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Particle physics:

Positron discovery (1930s)
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Statistical inference of physics parameters

mH = 125.25 + 0.17 GeV



Statistical inference of physics parameters

mH = 125.25(+ 0.



Statistical inference of physics parameters

mH = 125.25(x 0.

“How sure am I ? How can I reduce my uncertainty ?”




Statistical inference of physics parameters

An experimentalist thinks about ‘confidence intervals’
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Traditional Approach: Design one sensitive observable

Detector has O(100 million) sensors

ATLAS

EXPERIMENT

Reconstruction pipeline, event selection B T s

2015-09-18 02:47:06 CEST

Design one summary variable
» Compression: O(100 million) — 1

Build a 1-D histogram

Estimate probability densities with
histograms
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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



https://en.wikipedia.org/wiki/Positron#/media/File:PositronDiscovery.png
https://arxiv.org/abs/hep-ex/9503002

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

What is the probability of seeing 27 events if my
null hypothesis predicts 7?
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Count

: Background-only model

Probability density estimation, with a histogram

Data

Theory Predictions

Signal model

Measure ‘signal strength’ u

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

When comparing 2 hypotheses, LR guaranteed to be
optimal test by Neyman-Person lemma
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scale
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2 now is a 1D summary of the high-dimensional data

(Frequentist) Hypothesis tests

Z(H,|data) = p(data|H,) H, = {yu} H! = {u a}

Likelihood Z(u, a | &): p(S | u, a)

p(D | u, a)
p(D i, a)

Profile likelihood ratio:

u: Parameter of interest, you want to measure this

a: Nuisance parameters, you need to measure this to
avold biases. Systematic uncertainties like jet energy
scale

When comparing 2 hypotheses, LR guaranteed to be
optimal test by Neyman-Person lemma 9



2 now is a 1D summary of the high-dimensional data

(Frequentist) Hypothesis tests

Z(H,|data) = p(data | H,) Invert the test to get confidence intervals

$ :
i
A wd
A c;i .'
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—2log —
p(D |, a)
o
When comparing 2 hypotheses, LR guaranteed to be Parameter estimation (infinite hypotheses)

optimal test by Neyman-Person lemma 10
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(Frequentist) Hypothesis tests

Invert the test to get confidence intervals

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

—2log

' (Wilks’ theorem helps
/- determine this line for
large datasets)
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When comparing 2 hypotheses, LR guaranteed to be Parameter estimation (infinite hypotheses)
optimal test by Neyman-Person lemma 10
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Foundational NSBI work: Cranmer et al: arXiv:1506.02169,
https://simulation-based-inference.org/

Can we always find a sufficient 1-D summary?
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Foundational NSBI work: Cranmer et al: arXiv:1506.02169,
https://simulation-based-inference.org/

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 the most important particle physics
measurements

* HiggS Width: hal-02971995(p172): Ghosh et al
- Systematic uncertainties: ero ios.056026: Ghosh et a

¢ EffeCtiVG Field TheOI'ieSZ PRD 98.052004: Brehmer et al,
(Also see talk by Eddie McGrady at CHEP)

Hypothesis 2
Hypothesis 1

Need to perform inference directly in high dim

Count

1-D projection

12
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https://doi.org/10.1103/PhysRevD.104.056026
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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 ?

13



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

How many events for 50-D histogram
with 6°Y bins ?

Is there a better way to scale to higher dimensions ?

13



Foundational NSBI work: Cranmer et al: arXiv:1506.02169,
https://simulation-based-inference.org/

2 back to being high-dimensional unbinned data

x; an individual event . . . . .
| Neural networks can give us unbinned likelihood ratios

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)
14
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Foundational NSBI work: Cranmer et al: arXiv:1506.02169, https://simulation-based-inference.org/

A new paradigm: Neural simulation-based inference (NSBI)

Traditional framework:
Summarisation
to histogram Summary
Histogram Statistical » Likelihood
Uy . Fit Ly | 2)

Data / Exp.

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

High-dim data . . .
u 1s now arbitrary parameter of interest(s)

Neural simulation-based inference framework:

Likelihood Ratio
> ( Z (U4 | D) )
ZL(ref | D)

Obs Data ——

Neural Network

Hq

High-dim data
15
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A new paradigm: Neural simulation-based inference (NSBI)
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to histog
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7| Systematic uncertainties

Summary
Histogram Statistical R Likelihood
U > kit Z (/’tl | D )
................... LM

¥ 600

700 800 900 1000
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High-dim data e
Neural simulation-based inference framework:
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H > FL(ref | D)
High-dim data
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A new paradigm: Neural simulation-based inference (NSBI)

Traditional framework:
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7| Systematic uncertainties

to histog Summary
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Neural simulation-based inference framework:
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High-dim data

ngpothesis M1 Train on simulations, apply on data 15
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Is this dream attainable in practice?
- How to ensure robustness? By design and validation
- How to incorporate systematic uncertainties?

- How to perform Neyman construction in high dimensions?

16



Is this dream attainable in practice?

Yes!
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- Comparing Al versus optimization

An |mp|ementat|on Of neural S|mU|at|On'based workflows for simulation-based inference

of spatial-stochastic systems

Inference for parameter eStImathn |n ATLAS Michael Alexander Ramirez Sierra and

Thomas R Sokolowski

- Simulation-based inference of single-

molecule force spectroscopy
Lars Dingeldein, Pilar Cossio and Roberto

Covino

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

- Neural simulation-based inference of the

neutron star equation of state directly from

telescope spectra
Len Brandes, Chirag Modi, Aishik Ghosh

et al.

View the article online for updates and enhancements.
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in the H* — ZZ — 4¢ decay channel using a neural
simulation-based inference technique in 13 TeV pp
collisions with the ATLAS detector

To cite this article: The ATLAS Collaboration 2025 Rep. Prog. Phys. 88 057803

View the article online for updates and enhancements.

You may also like

- Dark matter search with a resonantly-

coupled hybrid spin system
Kai Wei, Zitong Xu, Yuxuan He et al.

- Beyond Kitaev physics in strong spin-orbit

coupled magnets
loannis Rousochatzakis, Natalia B

Perkins, Qiang Luo et al.

- 70 years of hyperon spectroscopy: a

review of strange ., baryons. and the
spectrum of charmed and bottom baryons
Volker Crede and John Yelton




arS TECHNICA Al BIZ&IT CARS CULTURE GAMING HEALTH POLICY SCIENCE SECURITY SPACE TECH

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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ATLAS Higgs width analysis paper: arXiv:2412.01548

Application in off-shell Higgs Run 2 analysis: big improvement!

NSBI vs histogram analysis

- ATLAS
- Vs =13TeV, 140 b’

4¢ only

Data NSBI
= = = Asimov exp NSBI

— = Data Hist
-« == = Asimov exp Hist

M off-shell
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Application in off-shell Higgs Run 2 analysis: big improvement!

NSBI vs histogram analysis
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B Data Hist _
— 4fonly B -
- - = ==« ASIMOV exp Hist |

‘\|||||

~25 3.0
M off-shell
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Application in off-shell Higgs Run 2 analysis: big improvement!

NSBI vs histogram analysis

- ATLAS

(0

Vs =13 TeV, 140 fo

4¢ only

- = Data Hist

=

Data NSBI

L Iy

N B Rt

sirmoy-exp-NSB

e

~25 3.0
M off-shell

Unprecedented improvement in ability to reject null
hypothesis!
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[ M off-shell
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Application in off-shell Higgs Run 2 analysis: big improvement!

NSBI vs histogram analysis

- ATLAS
- Vs =13TeV, 140 b’

4¢ only

- = Data Hist

Data NSBI

SO, ~ = acn s
I I N

UV EXOINOD

~25 3.0
M off-shell

Unprecedented improvement in ability to reject null
hypothesis!

Observed data happens to provide stronger constraint
than Asimov for both hist and NSBI
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Positron discovery (1930s) Top quark discovery (1990s) Higgs boson
discovery (2010s)

> T SRR
o [ e Daa . ATLAS
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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 ?)

B T | T T T T | T T T T | T T T T
_® Data ATLAS

B (")
25 - Background ZZ H ZZ(*) 4l
- I Background Z+jets, tt
- D Signal (mH=125 GeV)
" 7} Syst.Unc.

15/s =7 TeV:[Ldt = 4.8 b

Events/5 GeV

(s =8 TeV:[Ldt =5.8 b !

100 150 200 250
my, [GeV]

Shape information:
Histogram

High-dim shape information,
continuous (i.e. unbinned):
Neural inference

ATLAS Collaboration: arXiv:1207.7214
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ATLAS methods paper: arXiv:2412.01600

A robust NSBI implementation

Obs Data ——

Likelihood Ratio
p W= Core >
TS H,ul 4 Networks ( ref )

O(16) observables

Syst

pixlpa) 1 ¢ pi(x;) Pi(X; o)
pref(xi) I/(/’ta (X) 2 f(lu) y] pref(xi) 1;[ ](ak) pj(xi)
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0O(16) observables

p(xi |/’ta Cl)

P ref (xi)

ATLAS methods paper: arXiv:2412.01600

A robust NSBI implementation

Obs Data ——

Core

H A 4 Networks

Likelihood Ratio
(H, vs H,;)

- uu, a)

20
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p(xi |/’ta a)

P ref (xi)

ATLAS methods paper: arXiv:2412.01600

A robust NSBI implementation

Obs Data ——

Likelihood Ratio

Core

H A 4 Networks

/

(H, vs H,,)

Syst_o Syst_1
Network Network

- uu, a)

Syst I\ Networks adjust likelihood for
Network each systematic uncertainty

20


https://arxiv.org/abs/2412.01600

ATLAS methods paper: arXiv:2412.01600

A robust NSBI implementation

Likelihood Ratio

— Obs Data ——
Ensemble; Statistical Core
uncertainty on density = H, 4 Networks
ratios

(Hm VS Href)

p(xill/taa) -

Syst_o Syst_1 Syst_N Networks adjust likelihood for
Network Network e Network each systematic uncertainty

P ref (xi) v (/’ta

1 C
5 2. 5w -
J

20
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ATLAS methods paper: arXiv:2412.01600

A robust NSBI implementation

Likelihood Ratio

— Obs Data ——
Ensemble; Statistical Core
uncertainty on density = H, 4 Networks
ratios

(Hm VS Href)

Syst_o Syst_1
Network Network

Syst_N Networks adjust likelihood for
Network each systematic uncertainty

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

+ Train O(10%) networks on TensorFlow

+ Fits with JAX

+ Computing resources provided by Go«gle, SMU, other HPC clusters

Training details

s V4

20
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ATLAS methods paper: arXiv:2412.01600

A robust NSBI implementation

NN Learns probability ratios in high dim

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

Training details

y 4
+ Train O(10%) networks on TensorFlow "“
+ Computing resources provided by Go«gle, SMU, other HPC clusters

L AV W
! Gt 249 48
A\ \ \ARA A
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Is this dream attainable in practice?
- How to ensure robustness? By design and validation
- How to incorporate systematic uncertainties?

- How to perform Neyman construction in high dimensions?

21



Semi-parametric NSBI

ATLAS methods paper: arXiv:2412.01600

x; vector representing one individual event General Formula

1 C
p(xilp) = () ;fj(/«‘) v pj(x;)

Example use case

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

22
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ATLAS methods paper: arXiv:2412.01600

Semi-parametric NSBI

x; vector representing one individual event General Formula

1 C
p(xilp) = () ;fj(/«‘) v pj(x;)

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

Example use case

: (1 — V) vs ps(x) + Vi vser, pser, (x) + (1 — V) ve pe(x) |

VooF (ﬂ)

P ggF (x‘ﬂ) —

22
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ATLAS methods paper: arXiv:2412.01600

Semi-parametric NSBI

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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ATLAS methods paper: arXiv:2412.01600

Semi-parametric NSBI

x; vector representing one individual event General Formula

C
p(xilp) = — E i)y pjxi)

J runs over different physics process

Eg. oz o H* - 41, og - ZZ — 41
Event rates estimabted from simulabions ™ (Eg. 88 58 )

Comes from theory model chosen to interpret data

Example use case

v Fl(,u) [(N o \/ﬁ)m}:ﬁ pS(X) +W\/E”V5311ps]311 (X) + (1— \/ﬁ)ZEmpB(x)]

P ggF (x‘:u) —

Ji(1) will depend on morphing bases points (which values of p were used to simulate samples) oo
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ATLAS methods paper: arXiv:2412.01600

Semi-parametric NSBI

x; vector representing one individual event General Formula

C

J runs over different physics process

Eg. oz o H* - 41, og - ZZ — 41
Event rates estimabted from simulabions ™ (Eg. 88 58 )

Comes from theory model chosen to interpret data

Example use case

v Fl(,u) [(N o \/ﬁ)m}:ﬁ pS(X) +W\/E”V5311ps]311 (X) + (1— \/ﬁ)ZEmpB(x)]

P ggF (x‘:u) —

Ji(1) will depend on morphing bases points (which values of p were used to simulate samples) oo
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ATLAS methods paper: arXiv:2412.01600

Semi-parametric NSBI

p(xilp) 1 Zf'(,u) . pj(xi)
Pref(xi)  v(u) ! ’ Pref(X;)

ey e
s S d
V4 ~ =
( ‘ JF: | A ' ‘V W '//' ‘l
— (i fi N\ /
l — 7 S i 1]
4 N \ A | i
[ / t A K ',Lf " )
1 . > ] ) 4
i/ S D i e > R
. ISR _ ™"
. i T N
"" & 2 J o ‘. '“_ Sy
. ..’;‘ §:\~ . — ‘, A
i \~ B O an il ”

TN Q@fﬁf’@.h&ﬁ k:jpaﬁhesus j runs over different physics process
(Eg.gg > H* > 41,99 — ZZ — 4l)

Efvev\% rates estimated from simulakions ™
Comes ffm-m Ekeorv mad@i tkosem %c::r m%erpre& d&%a

Example use case

: [(,U Vi) Vs ps(X) + Vi VsB, PSBIl(x)+(1_\/_)VBPB(x)]

ggF( )

P ggF (x‘:u) —

Ji(1) will depend on morphing bases points (which values of p were used to simulate samples) oo
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ATLAS methods paper: arXiv:2412.01600

Semi-parametric NSBI

p(xilp) 1 Zf'(,u) . pj(xi)
pref(xi) v(u) ! ’ Pref(X;)

P e
’ 7 SN ) ) =
; & ~ l \ ,{’ p /";‘" — - ‘:$- //
/': » ; ’ AN /’l
— N\ /
° — [ ° / N\ // ° °
l — & S i ¥
p A § | 1|
/ 4 1 )
/ e i N 4
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(I g TF T B S N
(] RN ™
\ : B« R
e v' X ) o  adddi

. - Q@fer@\@e k:ﬁaaﬁhésus j runs over different physms PTOCESS

Efvev\% rates estimated from simulations
Comes ﬂfro-m Ekeorj modet ckosem %cr:r m%@.rpre& d&%a

Example use case

: [(,U Vi) Vs ps(X) + Vi VsB, pSBll(x)+(1_\/_)VBPB(x)]

ggF( )
plxlp) 1 (1t = Vi) vs + I VsBl. psar, (x)

' ps(x)  v(u) ps(x)

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

P ggF (x‘:u) —

oy PO
(L= Vi)ve ps(x)
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ATLAS methods paper: arXiv:2412.01600

Semi-parametric NSBI

x; vector representing one individual event General Formula
Estimated using an amsambta oﬂf maﬁwarws

(L) V(P (xi) plrilp) 1
, | pref(xi) V(,Ll) Z f] (lu) ) 4 ,

I s P
R ) e y.
— s 4 N\ 7/
l — F S / R
/ : ; r & |
f/ A A 4 L W J
/ e o J 5
i = SV . A g .
b 4 ] g TPT N g, Ty
- od ~ ." ;‘ El\ y > 4 ‘ "’ = " o ' ' . y

~— - QenfaréM&e k:jpca-ﬁhesus j runs over different physms rocess

e _ 2
/'1 S
- °

Ev@\% rates estimated from simulakions ™
Comes ffm-m Ekeorj madei tkosem %c::r m&erpre& d&%a

Example use case

1 [(,U Vi) vs ps(x) + VL vssy PSBIl(x)+(1_\/_)VBPB(x)]

ggF( )
31 S S PO T C)

' ps(x)  v(u) ps(x)

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

PggF (x|p) =

pB(x)
H Ve ps(x)

22
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Robust, parameterised classifier without parameterising
H, . : Reference hypothesis

pxilp) _ 1 chf-( Vv,
Pret(xi)  v(p) &4 e

Hﬂ

Hypothesis |

VS

H,.of

re

Reference
hypothesis

A separate classifier per physics process j
(Eg.gg - H* — 41, gg — ZZ — 4l)

pj(x;)
pref(xi)




Robust, parameterised classifier without parameterising
H, . : Reference hypothesis

Hﬂ

Hypothesis |

VS

H,of

re

Pref(x;) - v(u) Pref(X;)

A separate classifier per physics process j
(Eg.gg —> H* - 41, gg —> ZZ — 4l) 23

Reference
hypothesis

C . ]
pxilp) _ 1 ij(u)-vj° pj(xi)
-




Robust, parameterised classifier without parameterising
H, . : Reference hypothesis

Hﬂ

Hypothesis |

V Qo e 7 ’

H,of

re

Reference
hypothesis

pxilw) 1 < oo i)
Pref(X;) B 1400 ;fj (k) g

A separate classifier per physics process j
(Eg.gg —> H* - 41, gg —> ZZ — 4l) 23




Robust, parameterised classifier without parameterising
H, . : Reference hypothesis

¢ QO z
— Y A
g QQQ—> Z
Hﬂ ‘
Hypothesis ﬂ f ( _ 5 ﬁi-:{{ Z
| (1) = p o
VS Qa8 ’
hw) =/u O T
Href

F
N

C
T plalt) _ Ly pj(xi)
Analytically parameterised in y, allows to get Pref\Xi, I Pref(X;)

LR for any hypothesis u without training
parameterised networks !

A separate classifier per physics process j
(Eg. gg = H* — 4l,88 —» ZZ — 4l) 23



Is this dream attainable in practice?
- How to ensure robustness? By design and validation
- How to incorporate systematic uncertainties?

- How to perform Neyman construction in high dimensions?

24



Validate quality of LR estimation with re-weighting task

Reweighting: Calculate weights w, for events x; in blue sample to match green sample

25



Validate quality of LR estimation with re-weighting task

Reweighting: Calculate weights w, for events x; in blue sample to match green sample

px; | o)

w; = 1r(x;, Uy, H1) =
a DT p )

Probability ratios already estimated using an ensemble
of networks

25



Fraction of events / 100 GeV

Rwt. / SBI4 Orig.

102

10°

—_ —
o &)

O
o

Re-weight closures

High-level variable
never used in training

ATLAS Simulation

-4-- SBI; Original _
~--{--- 8 Original
—— S — SBIy Reweighted

Vs =13 TeV

20 25 30
-log(MCFM ME HZZ)

Matrix-Element-based Observable

Source
Target
Variable used in training [RW
""""""""""""""""""" o 108
| ATLAS Simulation B %
Vs =13TeV --4-- SBIl4 Original D ;
~+{-- 8 Original ‘S 10
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T 10"
L
10-3
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- | — 5 15
z e g S
- - P
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(ggF from MCFM)

ATLAS methods paper: arXiv:2412.01600
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Binned estimate

MC estimate log [p(u = 0.3)/Pref]

Pull

| I I
0¢] (0)) ~ )\ (@) N ~

2.5

0.0

ATLAS Higgs width analysis paper: arXiv:2412.01548

Calibration curves of probability density ratios

Pu=03(X;)
14 ref (xi)

- ATLAS Simulation !
— vVs =13 TeV

p(u =0.3)/pret calibration test

NN predi cted log [p(,u 0.3)/Pre]

Ensemble prediction

MC estimate log [p(u = 1.7)/Prei]

Pull

I I I I
0¢] (0)) ~ N (@) N ~

2.5

0.0

—2.5

p,u=1.7(xi)
pref(xi)

- ATLAS Simulation -
— Vs=13TeV | WE

p(u =1.7)/pret calibration test

NN predi cted log [p(,u 1.7)/Pret]

Ensemble prediction

1 Perfect calibration would give y = x
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Uncertainties on the network estimates 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 PBTBPS(X’)
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Uncertainties on the network estimates themselves

Distribution of NN predictions for example events

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

n L ]
2 150 ATLAS Ssimulation -
Sean Benevedes! 2 * and Jesse Thaler! 2T = [ Vs=13TeV ]
((b) | _|
L Center for Theoretical Physics, Massachusetts Institute of Technology, e 125 —
Cambridge, Massachusetts, United States Lo N ]
2The NSF Al Institute for Artificial Intelligence and Fundamental Interactions 'g 100 — —
o) - ]
M=4 <2 N i
Lof L eemmmmmmmsmmoeee———— B e——oozzzasa 575k -
0.8 - ]
M: Number of S0 =
06 X - ]
© networks in ensemble - §
04t 25— —
-- Ideal | _
0.2F Bootstrap [ Bootstrap B |
001 Partition Partition 0.0 02, 04 0.6 0.8 1.0
Ol : Ps (v
= NN predicted score F’BTPS(X’)
=

Ideal

Bootstrap [

Partition

-- Ideal

Bootstrap
Partition

- 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 =~ |
- 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

29
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Is there more to simulation-based inference?

So much more! Diagnostics, Neyman construction, focusing the power of a test...
Can discuss if there is time.

But, let’s focus on the basics in today’s tutorial

30



This tutorial (by Eddie McGrady)

Based on dataset and code from Tae Hyoun Park, originally for arXiv:2507.02032

. Simplified dataset: - No dominant qqZZ background, no EW processes

. Physics processes: + No systematics

- S:gg - H* - 4]
- B:gg —» Z7Z — 4l
- Combined SBI

P
_ The background sample will be used as ‘reference’, so P_B =1
ref
. . . Py Pgp
_ Only 2 density ratios to be estimated: — & —
P ref P ref

2
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Let’s play with the notebooks !



More diagnostics

33



Maximum likelihood estimate
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Testing full analysis on samples from different values of u

. ATLAS Simulation -
- Vs =13 TeV ¢ 7
N . -
i ' ]
i ‘ |
— * -
: + :
— 4 -
:_o + * + + ? ¢ O _:
0 05 10 15 20 35

Asimov dataset true Uo-shell

True u
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Maximum likelihood estimate

(4)
Maximum Likelihood Estimator post.shell |

Difference
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Testing full analysis on samples from different values of u

. ATLAS Simulation 1

i Vs =13 TeV ¢ j

- . )

E . E No bias: Method recovers correct value of 1 on average

- + - (Correct MLE when tested on the median ‘Asimov dataset’)
: + :

:_ * _: And many more diagnostics, data vs MC validation

: - (see backup)

— + * + b b o o -

- S 3 - TN

Asimov dataset true Uo-shell

True u
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-2 log {p

Interpretability:

ATLAS methods paper: arXiv:2412.01600

Which phase space favours one hypothesis over another?

—2-log —2 - log
P(xjlu=1) P(xjlu=1)

1 :_ ATLAS Simulation _: o] ; ATLAS Simulation
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-2 log {p

Interpretability:
Which phase space favours one hypothesis over another?

—2 - log
P(x;|p=1)
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ATLAS methods paper: arXiv:2412.01600
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0.5)]

p(xi|u)

(xi|

-2 log {p

Interpretability:
Which phase space favours one hypothesis over another?
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—2 - log
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ATLAS methods paper:
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arXiv:2412.01600
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ATLAS methods paper: arXiv:2412.01600

Re-weight closures for B

ATLAS Simulation
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Events / 0.01

Data / Exp.(u =0)

ATLAS Higgs width analysis paper: arXiv:2412.01548

Data-MC validation

NN observable My,
p=
107 ATLAS aq - ZZ — 2 107+ ATLAS aq - 2Z —
Vs =13 TeV, 140 b’ g9 — 27 %) Vs =13 TeV, 140 fb! gg — 27

B Other Backgrounds qc) Bl Other Backgrounds
105 — B g > Z7+2] — 1 10° B qq > ZZ+2] —
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277 Uncertainty — 103 | 27 Uncertainty —

1071
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ATLAS Higgs width analysis paper: arXiv:2412.01548

Data-MC validation
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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
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Fast confidence belts with QR

Neyman construction guarantees accuracy of confidence
intervals, even if you don’t trust the NN estimates

But very slow and expensive
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arXiv:2507.17831: Carzon, Ghosh et al

Fast confidence belts with QR

Neyman construction guarantees accuracy of confidence
intervals, even if you don’t trust the NN estimates

But very slow and expensive

Can do it faster and more accurately with quantile
regression (QR)
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Workilows for the computational challenge

- HEP performs ~100 measurements per year that could benefit
- Careful design and validation of 10,000 networks per measurement is infeasible

Need fully automated workflows with Ray:

Train ensembles on
HPC
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Details: HEP-CCE, Bollweg et al (incl. Ghosh) IRIS-HEP Tool (Sandesara et al): Unbinned NSBI fits
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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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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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Test inversion for simplest measurement

Confidence belts (68%) for Gaussian likelihood
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Confidence belts (68%) for Gaussian likelihood
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power away from focus region
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Test inversion for simplest measurement

Confidence belts (68%) for Gaussian likelihood

Likelihood ratio statistic (LRS)

Rejection —
1 region |==
3 01 =
-2 1 — . .
=—— |Rejection
4] == region

X
Focused test statistic (FTS)
4 - ]
2 — \
——_ ~
................................... e ‘~~~~§
u S 0- — _"
U [ @ /”—’
—— y
_2 -
—4 e
-6 -4 -2 0 2 4 6
X ()
gy
—’ / \
> / \
Q J S

__— Acceptance region

Data comprises single measurement x

- LRS gives constant CI sizes

- FTS gives narrower near focus region by sacrificing
power away from focus region

- You have full freedom to choose any focus function that
gives you the best expected sensitivity in physics-
motivated regions using simulated samples
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» Systematic Uncertainties: Incorporate them in likelihood (ratio) model



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

Image: arXiv:1503.07622

/-\2.4 __I' 1 | L | L | L | L | L | L | 1 ‘I__

32_2 - piecewise linear
A - - piecewise exponential -
2% 20 quadratic-interp, linear extrap 7
18 - poly-interp, expo extrap -
! 161 /
< & = @ > 12— . E
o 1 ;
. 0.8 =
0.6 =
0.41 -
' 0.2F =
O : | I I | | I I | L1 1 1 | L1 1 1 | | I I | | I I | L1 1 1 | L1 1 1 :
2 15 -1 05 0 05 1 15 2
o

= Combine these traditional interpolation with neural network estimation of per-event likelihood ratios


https://arxiv.org/abs/1503.07622

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,)
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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,)
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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,)
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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,)
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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 G(ay), g,(x;, o) 49




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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https://arxiv.org/abs/2412.01600

x; 1s one individual event

L (u, a|D)

Lref(D)

Final test statistic

ATLAS methods paper: arXiv:2412.01600
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https://arxiv.org/abs/2412.01600

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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https://arxiv.org/abs/2412.01600

x; 1s one individual event

Lo (u, CZ\@)

Lref(ﬂ)

Final test statistic

f?;a&é Eerm

Prod over evewnks

ATLAS methods paper: arXiv:2412.01600
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https://arxiv.org/abs/2412.01600

x; 1s one individual event

L (u, a|D)

Lref(@)

Final test statistic

= POiS(Ndata‘V(/*" a/)) l_[ ‘/

Rake kerm

Prod over evewnks

ATLAS methods paper: arXiv:2412.01600

Conskrain kerm
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https://arxiv.org/abs/2412.01600

ATLAS methods paper: arXiv:2412.01600

Final test statistic

x; 1s one individual event

Liai(p, a|D)
Lref(@)
2 8F
L u ) Q re
-
) 4

This is kj we define p, to be independent of

||||||||||||||||||||||||

.I

1/

- ATLAS Simulation A
- V5=13TeV, 140 fb™’ A

I .:
— —-— Unbinned NSBI Stat+Syst 3
- —— Unbinned NSBI Stat Only s
| ——-—- Binnedlog [ps/ p(1.0)] Stat Only /I/:"[.
e Binned log [ps / p(1.0)] Stat+Syst /7
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https://arxiv.org/abs/2412.01600

ATLAS methods paper: arXiv:2412.01600

Final test statistic

x; 1s one individual event
Liun(u, D)

Lref (D )
2 g/ RE
~ - ATLAS Simulation A
- - Vs =13TeV, 140 fb" -
Profil; f— _91n Lea(p, @) [ Lser I pE
TOLUNE. 2 L (A /\) /L/ 6~ —— Unbinned NSBI Stat+Syst 'I,:l:' N
full ref - —— Unbinned NSBI Stat Only L -
| ——-—- Binnedlog [ps/ p(1.0)] Stat Only /I/:"[. |
4 | Binned log [ps / p(1.0)] Stat+Syst /7 B

This is kj we define p, to be independent of

Non-parabolic shape due to non-linear effects from quantum interference 50


https://arxiv.org/abs/2412.01600

Wh
y doe
s NS
BI
work
bet
T
er than tr
aditi
onal
anal
yses?
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ATLAS methods paper: arXiv:2412.01600

Why does it work better than traditional analyses?

- ATLAS Simulation
- Vs=13TeV, 140 fb™’

| — Unbinned NSBI

—== Binned log [ps/ p(u =1.0)] 15 bins

+ Binned p(y = Uscan)/p(u =1.0) 15 bins
Binned p(U = Ugscan)/p(u =1.0) 20 bins
Binned p(u = Uscan)/P(u =1.0) 30 bins
Binned p(u = Uscan)/P( =1.0) 90 bins

P S(xi)

/Ofixed = log : Similar to histogram analysis

PSBIX;)

— NSBI: Optimised for all hypotheses, unbinned
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https://arxiv.org/abs/2412.01600

ATLAS methods paper: arXiv:2412.01600

Why does it work better than traditional analyses?

N Y /A pse) |
- ATLAS Simulation 1 Ofixeq = log : Similar to histogram analysis
- Vs =13TeV, 140 fb- e PSBI(X;)
61— —— Unbinned NSBI s — p(X-\,u)
- 2;2:23 l;’(i [fz ;Cfn()ﬂ/’p?; -3)1].(1))51'05'”;”3 a 1 0,= p(x-\/; - 1): Hypothesis-specific observable,
: Binned p(U = Ugscan)/p(u =1.0) 20 bins ,II :/ l histogram fit
Binned p(u = Uscan)/P(u =1.0) 30 bins /
4 __ e Binned p(u = Uscan)/p( =1.0) 90 bins __
/ _
| 4 17— NSBI: Optimised for all hypotheses, unbinned
7
2 o /// __
//
\tf-b _____ N :
0.0 0.5 1.0 1.5 2.0 2.5
u
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ATLAS methods paper: arXiv:2412.01600

Why does it work better than traditional analyses?

S N - pSY) |
- ATLAS SlmU|atl0”1 1 Ofixedq = log : Similar to histogram analysis
- Vs =13TeV, 140 fb- e PSBI(X;)
6 _ —— Unbinned NSBI / — p(x-\,u)
i -;- 2;2:23 /ls(i [ff, s,/cfn()l/jpz(;j -3)1].(1))51b5'”;ns /I - L= ~ l — 1): Hypothesis-specific observable,
: Binned p(U = Ugscan)/p(u =1.0) 20 bins Ill :/ PRAIK histogram fit
Binned p(u = Uscan)/P(u =1.0) 30 bins /
4 __ e Binned p(u = Uscan)/p( =1.0) 90 bins __
/ _
| /7 17— NSBI: Optimised for all hypotheses, unbinned
7
2 o /// __
) Ph it N 1~ O, approaches NSBI as nBins — oo
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https://arxiv.org/abs/2412.01600

ATLAS methods paper: arXiv:2412.01600

Critical values

- ATLAS Simulation
- Vs =13 TeV, 140 fb’

B —— Unbinned NSBI
i ---- Binned log [ps/ p(u =1.0)]

| Built with Neyman construction: Expensive process of
-+ running entire analysis on thousands of pseudo-experiments

Similar to structure seen in histogram analysis
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https://arxiv.org/abs/2412.01600

ATLAS methods paper: arXiv:2412.01600

Critical values
3 8 — ' | 7 —
- ATLAS Simulation - o . .
- Vs=13TeV, 140 fb! | Built with Neyman construction: Expensive process of
- / 1 running entire analysis on thousands of pseudo-experiments

61— —— Unbinned NSBI —
i ---- Binned log [ps/ p(u =1.0)] ! -

Similar to structure seen in histogram analysis

00 05 10 15 20 25

Calibrated confidence ,U
interval (NSBI)
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https://arxiv.org/abs/2412.01600

Vertical interpolation

+ Tk
(Vj(a’g)) ar > 1

vi(a;)
Gi(ag) = 1+Z jcna) —l<ap <1
95
(Vj.iagi) o < 1

With some continuity requirements

(8j (i, CVZ)) o

gi(xi,ar) =41+ Z CnQ),

n=1

(8 (xis ;)"
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