Physics software to form building blocks
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Knowledge from advisor’s notes, slow Mathematica code
formalised into Al-ready workflow by Victoria Knapp-Perez

Compare to observed data

Victoria Kapp Perez
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Baretz et al (inc. Ghosh): arXiv:2506.08080

Reinforcement-learning-assisted theory design

Evaluations B%5

Action on
Observation
Space

Model2Mass

RL agent proposes fields & symmetries

<—— -+ Runs math software to calculate Lagrangian
Run physics software to find predictions
/ - Compare to particle experiment data
Fit free parameters to data
Evaluate compatibility

Evaluate elegance of theory

a Q
LT

——————————————————
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Agent learns to design good theories... too many!
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Agent learns to design good theories... too many!
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How about exploring new symmetry never previously studied by physicists?

l1g= 29X Zs5
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A new symmetry never before studied for neutrino model building
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A new symmetry never before studied for neutrino model building
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Rich landscape of viable neutrino theories,
never previously studied!

T19 X Z4

Number of free parameters
~

= Ul @)
| 1 |

Normalized Model Distribution [1/bin]

37
10~4 102 109 102

Inverse compatiI)ility with data

More details studies for these new theory models also performed
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See paper for gory details: arXiv:2506.08080

Curious what an example new theory look like?

Fieldss L E N H, Hg; ¢ ¢ ¢z @1 05

119 31 32 31 1 1" 32 §3 32 33 §3
R 2 00 O 0 3 2 3 1 3

Irreducible representation assigned to fields

Charges
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Curious what an example new theory look like?
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Curious what an example new theory look like?

3 Lepton singlets

Right handed neutrinos
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See paper for gory details: arXiv:2506.08080

Curious what an example new theory look like?

3 Lepton singlets

Lepton doublets (L, L,, L3) Right handed neutrinos
l | l Higgs doublet
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Irreducible representation assigned to fields

Charges
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See paper for gory details: arXiv:2506.08080

Curious what an example new theory look like?

3 Lepton singlets

Lepton doublets (L;, L, L) Right handed neutrinos
l ' l Higgs doublet 5 Flavons ¢,

Fieldss L E N H, Hg; ¢ ¢ ¢z @1 05

=~ T 31 3 3,1 17 3, 33 3, 33 3;
5 Z4 3 2 0/ 0 O 3 2 3 1 3

Irreducible representation assigned to fields

Charges

More recent work taking forward AIl+workflows with commercial LLM agents and custom RL agents for such
workflows by colleagues, eg. Alexander et al, Agarwal et al

Prior RL for BSM by Wojcik, et al
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Latent Dimension 2

Baretz et al (inc. Ghosh): arXiv:2506.08080

Deep dive into what the agent is doing over time

Visualised in 2D space created by an auto-encoder

o O0st<8 A ST 8st<16 >
Black dots are search
40 trajectory for one agent in
5 one environment
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Early stage of search Middle stage of search 5
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+ dep ge e 6<t<24| [ . .. . - 24 <t<32 = Explores widely in the
R in i v 20 beginning, but realises that
PR S L o i e zero-parameter models are
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10
Focuses on few parameter
REREING W2 S Lt P A T R R models towards the end
Late-middleé stage of search Late stage of search )
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Latent Dimension 1
e Single Environment Trajectory

¢ Good Models: x?<10, n,<7 .
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Baretz et al (inc. Ghosh): arXiv:2506.08080

Deep dive into what the agent is doing over time

Visualised in 2D space created by an auto-encoder
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PV 16<t<24 24 <t<32
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e Single Environment Trajectory
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2.9

S0

40

10

Black dots are search
trajectory for one agent in
one environment

Pink are ‘good models’

Explores widely in the
beginning, but realises that
zero-parameter models are
useless.

Focuses on few parameter
models towards the end

- Excitement in flavour physics community, ;

i including from veterans of the field \
|__(arXiv:2507.19278, arXiv:2510.25495) |
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Al to enhance precision QFT calculations

Transformer to predict terms in
Feynman Rules amplitude solution

1 1 A
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. _ i S
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S 40+
¢?* vertex: = —1A < , ,
'\Learmng happens in
20 - two phases
External scalar: >—— =1

Pred. Sign
+ ©

0 50 100
Epochs

g

Cai et al: arXiv:2405.06107
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Al to enhance precision QFT calculations

Transformer to predict terms in Improving the efficiency of event
Feynman Rules amplitude solution generators like MadGraph
1 1 A 100 -
¢)4 theory: L= 5(8‘u¢)2 - §m2¢2 — Zj(pél -- Target
5 0 —— VEGAS
80 - \
Cenlnn oo ator N 3 s | Traditional .
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g 40 - 0.5
4 . _ R e s
@* vertex: IA < ‘\Learning happens in 0.0 0.2 0.4 0.6 0.8 1.0
20 - two phases /
-- Target
External scalar: > =1 0 50, — RQg
o -
o 1.0
2
A T

0 50 100 051/

Epochs 0.0 0.2 0.4 0.6 0.8 1.0
y

Himel et al: arXiv:2311.01548

g

Cai et al: arXiv:2405.06107 19
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Al to enhance precision QFT calculations

Feynman Rules
¢ theory: L = %(ngb)? _ %qubQ . %¢4

0

Scalar propagator: = :
propas ;; P2 —m? + e

o* vertex: = —1A

N4
A
|
[

External scalar:

g

Cai et al: arXiv:2405.06107

Transformer to predict terms in

Accuracy (%)

amplitude solution

100 A

'\Learning happens in
two phases

+ O

o
o0
o —
)
)
o
| -
A

Learn QCD directly ..
from data:

—4+— Data
—+— Hy
—+— Hy+HADML

MC /Data
-

O CO O mrp
GIv100 R R

pif / GeV

generators like MadGraph

-- Target
50 —— VEGAS
\
i \ [} [}
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SN \
. Vjﬁ
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Y
-- Target
2.0- —— ROS
S5 Neural
(=)
1.0
0.5
0.0 0.2 0.4 0.6 0.8 1.0

Y

Improving the efficiency of event

Himel et al: arXiv:2311.01548

- Ghosh, Ju et al: arXiv:2405.06107
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What were the ML techniques?

Output

Reinforcement Learning and Probabiites Generative Models: Sofia’s
LLM agents: No tutorial this year Softrex tutorial tomorrow!
) Linfear .
Forward
4 \ Add & Norm
’; ek &.Norm Multi-Head
Fgr?s:rd Attention N
______________ . | S i)
_ N Add & Norm Adl\ji:]e Zrm
Multi-Head Multi-Head
Attention Attention
LN S 1
O J \ —_—
Positional iti
ncoding (O QO Ercoang
Emlk?gc:ljgjing Err?bu;gg;[ng
[ [
Inputs Outputs

(shifted right)

Transformers: Aaron’s tutorial on
Thursday !
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Hypothesis generation — hypothesis testing in experiments

First need to collect data

21



Image: Source

Trigger

e 40 million collisions/second
« 1MB of data per collision (40 TB/s)

« We throw away 99.998% of the data using simple
selections

Neural Networks on GPUs too slow!
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before pruning after pruning

pruning
synapses

-—>

pruning g
neurons

NNs at triggers

Ltotal(w) — LBCE(W) T /Izz ‘ Wi ‘

Sign 8 bit Exponent 23 bit Fraction

ap_fixed<widih,integer>

0101.1011101010
—

integer fractional

—_———
width

See in Elham’s lecture on Friday!

arxiv:2103.05579
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NNs at triggers

arxiv:2103.05579
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See in Elham’s lecture on Friday! 23


https://arxiv.org/pdf/2103.05579

Making sense of the remaining mess by tagging jets

Courtesy Nicole Hartman arxiv.2505.19689 24
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Making sense of the remaining mess by tagging jets

Handle variable number of jets

Calorimeter images tracker hits

Multiple tagging objectives (b
-tagging, c-tagging, 7-tagging, light
jets),

Auxiliary tasks, eg. track origin,
vertex finding

- End-to-end training

b-jet

light jet
, £ Initial track Conditional track  E— —=
£

representation representqtlo

N
NI
g ) Secondary vertex
Primary vertex @< >: g |—> —
Transverse impact .

parameter

Jet
flavour
network

Track
initialiser

Track
origin
network

Transformer

Track inputs Comblned inputs

Vertex
grouping
network

Jet inputs

Miracks X Tt Myracks X (njf + ntf)

Courtesy Nicole Hartman arxiv.2505.19689 24
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Courtesy Nicole Hartman

Making sense of the remaining mess by tagging jets

Handle variable number of jets

Calorimeter images tracker hits

Multiple tagging objectives (b

-tagging, c-tagging, 7-tagging, light

jets),

Auxiliary tasks, eg. track origin,
vertex finding

End-to-end training
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Making sense of the remaining mess by tagging jets

- Handle variable number of jets
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Vertex
grouping
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Can still get better with more data
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Background rejection @ 77% bjet-efficiency

Scaling laws demonstrated with HEP data

Motivates cross-experiment and cross-task
foundation models!

ATL-SOFT-PUB-2026-002
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Test Loss

Can still get better with more data

Eg. OmnilLearn architecture
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Or is the future more physics-informed ML?

update ¢ with agLS =T - —_backward pass T~ (L,
e -
A/
e ¢

End-to-end differentiabl lysis tak [ auloons)

nda- O-en. 11Ierentiaple analysis takes ph(513|,u,9) | qu(x) o |
the opposite route N
- Takes traditional physics analysis and £.(ds) hi = hist(f.(ds)) ~ =~/
. . \O PAT) \Z B oA / hypothesis

makes it a glant network data (d;) neural network  binned summary stat. test

Simpson et al 26
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Or is the future more physics-informed ML?

- End-to-end differentiable analysis takes
the opposite route

- Takes traditional physics analysis and
makes it a giant network

- Requires careful gradient relaxation
techniques to handle non-differentaible
operations
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Simpson et al
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Or is the future more physics-informed ML?

- End-to-end differentiable analysis takes
the opposite route

- Takes traditional physics analysis and
makes it a giant network
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Let’s you design more sensitive analyses

Layer et al
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Or is the future more physics-informed ML?

- End-to-end differentiable analysis takes
the opposite route

- Takes traditional physics analysis and
makes it a giant network

CMS Open Data 4.2 fo~! (7TeV)

10° E mm tio T, +jets mm tEo X
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update ¢ with % - —"
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neural network

Let’s you design more sensitive analyses

Layer et al

INFERNO

- Requires careful gradient relaxation
techniques to handle non-differentaible
operations

What do you think is the fubure?
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Simpson et al 26
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Or is the future more physics-informed ML?
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Simpson et al
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Hypothesis generation — hypothesis testing in experiments

First need to collect data and simulations
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The physics

Detector Simulations

Detector interaction
With Geantg
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The physics

Detector Simulations

Key; - - Muon

Electron
Charged Hadron (e.g. Pion)
- = — - Neutral Hadron (e.g. Neutron)

Ison réturn yoke interspersed
vAth Muon chamb érs

Detector interaction
With Geantg
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Don’t have enough compute for calorimeter simulations
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Don’t have enough compute for calorimeter simulations
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Don’t have enough compute for calorimeter simulations
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(~75% of that for calorimeter sim alone) Source (might be old by now)
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Calorimeter Response
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Calorimeter Response
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Calorimeter Response
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Calorimeter Response
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Calorimeter Response

Only final image recorded

Why track full time evolution of all particles ?

30




ATLAS Experiment Calorimeter Simulation (2019)

First to be integrated into fu

| C++ simulation infrastructure

Details here here

31
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ATLAS Experiment Calorimeter Simulation (2019)

First to be integrated into full C++ simulation infrastructure

Trained GAN & VAE on cropped 3D images in central region

Validated in ATLAS software using high level physics variables

Interpolation test: Train on 9 log-spaced energy points, test on 10th
Speed: Orders of magnitude faster than Geant4, no longer bottleneck in sim time

Memory: Tiny memory foot

orint O(MBs) compared to O(GBs) for baseline

Details here here

31
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ATLAS Experiment Calori

First to be integrated into fu

Trained GAN & VAE on cropped 3D images in central region
Validated in ATLAS software using high level physics variables

Speed: Orders of magnituc

Normalised to unity

meter Simulation (2019) =

| C++ simulation infrastructure

Interpolation test: Train on 9 log-spaced energy points, test on 10th

Memory: Tiny memory foot
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s =i |
Challenge: Condition on detector geometry A=n

Alignment of cell edges in 3D changes from image to image

Front Layer
Cell sizes change from region to region in the detector

Impact Cell

Conditioning on 4 X 2 = 8 configurations already challenging, cannot

scale to tull detector Particle

‘impact point’
in Middle
Layer

Back Layer
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Challenge: Condition on detector geometry =

Alignment of cell edges in 3D changes from image to image

Front Layer
Cell sizes change from region to region in the detector

Impact Cell

Conditioning on 4 X 2 = 8 configurations already challenging, cannot

scale to tull detector Particle

‘impact point’
in Middle
Layer

Back Layer

Image: Source
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Geometry-aware autoregressive networks

o GAAM True
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Liu et al (incl Ghosh)
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Environment Family

Mechanistic Particle-Matter Simulators

Material B

Material A

BN AR B

Compositional Neural Kernels
Particle Interaction Kernel
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outgoing particles
material response

+ Autoregressive Sampling at Inference-time = Compositional Generalization
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Hildebrandt et al
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Mechanistic Particle-Matter Simulators
Material B
Material A

Compositional Neural Kernels
Environment Family + Particle Interaction Kernel + Autoregressive Sampling at Inference-time = Compositional Generalization
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Or just generate point
cloud level?

Mechanistic Particle-Matter Simulators
Material B
Material A

Compositional Neural Kernels
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Environment Family + Particle Interaction Kernel + Autoregressive Sampling at Inference-time = Compositional Generalization 8
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When testing well described hypotheses ...

theory | data) =
p( y | data) (dat)

p(data | theory)p(theory)
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When testing well described hypotheses ...

what we all , ,
Likeelithood Prioy

want
(Posterior) / /
/ p(data | theory)p(theory)
p(data)

/

Evidence

p(theory |data) =

Bayesians: Let’s calculate the posterior! — Credible intervals

Frequentists: We don’t know the prior, so our statements are about how confident we are in our procedure —
Confidence intervals
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Until now, we have replaced individual pieces with ML in age-old likelihood ratio test
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When comparing 2 hypotheses, guaranteed to be
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41



Z(H,|data)

When comparing 2 hypotheses, guaranteed to be
optimal test by Neyman-Person lemma

Hypothesis tests

-2LL—>

Parameter estimation (infinite hypotheses)

41



Z(H,|data)

When comparing 2 hypotheses, guaranteed to be
optimal test by Neyman-Person lemma

Hypothesis tests

.
T
~4 |
N \
i /.
Critical values
o oy

Parameter estimation (infinite hypotheses)
41



Hypothesis tests

-2LL—>

Q@_j eck '. QQ.J ect

4

EE’Q& ible / Critical values

Z(H,|data)

When comparing 2 hypotheses, guaranteed to be Parameter estimation (infinite hypotheses)
optimal test by Neyman-Person lemma 41



Z(H,|data)

When comparing 2 hypotheses, guaranteed to be
optimal test by Neyman-Person lemma

Hypothesis tests

We care about length of confidence intervals

.

T

~4 |

o -§

i . “

{ f&e\je{:&
Critical values

) //t

Parameter estimation (infinite hypotheses)
41



arxXiv:2507.17831: Carzon, Ghosh, Izbicki, Lee, et al

You can beat the likelihood ratio test itself, with the help of ML
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funding gets harder tosecure, principal inves-
tigatorsareintheir office writing grants while
the trainees get to do the cool stuff.

Bryan W. Jones is a retinal neuroscientist at
the University of Pittsburgh in Pennsylvania.

/STUDENTS OVERTURN
LONG-HELD

Ihave worked on experimental particle physics
since 2015, searching for Higgs bosons at CERN,
Europe’s particle-physics lab near Geneva,
Switzerland, and now also working on the Deep
Underground Neutrino Experiment (DUNE)
in the United States. For this research, there’s
one statistical test we’ve used for decades to
confirm the existence of a new particle — the
generalized likelihood ratio test (GLRT). This
compares two models —asimple null hypoth-
esis, whichincludes no new particle or matter
being discovered, and a more complicated
alternative model, which includes a new par-
ticle with many possible values of strength.
InDecember 2024, a couple of PhD students
working withmy collaborator, Ann Lee,adata
scientist at Carnegie Mellon University in Pitts-
burgh, Pennsylvania, were confident they
could disprove the assumption thatthe GLRT
wasoptimal. Inthe corner of my mind, Il hoped
they would prove us wrong. I gave them one
of the most famous Higgs boson data sets to
play around with. By early 2025, they showed
that, although our previous physics results
weren’t wrong, our use of the GLRT wasn’t
ideal because it assumed large sample sizes

i

|
|
)
_J

)

are always generated, which is often not the
case. Instead, the test left valuable informa-
tion on the table. That day was special.  was
still sceptical and I went through a battery of
checks becausel had to go back to my com-
munity and defend the PhD students’ work,
but it was all correct. The paper is currently
inreview, receiving a great deal of scrutiny.
Together, we produced a statistical test that
will drastically improve our ability to make

discoveries in particle physics, for example

insearches for anew particle such as dark mat-
ter, where we expect to see only a few signal
events atbest. Asascientist, Iwant deeply held
beliefstobe questioned. It wasareal shockto
the particle-physics community. Young people
find it exciting. Senior members are still highly
sceptical, asthey should be, but they are com-
ing around. As the DUNE experiment comes
online, with this new statistical modelin place,
we hope to make precise measurements about
neutrinos much sooner than anticipated.

Aishik Ghosh is a fundamental physicist at the
Georgia Institute of Technology in Atlanta.

RAFIK TAREK NEME GARRIDO
SHOCKING
CORALFIND

A couple of years ago, after a day of pour-
ing rain, the water on the Caribbean coast of
Colombiawas crystal clear and my master’s stu-
dent,Jorge Mareno, managed to take pictures of
coralsthatno oneknew existed here. We could
find no scientific reports of corals in the area.
Typically, the water is pretty turbid because the

MagdalenaRiver, which flows from the south of
the countrytothe Caribbean Sea, brings chem-
icals and pollutants. It’san ongoing ecological
and social challenge, but these corals must be
adapting to these conditions. Wedid asampling
campaign across three days with aboat, using
environmental DNA to find areas where corals,
sponges and fish successfully survive the condi-
tions. Most of the records are completely new
for theregion. It’s super gratifying.

Rafik Tarek Neme Garrido is an evolutionary  ©

biologist at the University of the North in
Barranquilla, Colombia.

TIMCURRAN
BURN
PREDICTIONS

In my group, we test the flammability of plant
species using a barbecue. The results can
help with fire-mitigation policies and with
understanding the evolution of flammability.
As part of an outreach activity, we host school-
childrenattheuniversity whohaven’'thad much
exposure to academia before. We ask the kids
to predict how a particular plant species will
behave — for example, what characteristics
will make it burn less or more — and then we
seewhoisright. Thekidsgetreallyintoit. They
askamazing questions, the samekind that peer
reviewers have asked us, including questioning
our methodological assumptions, such as“why
doyou only blowtorch them for ten seconds?”

Most of the really good days doing science
have been associated with young students
having a light-bulb moment. In the rather

Nature | Vol 653 | 14 May 2026 | 639

https://www.nature.com/articles/d41586-026-01479-8?utm_ source=x&utm_ medium=social&utm_ campaign=nature&linkld=61827825

43


https://www.nature.com/articles/d41586-026-01479-8?utm_source=x&utm_medium=social&utm_campaign=nature&linkId=61827825

arxXiv:2507.17831: Carzon, Ghosh, Izbicki, Lee, et al

Robust to misspecified focus function

H — t7 ATLAS simulated public benchmark dataset
Focus is around SM point
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Robust to misspecified focus function

Higgs measurement
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Robust to misspecified focus function

Higgs measurement :

, o -Jfocus centre 99 . . FTS worse than LRS when true y is very far away
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Robust to misspecified focus function

Higgs measurement :
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Even when it is worse, the coverage of the confidence interval is still guaranteed by Neyman construction!
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Robust to misspecified focus function

Higgs measurement :
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Whiceh focus would you choose?

Even when it is worse, the coverage of the confidence interval is still guaranteed by Neyman construction!
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Second case study: Dark matter search in LZ experiment
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Simulated to mimic L.Z data
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Second case study: Dark matter search in LZ experiment
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Second case study: Dark matter search in LZ experiment
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LZ-inspired dark matter search

25
- FTS gains stable over large parameter space for both
N focus functions
10 More precision even when there is actually a signal in

5 5 { the observed data (¢ > 0)
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Conclusion

Machine learning helps us do what was considered impossible, from theory
design to extracting physics from tails of our distributions

Thank you !

Action on
I Observation
Space

Reward

Current collider Future collider

Hints in current

data |+ New Physics

E < Ernc ' E > Fruc E
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FTS sets better lower bounds even with a focus centred at 4 = 0
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FTS sets better lower bounds even with a focus centred at 4 = 0

Consistently larger lower bounds if signal exits, smaller
upper bounds when it doesn’t

Lower bounds when there is a signal:

uw* LRS [|FTS, wide|FTS, narrow
10.0/0.0 (0.0)|2.08 (0.0)| 1.60 (0.0)

Upper bounds when there is no signal:

u* LRS FTS, wide |FTS, narrow
0.0]4.97 (12.59)[4.25 (10.98) | 2.73 (11.14)

Numbers represent length of confidence intervals for 1o (20)
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FTS sets better lower bounds even with a focus centred at 4 = 0

Consistently larger lower bounds if signal exits, smaller
upper bounds when it doesn’t
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Traditional Approach: Design one sensitive observable

Detector has O(100 million) sensors

ATLAS

EXPERIMENT

Run: 279685
Event: 690925592

Reconstruction pipeline, event selection
Design one summary variable
» Compression: O(100 million) — 1

Build a 1-D histogram

Calculate likelihoods with histograms
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Traditional Approach: Design one sensitive observable
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Traditional Approach: Design one sensitive observable
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Design one summary variable

Compression: O(100 million) — 1
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Traditional Approach: Design one sensitive observable

Detector has O(100 million) sensors

Reconstruction pipeline, event selection
Design one summary variable

» Compression: O(100 million) — 1
Build a 1-D histogram

Calculate likelihoods with histograms

Thousands of collision events

ATLAS

EXPERIMENT

Run: 279685
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Count

: Background-only model

Probability density estimation with 1-D histogram

Data

Theory Predictions

Signal model
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Count

: Background-only model

Probability density estimation with 1-D histogram

Data

Theory Predictions

Signal model

Measure ‘signal strength’ u

With histograms we can ask “Given the data, what is the likelihood of ; = 1 hypothesis vs ¢ = 2 hypothesis?”
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Z(H,|data)

Hypothesis tests
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Z(H,|data) = p(data| H,)

Hypothesis tests
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Hypothesis tests

Z(H,|data) = p(data| H,)

When comparing 2 hypotheses, guaranteed to be
optimal test by Neyman-Person lemma
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Z(H,|data) = p(data| H,)

When comparing 2 hypotheses, guaranteed to be
optimal test by Neyman-Person lemma

Hypothesis tests

-2LL—>

Parameter estimation (infinite hypotheses)
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Hypothesis tests

Z(H,|data) = p(data| H,)

-2LL—>

4

From a ‘Neyman
construction’

When comparing 2 hypotheses, guaranteed to be Parameter estimation (infinite hypotheses)
optimal test by Neyman-Person lemma 50



Hypothesis tests

Z(H,|data) = p(data| H,)

-2LL—>

f&@_j eck '. f Qﬁj ect

4

construction’

When comparing 2 hypotheses, guaranteed to be Parameter estimation (infinite hypotheses)
optimal test by Neyman-Person lemma 50



Count

: Background-only model

A new challenge: Quantum interference
Non-linear changes in kinematics

Signal model
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A new challenge: Quantum interference
Non-linear changes in kinematics

Campbell et al: arXiv:1311.3589

10° = T T T ] | | | [T T T 1] =
E 4—lepton production, CMS cuts, Vs=13 TeV §
Nexp — //l ’ S + B'I‘«\//_/l * I 107 - qq - 4leptons —
= T 88 eddt~WGRLQNOS =
N T 82 > Dbackground s, O
107° = A g8 ° bak + s_iI =
®F 4 :
Background-only model S 107l = ~
0 — -
jt 3 F S -
- | 'g 107" — =
= | S E =
> | o - 7
8 | 107 =
Signal model ; -
107
10”7 B | | | | 0 0
“ 100 200 500 1000 2000
== —— S m,,[GeV]

8 Kf Ky Z 8 - Z
Quantum interference: z}/\/\';,l < 110
8 Z 8§ QW z

Any 1D histogram will be a lossy summary! 51
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Can
we al
wa
ys find
a sufficient
1-D
summ
ary?
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Hypothesis 1

Can we always find a sufficient 1-D summary?

Hypothesis 2

2-D space
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1-D projection

Can we always find a sufficient 1-D summary?

Hypothesis 2

52



Count |

Hypothesis 1
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Can we always find a sufficient 1-D summary?

2-D space

Hypothesis 3
Hypothesis 4

- Clearly separable in 2-D

- A 1-D sufficient summary statistic does not
exist for several important particle physics
measurements

- Higgs Width: ni-ozo10050172): Ghosh et al

- Higgs Self-coupling: wxiv2s07.02032: Ghosh et al

- Systematic uncertainties: rro ios.056026: Ghosh et al
- Effective Field Theories: prp os.052004: Brehmer et al

Hypothesis 2
Hypothesis 1

Count

1-D projection
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But probability density estimation in higher dimensions is hard...

> 1 How many events to populate
: o-D histogram with 62 bins ?

Count

1-D histogram with 6 bins: few
events enough to populate it

How many events for 50-D histogram
with 6°Y bins ?
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But probability density estimation in higher dimensions is hard...

> How many events to populate
" o-D histogram with 62 bins ?

Count

1-D histogram with 6 bins: few

events enough to populate it Curse Of dimenSionality

How many events for 50-D histogram
with 6°Y bins ?
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Open problems to apply to Large Hadron Collider data:
- Robustness: Design and validation
- Systematic Uncertainties: Propagate them through network

- Interpretation of test statistic in high dimensions

54



Open problems to apply to Large Hadron Collider data:

Solved!

Reports on Progress in Physics

lllllllllllll YEAR 0F ’?. PURPOSE_LED
@ ke %% pUBLISHING®

PAPER - OPEN ACCESS

An implementation of neural simulation-based
inference for parameter estimation in ATLAS

To cite this article: The ATLAS Collaboration 2025 Rep. Prog. Phys. 88 067801

View the article online for updates and enhancements.

You may also like

- Comparing Al versus optimization

workflows for simulation-based inference
of spatial-stochastic systems

Michael Alexander Ramirez Sierra and
Thomas R Sokolowski

- Simulation-based inference of single-

molecule force spectroscopy
Lars Dingeldein, Pilar Cossio and Roberto

Covino

- Neural simulation-based inference of the

neutron star equation of state directly from

telescope spectra
Len Brandes, Chirag Modi, Aishik Ghosh

et al.
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Open problems to apply to Large Hadron Collider data:

Solved!

Reports on Progress in Physics

. S NTERNATIONAL YEAR OF '?. PURPOSE_LED
@ andTechology %% PUBLISHING"

PAPER - OPEN ACCESS

An implementation of neural sir
inference for parameter estimat

To cite this article: The ATLAS Collaboration 2025 Rep. Prog. .

View the article online for updates and enhancements.

Applied on Run2 data, superseding previous
ATLAS paper on same data !

s %, PURPOSE-LED
@ﬁ#ﬁ%ﬂﬁnﬁ?&e £ PUBLISHING"

Reports on Progress in Physics

PAPER - OPEN ACCESS You may also like

Dark matter search with a resonantly-

Measurement of off-shell Higgs boson production coupled byt spnsystem
. . . . ai Wei, Zitong Xu, Yuxuan He et al.
In the H — ZZ—'} 4[ decay Channel US|ng a neural - Beyond Kitaev physics in strong spin-orbit
simulation-based inference technique in 13 TeV pp  ivams Rousochatzakis, Nataiia 8

. . . Perkins, Qiang Luo et al.
collisions with the ATLAS detector °

- 70 years of hyperon spectroscopy: a
review of strange ., baryons. and the

. . Lo . spectrum of charmed and bottom baryons
To cite this article: The ATLAS Collaboration 2025 Rep. Prog. Phys. 88 057803 Volker Crede and John Yelton

View the article online for updates and enhancements.




ATLAS methods paper (inc. Ghosh): arXiv:2412.01600

Combine physics knowledge with Al using ‘semi-parametric’ approach

Obs Data 5 » Likelihood Ratio
H " > NetV(\)ff)erks (H vs I ef)
0O(16) observables
N Syst
px;|p,a) p;(x;) pi(x;; o)
wa) Y, 1 6@
pref(xi) I/(//t, (l) pref(x ) 2 pj(xi)
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Combine physics knowledge with Al using ‘semi-parametric’ approach

Obs Data ——

Likelihood Ratio

Core >
H A 4 Networks (H vs H ref )

O(16) observables

p(xi |/’ta CL’)
P ref(xi) I/ (/’ta (X)
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ATLAS methods paper (inc. Ghosh): arXiv:2412.01600

Combine physics knowledge with Al using ‘semi-parametric’ approach

Likelihood Ratio
(H VS Href)

Obs Data ——
Core
H 4 Networks
H1
Syst_o Syst_1 Syst_N Networks adjust likelihood for
Network Network e Network each systematic uncertainty

px;lu, ) 1 C
pref(xi) B I/(//t,(l) ;f](ﬂ) I/j
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ATLAS methods paper (inc. Ghosh): arXiv:2412.01600

Combine physics knowledge with Al using ‘semi-parametric’ approach

Obs Data ——— 1 :
Ensemble; Statistical Core Likelihood Ratio
uncertainty on density = H;l d Networks (H vs H ef)
ratios
Syst_o Syst_1 Syst_N Networks adjust likelihood for
Network Network e Network each systematic uncertainty
P (xi | M, a)

P ref (xi) I/ (/’ta (X)
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ATLAS methods paper (inc. Ghosh): arXiv:2412.01600

Combine physics knowledge with Al using ‘semi-parametric’ approach

Likelihood Ratio
(H VS Href)

Obs Data ——
Ensemble; Statistical Core
H/:l
ratios
Syst_o Syst_1 Syst_N Networks adjust likelihood for
Network Network e Network each systematic uncertainty

px;lu, ) 1 C
pref(xi) B I/(//t,(l) ;f](ﬂ) I/j

Training details

y /£
+ Train O(10%) networks on TensorFlow "“
+ Computing resources provided by Go«gle, SMU, other HPC clusters
+ Fits with JAX
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Challenging a deeply-held belief in particle physics
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Challenging a deeply-held belief in particle physics
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Challenging a deeply-held belief in particle physics
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ATLAS NSBI paper: arXiv:2412.01600

Computational Challenge: Inverting the test

+ Determine 68 % & 95 % CI empirically from this distribution
- Do it for each value of u

Distribution of test statistic 7, over thousands of simulated pseudo-experiments

True u =0
= 10" g -
o - ATLAS Simulaton —— Pseudo-experiments (u’=0.0)-
S - Vs=13TeV, 140 fb™" 68% Cl (t,-0.0 < 0.66) T
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ATLAS NSBI paper: arXiv:2412.01600

Computational Challenge: Inverting the test

+ Determine 68 % & 95 % CI empirically from this distribution

- Do it for each value of u
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Computational Challenge: Inverting the test
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Perform efficiently with quantile regression!

Likelihood ratio statistic (LRS)

Estimation error Estimated critical values
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Can do it faster and more accurately with ML Log(Total simulation budget)

technique known as ‘quantile regression’ (QR)

59


https://arxiv.org/abs/2507.17831

arxXiv:2507.17831: Carzon, Ghosh, Izbicki, Lee, et al

Perform efficiently with quantile regression!

Likelihood ratio statistic (LRS)

Estimation error Estimated critical values

W

W

¢ MC (low budget)
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Can do it faster and more accurately with ML Log(Total simulation budget)

technique known as ‘quantile regression’ (QR)

Focused test statistic (FTS)
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Now ready to compare LRS to FTS on HiggsML benchmark dataset

H — t7 ATLAS simulated public benchmark dataset
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Now ready to compare LRS to FTS on HiggsML benchmark dataset

Higgs measurement
Focus centre

2.0 2.0 v
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— I |
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Gy I I
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500 | Focus width b !
< ® > < ® >
0.0 | : 0.0 : :
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True signal strength, u* True signal strength, u*
Wide focus f(u) Narrow focus ()

H — t7 ATLAS simulated public benchmark dataset
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Now ready to compare LRS to FTS on HiggsML benchmark dataset

Focus centre
I

Focus width
>

——.——

0 m=1 m;s4
True signal strength, u*

Higgs measurement

FTS worse than LRS when true u is very far away
from focus region, but coverage of confidence

1.5 - / intervals still correct
1.04
FTS

0.5 1

2.0

<€

-—.-

>, H — 77 ATLAS simulated public benchmark dataset

0 m=1 m+s 4
True signal strength, u*

0.0

Wide focus f(u)

Narrow focus ()
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Now ready to compare LRS to FTS on HiggsML benchmark dataset

Higgs measurement :

S | oo Focus centre J¢Y . , FTS worse than LRS when true u is very far away
_§ — | | | — from focus region, but coverage of confidence

o |21 : 1.5 l intervals still correct
A @) ! !

§ ﬁ 1.0 - _ FTS 1.0 1 — |

E go 5 4 | 05 1 TS

S |aY I Focus width : |

W | gols 1 > ol 1~ H — t7 ATLAS simulated public benchmark dataset
J 0 m=1 m+s 4 0 m=1 m+s 4

True signal strength, u* True signal strength, u*
Wide focus f(u) Narrow focus ()

Even when it is worse, the coverage of the confidence interval is still guaranteed by Neyman construction!
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Now ready to compare LRS to FTS on HiggsML benchmark dataset

Higgs measurement

2.0 FTS worse than LRS when true y is very far away

| — from focus region, but coverage of confidence
intervals still correct

Focus centre
I

+«— Swmaller Ls better
Length of C
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\ l
\
—
dp
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—
| dp

0.5 - ' : 0.5 - '
| Focus width |
P I ¢ > AN D H — 77 ATLAS simulated public benchmark dataset
0 m=1 m+s 4 0 m=1 m+s 4
True signal strength, u* True signal strength, u*
Wide focus f(u) Narrow focus ()

Whiceh focus would you choose?

Even when it is worse, the coverage of the confidence interval is still guaranteed by Neyman construction!
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funding gets harder tosecure, principal inves-
tigatorsareintheir office writing grants while
the trainees get to do the cool stuff.

Bryan W. Jones is a retinal neuroscientist at
the University of Pittsburgh in Pennsylvania.

/STUDENTS OVERTURN
LONG-HELD

Ihave worked on experimental particle physics
since 2015, searching for Higgs bosons at CERN,
Europe’s particle-physics lab near Geneva,
Switzerland, and now also working on the Deep
Underground Neutrino Experiment (DUNE)
in the United States. For this research, there’s
one statistical test we’ve used for decades to
confirm the existence of a new particle — the
generalized likelihood ratio test (GLRT). This
compares two models —asimple null hypoth-
esis, whichincludes no new particle or matter
being discovered, and a more complicated
alternative model, which includes a new par-
ticle with many possible values of strength.
InDecember 2024, a couple of PhD students
working withmy collaborator, Ann Lee,adata
scientist at Carnegie Mellon University in Pitts-
burgh, Pennsylvania, were confident they
could disprove the assumption thatthe GLRT
wasoptimal. Inthe corner of my mind, Il hoped
they would prove us wrong. I gave them one
of the most famous Higgs boson data sets to
play around with. By early 2025, they showed
that, although our previous physics results
weren’t wrong, our use of the GLRT wasn’t
ideal because it assumed large sample sizes

i

|
|
)
_J

)

are always generated, which is often not the
case. Instead, the test left valuable informa-
tion on the table. That day was special.  was
still sceptical and I went through a battery of
checks becausel had to go back to my com-
munity and defend the PhD students’ work,
but it was all correct. The paper is currently
inreview, receiving a great deal of scrutiny.
Together, we produced a statistical test that
will drastically improve our ability to make

discoveries in particle physics, for example

insearches for anew particle such as dark mat-
ter, where we expect to see only a few signal
events atbest. Asascientist, Iwant deeply held
beliefstobe questioned. It wasareal shockto
the particle-physics community. Young people
find it exciting. Senior members are still highly
sceptical, asthey should be, but they are com-
ing around. As the DUNE experiment comes
online, with this new statistical modelin place,
we hope to make precise measurements about
neutrinos much sooner than anticipated.

Aishik Ghosh is a fundamental physicist at the
Georgia Institute of Technology in Atlanta.

RAFIK TAREK NEME GARRIDO
SHOCKING
CORALFIND

A couple of years ago, after a day of pour-
ing rain, the water on the Caribbean coast of
Colombiawas crystal clear and my master’s stu-
dent,Jorge Mareno, managed to take pictures of
coralsthatno oneknew existed here. We could
find no scientific reports of corals in the area.
Typically, the water is pretty turbid because the

MagdalenaRiver, which flows from the south of
the countrytothe Caribbean Sea, brings chem-
icals and pollutants. It’san ongoing ecological
and social challenge, but these corals must be
adapting to these conditions. Wedid asampling
campaign across three days with aboat, using
environmental DNA to find areas where corals,
sponges and fish successfully survive the condi-
tions. Most of the records are completely new
for theregion. It’s super gratifying.

Rafik Tarek Neme Garrido is an evolutionary  ©

biologist at the University of the North in
Barranquilla, Colombia.

TIMCURRAN
BURN
PREDICTIONS

In my group, we test the flammability of plant
species using a barbecue. The results can
help with fire-mitigation policies and with
understanding the evolution of flammability.
As part of an outreach activity, we host school-
childrenattheuniversity whohaven’'thad much
exposure to academia before. We ask the kids
to predict how a particular plant species will
behave — for example, what characteristics
will make it burn less or more — and then we
seewhoisright. Thekidsgetreallyintoit. They
askamazing questions, the samekind that peer
reviewers have asked us, including questioning
our methodological assumptions, such as“why
doyou only blowtorch them for ten seconds?”

Most of the really good days doing science
have been associated with young students
having a light-bulb moment. In the rather

Nature | Vol 653 | 14 May 2026 | 639

https://www.nature.com/articles/d41586-026-01479-8?utm_ source=x&utm_ medium=social&utm_ campaign=nature&linkld=61827825
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Testing full analysis on simulated samples from different values of u
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Application to a flagship Higgs measurement at LHC

NSBI vs (published) histogram analysis
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Application to a flagship Higgs measurement at LHC

NSBI vs (published) histogram analysis
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Application to a flagship Higgs measurement at LHC

NSBI vs (published) histogram analysis
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Positron discovery (1930s)

Single event



Positron discovery (1930s)

Single event

Top quark discovery (1990s)

Channel: SVX

observed 27 tags

expected background 6.7 4

- 2.1

background probability 2 x 107°

Multiple events:
Cut-and-count




Positron discovery (1930s) Top quark discovery (1990s) Higgs boson
discovery (2010s)
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Positron discovery (1930s)

Single event

Image: Wikipedia / PhysRev.43.491

Top quark discovery (1990s)

Channel: SVX

observed 27 tags
expected background 6.7+ 2.1
background probability 2 x 107°

Multiple events:
Cut-and-count

CDF Collaboration: arXiv:9503002

Higgs boson
discovery (2010s)

Future discovery
(2020s ?)
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Shape information:
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High-dim shape information,
continuous (i.e. unbinned):
Neural inference

ATLAS Collaboration: arXiv:1207.7214
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How a grad student got LHC data to play
nice with quantum interference

New approach is already having an impact on the experiment’s plans for future work.
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How a grad student got LHC data to play
nice with quantum interference

New approach is already having an impact on the experiment’s plans for future work.

ATLAS ABOUT DISCOVER RESOURCES UPDATES Q SEARCH
EXPERIMENT All News Briefings Features Portraits Press Blog

Updates > Briefing > Cracking open the Higgs shell: new ATLAS measurement of “off-shell” production uses Al techniques

Cracking open the Higgs shell: new ATLAS measurement of

“off-shell” production uses Al techniques
S;?Zasc:c;j;ﬂits 6 November 2024 | By ATLAS Collaboration

In 2012, scientists from the ATLAS and CMS Collaborations detected a “bump” in their
data. This peak in the mass distribution, around 125 GeV, revealed the presence of the
Higgs boson. While most Higgs bosons are observed at the LHC with this “on shell”
mass, about 15% of Higgs bosons have a “virtual” mass well above 125 GeV — known as
the “off shell” mass. This is one of the quirks of quantum mechanics, which allows
particles to fluctuate their mass for an extremely short time.

By comparing the production rates of on-shell and off-shell Higgs bosons, physicists can
study key properties of the Higgs boson, such as the width of the peak in the mass
distribution. This width is related to the Higgs boson’s lifetime and its decay rate to other
particles. As it is predicted to be just 4 MeV — more than a hundred times smaller than the
resolution of the ATLAS detector — this is the only way to set constraints on its value at
the LHC. Additionally, the rate of off-shell Higgs-boson production is sensitive to potential
contributions from Beyond the Standard Model (BSM) physics at high energies — making
it an important tool for exploring new physics.

As off-shell production doesn’t result in the characteristic “bump” of on-shell production in
the mass spectrum, it can be difficult to distinguish from background processes with
identical signatures and larger rates. To overcome these challenges, the initial ATLAS
measurement of the Higgs-boson width with LHC Run-2 data (collected in 2015-2018)
used a machine-learned neural network to distinguish signal events from background.
This approach, however, is not optimal for a measurement of off-shell Higgs production
due to quantum interference between the signal and background.




Uncertainties on the NN models themselves

Ensemble members

Distribution of NN predictions for example events

—h
o)
o

125

100

~
&)

o)
o

N
&)

o

— ATLAS Simulation -

[ Vs=13TeV .
0 02, 04 0.6 0.8 ] 1.0

: .

NN predicted score F’BTPS(X’)

66



Frequentist Uncertainties on Neural Density Ratios with w; f; Ensembles

Sean Benevedes!:?

L Center for Theoretical Physics, Massachusetts Institute of Technology,

*

and Jesse Thaler! 2 T

Cambridge, Massachusetts, United States

2The NSF AI Institute for Artificial Intelligence and Fundamental Interactions

Uncertainties on the NN models themselves

Distribution of NN predictions for example events
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- Genuine 95% coverage, with much smaller ensembles
- Elegant, mathematically motivated method to estimate
uncertainties

arXiv:2506.00113: Benevedes & Thaler
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Unreliable simulator ?

100 120Hyy Ml;oss 160 180 0.0 .
- Training data can come from control regions of real data
- Data-driven background estimation techniques work with NSBI N |
- Amram & Szewc uses generative models instead of classifiers for NSBI R |
0 200 400be ;o; 800 1000 0 2 4 Hyy 6p T/M 8 10 12

arXiv:2506.06438: Amram & Szewc
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Until now, we have replaced individual pieces with ML in age-old likelihood ratio test

Do we dare question the test itself?
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Until now, we have replaced individual pieces with ML in age-old likelihood ratio test

Do we dare question the test itself?
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FTS backup slides



Now a completely different experiment, LZ for dark matter searches!
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arxXiv:2507.17831: Carzon, Ghosh et al

Second case study: WIMPs search in LZ experiment
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Simulated to mimic latest 1.Z data
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Second case study: WIMPs search in LZ experiment
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Second case study: WIMPs search in LZ experiment

WIMP NR Template B ER Template
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Second case study: WIMPs search in LZ experiment
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LZ-inspired dark matter search
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N

FTS gains stable over large parameter space for both
focus functions

More precision even when there is actually a signal in
the observed data (¢ > 0)
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Quantitative improvements with FT'S

Using reconstructed

Higgs mass as Setting Test statistic

observable to
construct histogram

Experiment |u™ LRS FTS-wide | FTS-narrow

Higgs (mass) |1.0| 1.08 (2.01) | 0.94 (1.89) | 0.85 (1.79)

Using visible energy/leggS (vis. mass)|1.0| 1.26 (2.31) | 1.10 (2.17) | 0.98 (2.08)

as observable LZ-inspired |0.0]5.99 (13.87)[4.68 (11.47)|3.89 (11.29)
.Z-inspired  |1.0]7.08 (15.18)(5.29 (12.82)|4.68 (12.75)

Numbers represent length of confidence intervals for 1o (20)
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Quantitative improvements with FT'S

Using reconstructed

Higgs mass as
observable to

construct histogram

Using visible energy

as observable

Setting

'Test statistic

Experiment |u™ LRS FTS-wide | FTS-narrow
Higes (mass) |1.0] 1.08 (2.01) | 0.94 (1.89) | 0.85 (1.79)
Higgs (vis. mass)|1.0] 1.26 (2.31) | 1.10 (2.17) | 0.98 (2.08)
[Z-inspired  |0.0]5.99 (13.87)|4.68 (11.47)|3.89 (11.29)
LZ-inspired  [1.0[7.08 (15.18)]5.29 (12.82)|4.68 (12.75)

Numbers represent length of confidence intervals for 1o (20)

Would be tnteresting to study gains for specific analyses!
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How to choose a focus function?

Conservative strategy:

Could choose based on previous measurement (ATLAS example used this strategy for ‘wide focus’)

Could come from theoretical / conceptual argument, eg. An angle must be within [0,27]
Optimised strategy:
Study sensitivity on simulated samples for a range of focus
Choose based on your physics priorities, eg. measurements and searches will have different strategies

Must freeze focus function before unblinding data

Do you have more wacky ideas for a focus?
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Lower and upper bounds for LZ example
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Lower and upper bounds for LZ example

Consistently larger lower bounds if signal exits, smaller
upper bounds when it doesn’t

Upper bounds when there is no signal:

u* LRS FTS, wide |FTS, narrow
0.0]4.97 (12.59)4.25 (10.98)| 2.73 (11.14)

Lower bounds when there is a signal:

uw* LRS |FTS, wide|FTS, narrow
10.0/0.0 (0.0)]|2.08 (0.0)| 1.60 (0.0)

Numbers represent length of confidence intervals for 1o (20)
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Lower and upper bounds for LZ example
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F'TS, narrow
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Numbers represent length of confidence intervals for 1o (20)

0.0 (0.0)

2.08 (0.0)

1.60 (0.0)
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RooFit integration of FT'S in development

g B - W
e FTS Paper: On Focusing Statistical Power for Searches and Measurements in Particle Physics
e Demo Code: FocusedTestStatDemo.html

# Production Setup with Performance Monitoring
import sys

import os

import time

import math

from typing import Dict, Tuple, Optional,

from collections import defaultdict

(TS T tenentation) Currently led by students Jinbo
Z:T::;si:r:t[';M:’_izzl\.’lfTi:;!(E/)xDS'] = os.environ.get('OMP_NUM_THREADS', '1') Zhang & Danlel Zhang, based On
# ROOT setup with error handling XROOFlt Setup by W].ll Buttlnger

brew_root_lib = "/opt/homebrew/opt/root/lib"
brew_root_py = "/opt/homebrew/opt/root/1lib/root"
for p in [brew_root_1lib, brew_root_pyl:
if p and p not in sys.path:
sys.path.insert(0, p)

os.environ['PYTHONPATH'] = f"/opt/homebrew/Cellar/root/6.34.08_1/1ib/root:{os.environ.get('PYTHONPATH', '')}"

import ROOT
import hitml exact compal # Sets up custom xRooFit environment
%jsroot off

# Configure ROOT for production
ROOT.gStyle.SetTitleSize(0.035, "XYZ")
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What is a ‘Neyman construction’?



ATLAS

EXPERIMENT

Run: 279685

Event: 690925592
2015-09-18 02:47:06 CEST

Obtaining the distribution of a test statistic
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Low-dimensional
summary

Raw data

7 IS o e e B B B BB n —n
S 10°= ATLAS e Daa N n obs e exp
~ D ata L% s E Vs=13TeV, 139.0 f5" [/ systematic uncertainties E ( | ) _ exp
e N i : E w3 Prin\"ops nexp — '
ATLAS e . - processing . B obs:
‘ | GRS N . = [Jaa—(r—>)zzeep 3
3 4 3

ﬁ

Compare data to expectation,

IS T 1
B oo RN compute likelihood

300 400 500 600 700 800 900 1000
m,, [GeV]



Obtaining the distribution of a test statistic

Obtain test statistic

Low-dimensional
Raw data
summary
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ATLAS NSBI paper: arXiv:2412.01600

Calibrating confidence intervals

+ Determine 68 % & 95 % CI empirically from this distribution
- Do it for each value of u

Distribution of test statistic 7, over thousands of simulated pseudo-experiments

True u =0

8 101 L L A L L AL =
o - ATLAS Simulaton —— Pseudo-experiments (u’=0.0)7
J - Vs=13TeV, 140 fb~! 68% Cl (t,-0.0<0.66) —
5 f ’ i
S 100k —— 95% Cl (ty_0,0 < 4.46) _
o) = | -
= B I =
S : ! :
10-1 | |
= | =
- | §
1072 - | _
= | -
- 1 68% | 95% "_'_I_,_I_L
i | i

10—3 ...................... N T T



https://arxiv.org/abs/2412.01600

Calibrating confidence intervals

+ Determine 68 % & 95 % CI empirically from this distribution
- Do it for each value of u

Distribution of test statistic 7, over thousands of simulated pseudo-experiments
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Calibrating confidence intervals
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ATLAS NSBI paper: arXiv:2412.01600
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arXiv:2507.17831: Carzon, Ghosh et al

Perform efficiently with quantile regression!

Likelihood ratio statistic (LRS)
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Low budget mss= (R (low budget)
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Can do it faster and more accurately with ML
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technique known as ‘quantile regression’ (QR)
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arXiv:2507.17831: Carzon, Ghosh et al

Perform efficiently with quantile regression!

Likelihood ratio statistic (LRS)

Estimation error Estimated critical values
A 6 - ¢ McC (low budget)

Low blld get = OR (low budget)
,_{’L_, MC (high budget)

W

) o))
!

Can do it faster and more accurately with ML

High budget
technique known as ‘quantile regression’ (QR)

—
1

m
2
<
-
O
=
&8

o

10* 10° 10°
Log(Total simulation budget)

Focused test statistic (FTS)

Estimation error Estimated critical values
10 -

Applications in neutrino or dark matter

experiments that routinely employ expensive
MC method for confidence belts

) o)) e
|

Error (MSE)

—

J 0 ]
10* 10° 10° 0
Log(Total simulation budget)

o

79


https://arxiv.org/abs/2507.17831

Neutrino model building backup slides
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Latent Dimension 2

Baretz et al (inc. Ghosh): arXiv:2506.08080

Deep dive into what the agent is doing over time

Visualised in 2D space created by an auto-encoder

o O0st<8 A ST 8st<16 >
Black dots are search
40 trajectory for one agent in
5 one environment
L PR LA L 30 Pink are ‘cood models’
Early stage of search Middle stage of search 5
Q.
+ dep ge e 6<t<24| [ . .. . - 24 <t<32 = Explores widely in the
R in i v 20 beginning, but realises that
PR S L o i e zero-parameter models are
, useless.
10
Focuses on few parameter
REREING W2 S Lt P A T R R models towards the end
Late-middleé stage of search Late stage of search )

-7.5 -5.0 -2.9 0.0 2.5 5.0 -7.5 -5.0 -2.5 0.0 2.5 5.0
Latent Dimension 1
e Single Environment Trajectory

¢ Good Models: x?<10, n,<7 .
1
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Neutrino model building details

Data from experiments: o
Search efficiency over random scan

observables best-fit values

Space Number Random scan AMBer

me/m,, 0.0048 == 0.0002 6
my [y 0.0565 £ 0.0045 Ay X Ly 4 X 106 0 1237
As X Zny 4 %10 30 4681
2 2 +0.0012

Amiy [Ams; 0029570 0010 Tio x Zs 8 10° 131 423
sin” 01 0.307 15013
sin” 63 0.02224 1500025

- D +0.019
S11 923 O°454—(),()j_6 Higgls doublet
Sop/ T 1.2897043 a'?

CP/ —0.139 o — ai(jl) (LiEde) | Xk (LiEj¢kHd) Charged lepton masses

| o' |
Free coupling parameters «, 4 ai(jg) ( Li Nj Hu ) | Xk ( Li Nj ¢k Hu) Direct masses

& ik (7)
A

+ Aocl.(].S) (NiN;) + oc.(j6k) (NiNj¢x)

l

(N;N Ok 0r) Majorana masses



Action Space

Leptons and Higgses

Flavons

Global

Change non-Abelian representation
Change Abelian charge

Change non-Abelian representation
Remove or add a particle

Change Abelian charge

Change VEV configuration

Change Abelian symmetry order
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hal-02971995v3 (p172): Ghosh & Rousseau

No single observable captures all information in Higgs width study

~ Signal-background-inference simulations (VBF processes): MG + Pythia+ Delphes

36
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hal-02971995v3 (p172): Ghosh & Rousseau

No single observable captures all information in Higgs width study

~ Signal-background-inference simulations (VBF processes): MG + Pythia+ Delphes
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hal-02971995v3 (p172): Ghosh & Rousseau

No single observable captures all information in Higgs width study

~ Signal-background-inference simulations (VBF processes): MG + Pythia+ Delphes
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Can you spot the green plot?

u=4 indistinguishable from u=0
but other observables can break
the degeneracy

—— Background

Optimal observable now changes as a function of p: Cannot collapse problem to 1 dimension

36
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What breaks down?

M, (X)? + [My(X)[? +2Re(A,(X)M, (X))
—— S—— —

P,(X) Py (X) Pi(X)
— (x:]S)
N exp — //t * S + B + \//7 * I A neural network classifier trained on S vs B, estimates the decision function*: s(xl-) = P |
p(x;|S) + p(x;| B)
Which contains all the information required for the likelihood ratio:
pO;lp) 1 p - vsp(x;|S) + vgp(x; | B) 12 ( s(x;) ‘y >
— — ) B
px;|lu=0) pu-vg+uvp p(x;| B) U-vs+vp 1 — s(x))

Same observable s is optimal to test all u hypotheses!
y No need to develop separate analysis per hypothesis u u

No longer in this convenient special case: The same observable no longer optimal due to non-linear effects coming from
quantum interference

Also does not generalise to an arbitrary theory parameter 6, (eg. Effective Field Theory parameters), or systematics

Can we modify the HEP statistical methodology to design near-optimal analyse for the general case?

Eg. arXiv:1805.00020: Brehmer et al, arXiv:1506.02169: Cranmer et al, PRD 104.056026: Ghosh et al 87



https://arxiv.org/abs/1805.00020
https://arxiv.org/abs/1506.02169
https://doi.org/10.1103/PhysRevD.104.056026

Cranmer et al: arXiv:1506.02169

High-dimensional density estimation is possible with NNs

Neyman—Pearson lemma: Likelihood ratio is the most powerful test statistic

p(D | p)
p(D | ref)

We want to compare likelihoods:

A neural network classifier trained on simulated samples from y, vs s(x;) = P (xi ‘ /’tl)
simulated samples from ref, estimates the decision function: l p(x;| 1) + p(x; | ref)
l l

Which contains all the information required for the likelihood ratio:

px; | py) _ s(x;)
plx;lref) 1 —s(x)

* Optimal statistic to test each value of u

* We get the LR per event (unbinned)
88
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ATLAS methods paper: arXiv:2412.01600

Final test statistic

x; 1s one individual event

L (u, a|D)

Lref(@)

N, data

= Pois(Ngata|v (1, @)) 1_[

p(xi|u,

pref(xi

i 1_[ Gaus(ax|ak, o)
k
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x; 1s one individual event

L (u, a|D)

Lref(D)

Final test statistic

ATLAS methods paper: arXiv:2412.01600
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x; 1s one individual event

L (u, a|D)

Lref(D)

Final test statistic

Prod over evewnks

ATLAS methods paper: arXiv:2412.01600
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x; 1s one individual event

L (u, a|D)

Lref(ﬂ)
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Non-parabolic shape due to non-linear effects from quantum interference 89
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Unreliable simulator?

Training data can come from control regions in ‘likelihood-free inference’ !

Port the usual data-driven background estimation techniques eg. in any HH analyses

arXiv:2506.06438: Amram & Szewc
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Where would you want to use NSBI?

- If you're annoyed by non-linear effects due to quantum interference

- Effective field theory:
- Highly non-linear with parameters of interest
- But challenging to train networks on subtle differences in phase space!
- Brehmer et al (PRD 98.052004) show that you can use matrix-element information to enhance
training. But ME typically not available for background processes
- Tae Park designed a way to combine both (arXiv:2507.02032), shown for Higgs self-coupling
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Tae Park designed a way to combine both (arXiv:2507.02032), shown for Higgs self-coupling

ME approach for
0gF EFT \
Full LR for pp
Classifier approach /
for gg bkg

Also see generative-model-based NSBI in Oz Amram’s talk (for HH),
Sascha Diefenbacher’s talk

Comparison to applying NSBI on unfolded data in Kevin Grief’s talk
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NSBI for Higgs self-coupling

Can be probed in off-shell single Higgs channel

arXiv:2507.02032: Ghosh, Griese, Haisch & Park

02


https://arxiv.org/abs/2507.02032

arXiv:2507.02032: Ghosh, Griese, Haisch & Park

NSBI for Higgs self-coupling
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Learning subtle differences required
matrix-element-enhanced network
training + factorisation tricks

l[lvv: NSBI stable despite missing
neutrinos!
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Search-Oriented Mixture Model

x; vector representing one individual event General Formula

1 C
p(xilp) = () ;fj(u) v pj(x;)

J runs over different physics process
(Eg.gg —» H* - 4l,gg —> ZZ — 4l)

Example use case
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Search-Oriented Mixture Model

x; vector representing one individual event General Formula

1 ¢
p(xilp) =
v(p) ZJ: y

Comes from theory model chosen to interpret data

Example use case

1% Fl(,u) [w) Vs Ps(x) +W\/EVSBI1 pser, (x) + (1 —+/u)ve PB(X)]

P ggF (x‘:u) —

Ji(1) will depend on morphing bases points (which values of p were used to simulate samples)

J runs over different physics process
(Eg.gg - H* — 41, gg — ZZ — 4l)
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Search-Oriented Mixture Model

x; vector representing one individual event General Formula
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Event rates estimabted from simulabions ™ (Eg. 88 58 )
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Search-Oriented Mixture Model
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Search-Oriented Mixture Model
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More diagnostics
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Calibration curves of probability density ratios
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Which phase space favours one hypothesis over another?
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Re-weight closures for B
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Data-MC validation
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Data-MC validation

Different NN observables
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Physics & statistics motivation
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Undiscovered massive particles
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- Enables the probe of a wide variety of new massive particles,

- Can’t measure directly: SM Higgs width ~4 MeV, resolution

- Can be probed indirectly by measuring off-shell couplings

A measurement of the Higgs width via off-shell couplings

other new physics
of detector ~1 GeV

(and combining with on-shell measurements)

Undiscovered massive particles
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Higgs Width from off-shell Higgs production !

Off-shell production helps probe Higgs width

Hoff-shell FH
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Ao g el
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arXiv:1405.0285 arXiv:1406.1757
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Higgs Width from off-shell Higgs production !

Off-shell production helps probe Higgs width

Hoff-shell FH

SM -
Hon-shell [ I

Interpretation assumes no new physics

Essential to measure independently in multiple production
modes (ggF, VBF) and final states to verify consistent results

arXiv:1405.0285 arXiv:1406.1757
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NSBI for Higgs width in proof-of-concept study

' EXpected Sensitivity | hal-02971995v3 (p172): Ghosh & Rousseau, Thesis: Ghosh
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NSBI for Higgs width in proof-of-concept study
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NSBI for Higgs width in proof-of-concept study

' EXpected SenSitiVitX | hal-02971995v3 (p172): Ghosh & Rousseau, Thesis: Ghosh
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Expected improvement for 4 = 1 (Standard Model point)

 hal-02071995v3 (p172): Ghosh & Rousseau, Thesis: Ghosh

| o« Histogram my; Vs =13 Tev, 36!
3.07 e  Histogram ML
,-| * NSBI
o Histogram ptj;
N 2.0- - .. . .
= Histogram An; Exciting gains promised!
| 1.5-
mprovement /
1.0 -
051 £
=
0.0 - '
0 2 4 6 g 10 12 14 16

u

Simulations with y = 1
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More on the method
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Reference Sample

A combination of signal samples, to ensure non-zero probability in entire region of analysis
Does not have to be physical!

Csi nals
1 g
X:) = Vi Xi
pref( l) Zk Vi Ek’ k pk( l)

= In our dataset, p,,ef( - ) = PS( )

Choice of p,/( - ) can be made purely on numerical stability of training, as it drops out in profile step

t, =

_91n qull(,uaa\)/%
qull(//za a)/ ref
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Number of Events

MC stat uncertainty? See backup

Systematic uncertainties

Experimental uncertainties:
Eg. Inaccuracies in the calibration of our detector

1 2=0.9
30000 =10
s 2=111
20000 -
L Z/’y* — TlepThads
10000- o (W + jets
I '-,_‘ HiggsML Dataset
0 E T T L“':'u-%lm T T
0 50 100 150 200 250

m,lfp MET (GeV)

Ghosh et al: PhysRevD.104.056026

Theory uncertainties:
Eg. Inability to compute QFT to infinite order

Estimated Uncertainty

s
wn®
Y
P 3Ae
.
.
o
.
.
.
.
.
o
.

SHERPA 2.2
Sherpa

Next year’s
generator

el N | 4

rns

Ghosh and Nachman: epjc.s10052.022.10012.w
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https://link.springer.com/article/10.1140/epjc/s10052-022-10012-w
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.104.056026

MC stat uncertainty? See backup

Systematic uncertainties

- We only have simulations at 3 variations of each nuisance parameter o, - — G >
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https://link.springer.com/article/10.1140/epjc/s10052-022-10012-w
https://journals.aps.org/prd/abstract/10.1103/PhysRevD.104.056026

Known interpolation strategies

See formula used in backup

—~2.4
~2.2

N A O

a 1
. 0.8
0.6
0.4
0.2
0

Image: arXiv:1503.07622

_—I' T | I | I | I | L | I | I | T 1—_
— piecewise linear -
- piecewise exponential .
- quadratic-interp, linear extrap 7
- poly-interp, expo extrap /
A\ E
- L1 1 1 | | I I | | I I | | I I | | L1 1 1 | | I I | | I I | | I I | ]
2 -15 -1 -05 0 05 1 15 2
o

= Combine these traditional interpolation with neural network estimation of per-event likelihood ratios
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Probability density ratio including nuisance parameters (a)

x; 1s one individual event

p(xi ‘ /’taﬂ) o
pref(xi)

See details of vertical interpolation for Gj(ak), gj(xl-, a,) 109




Probability density ratio including nuisance parameters (a)

x; 1s one individual event

P (xi ‘/’taﬂ) - | ¢ p ( Syst
pref(xi) - v(p, a) ;f](ﬂ) o pref(x) 1;[ “ (ak) gJ(xl’ ak)
™ ( ) pj(xia ak)
| 8i\Xi» Op) = o)

See details of vertical interpolation for Gj(ak), gj(xl-, a,) 109




Probability density ratio including nuisance parameters (a)

x; 1s one individual event

pxilp.a) 1
P ref(-xi) U (//ta Ot’)

See details of vertical interpolation for Gj(ak), gj(xl-, a,) 109




Probability density ratio including nuisance parameters (a)

x; 1s one individual event

px;|p. )

Estinmate from simulations and existing ———1———
interpolation mebhods :

See details of vertical interpolation for Gj(ak), gj(xl-, a,) 109




Probability density ratio including nuisance parameters (a)

x; 1s one individual event

px; | pu, a) _
Pref (x;)

We have bhis already

APer-event terms estimaked using ancther
ensemble of networks and interpolation

methods
X pj(xia )
o ey =
! pi(x;)
Estimate from simulations and existing 1~
interpolation methods -

See details of vertical interpolation for Gj(ak), gj(xl-, a,) 109




Open problems to extend to full ATLAS analysis:
v/ Robustness: Design and validation
v/ Systematic Uncertainties: Incorporate them in likelihood (ratio) model

» Neyman Construction: Throwing toys in high dimensions
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Generating event-level pseudo-experiments

Need to generate random possible datasets we could collect at the LHC

Traditionally: NSBI:
0.35
1 N=10000
0.30 - —
0.25 - / Poisson per event
e Poisson per bin
0.15 - N - N
0.05 -
0.00 -——L—1 ' e
-3 -2 -1 0 1 2 3
Asimov Histogram
. toy - Asimov
to - Asimo R :
N; Y = Poisson(NA$mov) w Poisson(w; )

‘Unweighted’ events, 1.e. integer weights

Negative weights? See backup 111




Dealing with negative weighted events

Wiy =

AsimOV)
l

Poisson(w;

Simulated samples include events with negative weights due to the way we calculate QFT
higher order effects

Use a positive weighted sample instead:
1. Start from a positive weighted reference sample
2. Re-weight it to intended parameter point in i, a

3. Throw toys from this sample

rwt-ref Asimov
W — W, (u, a)

_ V(M’a) . p(xi‘ll't’a) . lewt—ref
Viwt-ref  Prwt-ref (X i ) l
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Uncertainty from finite training samples
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Estimating the variance on mean: Bootstrapping

Want to estimate mean of population

o PMLQ&LOM

e-Sample S AR S N
Re=Samp Sample 5 '
wikh !
Meain 3
replaaemen&

Eskimate variance o
Fhe mwean
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https://www.lancaster.ac.uk/stor-i-student-sites/jack-trainer/bootstrapping-in-statistics/

ATLAS methods paper: arXiv:2412.01600

Quantifying uncertainty on estimated density ratio

w; = w, - Pois(1)

Train an ensemble of networks, each on a Poisson fluctuated version of
the training dataset

Use variance to estimate uncertainty

INPUT

Neural Network #1

OO

Neural Network #2

Neural Network #3
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https://medium.com/@alexppppp/how-to-train-an-ensemble-of-convolutional-neural-networks-for-image-classification-8fc69b087d3
https://arxiv.org/abs/2412.01600

ATLAS methods paper: arXiv:2412.01600

Quantifying uncertainty on estimated density ratio

w; = w; - Pois(1)

Train an ensemble of networks, each on a Poisson fluctuated version of
the training dataset

Use variance to estimate uncertainty

Neural Network #1

Neural Network #2

Neural Network #3

115



https://medium.com/@alexppppp/how-to-train-an-ensemble-of-convolutional-neural-networks-for-image-classification-8fc69b087d3
https://arxiv.org/abs/2412.01600

ATLAS methods paper: arXiv:2412.01600

Quantifying uncertainty on estimated density ratio

w; = w; - Pois(1)

- Train an ensemble of networks, each on a Poisson fluctuated version of

the training dataset

- Use variance to estimate uncertainty

Ensemble members

Distribution of NN predictions for example events

Neural Network #1

Neural Network #2

Neural Network #3

TLAS Simulation

150 —
- Vs=13TeV
125 —
100 —
75—
50
25—
0.0 0.2 0.4
—

NN predicted score

—h
. IIII|IIII|IIII|IIII|IIII|IIII|II

PB+PS

(Xi)
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https://arxiv.org/abs/2412.01600

ATLAS methods paper: arXiv:2412.01600

Quantifying uncertainty on estimated density ratio

w; = w, - Pois(1)

- Train an ensemble of networks, each on a Poisson fluctuated version of

the training dataset

- Use variance to estimate uncertainty

- Propagate correlated impact

Jiw) = fip + o - Api(p))

Constraint term: Gauss(0,1)

Ensemble members

Distribution of NN predictions for example events

Neural Network #1

Neural Network #2

Neural Network #3

ATLAS Simulation
vVs=13TeV

—h
o)
o

125

100

~
6)

o)
o

N
6))

'OIIII|IIII|IIII|IIII|IIII|IIII|II

0.2 04 0.6 08

o

NN predicted score —=-

T (x)

—h
. IIII|IIII|IIII|IIII|IIII|IIII|II
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https://arxiv.org/abs/2412.01600

Frequentist Uncertainties on Neural Density Ratios with w; f; Ensembles

New 1nnovations i1n etficient MC stat uncertainties

L Center for Theoretical Physics, Massachusetts Institute of Technology,

2The NSEF Al Institute for Artificial Intelligence and Fundamental Interactions

Sean Benevedes!: 2

*

and Jesse Thalert:-2: 1

Cambridge, Massachusetts, United States

Gaussian Case Study, Coverage on Log Likelihood Ratio

Bootstrap |

Partition

-- Ideal
Bootstrap
Partition

Ideal

Bootstrap |

Partition

-- Ideal
Bootstrap
Partition

- Requires fewer networks to ensure coverage
- Elegant, mathematically motivated method to estimate

uncertainties

arXiv:2506.00113
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https://arxiv.org/pdf/2506.00113

Combination with histogram analyses

Lcomb(,ua a’) _ qull(ﬂa CV)

List (1, @)
Lref Lref -
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Calculating pulls and impacts in JAX

—1 Ay, o) = —Zln(qulz(M,Ol)/ ef)
— . 1 0% 7@
essian: — .
=N e da,
-~ 0
Pulls: Yk Cyk.
VCik
57
['x = 2 Crk
Post-fit Impact: 7"
A T P
— s ) X C ’
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Vertical interpolation

vj(ay) o s 1 (gj(xi,aZ))ak ar > 1
Vj(w,(i) k 6

Gj(ak) = 1+Z (cn, —1 <ap <1 8j(xi,6¥k): 1+ZCnQ’Z -1 <o <1
vJ(a/k) Tk B n=1 o
(Vj(alg)) V< (gj(xia a’k)) o < -1

With some continuity requirements
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Physics analysis results
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Comparison to previous result on same data

68%0 CL interval

95%0 CL interval

Parameter Value Observed  Expected Observed Expected
NSBI analysis
Uof-shell (4€ only) 0.87 [0.33,1.62] [0.05,2.04] [0.05, 2.38] < 2.38
Hoff-shell 1.06 [0.61,1.67] [0.17,1.83] [0.21,2.24] [0.01, 2.42]
'y [MeV] (40 only)  3.43  [1.37,6.71] [0.20,8.25]  [0.18, 9.98] < 12.09
'y [MeV] 4.29 :2.41, 6.95] [0.66,7.61] [0.76,9.66] [0.12, 10.50]
Ry, 1.19  [0.53,2.07] [0.02, 1.92 < 2.96 <2.73
Ryvy 0.95 [0.61,1.39] [0.31,1.70] [0.30,1.86] [0.06,2.14]
Histogram-based analysis
Uoff-shell (4€ only) 0.79  [0.02, 2.00 <2.14 < 2.97 < 3.10
Moff-shell 1.09 [0.54,1.81] [0.08,1.90] [0.10,2.41] [0.01, 2.52]
'y [MeV] (4€ only) 3.43  [0.10, 8.42] < 8.89 < 12.48 < 12.89
[y [MeV] 437 [2.13,743] [0.35,7.94] [039,10.14] < 10.79
R, 1.23  [0.00, 2.20] < 1.98 < 3.15 < 2.84
Ryvy 0.95 [0.60,1.43] 1[0.27,1.74] [0.26,1.90] [0.02,2.18]

121


https://arxiv.org/abs/2412.01548

ATLAS Higgs width analysis paper: arXiv:2412.01548

Impact of nuisance parameters

Systematic Uncertainty Fixed Mofi-shenn Value at which ¢, . =4
NSBI analysis  Histogram-based

All (stat-only) 1.96 2.13

Parton shower uncertainty for gg — ZZ (normalization) 2.07 2.26

Parton shower uncertainty for gg — ZZ (shape) 2.12 2.29

NLO EW uncertainty for gg — ZZ 2.10 2.27

NLO QCD uncertainty for gg — ZZ 2.09 2.29

Parton shower uncertainty for gg — ZZ (shape) 2.12 2.29

Jet energy scale and resolution uncertainty 2.11 2.26

None (full result) 2.12 2.30
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Full probability model, input variables

1

p(x |l“off-she11’ luoff-shell) = X

EW
V('uoff—shell’ M ot-shell

gek ggF gF
Hogt-shentV's ps (x)+\/“oﬁ-she11 |6 (%) + vy pB H(x) +

HoshenVs | Ps (%) + \/ 'uoﬂ”-shell pr (x)+vg pp (%) + vaipni(x)
Variable Definition
o quadruplet mass
mxz1 /1 mass
myz» /> mass
cos 0™ cosine of the Higgs boson decay angle [q; - n,/|q]|]
cos 0 cosine of the Z; decay angle [—(q2) - q11/(|q2] - |q11])]
cos 6, cosine of the Z, decay angle [—(q1) - qo1/(|q1] - |q21])]
D A decay plane angle [COS_I(nl ) nsc) (ql ) (111 X nso)/(lqll ) |Il1 X nsc|)]
o angle between Z;, Z, decay planes [cos™'(n; - n2) (q; - (n; X n)/(|q1] - [m; X ma|)]
p‘}f quadruplet transverse momentum
y* quadruplet rapidity
Riets number of jets in the event
mij; leading dijet system mass
An;; leading dijet system pseudorapidity
A ; leading dijet system azimuthal angle difference

ATLAS Higgs width analysis paper: arXiv:2412.01548
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ATLAS methods paper: arXiv:2412.01600

Network architecture

Feed-forward dense networks

- 5 hidden layers with 1000 nodes

- Swish activation

- Single node output layer with sigmoid activation

Loss: Weighted binary cross-entropy

0(10*) networks takes approx 4000 GPU hours to train
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Events/ 0.15

Data / Exp.

D e (x) = log

ATLAS Higgs width analysis paper: arXiv:2412.01548

Pre-selection region definition

F
Sﬁrge, g(X)+s

pre S (x)

ggF

pre
2
108 ATLAS qq — ZZ ] @
Vs =13 TeV, 140 fo™ 99 - (H* -)2Z 2 108
106 |- B Other Backgrounds
Bl qgg->H* »)Z2Z+2j 6
. 10
— Signal
104+ ¢ Data —
7«77 Uncertainty 104
o o -
102_ . ./,.,/.‘ .‘l.'.‘.l., B
s ®° .o .
- S
] >
- —— 1.0+Signal/Exp. ++E %
0.5 :_ ------u- I1:Oﬁ-|nt|er-lf./|EX|p|. ] ] ] ] ] ] ] ] |_: D 0-5
-2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0
Dpre

B(X) T Sp B(X) T Spre, qgZZ (X)

ATLAS
Vs =13 TeV, 140 b~

— 1.0+Signal/Exp.
------- | 1.0+Interf./Exp.

qq - ZZ

gg - H* »)ZZ
Other Backgrounds
aqq - H* »)ZZ+2]
Signal

Data

Uncertainty

7

0

1
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t M ofi-shell

ATLAS Higgs width analysis paper: arXiv:2412.01548

Result after combination with /lvr

- ATLAS I
o[ Vs=13Tev, 140" — O0S NSBI E
- - == Exp NSBI _
- — = Obs NSBI stat-only -
20— --—-  Exp NSBI stat-only —
: /-
15 /0/0/.__
| ey
10} 7 s S
i vl ///:
; /‘//" 7L
5 ;_‘\._ I " T T 7 5.0/2 T = :)&' - ",')’- ..... _:
A ~ ’/’ —
;\.*;'.'" ------ 6-80/,? I --‘—’Jc’. ............ ]
0.0 0.5 1.0 1.5 2.0 2.5 3.0
M off-shell

[lvv dominates sensitivity
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Width interpretation

s00F ATLAS . =
= V/s=13TeV, 140 fb~’ Obs NSBI -
7 5F - -~ Exp NSBI -
_ —-— Obs NSBI stat-only ]
15.0 -~ =+ Exp NSBI stat-only —4
/-

12.5| / s CI obtained from Neyman construction
l /A
i - p—
100 ’/ ’./
i / 7 |
7.5F < 73
- /‘/"/ /// :
5 O T 9%5% @, 4 moms -/- -‘/ . -/-/- == -_:-
j ) ST * g /// _
2.5 /‘/ -7 —
RN 68% uw s . .
RSN I == e n

T M . L |
0.0 0.5 1.0 1.5 2.0 2.5 3.0

Ky = FH/F,E,M
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IR 99

14

12

10

ATLAS Higgs width analysis paper:

Width sensitivity in ggF and VBF

ATLAS
Vs =13 TeV, 140 fb~’

— (Obs NSBI

~—— Exp NSBI

—-= (Obs NSBI stat-only
-+ =+ Exp NSBI stat-only

Ko on-shell

/ g ,off-shell

arXiv:2412.01548

- ATLAS :
[ Vs=-13TeV, 1400t — Obs NSBI -
- — = Obs NSBI stat-only /Z
- = ExpNSBlstatonly

’\||

2
Ryy = Ky, on—shell/ V .off-shell
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