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What is Simulation-Based Inference ?

What is Neural Simulation-Based Inference ?

How do we apply this to the LHC ?



Introduction

"Latent" or unobserved space
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Introduction

"Latent" or unobserved space

What we observe / \ What we measure
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Theory model
parameterized by

some U

Data x

Inference goal: Likelihood L(u;x) = p(x | n)

"Likelihood-Free" Regime at the LHC

Simulate events x ~ p(x | u) v
Compute likelihood x, 1t — p(x | 1) X




"Likelihood-Free" Regime — Simulation-Based Inference (SBI)
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We have always been using SBI



Traditional Inference

How do we fix the implicit model issue in traditional inference?

0(10%)-dimensional
X-space

Physics objects & their
momentum

.

Jets

\x Leptons

~

,/

O(10?)-dimensional

X-space

dimensionality reduction via reconstruction algorithms

Figure credit: Lukas Heinrich



Traditional Inference

Physics objects & their
2
momentum x € RYU07)

() e 0\

Jets

K Leptons J/

L(u,v) = |Poisn | 2u.0)) [ p(elmv) |- ] Peons(@nltin)

L ecevents d  mesysts
Extended Poisson term Probability Density Constraint likelihood term
(intractable)
n — observed # of events U — parameters of interest a,, — global observable associated
A — expected # of events U — nuisance parameters with m™ nuisance parameter



Traditional Inference

Physics objects & their
momentum X €
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L(u,v) = |Poisn | 2u.0)) [ p(elmv) |- ] Peons(@nltin)

eeevents
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Extended Poisson term Probability Density Constraint likelihood term

‘/ (intractable) x ‘/

MEsysts

n — observed # of events U — parameters of interest a,, — global observable associated
A — expected # of events U — nuisance parameters with """ nuisance parameter



Traditional Inference

Lip.v) = |Pois(n | A1) [] p(xluv)|« [] Peonsie(@nlvim)

i e€events { 1 mésysts

L(u,v) = |Pois(n | 2u.)) [ p () 1uv)| = T Peonsie (@l v)

eeevents mesysts

Rewrite with a dimensionality reduction mapping function x — s(x) e.g. m,(x)
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Traditional Inference

L(u,v) = |Poistn | 2w, v) [] p(xlnv)

L(p,v) = [Pois(n | A(u,v))

Physics objects & their
2
momentum x € RU107)
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Traditional Inference
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Continuous truth
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Binned model for density estimation
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The bin counts are modeled using
simulation histograms

A, = expected yield in bin b

"Simulation-based" Inference
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Traditional Inference

Continuous truth Binned model for density estimation
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The "reduced"” model then uses histograms as density estimators:

Lip,v) = |Pois(n | 2u.0) || i (sG10) |+ [ Peonsic.(@nl )

o eeevents mesysts
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Traditional Inference

The "reduced"” model then uses histograms as density estimators:

L(p,v) =
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Traditional Inference

The "reduced"” model then uses histograms as density estimators:

Lp,v) = |Pois(n | A1) || hist (sG)1.0) | - ] Peonstr(@n2)

| ecevents mesysts

Equivalent to the product of binned Poisson likelihoods

L(u,v) = const - H POIS nb | /1,9(/4,1/) H Peonstr (@, | V)

bebins MESYySsts
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Traditional Inference

The expected rate needs to be modeled continuously as a function of parameters

L(ﬂay> — H Pois (nb | ) | H pconstr.(am | I/m)

bebins MeESysts
Need to build a continuous model as a

function of
high-dimensional parameter space

What we have:

expected event counts 4, at ® ®
discrete values of high- Py - Yy
dimensional parameter space nominal simulation

simulation with alternative 7/ . | — ( v 1> U2’

s V1)

Figure credit: Alex Held 16



Traditional Inference

The expected rate needs to be modeled continuously as a function of parameters

L(ﬂay> — H Pois (nb | ) | H pconstr.(am | I/m)

bebins MeESysts
Need to build a continuous model as a

function of
high-dimensional parameter space

What happens here?

No simulations! ‘vz

What we have:

expected event counts 4, at ® ®
discrete values of high- Py - Yy
dimensional parameter space nominal simulation

simulation with alternative 7/ . | — ( v 1> UZ’

s V1)

Figure credit: Alex Held 17



Traditional Inference

The expected rate needs to be modeled continuously as a function of parameters

L(p,v) = H Pois (nb | M ' H Peonstr.(G | V)

bebins / Esysts
"HistFactory" parametric model for

Z Ks(ﬂ) . Hﬂs,b(ym) continuous bin morphing:
m

sesamples

factorised response and parametric
interpolation

v K,(u) — known factorisable, analytic
‘ dependence

nominal simulation

simulation with alternative 7/ ————" ﬂs’b(y) = H ﬂs’b(ym)
m

Assume impacts from
each v, are independent

Figure credit: Alex Held 18



Traditional Inference

The expected rate needs to be modeled continuously as a function of parameters

L(u,v) = H Pois (nb | M ' H Peonstr.(@m | Uyy)

bebins / Esysts
"HistFactory" parametric model for

Z Ks(ﬂ) . Hﬂs,b(ym) continuous bin morphing:
m

sesamples

factorised response and parametric
interpolation

v K,(u) — known factorisable, analytic
‘ dependence

nominal simulation

Remaining goal: estimate 4, ,(v,,)
— A (V) = I I . .
simulation with alternative S’b( ) from Sparse SlmUIat|OnS
m

Assume impacts from Vi, = — 1,0, 1
each v, are independent

Figure credit: Alex Held 19



Traditional Inference

The expected rate needs to be modeled continuously as a function of parameters

L(p,v) = H Pois (nb | @ ' H Peonstr.(G | V)

bebins Esysts

"HistFactory" parametric model for

Z Ks(ﬂ) . Hlls,b(ym) continuous bin morphing:
m

sesamples . .
P factorised response and parametric
interpolation
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Figure credit: Alex Held 20
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Pros: easy, cheap and asymptotically
unbiased density estimation

Cons: lose sensitive information from
high-dimensional data

Why use neural SBI?

What if we can exploit the fully differential high-dimensional data to perform
statistical inference?




High-dimensional Inference

The full likelihood model in an ATLAS or CMS analysis looks like this:

L(IM7 U) — POIS(n | A’(M’ U)> H p('xe | Iu’ U) ) H pconstr.(am | Dm)

eeevents |  mesysts

Estimation goal:
per i.i.d. event density function

B h2
- - e Entries 25000
o = P e Meanx -0.00243
I T |Meany  _0.04709
200 < IstdDevx 0.9973
1805 StdDevy  4.999

Photons o :
Simulated high-

Leptons
k ) dimensional data

Physics objects & their

Jets

momentum Ghist (xl U, v) ~ px | p,v)
~10-100 dimensional
vector Curse of dimensionality - need more

simulations to model x than feasible
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Neural Simulation-Based Inference

The full likelihood model in an ATLAS or CMS analysis looks like this:

L(IM7 U) — POIS(n | A’(M’ U)> H p('xe | Iu’ U) ) H pconstr.(am | Dm)

o eeevents |  mesysts

parameter () = > yw — model parameters
MadMiner } &\!lf
[ 1805.00020, R E(O—0
1805.00013 ] A -
aten \# 7| | '
NN /=@
. | Neural Likelihood Estimation (NLE)
argmin Llg] —» | q,(x | u,0) » p (x| p,v)
e - g
Simulation Machine Learning

neural SBI in a nutshell: use deep learning surrogates for the modeling of
probability density 23


https://arxiv.org/abs/1805.00020
https://arxiv.org/abs/1805.00013

Neural Simulation-Based Inference

The full likelihood model in an ATLAS or CMS analysis looks like this:

L(p,v) o 2 px, | u,v)
H ()C) — OIS(I/l | (//t, U)) (X) ) pconstr.(am | l/m)
ep ref - e€event Pref MESySts
parameter () \\\3 $ | — model parameters

MadMiner \""' N

[ 1805.00020, SR8 O—10

1805.00013 ] wa y a0 7 ";.“
aten w:/ | \
M \R\“ ‘ | 150 Neural Ratio Estimation (NRE)
, p(x|puv
e . g Pret(¥)
Simulation Machine Learning

neural SBI in a nutshell: use deep learning surrogates for the modeling of
probability density (ratios) 24
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Neural Simulation-Based Inference

For a frequentist test, the parameter-independent p,_.r can be arbitrarily chosen

Lp,v)y | .

plx, | u,v)
Pref (Xe)

| H P constr.(am | v m)

MESYsts

eeevents

Density ratios can be estimated using
well-trained classification models.
Easier than density modelling

Test statistic remains unaffected

t = —1In L(u, V) ! peet) Pret €Can be chosen arbitrarily
B L(4,D) /W eventually cancels out

The test retains all the desirable asymptotic properties that come with profile
negative likelihood ratio test [1007.1727]
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https://arxiv.org/abs/1007.1727

SBI Landscape

Traditional SBI NSBI
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Statistical Model P P P
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Can we apply NSBI to LHC analysis?

27



Sparse simulations

Vv = (Vl,l/z, ...,UIO()) e ———————————————— e —

V 1
‘2 | in 100-1000 dimensions for event samples in ATLAS |
and CMS.

@ @,

/ ]
nominal simulation |

simulation with alternative 7/ .

28



Sparse simulations

V= (Ulal/z,---,Ul()()) | = = — R
y | Challenge: Only sparsely populated parameter space |
‘ | in 100-1000 dimensions for event samples in ATLAS

and CMS.

Neural Networks would not know how to model
parameter space where there are no simulations

nominal simulation |

simulation with alternative 7/ .

U, U~ ﬂ( U y) w — NN parameters

x~px|p )

X~ pref(x)

Need to sample continuously and densely from some 7(x, ) to model the ratios

For technical details, see e.g. MadMiner [ 1805.00020, 1805.00013 ] 29
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Factorised Approach

The HistFactory model for per-event density ratio:

p (x | ,u,I/) 1
‘ = Z A(p,v) -
P fef(xe) ZsEsamples S(’u v sEsamples
Total yields

(computed via HistFactory)

Differential cross-section term
(high-dimensional inference)

p, (x, | p,v)

P ref (xe)
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Factorised Approach

The HistFactory model for per-event density ratio:

pref(xe) Z sesamples /ls(/’l » U )

p(x|p,v) 1 5y

sesamples

~

5 8g gv Z J
H*
8 VA4 8

p, (x, | p,v)

ﬂs(//l, y) ’

P ref (xe)

.

Background with same

Signal to measure p, = Psig

final state p; = ppy,

E.g.: "signal strength"parameter

1
p(x | /’l) — IM ’ j“Sig ’ pSig(x) + j’Bkg : kag(x)

H+ Asig + ABig
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Factorised Approach

The HistFactory model for per-event density ratio:

p (x| uv) 1 Py (% | p,v)
= 2 Ay
pref(xe) ZsEsamples /Is(/’[’ v ) s€samples pref(xe)
p(xl,u,v) P x|1/ P(X)
e bl) = Y A [HK(”)] : e
Prei(Xe) ZsEsamples S(’u v sesamples Xe p ref (%)
_ Nominal
Known Systematic Density ratio
dependencies uncertainty

(u-dependence) reweight factor (x-dependence)

(x, v-dependence)

Goal: "factorised" targets to tackle independently
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Factorised Approach

The HistFactory model for per-event density ratio:

Systematic uncertainty
reweight factor

l

plliy) 1 Y, Ay [HK(/D] Pulely)  px)

pref(xe) Z sesamples /15(/4’ v )

s€samples U

Ps <xe> pref(xe)

Known T
dependencies

Nominal density ratio
(parameter-independent)
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Factorised Approach

The HistFactory model for per-event density ratio:

p (x| pv) 1 [ ] ps(x. V) pyx,)
— A(u, V) - ; : :
Pref(X,) stsamples AU, V) SES;Hm . s(,u V) IZIK (1) D, (xe> pref(xe)

T

Nominal density ratio
(parameter-independent)

Parameter-independent model
no dense parameter sampling needed!

x ~ pyx)

X ~ pref(x)
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Semi-parametric SBI

The HistFactory model for per-event density ratio:

ps (% | V)| px)
Ps (Xe) pref(xe)

p (x| u,v) ’
- A (u,
Dro(X,) Zsewmp]eb Ay, v 2 (u,v) - K(p)| -

—

sE%ample%

Ns ]
yst
~ H ps(xe | l/m)
N
] P
V= \U{,UVyy....,. U
( 12525 ex e Nsyst) HistFactory-style model
'S
Assumption 1:
impact from
mdepend.en’r sources .oF @ @ @,
systematic uncertainties /!
FGC"'OI"iSQ nominal simulation
simulation with alternative 2/ .
35

Figure credit: Alex Held



Semi-parametric SBI

The HistFactory model for per-event density ratio:

p (X |p,v 1 pslx | v X
eliy) p D, Ay ’Hxswﬂ- L V)| pix)
pref(xe) ZSESHmpleS S(ﬂv Z/) sesamples n Ps (xe) pref(xe)
Ns St i ]
Interp [ . ] - ]jlnterp ps(xelymz'l' 1) 1 ps(xelym= - 1)
R R R R RN RN RN RRRRE RS ~ ’
T 2 e, - P ps(x.)
ps(xce | Um) 1 85— goly-interp, exgé extrap P

ps(-xce) 1.4F

| 1.2F

Assumption 2:

semi-parametric model
for parameterised
density ratios

Train two NNs per nuisance-parameter
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SBI Landscape

interpolation in one bin

w — NN parameters gzﬁizxwf
px, v, =%x1) 12: B -
1.4F =
S ps(xe) 121:_\\5<_-7u ﬁ
0.8 E
~ P S(Xe) ¥ gi: v:rtical interpolation> :
Pref(X,) 052151050051152
14
non-parametric models for modeling x parametric ansatz for /i, U-dependence

Ongoing effort mapping out the SBI landscape more generally (Cranmer & Sandesara)
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Semi-parametric SBI
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First ever measurement with real data using
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The ATLAS Collaboration uses NN Ob Servable For X — S(x) 39



https://iopscience.iop.org/article/10.1088/1361-6633/adcd9a
https://iopscience.iop.org/article/10.1088/1361-6633/add370

Semi-parametric SBI

Nuisance parameter dependent ratio:

Refinable modeling for unbinned SMEFT analyses

Robert Schofbeck

Institute for High Energy Physics, Austrian Academy of Sciences,

Dominikanerbastei 16, 1010 Vienna, Austria

Technische Universitdt Wien,
Karlsplatz 13, 1040 Vienna

robert.schoefbeck@oeaw.ac.at

exp (

VAAA(m)) _ do(z|v)

N

= do(x|0)

Parametric ansatz

Similar semi-parametric idea

A(x) — NN outputs

Each x—dependent term is then fitted by minimizing the loss:

Different implementation strategy

=2

vey

LAa(@)] = ) Legvala(z))

vey

( <soft+(yAAA(m)) >m

o+ <Soft+(—yAAA(m))>m,zlu )

Traditional
Statistical Model

parametric

parametric

parametric

].
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‘ Semi-parametric SBI

Full Neural SBI

(POI&Nuisance)
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WITH GREAT  POWER
COMES GREAT RESPONSIBILITY.

We are now optimally constraining ALL parameters, with high-dimensional
information from simulators.
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Neyman Construction

What if the neural networks are mis-modelled?

® The resulting test statistic we build does not retain the asymptotic
properties typical of profile negative log-likelihood ratio test.

e Neyman Construction with simulator-sampled events more essential than

before: build calibrated confidence intervals.

Rep. Prog. Phys. 88 057803

vvvvvvvvvvvvvvvvvvvvvv

ATLAS

/s=13TeV, 1401 — Obs NSBI

- == Exp NSBI /
—-= QObs NSBI stat-only ,” —
= Exp NSBI stat-only ,

12—

N

t/-’off-shell

10— 4¢ only

81— non-asymptotic /
contours

AAAAAAAAAAAAAA

3.0
M off-shell


https://iopscience.iop.org/article/10.1088/1361-6633/adcd9a

Robust Model Building

The HistFactory model for per-event density ratio:

el ’ pS Xellj s\""e
p el ) - Z A(u, v) - ’HKS(/U}- ( )- Pyt

pref(xe) 2565dmples ‘(’M’ Ps (xe) pref(xe)

sesamples

Can we do better than the
HistFactory assumptions?

Goal:
modeling parameter space N Y
dependence more robustly nominal simulation

simulation with alternative lj . .

What if we generate simulations at

more parameter points?
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Robust Model Building

The HistFactory model for per-event density ratio:

p(x,|puv) 1 ’ ] ps(x V)| p(x)
_ A(u.v) - Y : .
Pref(Xe) 2 scsamples 5(Ho V) 2, Ay l;[K(ﬂ) ps (%) | Pre(ro)

sEsamples

Can we do better than the
HistFactory assumptions?

o o O o
a &
nominal simulation
Option: train parameterized neural —0
P ne 'l'WOIsz ClClSSi Fiers? simulation with alternative 2/ .
Challenge: hard tfo regularise What if we generate simulations at

more parameter points?
44



Robust Model Building

Semi-parametric option:

more robust parametric approach with
relaxed factorisation assumptions.

Example:

VAAA(m) = Vtes Ates (w) + Vjes Ajes(m) + Vmet Amet(w)

+ Vt2es Ates,tes(m) + ijes Ajes,jes(w) + Vr2net Amet,met ((B)

+ VtesVjes Ates,jes(m) + VjesVmet Ajes,met (w)

+|VtesVmet Ates,met(mﬂ- Example of simultaneous

variations

A(x) = NN outputs (unparameterized)

The polynomial ansatz can be made arbitrarily
higher-order for expressivity

Unbinned inclusive cross-section measurements with machine-learned systematic
uncertainties

Lisa Benato, Cristina Giordano, Claudius Krause, Ang Li,
Robert Schofbeck, Dennis Schwarz, Maryam Shooshtari, and Daohan Wang
Institute for High Energy Physics, Austrian Academy of Sciences Dominikanerbastei 16, 1010 Vienna, Austria
(Dated: August 26, 2025)
- —

Reduced impact on sensitivity from NPs
when fitting with SBI

low-dimensional summary NSBI likelihood fit
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For more deftails see the blueprint workshop talk

Robust Model Building

U v

IreeliEiomel arametric arametric arametric
Statistical Model P P P
Full Neural SBI non-parametric non-parametric non-parametric
>emi-parametric 5B non-parametric arametric arametric
(POI&Nuisance) P | P P
. Semi-parametric SBI non-parametric | ,
} (PO P P parametric GP not NN

T

Idea: flexibility of non-parametric model with control of
parametric one

Gaussian Processes are an excellent non-parametric replacement.

Regularisable with parametric priors, more expressive, and come
with robust uncertainty quantification.

Ongoing work on GP modeling (Cranmer, Heinrich & Sandesara)
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https://indico.cern.ch/event/1600677/

Semi-regularised Approach

7
Traditional fri fri fri
- arametric arametric arametric
Statistical Model P P P
Full Neural SBI non-parametric non-parametric non-parametric
seinlingelElimErile S non-parametric arametric arametric
(POl&Nuisance) | P | P P
rSreiérlrémietvric >S‘B-I oA-[v:V).aamevt'ric - 1
’ ; i arametric GP not NN :
f (POI& GP Nuisance) with NN X

Idea: flexibility of non-parametric model with control of
parametric one

Gaussian Processes are an excellent non-parametric replacement.

Regularisable with parametric priors, more expressive, and come
with robust uncertainty quantification.

Ongoing work on GP modeling (Cranmer, Heinrich & Sandesara)

For more details see the blueprint workshop talk

Easy to regularise with
choice of prior

Bin 0 — sweep a; (a; = 0)

1 =—— histosys
| — gphistosys
------ nominal

expected background yield

Bin 0 — sweep a; (a; = 0)

1 =—— histosys
2151 —— gphistosys
210d| nominal
205
200 -

(g

o

w
L

expected background yield

185 A

180 A

-20 -15 -10 -05 00 0.5 1.0 15 2.0
a

Gaussian Process = HistFactory

when densely sampled simulations
are not available

(HistFactory used as prior)
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What is Simulation-Based Inference ?

X //l v
SBI Ureelidiena! arametric arametric arametric
Statistical Model P P P
Full Neural SBI non-parametric non-parametric non-parametric
S i- tric SBI
NSBI em pararr?e e non-parametric parametric parametric
(POl&Nuisance) NSBI
Semi-parametric SBI non-parametric _ for LHC
t GP t NN
(POI& GP Nuisance) with NN parametric 4

What is Neural Simulation-Based Inference ?
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What is the future of NSBI?
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Building a Roadmap for wider adoption

e Organised a "blueprint” workshop earlier this year, aiming to build a roadmap
towards developing an ecosystem of tools that enables broad adoption of neural

SBI at the LHC.

e Community whitepaper being written now outlining the plans and discussions.

Training
Pipeline

T ————
Inference

| Pipeline

Ghosh, et al. [talk]

Train ensembles on

HPC

Validation of density
estimates

Uncertainty
quantification

Neyman construction with
pseudo-experiments

AT
=5

@ Pyorch Lightaing

I:EI pandas

N:{: NumPy

%h\z

Sandesara, et al. [talk]

Train calibrated
Prepare dataset for density ratio models

&

ONNX

| reproducible and scalable
workflow management

S

minuit

law Task

Systematic

Shift

Statistical
Inference

Final
estimator

‘L ______________

outside
NEEDLE

Schmidt, et al. [talk]
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https://indico.cern.ch/event/1600677/
https://indico.cern.ch/event/1600677/timetable/?view=standard#24-toolkit-for-simulation-base
https://indico.cern.ch/event/1600677/timetable/?view=standard#23-scaling-neural-simulation-b
https://indico.cern.ch/event/1600677/timetable/?view=standard#21-needle-workflow-orchestrati

Building a Roadmap for wider adoption Source:

. . Systematic uncertainties
See nsbi-lhc-toolkit for an y

. 60 —— Shape + normalization uncertainties point to the up/down varied ROOT files:

-~ — °
- Histogram Stat+Syst end-to-end analysis example
— . Systematics:
0 — === Histogram Stat Only - Name: JES
S0~ — NsBI Stat+Syst Type: NormPlusshape
ominal: @
~ === NSBI Stat Only ] Samples: [htautau, ztautau, ttbar]
| B Up:
40 | ] — SampleName: htautau
| | Path: ./saved_datasets/dataset_JES_up.root
| _ Tree: tree_htautau
- — Weight: weights
- - Dn:
- . — - SampleName: htautau
30 — FU|| example Wlfh A Path: ./saved_datasets/dataset_JES_dn.root
- 7 Tree: tree_htautau
- o o — | Weight: weights
ool semi-parametric SBI N
B B * Nominal: 0 — the nuisance parameter starts at zero (the Gaussian constraint is centred here).
N ] * The workspace builder computes variation ratios (varied / nominal) automatically from the
10 3. 7] histograms.
20 ] §|———— ——— )
= == 0 4 040 Tamng DA Diagnoste 1 Holdout Data Diagnosti .
C - -
80 0.5 1.0 1.5 2.0 2.5 3.0 o B —— reference->signal rwt | 0.08 _‘
2 0.08[- —}—,._signal ] P a
Mhrr 8 - erence 1 008 B
5 0.061 E - i
S - 1 004 =
0.04— — C ]
B ] 0.02— 7
o PyTorch Lightning 0.02 :_ _: 0.00 - .
Il:l pandas 0.00 L L L L ! L -0.02 N | L L | | n
2 N NumPy 1.5 .
= ~ ducibl : !
Train calibrated reproducipie anc o - J1 o
Prepare dataset for ONNX 1 =] ———] =
Data A Pt " density ratio models k workflow manz g 1_0E E g
10.0

>
a

Training
Pipeline

0.5
Density Ratio
Obtain event 'Ihlnlng;
- ﬁ

ofX iminuit

Statistical
Model analysis
Validation

m Obtain mlﬂl“ﬂ
features and
Inference

Pipeline
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https://github.com/iris-hep/NSBI-workflow-tutorial/tree/main
https://indico.cern.ch/event/1600677/timetable/?view=standard#24-toolkit-for-simulation-base

Summary and Outlook

e Sufficient summary-based SBI not covered in this talk - can achieve
dimensionality reduction x — s(x) without losing sensitivity to parameters.

— -1 -1
Wz Wy 188107 (13TeY) + 347 (136 TeY)

2600_-~-|----|~ a
% - CMS - ¢ Data ]
S - Preliminary MtZq =
1 500 ttz 4
N I Rares ]
W/Z W/Z O\ 400 I Nonprompt
N - Diboson 7
\ - I Conversions
\ L 7 i —
H a H 300 . % Uncertainty ]
200 =
100 : =
N I =R
138 fo~1 (13 TeV) NESES I b
CMS Linear SMEFT = T — — =
e Best profiled fit — q < 1 (profiled) q < 4 (profiled) g 1.5 _ \\\\\\\\\ 3
e Best frozen fit —— q < 1 (frozen) ---- g < 4 (frozen) § 1 '\<1\< Z ;/ Z §( - :
q<l1 q<4 0.5+ Data = Prefit s Postfit(in) — Postfit (quad) - ; ;
i (11 AN EEERI FEEEE CEEE SRR SR NN RN RN R . 3
C;(}q) 2] —— [-0.45.0.059]  [0.67.0.13] 5 4 _'3 _'2 _'1 (') ] ‘2 3 a 138 fb™" (13 TeV) + 34.7 fb™" (13.6 TeV)
i Discretized cl, score Linear fit
C,‘(-/_J;) [x10] —_— [-0.069,0.0018]  [-0.10,0.039] <  r1omminary | _40+18
~ 8F ) Ca=42_ 18
— Fixed +1.8
Chu | [x2] v [-0.27,0073]  [-0.43,0.27] 1 7 E Profiled CtIZ =473
Chg | Ix11 oo F———— [-0.65,0.35] [-1.3,0.80] 6F q quantiles
g%Z [x0.5] o r————— [-0.073,1.7] [-0.95,2.5] 5_
4-
g4ZZ [x0.1] Ll [-1.6,5.3] [-5.1,9.0] 3 £
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0? . L
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[2411.16907] [2411.16907, 2405.13524]
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https://arxiv.org/pdf/2411.16907

Summary and Outlook

e Sufficient summary-based SBI not covered in this talk - can achieve
dimensionality reduction x — s(x) without losing sensitivity to parameters.

e A lot of studies and work are being done to make NSBI robust and scalable in
real experiments.

Likelihood-scan comparison — joint contours + profiled projections

profiled
/ —— 1o joint (Ax?=2.30)
— = 20 joint (Ax?=6.18) 1 4 — _———= Binned

=~ , , N —— NSBI unbinned

~

~
-~
e -——
—-———————__—

——————

Reduce the reliance on coarse approximations of

. . , - uncertainties and their correlations, which are
Systematics aware semi-parametric fraining but :
ith distributions directly, via Normalizing Flows propagated as nuisance parameters.
! ' 9 [2604.13157)

[2602.13184]
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https://arxiv.org/abs/2604.13157
https://arxiv.org/pdf/2602.13184

Summary and Outlook

e Sufficient summary-based SBI not covered in this talk - can achieve
dimensionality reduction x — s(x) without losing sensitivity to parameters.

e A lot of studies and work are being done to make NSBI robust and scalable in
real experiments.

Extend the Asimov idea now to the unbinned approach [2609.14136]

Simulator sample fit Asimov sample fit

30 T N T LI | 30 T T T T T
— M =256 == M=1,048,576 — M =256 == M=1,048,576
) et M=4,096 =—— M= 2,000,000 e M=4,096 =—— M=2,000,000
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2.0r . 2.0 7]
<
« 1.5 7 g 1.5 .
1.0 F-1-° .:.'...."‘:. .,' ................ . 1.0 F -
0.5 . 0.5 7
0.0 [ . e 1 1 0.0 1 L ] 1 1
0.0 0.5 1.0 1.5 2.0 0.0 0.5 1.0 1.5 2.0
Signal strength u Signal strength u

2M events to reproduce unbiased truth 256 events reproduce the unbiased truth


https://arxiv.org/abs/2609.14136

Summary and Outlook

e Sufficient summary-based SBI not covered in this talk - can achieve
dimensionality reduction x — s(x) without losing sensitivity to parameters.

e A lot of studies and work are being done to make NSBI robust and scalable in
real experiments.

e We are entering the era of precision: NSBI is an integral technology for
accelerating the discovery potential of our very expensive experiment.

14— - .
CMS projection 2018

—— CMS projection 2018, stat. only
""""""""" L scaling

Continue to beat projections!
CMS 2023, 138 fb’!

Expected significance (o)
1=

example figure from here

«— CMS2018.35.9 fb’
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https://link.springer.com/article/10.1140/epjc/s10052-024-13032-w

