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Introduction

« Simulation-Based Inference (or Neural Simulation-Based Inference or
Likelihood-Free Inference) covers a broad range of techniques.

 General idea is to use Machine Learning techniques for powerful statistical
inference in the presence of intractable likelihoods (e.g. LHC analysis), or
are slow to compute analytically (e.g. gravitational wave analysis).

* The focus of this talk is on a practical application of these methods to
LHC analysis, with a particular example of Higgs boson width
measurement at the ATLAS experiment.

* For more general overview see the excellent review paper by Cranmer et
al: https://www.pnas.org/doi/10.1073/pnas.1912789117



https://www.pnas.org/doi/10.1073/pnas.1912789117

Measurements at the LHC

ATLAS

EXPERIMENT
Candidate Event:
pp—H(—=bb) + W(->pv)
Run: 338712 Event: 335908183
2017-10-19 23:31:18 CEST

How a typical p — p collision event looks like in
the ATLAS detector which has O(100M ) sensors



Measurements at the LHC
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Hard-scattering Parton-Showers Detector Interaction Simulation Reconstructed output

The final output with
signal from the
particle interactions

O(100M ) sensors

Soft QCD processes The particles are
modelled using non- simulated to interact with
perturbative physics detector electronics.

Calculable using
perturbative QFT



Measurements at the LHC
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Hard-scattering Parton-Showers Detector Interaction Simulation Reconstructed output

px|0) = |dzdz' dz" p(x|2") p(z"| 2) p(z'| 2) p(z| O)



Measurements at the LHC

..

Hard-scattering Parton-Showers Detector Interaction Simulation Reconstructed output

p(x10) =} p(x]2") p"|2) P12 plz | 6)

Large dimensional integral - needs Monte Carlo techniques
6



Measurements at the LHC

The statistical model for LHC parameter inference is built using Monte Carlo techniques

«10) = —2%x)0)
P =) dx

This is only a forward model - we can sample events from it, but going in the other
direction, building p(x | @) from x is the challenging part.

p(x|6) l I




Measurements at the LHC

Object Reconstruction

v
Obiject Selections

v
High-Level Features

X = <E,px9py9pz> <

v
Event Selections

Raw O(100M )-dimensional
output from the detector

| We reduce the ,
| dimensionality of the data }
. using a combination of |
¥ physics-motivated and
f ML-based algorithms |

j The large dimension of the |
output makes the
§ inference a difficult task! §

Four momenta (plus flavour
and charge information) of the
particles in the final state.

O(100M) — O(100)

dimensional output



Measurements at the LHC

ATLAS ObJeCt ReC_OnStrUCtlon Histogram filled with random numbers
Obiject Selections T

StdDevy  4.999

v
High-Level Features

X = <E,px9py9pz>

v
Event Selections

— —

Raw O(100M )-dimensional
output from the detector

! Build O(100)- dimensional hist
' to model p(x|60)?

| We reduce the ,
| dimensionality of the data }
. using a combination of |
¢ physics-motivated and
{ ML-based algorithms

ograms

j The large dimension of the
output makes the |
§ inference a difficult task! §

t Impractical - Monte Carlo statistics |
' needed grows exponentially with each
’ additional dimension.

Simulation is very expensive!



Measurements at the LHC

$ATLAS

EXPERIMENT

Raw O(100M )-dimensional
output from the detector

j The large dimension of the |
output makes the
§ inference a difficult task! §

>
Object Reconstruction ga
v Z
Obiject Selections o
: L
v

High-Level Features

X = <E,px9py9pz>

v
Event Selections

—

| We reduce the ,
| dimensionality of the data }
. using a combination of |
¢ physics-motivated and
{ ML-based algorithms
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B 1 Il
BOV¥s=13TeV,1391b TN
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7 Uncentainty
40

Higgs boson signal

~

30

WY S

20 Background

10

m, [GeV]

"'Summary Statistic"
used for statistical inference
on physics models.

Summarizes the important
information from the multi-
dimensional output to a low-
dimensional representation.



Frequentist Hypothesis Tests
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Limitations

The dimensional reduction of the full final state information to a

low-dimensional summary statistic x — u(x) can result in a loss

of information.

The summary statistic u(x) is independent of the parameters 6

corresponding to hypothesis being tested. u(x) can be optimal

locally, but not globally.

All the events in a bin have the same probability. Information from

rare possibly signal-like events can be lost in this approximation.

Vit |uy (0)
p(xl- |0) =

v(0)

4+

Fraction of events in the bin of x;
(Same likelihood for every event in the bin)



Limitations

The dimensional reduction of the full final state informationto a |
low-dimensional summary statistic x — u(x) can result in a loss |

of information.

The summary statistic u(x) is independent of the parameters 6
corresponding to hypothesis being tested. u(x) can be optimal

locally, but not globally.

All the events in a bin have the same probability. Information from
rare possibly signal-like events can be lost in this approximation.

Vit |uy (0)
P (xi |0) =

v(0)

4+

Fraction of events in the bin of x;
(Same likelihood for every event in the bin)



Measurements at the LHC

Typical measurements in ATLAS consist of a small
"signal” of interest in a mountain of backgrounds!

Objective: find the optimal reduction x — u(x),
from the multi-dimensional high-level feature
space Xx, that optimally isolates the signal from
background.

14



Measurements at the LHC

Typical measurements in ATLAS consist of a small

"signal” of interest in a mountain of backgrounds!

Objective: find the optimal reduction x — u(x),
from the multi-dimensional high-level feature
space Xx, that optimally isolates the signal from
background.
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Measurements at the LHC

Typical measurements in ATLAS consist of a small
"signal” of interest in a mountain of backgrounds!

Objective: find the optimal reduction x — u(x),
from the multi-dimensional high-level feature

space Xx, that optimally isolates the signal from
background.
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Measurements at the LHC

Typical measurements in ATLAS consist of a small
"signal” of interest in a mountain of backgrounds!

Objective: find the optimal reduction x — u(x),
from the multi-dimensional high-level feature
space x, that optimally isolates the signal from

background.
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Building "Optimal" Observables

p(x | Signal)
p(x | Signal)
p(x | Background)

0.14
0.12
0.10 _
]
e
0.08 .2
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0.04 L
T 200

0.02
T 175
T 150
ir 125

T 100

~
w
Optimal Observable

Now
v o

Optimal for reducing Type-Il errors
(false negatives) and thus maximizing
the power of the hypothesis test
(inspired by Neyman-Pearson lemma)




Building "Optimal" Observables

p(x| Signal)
p(x | Background)

How to build this optimal observable Iin
the presence of multi-dimensional input

feature space x?



Building "Optimal" Observables

p(x | Slgnal) Simulated samples form the
p(x | Background) forward model
x~px|8) | _
Sailaiie N suis
0«* ,’«?\.,«?
_ .)‘ ( p(x|B)
x ~ p(x|B) -

Neural Networks, able to handle high-

How to build this optimal observable in dimensional information efficiently, can
the presence of multi-dimensional input serve as the optimal observable
feature space x? "surrogates” -> Their output to be used

as a sufficient summary statistic.



Limitations

The dimensional reduction of the full final state information to a

low-dimensional summary statistic x — u(x) can result in a loss

of information.

The summary statistic u(x) is independent of the parameters 6

corresponding to hypothesis being tested. u(x) can be optimal

locally, but not globally.

All the events in a bin have the same probability. Information from

_rare possibly signal-like events can be lost n this approximation. _j

Vit |uy (0)
P (xi |0) =

v(0)

4+

Fraction of events in the bin of x;
(Same likelihood for every event in the bin)



Optimal Measurements at the LHC
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x ~ pg(x|0),pp(x|0)

ATLAS

EXPERIMENT
Candidate Event:
pp - H(=bb) + W(-pv)
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Analytical "surrogate" model


https://arxiv.org/pdf/2207.00320

tlJ off-shell
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10

Neural Simulation-Based Inference
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https://arxiv.org/abs/2412.01548

tlJ off-shell

Neural Simulation-Based Inference

x ~ pg(x|0),pp(x|0)
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https://arxiv.org/abs/2412.01548

Papers

EUROPEAN ORGANISATION FOR NUCLEAR RESEARCH (CERN)

@)

N/

ATLAS

EXPERIMENT

Submitted to: Rep. Prog. Phys. CERN-EP-2024-298

December 3, 2024

§ Measurement of off-shell Higgs boson production in
N the H* —» ZZ — 4¢ decay channel using a neural
A simulation-based inference technique in 13 TeV pp
Q collisions with the ATLAS detector
o
e The ATLAS Collaboration
=,

2412.01548
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&) @)

ATLAS ~7

EXPERIMENT

Submitted to: Rep. Prog. Phys. CERN-EP-2024-305

December 3, 2024

§ An implementation of neural simulation-based
N inference for parameter estimation in ATLAS
D)

a

AN The ATLAS Collaboration
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3Brookhaven National Laboratory, Upton, NY, USA

Verena Martinez Outschoorn!,
3 and Alexei Klimentov?

ATL-SOFT-PROC-2023-023

25


https://cds.cern.ch/record/2869862/files/ATL-SOFT-PROC-2023-023.pdf
https://arxiv.org/abs/2412.01600
https://arxiv.org/abs/2412.01548

The Off-shell Higgs boson o

AN ~) A
| | | | | guzz(s) ~ s* for § 2 2my
10000 g9 — H — ZZ — 40,1y, Mp=125GeV 12
100 | 7P VE =TV — |H[*+[eont| | Wiz
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3 L " Y Hffshell | g e
=) | YV WP ---- Hzwa _
| —t == ‘
30.0001 | .'" e _ |
1e-06 | A\ — | The on-shell Z-bosons become
le08 | j \ energetically accessible

Mz 7 [GeV]
gizr (5) ~my 5 for § 2 2my
2 N A2 ~ :
do gf:h‘gﬁ/ gprod (8)9 decay (S ) ; # b/c
2 2 2 \2 g
amyy, (miy — mi) ' Ublch — Heeeee- H

t/b/c
9

The down-scaling is compensated

by the numerator terms in | The on-shell top quarks become
mzz % 180 GeV phase space energetically accessible



The off-shell Higgs boson

The probability model of the off-shell Higgs boson:

1

P\X| Moff-shell ) — X
( |,u fsh 11) V(,uoff-shell)

Noff-shellVgngggF(x) + /Hoft-shell Vi ngIg gF(X) +vg Py (X) +

,uoff-sheul/sE WP]sEW(X) + \/ ,U'off-sheIIVIE WPIIEW(X) + VEWPEW(X) + VNIpNI(X)

Ps(x) pp(x)

J 8g 8v Z 5 < Z
pix) = 2-Re fﬁ%ﬁéf < X 1 1
8 V4 8 > V4

ggF Signal ggF Background

27



The off-shell Higgs boson

The probability model of the off-shell Higgs boson:

1

X| Hoff-shell) = X
p( |,u fsh 11) V(,Uoff-sheu)

ggF ggF
Moft-shellVs  DPg

EW EW
Moft-shellVs  Pg

5 8g 8v Z
pi(x) = 2-Re fi%ﬁg: < X ! 1
8 /Z 8 -

ggF Signal ggF Background

(X) T \/ ,LLoff-shellVIg ng% gF(X) + VﬁgFP%gF(X) +

NI — Non-interfering

(x) ++/ ,Uoff-shequE WPIIEW(X) + VEWPEW(X) +

Ps(x) pp(x)

8 -

background _

UNIPNI(X)
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Events

Data / Exp.

Previous Measurement
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NN-based Signal vs Background classification

T T I T T T
ATLAS
{s =13 TeV, 139.0 fb'
ggF Signal Region

%

T T T T T T T T

® Data

777) Systematic uncertainties

[ Jag—2z

Bl oo (H' —) 2z
[___] Other Backgrounds
[ Jag— (H*—) ZZ+2j
——gg—>H"—>2ZZ
—— qq— H*— ZZ+2j

Y

IIIII.llI| IIIII.IJJ] IIIII.lIIl IIIII.lIIl IIIIIl|J|__L

T :IIIIT"| IIII|T"| I

e Data/Exp.

-

77 L
L L %

[ --1+9ggF I/Exp. -- 1+
——1+99F S/Exp. — 1+

2

1

-0.5

Signal vs Background discriminant optimal ONLY
when the probability model can be made linear in POI

U using a smooth transformation f(u) = u

Z PS(X) 2 Pg)(/{)
Y ) z/g (x)

Neyman pearson
lemma «
l.e. optimal across the parameter
range (consider point-by-point
testing)
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Events

Data / Exp.

Previous Measurement
Signal vs Background discriminant optimal ONLY

when the probability model can be made linear in POI
U using a smooth transformation f(u) = u

T T T T T T T T T T T T T T T T T T T T T

—— qq— H*— ZZ+2j

T I T T T I

10°=  ATLAS oo =

777) Systematic uncertainties J

- 1 =

105 Vs =13 TeV, 139.0 fb [ qq—2Z =
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10° —— gg— H > 2Z =
5

10° Z ppx) Z/B(X)
e Neaan v

2
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:— e Data/Exp.

What if the probability model is non-linear in POI?

7 LA //Q I 1, SIPT2Z
7. 22 ’ 7/ ’/,/,{/ v/, 7 >

[ --1+9ggF |/Exp. -- 1+

. T E.g.: interference effects of off-shell Higgs boson
production.
Oyy = log Ps " 2. Ps(x) A 2 i) ZPB%{
g+ 0.1 py 2. Pp(x) ZPB(X) 2 Ppx)

Neyman pearson '
lemma X What about optimally

discriminating interference
from background for different

u- values?

NN-based Signal vs Background classification
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Events

Data / Exp.

Previous Measurement
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T T T T T T T T T T T T T T T T T T Ly A

New Measurement

2 e ;o
2 .. ATLAS e
Nﬁ Vs =13 TeV, 140 fb! I, ./' ]
. . / A
Carefully trained parameterized per-event 30 42 only ——— Exp NSBI AR
density ratios are now used to build the test 7 BxpHistogram 7 s ]
statistic: s -
// / —
// o N
A =
68% . / ,~/ """"" -
%, J E
L . .
..... > -
. //,//’ _;
No fixed observable - optimality ~— §{ M., Seol 27T .
TONE : M off-shell
Neyman pearson lemma v/ Huge sensitivity gain
expected in interference
Additional sensitivity from unbinned nature Vv rich regions
(no Poisson fits) \/p - p(x) > p - pg(x)

Note: we use the same pre-selections, Monte Carlo samples, background normalization, and systematic uncertainty
model as the previously published analysis [link to paper for details]
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https://arxiv.org/abs/2304.01532

T T T T T T T T T T T T T T T T T T Ly A

New Measurement

2 A I
2 550 ATLAS r /A
2 PF Vs=13TeV,140 fbo- /)
— / . -
. . / A
Carefully trained parameterized per-event 30 42 only ——— Exp NSBI FAREAE
density ratios are now used to build the test -~ Exp Histogram S /3
statistic: ;7 -
/, / —
S .
,/ .’./ _
...... -/ e, .. 7
68% s o
. ¢ 7/ —
. . . / ‘0 —
% ..... /‘/ E
B //f/. —
No fixed observable - optimality C e, Ssoo _,x"" .
throughout Il/l Space_ D 1.0 1.5 2.0 2.5 3.0
TONE : M off-shell
Neyman pearson lemma v/ Huge sensitivity gain
expected in interference
Additional sensitivity from unbinned nature Vv rich regions

(no Poisson fits)

VI X)) > pe py(x)

p(x|p) B px |ﬂ)/Pref(x) p(x|p)
p(x | /:t\) p(x | ﬁ)/pref(x) pref(x)

Pref is a carefully chosen parameter- We learn everything, including
independent hypothesis 33 nterference efiects



Overview: Neural Simulation-Based Inference

Full test statistic function with nuisance parameters a:

Pois(N., | u. & Noww  p(x; | p, @)/ prpg(x;) Ny P

Og " VoS aN VaN aN _ g A
Extended Sum of event-by-event .
. . . Constraint terms
Poisson term log-likelihood ratios

DPaups — likelihood from
subsidiary measurements of
the nuisance parameters

N, — total observed events
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Overview: Neural Simulation-Based Inference

Full test statistic function with nuisance parameters a:

Pois(N., .| . & Now  p(x |y Q) prpe) Nt >
t(,u)=—2-l (obsl/’t )_2zlg N _2’210 psubs()

08 5 A 0 A g ~
POIS(Nobs | Hs a) i—1 p(xi | M a)/pﬁ]{xi) k psubs(a)
parameter-
Sum over processes independent ratio
c = S, B, etc.
p;lp, ) 1 Px;)

fow) - g(x;la) - v —

pref(x) 2 G (a) fc(/’t) Ve pref(x) |

Parameterized per-event ratios

Factorized nuisance parameter a-dependence:

p(x|ay,)
Parameter dependancies are g (x|a) = H ¢

factorized out (see slide 31) P(x)
m
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Overview: Neural Simulation-Based Inference

Full test statistic function with nuisance parameters a:

Pois(N, ,, | 4, & N CAYTR)Y) TE BT &
t(p) = —2-log — ( Obsuf A) —2-Zlog — Pr —2-210 ps”bS(A)
POIS(Nobs | Hs a) i—1 p(xi | M a)/pﬁfaxi) k psubs(a)
Sum over processes
c = S, B, etc.
px; | p, @) 1 Px;)
= £ - gl @) - v, -
pref(xi) Zc Gc(a) fc(/’t) Ve ; ] ) o ) pref(xi) |
X~ D
. \‘{é‘?\?{é‘?\?ﬁé in, —» S&)= Pe @) — | Lo = 500
.;"X:@?%( arg:;nln pref +pc Pref - 1.0 - §(x)
X ~ pref \\ // \\'//\\ Binary Cross-Entropy loss
S=0 R

Two hypothesis:
Pc and pref

Classification NN

"Likelihood ratio trick"

Many examples in ATLAS - HH4b background estimation, Omnifold, etc.
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https://atlas.web.cern.ch/Atlas/GROUPS/PHYSICS/PAPERS/HDBS-2019-29/
https://arxiv.org/abs/2405.20041

Diagnostic:
Does the NN output correspond
to real probabilities? t
MC estimate
| N"(x | p)
. 08 Nbin(x)
0o PO N"(x | ) ref
og (x) « log ~ ?
pref(x) Nrel;l(x)

Probability Calibration Test

The NN ratios are meticulously trained to be true representations of the density ratios

The tests are performed for the full range of u
being scanned over to ensure robust statistical
interpretation of the final test statistic.
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MC estimate log [p(u = 1.7)/pref]

Pull

2.5

0.0

-2.5

Amssme “
;_ p(u = 1.7)/pres calibration test | _E
i— s " a Excellent agreement! _i
h;r:##*ti#* :
e a—_
;PH J:lJ:lJr Vi J[Hﬂwjr{ﬂﬂll} i g i

NN predicted log[p(u = 1.7)/pref]

px|p)
pref(x)

— NN predicted log (x)  —»



Bias Test with DR reweighting

Do the ratios capture the full un-biased
dependence of the multi-dimensional
feature space x ?

To test the modelling of the likelihood ratios,
we can use 1D reweighting tests:

p(x|p)
Xpx|p=1)~plx|p)
pixlp=1)
MC | NN reweighted
. sample :
NN prediction at = 1 sample resembling

MC at u

The kinematic dependence of the original
u = 1.7 sample is perfectly captured by the
NN reweighted 4 = 1.7 sample

Fraction of events

Rwt. / Orig.
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Bias Test with DR reweighting

10!

1oL Vs =13TeV

T III| T TTTTTH

1071

Fraction of events
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ATLAS Simulation
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0)

—+—
|
- 1T

S = 1.00 —————eaca-
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I
-

i
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My, [GeV]
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Challenges: Density Ratio Estimation

Challenge: The best fit value from a profile likelihood fit /i with a single NN per pc/p,,efis biased.

Solution: An ensemble of O(100) or more NNs were trained to be robust against this bias.

Training data —
resampled without A A \
SRORIISIO

replacement ~ORERS @:oxv
RV aAw

N
Za\
e K2
ST A

XTI

A N QL
NN
> 0 e o p C 1 p C

() = —— (x)
\»{PA\}\Y,{‘}\Y{{\ N ons ] Pref

A9

ST NEE NREL
.:Qz&o;&’
Rl

> o4 NN )%
X ~p ref

S=0

\»(/A\\Xffﬂ}\\?f/\ Surrogate model

BERLIBERXE
O EX BRI from an ensemble

.,’

D
\\'//X‘\{'}'A‘&( of trained NNs
= K

By building an ensemble of NNs per pc/p,,ef we become robust against the bias in the fit value:

H = Hypysh
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Uncertainty Parameterization
pilp @) ! by
pref(xi) ZC Gc(a) fc(ﬂ) "Ue 2 _fC(M) gC(XZ | “ B pref(xi) |
Factorized yield a-dependence:

G.(@ = [

k Ve

C

with v.(oy )/ v, estimated using analytic
interpolation techniques:

Available from simulations
_ + -
atoy, =0, o,

@\
(o
< ” > a, > 1

= 1+Z:zlcna,? —1<aq <0

(o) |\ ~%
< V(,(ak)> ak < o 1

D(,’

-

k

Ref: HistFactory 41



https://cds.cern.ch/record/1456844/files/CERN-OPEN-2012-016.pdf

Uncertainty Parameterization

p(xilluaa) . 1

Pref@) Y Ga) - fi() - v,

/

Factorized yield a-dependence:

G.(@ = [

k Ve

with v.(oy )/ v, estimated using analytic
interpolation techniques:

Available from simulations

atay, =0, o, o

@\
v (o
< ” > a, > 1

=11+3° cal —1<aq <1

n=1 1
v(a)[\ T %
( 2% )

Ref: HistFactory

-

a, < —1

k

Z fi(w) - g(x;|a) v, - P(x)
P ref(xi) |

Factorized per-event a-dependence:

C

standard techniques

Per-event analog of gc(x | 0[) _ H pc(-x | ak)

o P

with p.(x | o,)/p(x) estimated using a mix of
NNs and analytic interpolation techniques:

Density ratios trained using NNs from simulations
atay, =0, o, o

px| o) ak
c k
< Pe(x) > > 1

) 1"‘22:1%0‘1’: —1<aq<1"

(pc(x | o)
px)

-

p(x | ) _
Pc(x)

)_ak a, < —1

L
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https://cds.cern.ch/record/1456844/files/CERN-OPEN-2012-016.pdf

Unblinded Results - Parameter scans

Having validated the parameterized density ratios we build the test statistic scan for y ., .,

t,U off-shell

i i i i | i i i i | i i i i | i i i i | i i i i | i i i i ﬂ 102 E ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! ! ! | ! ! E
- ATLAS 1 o ,uf ATLAS -
1217 /5 =13 TeV, 140 fb™" Obs NSBI /1 £ 10°= /s-13Tev, 140 fb! — (fpgpena=010.0) =
B - Exp NSBI / . CIL.) 0 — —_— f( tl—/off-shellzo | 1.0 ) ]
10 4r0n —-= Obs NSBI stat-only / S 107 : ] . Exp.t —
B Y --—- Exp NSBI stat-only/~ i o - : : P- Lyctrsnen=0 -
s y y -8 1071 = i______- Obs. Ly oteshen = 0 —=
| S _L. e E
: o 10-2L ! : e _
8 1 0 Er : 2.6x better - LL 4£—On|y %
B u I exclusion : . —
c 100 1o b, -
9 [: : analysis! : |_|'| _ -
-— il I L. ]
§ 10 E : 3.1x better ] = %
H- - ' compared to §
10_5 E_ : previOl_Js' _E
— 10 : : 20 : analysis! E

10—6 M B ST IETTT N B B M I R

Usitshall 00 25 50 75 100 125 150

Lot shen = 0

Pseudo-experiments sampled using the newly developed techniques developed have been used to calculate
the exact confidence intervals and background exclusion significance.
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The Non-Linear Models

Not all LHC parameter measurements have a linear model. Quantum Intereference can play a
major role in the production cross-section in several measurements:

1

V() [” s D ps) F K v Y P+ ) v -pB(x)]

px|p) =

I — Signal-Background Interference Hypothesis

Examples of typical LHC analysis with large quantum interference include :

pp — tHgqg
8 TGEEGE0T . SH 8 GEOCEEETy—>——g - === H
o pp = HH
H
8 76600000 S H 8 GO0 === H
& £+ Z(*) ¢
N H* PO g Q000 —= \/W~¢<
pp e S L v M
H(*) Z £ £
£ \QQ0Q) e
g

... and every EFT parameter measurements
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The Non-Linear Models

There are also examples where the non-linearity comes from a latent variable dependence, e.qg.
the mass of a resonance or the CP violation parameter:

Top mass m, measurement CP mixing angle a measurement

.................

S 175' V0 L _E " ATLAS i
8 ATLAS+CMS Prellmmary \/E =7,8 Te\.” ® | /5-13Tev, 139 b §
= " LHClopWG 00 . SRR ' L ! E X 2 o
= Simultaneous 7 o ° —+ Best fit X sm . B ]
= 1 74_— combination — e 2c = L -
- Mes%c.L. - 35 e, ] 1 ]
L | eswclL - . ] - ]
173 E - E - |
: . = -
; : E 1 ]
171 : — Tt e 3 i ]
i —@— LHC combination | - ATLAS 1 - —
o, 7 :.HC= :\TLAS= :)MS ul _ A = __ __
T‘T'. TR B R B . 41 'TI | r|“ Lo n? [ E E - 13 Tev’ 139 fb E -2 | * Best fit: a =1 10, K;=0.84 N
171 172 173 174 175 Ly s by by by b by oy by oy s 1 I~ ® SM CP-even: a=0n,K;=1 i
ATLAS [GeV] 15 1 05 0 05 1 15 2 L & CPodd: a=90" k=1 ]
e 1 1 1
m Kicos(a) 33 - 0 1 2
K; cos o

In some cases it is not even
possible to write out an analytic
dependence on the parameter
of interest.

Liig = —Kk,y: oY (cos @ + iys sin @)y,

Non-linearity comes from the
cosine and sine dependence.
Analytical dependence known.

px|m) =7

Many precision measurements at the LHC (and beyond) can gain significantly from using an NSBI approach
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Conclusions and Outlook

* Neural Simulation-Based Inference is a powerful statistical framework that
can bring dramatic improvements in sensitivity for several measurements
with non-linear models. Originally proposed by Cranmer et al, in three
publications: [1805.00020, 1805.12244, 1805.00013]

« Several novel developments were done, like systematic uncertainty
parameterization, robust diagnostics, Neyman Construction, efficient
computing workflow, etc. to make the new workflow practical for a full
analysis using the ATLAS experiment.

« A precise measurement of the off-shell Higgs boson and the Higgs boson
decay width was performed using the ATLAS experiment data, with the new
NSBI techniques.

 Hope to see wider adoption, accelerating the physics discovery potential.


https://arxiv.org/abs/1805.00020
https://arxiv.org/abs/1805.12244
https://arxiv.org/abs/1805.00013
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Full workflow of the SBI Analysis

X500

Production channel 1
pcl (x)/pref(x)

irerail

X Je, (1)

4N

\TJ

Interp()

i

+lo —lo

+1lo —lo

Event Kinematics
X ~ P (X)

X500

Production channel 2
Pe,(X)/Pyer(x)

iR

~ ~4

R

:% W}

X fo,(1t)

Systematic 1

Systematic 2

N

\/

o8

Event Kinematics
X ~ P (X)

Interp(a) Interp()
+1o —1lo +1o —lo
- .
Systematic 1 Systematic 2

px|p, a)

P ref (X)



