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Reinterpretation
The theory / experiment interface



From yesterday

Different analysis strategies — Note the Oros and cons

o Highly optimised analyses targeting specific properties / operators o Th|s ‘|St O'I: Wh a't iS ﬂeeded ‘OOl(S a ‘Ot ‘Il(e
— "best possible” sensitivity

— very model specific

the discussions in reinterpretation of
BSM searches |

o Fiducial and differential cross section measurements

— minimise model dependence
— relatively restricted sensitivity (hard to combine different channels)
— re-interpretable outside experiment

OSCAR EBOLI

WHAT IS NEEDED

o Differential measurements in experimentally sensitive observables per
production mode (STXS)

— model dependence from production mode definition

— easy combination of different Higgs decay channels — sensitivity to
large number of EFT operators

— re-interpretable outside experiment

Information on experimental cut flows, efficiencies

Information on backgrounds

Information on results and corresponding correlations (becoming standard)

Information on the likelihood
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Comments on Unfolding

o Fiducial and differential cross section measurements

— minimise model dependence
— relatively restricted sensitivity (hard to combine different channels)
— re-interpretable outside experiment

Desirable to have results at particle level, and distributions (STXS or fiducial distr.)

Unfolding is deceptively attractive
* |t seems very convenient and to address what we want to know, but
e unfolding is a can of worms statistically and pushes many problems down stream

e Combinations, correlated systematics, artifacts and bias introduced by the unfolding

orocedure. These will all turn into systematics in the final results.
e |tis good for fast approximate answers, but

e | do not recommend it as a platform for the final “gold standard” results.



o Differential measurements in experimentally sensitive observables per

S|mp‘|f|ed L||<e||hOOdS production mode (STXS)

— model dependence from production mode definition
— easy combination of different Higgs decay channels — sensitivity to
large number of EFT operators

SO far: Oiﬁo plus COrrelations (so — re-interpretable outside experiment

 Simplified likelihood, Gaussian approximation This apprcach also

- e.g., Higgs measurements, channel-by-channel correlation matrix

doesn’t expose
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«Correlation data [...] has proven excellent for stabilising and ensuring better statistical definition S h dare d SySte m atl CS
in global fits as well as avoiding either overly conservative or over-enthusiastic interpretations.»

Reinterpretation Forum Report, 2003.07868

S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020 ° S|mpl|f|ed ||ke||h00d, Gaussian apprOXImathn

- Extremely useful, but only an approximation, lots of relevant information is lost.

- One problem is that possible non-Gaussian tails are ignored.
Not an issue if the uncertainties are small. However, if the uncertainties are large
the likelihood should be modelled in more detail.

https://indico.cern.ch/event/957797/contributions/4026032/




Gold Standard: Full Likelihoods
Different analysis strategies

o Highly optimised analyses targeting specific properties / operators
— "best possible” sensitivity
— very model specific

o Fiducial and differential cross section measurements

— minimise model dependence

— relatively restricted sensitivity (hard to combine different channels)
— re-interpretable outside experiment

o Differential measurements in experimentally sensitive observables per
production mode (STXS)

— model dependence from production mode definition

— easy combination of different Higgs decay channels — sensitivity to
large number of EFT operators

— re-interpretable outside experiment
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For EFT measurements, |
think combined fits based
on the tull likelihood
models in the “tolded”
data space are the most
principled approach

o |ikelihood can be
based on STXS or
dedicated analysis

e This should be the
gold standard for the
flagship EFT results




Combined Fits tfor the Higgs discovery
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ombined fits for EFTs

The STXS combination measurement

ATLAS Preliminary

Aim: EFT interpretation of the 139 fb' combination of H-ZZ*~4f, | fzer, .. == s
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recommendations

Why public likelihoods
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C. Balazs®, A. Barr%, P. Bechtle’, G. Belanger®, A. Belyaev?!?, K. Benslamal'l,
M. Campanelli'?, K. Cranmer!'3, A. De Roeck?, M.J. Dolan'4, T. Eifert'®, J.R. Ellis'3,
M. Felcini'”’, B. Fuks'®, D. Guadagnoli®', JF. Gunion?®, S. Heinemeyer!”,
J. Hewett™, A. Ismail'®, M. Kadastik?', M. Kramer??, J. Lykken?? F. Mahmoudi®?4,
S.P. Martin?>2627, T. Rizzo', T. Robens?®, M. Tytgat??, A. Weiler3®

* The statistical model of an experimental
analysis provides the complete mathematical
description of that analysis

p(o|a) relating the observed quantities o to the parameters «a

 @Given the likelihood, all the standard
statistical approaches are available for
extracting information from it

* Essential information for any detailed
interpretation of experimental results

= determining the compatibility of the observations with
theoretical predictions

S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020

B

Les Houches Recommandations (2012)

3b: When feasible, provide a mathematical
description of the final likelihood function in
which experimental data and parameters are
clearly distinguished, either in the publication
or the auxiliary information. Limits of validity
should always be clearly specified.

3c: Additionally provide a digitized
implementation of the likelihood that is
consistent with the mathematical description.

arxiv:1203.2489




Recent progress

Recently ATLAS has started publishing full likelihoods to
HEPData for SUSY and exotics searches

o Perfect for STXS-type measurements

CE?W
\

NS/

ABOUT NEWS SCIENCE

New open release allows
theorists to explore LHC data
in a new way

The ATLAS collaboration releases full analysis likelihoods, a first for an
LHC experiment

9 JANUARY, 2020 | By Katarina Anthony

1) S.I‘t down for
coffee with the

Standard Model J
ABCERN | Nes /|
7 April, 2017

Explore ATLAS open likelihoods on the HEPData platform (Image: CERN)
What if you could test a new theory against LHC data? Better yet, what if the expert
knowledge needed to do this was captured in a convenient format? This tall order is now on
Display a menu y from the ATLAS collaboration, with the first open release of full analysis likelihoods

RESOURCES

Related Articles

ABOUT NEWS SCIENCE RESOURCES Q_ SEARCH | EN -~

) CERN Council appoints
Fabiola Gianotti for second
term of office as CERN

Director General

Press release | 6 November, 2019

Welcome
1 I

= News ..
T al

Exp @ CIERN

) _Newsopen release:allows
theorists to explore...

Knowledge sharing | News |
9 January, 2020

ISR Ihysicists formulate
Ref.. ) 'LHCb explores the beauty of

aring | News | lepton universali...
20 Physics | News | 15 January, 2020

Q_ SEARCH | EN -~

O]

.\_
Key AREEWES

\
/mOpeniData: -

pUShing backthe_.
frontiers ’
togethe... | | |

/3 H
Viggall news )

Knowledge sharing 7|
News | 22 October, 2018

 structureRt"

providing Open’ y
Acces... g

Knowledge sharing |
News | 30 July, 2018

View all news )

jf.erentiable

https://scikit-hep.org/pyht/ Yikelihoods



https://home.cern/news/news/knowledge-sharing/new-open-release-allows-theorists-explore-lhc-data-new-way

Theorist rejoice

Now: full likelihoods !! ATL-PHYS-PUB-2019-029 (05 Aug 2019)

* Plain-text serialisation of HistFactory workspaces, JSON format

- Provides background estimates, changes under systematic &) HEPData
variations, and observed data counts at the same fidelity as
used in the experiment.

Resources

=

gz File

| Description Modification Constraint Term ¢y Tnput Archive of full likelihoods in the HistFactory JSON
< | Uncorrelated Shape Kseb(Yb) = Vb [15 Pois (rb = 0';2| Pp = o-l;zyb) op format described in ATL-PHYS-PUB-2019-029
o} . : :
.g Correlated Shape Asep (@) = fp (a,| Ascb,a=1, Ascb,a:l) Gaus(a =0|la,0 = 1) Aseb,a=x1 Prov.|ded are3 stafuscal mode[§ labeled F?egmn.A
E | Normalisation Unc Koo (@) = (a| P P ) Gaus (a = 0| @, 0 = 1) P RegionB and RegionC respectively each in their
é . seb 8 seb,a=-1 %sche=1 ’ ZSCb’azié own sub-directory. For each model the
s | MC Stat..Uncertalnty Kscb(Yb) = b [1» Gaus (aYb = ll Vb 61’) 6b = Xs 6sb background-only model is found i the file named

Luminosity Ksch(A) = 4 Gaus (I = 40l 4, 02) 40,02 'BkgOnly.json' For each model a set of patches for

3 Normalisation Kseb(Up) = Up various signal points is provided
& | Data-driven Shape Kseb(Yb) = Vb

Download
Rate modifications defined in HistFactory for bin b, sample s, channel c.

- Usage: ROOFit, pyhf So far available for 4/12 SUSY analyses with 139 fb-
SUSY-2018-31 (1908.03122) multi-b sbottom: 2b+2H(bb)

- Target: long-term data/analysis preservation,

: : SUSY-2018-04 (1911.06660 ) stau search, 2 hadr. taus
reinterpretation purposes

SUSY-2019-08 (1909.09226) 1 lept. + H(bb), EW-ino

SUSY-2018-06 (1912.08479) 3 lept. EW-ino

S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020

https://indico.cern.ch/event/957797/contributions/4026032/



Theorist rejoice

Reinterpretation Forum Report 2020

“.... In fact, many of the data products discussed here, such as signal/background
yields and correlations, are used by the various external reinterpretation packages to
construct likelihoods. Whilst extremely useful, the likelihoods constructed from these
products are however always only an approximation to the true underlying experimental
likelihood. The reinterpretation workflow can be greatly facilitated and rendered much
more precise if the original likelihood of the analysis is published in full. We strongly
encourage the movement towards the publication of full experimental likelihoods
wherever possible.”

“ATLAS has recently started to do this using a JSON serialisation of the likelihood [...]
The provision of this full likelihood information is much appreciated and we hope that
it will become a standard, as it greatly improves the quality of any reinterpretation.”

Reinterpretation of LHC Results for New Physics: Status and Recommendations after Run 2
arXiv:2003.07868, SciPost Phys. 9, 022 (2020)

S. Kraml - Feedback on use of public likelihoods - 24 Sep 2020 7

https://indico.cern.ch/event/957797/contributions/4026032/



Likelihoods don't address reinterpretation
for signals with ditterent tinal states or
kinematics (eg. Exotic Higgs)
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Analysis Preservation

Recently we've made enormous
orogress in preserving the full analysis
chain.

e Makes it possible to run a new new
signal through the full analysis chain

reana

Reproducible research data analysis platform

Flexible Scalable Reusable Free
Run many computational Support for remote compute Containerise once, reuse Free Software. MIT licence.
workflow engines. clouds. elsewhere. Cloud-native. Made with @ at CERN.
COMMON ' & r\ CI%W
WORKFLOW s \
e kubernetes ' \J >

D
CERN
Analysis Preservation & sunje@cemnch (1)

A | Collaboration | Analyses | Analysis 1

COLLABORATION WNSEIVSER!

Lorem ipsum dolor sit amet, consectetur adipiscing elit. Integer nec odio. Praesent libero. Sed cursus ante dapibus diam. Sed nisi. Nulla quis sem at nibh
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aptent taciti sociosqu ad litora torquent per conubia nostra, per inceptos himenaeos. Curabitur sodales ligula in libero. Sed dignissim lacinia nunc.

Overview Publications Files Workflow Measurements Contributers ReCASTs
1 Publication > 23 Files > 2 Contributors >
Lorem ipsum dolor sit amet, consectetur adipiscing !
elit. Integer nec odio. Praesent libero. . Model1l anE & John Doe CMS
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RECAST in action

ATLAS has started using RECAST to reinterpret SUSY and exotics searches
recast

e Also relevant for exotic BSM Higgs scenarios

ATLAS PUB Note

ATLAS PUB Note
ATLAS ATL-PHYS-PUB-2020-007 ~7_

ATLAS ATL-PHYS-PUB-2019-032 <7 EXPERTMENT
EXPERIMENT 27th March 2020
11th August 2019

Reinterpretation of the ATLAS Search for
Displaced Hadronic Jets with the RECAST
Framework

RECAST framework reinterpretation of an ATLAS
Dark Matter Search constraining a model of a dark
Higgs boson decaying to two b-quarks

The ATLAS Collaboration The ATLAS Collaboration

A recent ATLAS search for displaced jets in the hadronic calorimeter is preserved in RECAST
and thereafter used to constrain three new physics models not studied in the original work.
A Stealth SUSY model and a Higgs-portal baryogenesis model, both predicting long-lived
particles and therefore displaced decays, are probed for proper decay lengths between a few
cm and 500 m. A dark sector model predicting Higgs and heavy boson decays to collimated

The reinterpretation of a search for dark matter produced in association with a Higgs boson
decaying to b-quarks performed with RECAST, a software framework designed to facilitate
the reinterpretation of existing searches for new physics, is presented. Reinterpretation using
RECAST is enabled through the sustainable preservation of the original data analysis as

re-executable declarative workflows using modern cloud technologies and integrated with the by hadrons via lone-lived dark photons is al bed. Th _section i branchi i
N . . . . ) . S g photons is also probed. The cross-section times branching ratio
S wider CERN Analysis Preservation efforts. The reinterpretation targets a model predicting S for the Higgs channel is constrained between a few millimetres and a few metres, while for
. L . . . . L S gg )
= dark matter production in association W,lth a hypothetlcial dark Higgs boson decay.mg: mnto S a heavier 800 GeV boson the constraints extend from tenths of a millimetre to a few tens of
S b-quarks where the mass of the dark Higgs boson m is a free parameter, necessitating a ) . . . . o
oA ) ) ) ) S S ) g metres. The original data analysis workflow was completely captured using virtualisation
faithful reinterpretation of the analysis. The dataset has an integrated luminosity of 79.8 fb . . . . . . .
2 o ] _ Ay techniques, allowing for an accurate and efficient reinterpretation of the published result in
= and was recorded with the ATLAS detector at the Large Hadron Collider at a centre-of-mass » o . .
B . . > S terms of new signal models following the REcAsT protocol.
> v energy of 4/s = 13 TeV. Constraints on the parameter space of the dark Higgs model for a TS
E B fixed choice of dark matter mass m,, = 200 GeV exclude model configurations with a mediator E S
N 2 mass up to 3.2 TeV. Y
=7 < &
< —~ =
i )
al @

© 2020 CERN for the benefit of the ATLAS Collaboration.

© 2019 CERN for the benefit of the ATLAS Collaboration.
Reproduction of this article or parts of it is allowed as specified in the CC-BY-4.0 license.

Reproduction of this article or parts of it is allowed as specified in the CC-BY-4.0 license.
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RECAST + STXS overcomes model dependence

Different analysis strategies The model dependence in
STXS mainly connected to
o Highly optimised analyses targeting specific properties / operators how results are Conveyed.
— "best possible” sensitivity
—» very model specific e The phase space
o Fiducial and differential cross section measurements regions are just phase
— minimise model dependence Space regions, they
— relatively restricted sensitivity (hard to combine different channels) )
— re-interpretable outside experiment dOﬂ tassume any mOde‘
o Differential measurements in experimentally sensitive observables per e Paired with RECAST one

production mode (STXS)

— model dependence from production mode definition could remterpret any

— easy combination of different Higgs decay channels — sensitivity to mode] USiﬂg the STXS
large number of EFT operators .
~ re-interpretable outside experiment phase space regions

Saskia Falke Inputs to EFT fits 29/10/2020 3/22




/TWO GREAT
TASTES THAT

Likelihood Publishin
g + RECAST =|-
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Going fully ditterential



STXS vs. dedicated analysis

Different analysis strategies

o Highly optimised analyses targeting specific properties / operators
—  "best possible” sensitivity
— very model specific

o Fiducial and differential cross section measurements
— minimise model dependence
— relatively restricted sensitivity (hard to combine different channels)
— re-interpretable outside experiment

o Differential measurements in experimentally sensitive observables per
production mode (STXS)

— model dependence from production mode definition

— easy combination of different Higgs decay channels — sensitivity to
large number of EFT operators

— re-interpretable outside experiment

Saskia Falke Inputs to EFT fits 29/10/2020 3/22

The bigger issue with the
STXS approach is that it is
not as sensitive as it could be

e |s it exploiting enough
ditferential information?

e |fthis approach only leads
to a small loss in
sensitivity maybe it is
worth it for convenience

e Butis it?



Benchmarking STXS in fully difterential in WH

e Simplified Template Cross-Sections (STXS)
define observable bins that are supposed to
capture as much information on NP as possible

Stage 1.1 VH = V(— leptons)H
I I
qq¢ - WH qq§ — ZH g9 — ZH
Pr
0
75 1T - |
150 — I
250 | — I
100 [oooneteonenioeeed foeedoecdooof
0 ' : . : . ' ; _ : . S — .
O-jet 1-jet > 2-jet O-jet  1-jet > 2-jet O-jet  1-jet > 2-jet

e Let's check! How much information on

Orp = O - % = (¢'0)0(¢'¢) - i
Onw = ¢ oW, WH

O = (o1iDg 6)(QL0""QL) .

(6" D"¢)* (o' D,9)

can we extract from pp — WH — (v bb ?



Benchmarking STXS in fully difterential in WH

e Simplified Template Cross-Sections (STXS) e Results: STXS are indeed sensitive to operators,
define observable bins that are supposed to adding a few more bins improve them,
capture as much information on NP as possible but a multivariate analysis is much stronger

x107*
Stage 1.1 = V(— leptons ~
tag VH V (— leptons)H 5 CHD Profiled
y qq’—>|WH qq — ZH gg—>|ZH L = 300 fb_l
Pr 9 - jommm——
: : . : . : / eSS
(T — — — L TR
E E E E : E Vo TR
150 _] 5 | 5 I 5 1 - \\ \ \\\\\\
250 1 — — NG “x\\.\\
T s et I ESL S S I S S S 23 0- AN RN
> 0-jet | 1-jet .2 2-jet 0-jet | 1-jet .2 2-jet 0-jet | 1-jet Iz 2-jet Q \\§ \‘\\\
SN \
. . -1 —  Full K°\&i%:.. \ \\
o Let's check! How much information on LRI g /0
5| Full 2D dist. =~ !
5, — OHD _ (st \Tiote) — L(bTDEGY (41 ' T
Onp =Ono — —— = (¢'o) (') — 1(975 D¥¢)(¢'Dpe) | === STXS, stage 1.1
Ouw = ngcbWﬁ,/WW“ 34 —— Imp. STXS
< _ | | | | |
02‘2 = (¢"iD ¢)(Qro"v"Q1L) . -1 0.5 0 0.5 1

—~ CHW
can we extract from pp — WH — (v bb ?



Benchmarking STXS in fully difterential in WH

[JB, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]

e Simplified Template Cross-Sections (STXS)

define observable bins that are supposed to
capture as much information on NP as possible

[N. Berger et al. 1906.02754; HXSWG YR4]

Stage 1.1 VH = V(— leptons)H
I I
qf — WH qf — ZH gg — ZH
Pr
0
75 l |
150 | l |
250 | l |
U aah BN TEFFETEEFETEREREET BN SEEPETERPPPE PR
m . : . : . . : . : . . : . : .
O-jet 1-jet > 2-jet O-jet  1-jet > 2-jet O-jet  1-jet > 2-jet

e Let's check! How much information on

~ @,
Oup = Opgo — %

= (¢'¢)

(6" D"¢)* (o' D,9)

(6'6) - §

Orw = ¢T¢W’LCLLVW,LU/CL
0(3) _ T'Ba A a_
Hq (Qb L L4 gb)(QLO- Y QL) 9

can we extract from pp — WH — (v bb ?

e Results: STXS are indeed sensitive to operators,
adding a few more bins improve them,
but a multivariate analysis is much stronger
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The likelihood is a key object

Let 8 denote the coefticients of higher dimensional operators in the Lagrangian, x be high-

do

dimensional data associated to an event, and p(x | 8) = be the distribution tor the data

o(0) do

. o Confidence limits based
Maximum-likelihood on likelihood ratio tests

estimator \ |

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

“ [ ATLAS an CMS
2l HC Run 1

Likelihood function e v
p(z|0)

—_—

DCombined D H—yy

o[ Hszz  [JHoww
Hotrt H—bb

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

High-dimensional Constraints on
event data x parameters 6



Now for some bad news. ...



Particle physics processes do not have a tractable
likelihood function.



Modeling particle physics processes
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Modeling particle physics processes

Parton-level Theory
momenta parameters

Zp —
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Modeling particle physics processes

Theory
parameters

Parton-level

Shower
splittings
Zs
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momenta
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Evolution



Modeling particle physics processes

| atent variables

Detector Shower Parton-level Theory
Interactions splittings momenta parameters

e E| 2 trON

e Charged Hadron {e.g. Pion)

— — — - Neutral Hadron {e.g. Neutron)
= = = Photon

[ =

[

C

| S S —
I

Evolution
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Modeling particle physics processes

Detector Shower Parton-level Theory

Observables . . L
Interactions splittings momenta parameters

r — 2y — 2 — Z;, —

Sample from plzlz4) p(2al2s) p(2s2) p(2p16)

MADGRAPHS _aMCO@ENLDO

X X
X X X X

IIIIIIIIIIIIIIII

Prediction (simulation)



Modeling particle physics processes

Detector Shower Parton-level Theory
Observables . . e
Interactions splittings momenta parameters
T Rg —— 2y — Z;, —— ()
pal6) = [z [z, [az, plalz p(zal2,) Pzl p(z16)

—
Inference



Modeling particle physics processes

Detector Shower Parton-level Theory

Observables . . L
Interactions splittings momenta parameters

2 —— 2y — 2 — )

p(x|f) = /dzd/sz/dzp p(x|zq) p(z4|zs) p(2s|2p) p(2p|0)

It's infeasible to calculate the
integral over this enormous
spacel

Inference



What we usually do: number counting or singly differential

SMEFT: Oy = 011

- — =
© _ MadGraph Simulation — SM? i
10% & pp = WH — Ivbb —— SM2+SMxBSM —
= SMEFT Operator: O(:ZI with ¢ = 0.1 =
— qL V-
10° j='==|= =
10° - - =
10 =
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Higgs pT [GeV]

High-dimensional event data x

p(x|f) cannot be calculated



High-dimensional event data x

p(x|f) cannot be calculated

a.u.

BSM over SM

What we usually do: number counting or singly differential

SMEFT: Oy = 011

MadGraph Simulation — S _
pp = WH — Ivbb —— SM*+SMxBSM —
SMEFT Operator: O(:ZI with ¢ = 0.1 =

qrL V —

10° =

10 =
1 | | | | | | | | | | | | | | I

] | T | | 5

2 —

I -
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Higgs pT [GeV]

One or two summary statistics «

~~

p(z'|0) can be estimated
with histograms



Inference by estimating the likelihood

Parameters ¢

_

Observables &




Inference by estimating the likelihood

Parameters ¢

}
_

Simulator

Observables &

|

Summary statistics z’

|

u-|J-LLLH. Classical density estimation

Approximate likelihood p(z’|6)




Inference by estimating the likelihood

Parameters ¢

}
_

Simulator

Observables & Observed data ;s

! V

Summary statistics r’  Summary statistics xgbs

|

u-|J-LLLH. Classical density estimation

Approximate likelihood p(z’|6)




Inference by estimating the likelihood

Parameters ¢

}
_

Simulator

Observables & Observed data ;s

! V

Summary statistics r’  Summary statistics xgbs

|

u-|J-LLLH. Classical density estimation

Approximate likelihood p(z’|6)

|

Prior p(6)) | —> Inference

/ O\

Confidence sets Posterior




Inference by estimating the likelihood

Parameters ¢

_ « Compression to summary
statistics loses information &

reduces quality of inference

Simulator

Observables x Observed data ' s e Curse of dimensionality:
l / 2 does not scale to more than a
Summary statistics @ Summary statistics x4 few summary statistics
u-|J-LLLH. Classical density estimation |
l e Related alternative:

Approximate Bayesian

Approximate likelihood p(z'|0) Computation (ABC)

|

Prior p(6)) | —> Inference

/ O\

Confidence sets Posterior




Summary statistics for LHC measurements?

e In many LHC problems (eq. EFTs)
there is no single good summary
statistic: compressing to any =’ loses
information!

e |deally: analyze all trustworthy
high-level features
, or some form of
low-level features, including
correlations



Summary statistics for LHC measurements?

e In many LHC problems (eqg. EFTs)
there is no single good summary t
statistic: compressing to any =’ loses 7 -

A e e e s 814 ies 0e 06s e s Sii e 065 065 188 514

information!

[JB, K. Cranmer, F. Kling, T. Plehn 1612.05261;
JB, F. Kling, T. Plehn, T. Tait 1712.02350]
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e |deally: analyze all trustworthy
high-level features (reconstructed
four-momenta...), or some form of
low-level features, including

correlations | _
(“fully differential cross section”)
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Solve it by approximating the integral

e Problem: high-dimensional integral over shower / detector trajectories

plal6) = [dz4 [dz [dz, polza) pealz) pzel2) Pl 10

[CMS]

31



Solve it by approximating the integral

Key; tuon

e Charged Hadron (e.g. Pion)

— — — - Neutral Hadron {e.g. Neutron)
@@= e« Photon

e Problem: high-dimensional integral over shower / detector trajectories

plal6) = [dz4 [dz [dz, polza) pealz) pzel2) Pl 10

M HeH ||
H

ﬂl i

e Matrix Element Method (and similarly Optimal Observables): (K. kondo 1988]

e approximate shower + detector effects into transfer function p(z|z,)

e explicitly calculate remaining integral 109 197 16 (8 TeV)
.§ 30 CMS %, Light quark jets
n o N S | Simulation * s Mean =-4.02 GeV
p(z|0) = /dzp p(x|zy) p(2,]0) o 25 * ", RMS=23.3 GeV
L2 f .+ Simulation
g 20:_ ’ .. ; W(Eparton’Ejet)
2 15 - PR
10 f_ aD ¢
5 Mﬁg k
: i I SR R

[CMS]

[CMS 1511.06170]



Solve it by approximating the integral

Key; tuon

s Charged Hadron (e.g.Pion)

— — — - Neutral Hadron {e.g. Neutron)
@@= e« Photon

e Problem: high-dimensional integral over shower / detector trajectories

plal6) = [dz4 [dz [dz, polza) pealz) pzel2) Pl 10

e Matrix Element Method (and similarly Optimal Observables): (K. kondo 1988]

e approximate shower + detector effects into transfer function p(z|z,)

explicitly calculate remaining integral

M HeH ||
H

ﬂl il

x10° 19.7 fb' (8 TeV)
.§ 30 CMS %, Light quark jets
N N c | Simulation * .  Mean =-4.02 GeV
p(z|0) = /dzp p(x|zy) p(2,]0) o 25 * ", RMS =233 GeV
R ° ++ Simulation
© 20 ; - WE E)
g .. parton’ jet
(@) ¢
Z 15[ ;-
= Uses matrix-element information, no summary statistics necessary, but: oF .
o ad-hoc transfer functions (what about extra radiation?) SME& %
o evaluation still requires calculating an expensive integral Y00 w0 0

[CMS 1511.06170]

[CMS]
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What if we could estimate the likelihood...

e for high-dimensional observables, including correlations?
like MEM: no need to pick summary statistics

e including state-of-the-art shower and detector models?
allowing for extra radiation, no need for transfer functions

e in microseconds?
amortized inference: train once, then always evaluate fast

e requiring less training examples than established machine learning methods?
using matrix element information: “ML version of MEM”
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Learning with Simulated Data

0
approximate

likelihood
ratio

arg min L|g] —> f‘(x\@) S

q q g
0;
Simulation Machine Learning Inference
“Minin |d”: Extr - . . . .
adollitlio?\a?lci)nollorrr)\(;t?sr: Use this information to Limit setting with
train estimator for likelihood ratio standard hypothesis tests

from simulator


https://physics.aps.org/articles/v11/90

Learning with Augmented Data

arg min L|g] — 7(x|0) —>

0;

approximate
likelihood
ratio

arXiv:13805.12244

PRL, arXiv:1805.00013

PRD, arXiv:1805.00020
physics.aps.org/articles/v11/90

“Mining gold”: Extract
additional information
from simulator

I o) ——
augmented data
Simulation Machine Learning

Use this information to
train estimator for likelihood ratio

Inference

Limit setting with

standard hypothesis tests
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Mining gold from the simulator

Detector Shower Parton-level Theory

Observables . . L
Interactions splittings momenta parameters

2 — 2y — 2 — )

p(z|0) = /dzd/sz/dzp p(x|zq) p(zq|zs) p(2s|2p) p(2p|0)

Intractable integrals



Mining gold from the simulator

| atent variables

Detector Shower Parton-level Theory

Observables . . L
interactions splittings momenta parameters

2y —— 2y ——— 2, ———

XL
pal6) = [z [z, [az, plalza p(zal2) Pzl p(z10)

Parton-level likelihood
is given by matrix element
and can be evaluated!

= For each simulated event, we can calculate the joint likelihood ratio which depends on the specific
evolution of the simulation:

r(x,z\@o,ﬁl) _ p(ajvzdazsazp 90) _ p(w Zd) p(Zd Zs) p(Zs Zp) p(Zp 6’0) N M(Zp 90) °

p(x, 2d, 25, 2p|01)  plx|za) p(zalzs) p(2s12,) | P(2pl01)  [IM(2,|01)]
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The value of golo

We can calculate the joint likelihood ratio

7q($7 Z|907 (91) =

p(ma Zdy 25y Ap (90)

p(xa Zdy 25y AP (91)

We want the likelihood ratio function

p(x

0o)

r(x|0p,01) =

p(x

01)

(“How much more likely is this simulated event, including
all intermediate states, for 8 compared to 61?")

(“How much more likely is the observation x
for 8o compared to 6,?")
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The value of golo

We can calculate the joint likelihood ratio

p(ﬂf, Zdy <5y Ap 90)

T(QE,Z‘@O,Hl) — p($ PP 9 ) 5 - — r(x|90,91)
y “dy <55 ©p|V1 o rx, 2|60, 61), X ~ p(x|6 = )
~ r(x, z|6q, 61), X ~ p(x|60 =61)
S 4-

©

x

r(x, 2|0y, 0,)are T

scattered around &

7“($|(9(), (91) %

N

X

-

We want the likelihood ratio function

_ p(x|0o)
(@i, f1) = p(x|61)




The value of golo

We can calculate the joint likelihood ratio

p(xa Zdy <5y Ap 90)

r(x, z|0y,01) =

p(ﬂf, Zdy <5y Ap (91)

We want the likelihood ratio function

r(z|0y,01) =

p(x

o)

p(x

01)

With r(z, 2|60, 61), we define a functional like
-7 (|0, 671)] /d$ /dzp x, z|601) ($|90,91) — 7“(:13,2\90,6’1))2}

It is minimized by

412NP(Z|$,91) [T(Qf, Z‘907 91)] — aIg min LT [72(£E|9(), (91)]|

f‘(.ﬁlﬁ‘|90,91)

(And we can sample from p(x, z|6) by running the simulator.)



The value of golo

With r(z, 2|60, 61), we define a functional like

We can calculate the joint likelihood ratio (60, 01)] /dx /dzp r,2|01) |(F(x]00,01) — r(x, 200,01)) }
o p(xa Zd) ZS) Zp 90)
r(x, 2|0y, 01) = (T, 20, 701 2 |01) It is minimized by

We want the likelihood ratio function

r(z|0y,01) =

p(x

o)

p(x

01)

412NP(Z|$,91) [T(Qf, 2‘90, (91)] — arg min LT [f‘(.ﬁ[‘|6’(), (91)]|
72(CU|90701)

(And we can sample from p(x, z|6) by running the simulator.)

.. and then magic ...

- p(ZU,ZQQ)
Y ~D(Z|T y (9 79 — d 7(9
oy [, 200.00)) = [ dz plele, 0y) 20
[ ol o
— z
p(x|01) p(z,z|01)

T’(.CIZ“QQ, (91) l



Learning with Augmented Data

Parameters 0

l

Observables
3 ATTS o : ﬁ :B

R —> t(x, 2]0)

Augmented data

1. Simulation



Learning the score (related to optimal observables)

Similar to the joint likelihood ratio, from the
simulator we can extract the joint score

t(x,z|00) = Vglogp(x, 24, 25, 2,|0)

We want the score

t(z]0o) = Vg log p(x|0)




Learning the score (related to optimal observables)

Similar to the joint likelihood ratio, from the
simulator we can extract the joint score

t(z, z|00) = Vo log p(x, zd, 25, 2p|0) Given t(x, z|0p),

we define the functional

L:[t(z|00)] = /dx/dz p(z, z|60p) [(f(x\é’o) — t(:p7z|90))2]

One can show it is minimized by
t(x|0y) = arg min L.[t(x|0y)] .
t(z|6o)

Again, we implement this minimization

through machine learning.
We want the score

t(z]0o) = Vg log p(x|0)




MadMiner automates all of these methods.

[JB, F.Kling, I. Espejo, K. Cranmer 1907.10621]



MadMiner

New Python package MadMiner makes it straightforward to
apply the new techniques to LHC problems

Out of the box: Pheno-level analyses
e MadGraph, Pythia, Delphes, (could be GEANT4)
e Systematic uncertainties from PDF / scale variation

Scalable to state-of-the-art experimental tools

e Mostly requires bookkeeping of fully differential cross sections

Modular interface
e Extensive documentation

e Embedded into Python / ML ecosystem

1. PHYSICS SIMULATION

2. OBSERVABLES

4. ML 3. SAMPLING

5. INFERENCE

Physics processes,
model,

simulation setup

Parameters,
benchmarks, —
nuisance parameters

Observables,

Sampling setup —»

Events, parameter —p
grid

Best fit, p-values «—

> MadGraph cards
(.dat)
I
v
i Parton-level t
MadMiner —> MadGraph 5 —> (he)
Btk — Hadron-level events
U (.hepmc)
<
v
DelphesReader — Delphes — Detector-level events
(.root)
<
<
SampleAugmenter
».| Training samples
(.npy)
LikelihoodEstimator |<—
RatioEstimator*
ScoreEstimator
Ensemble < > Tra_lned ML model
(.json, .pt, .npy)
<
<

AsymptoticLimits

(.h5)

MadMiner file




MadMiner resources

MadMiner: Machine learning-based inference for particle UCI-TR-2019-16, SLAC-PUB-17461
physics

MadMiner: Machine learning-based inference for particle physics

By Johann Brehmer, Felix Kling, Irina Espejo, and Kyle Cranmer 1.8

Johann Brehmer,' * Felix Kling,? % T Irina Espejo,!+ and Kyle Cranmer

[ pypi package [0.6.3 ] build 'passing | docs failing | chat Jon gitter | code style black | License [MEF] Do1 10.5281/zenodo.1489147 | LCenter for Data Science and Center for Cosmology and Particle Physics,
New York University, New York, NY 10003, USA
2Department of Physics and Astronomy, University of California, Irvine, CA 92697, USA

. SSLAC National Accelerator Laboratory, 2575 Sand Hill Road, Menlo Park, CA 94025, USA
Introduction

Precision measurements at the LHC often require analyzing high-dimensional event data for
subtle kinematic signatures, which is challenging for established analysis methods. Recently,
a powerful family of multivariate inference techniques that leverage both matrix element
information and machine learning has been developed. This approach neither requires the

Particle physics processes are usually modeled with complex Monte-Carlo simulations of the hard process, parton

shower, and detector interactions. These simulators typically do not admit a tractable likelihood function: given a
otentially high-dimensional) set of observables, it is usually not possible to calculate the probability of these . 0q 2 . . - . ot

(b yhg ) ! o ynotp _ p" T y _ ) reduction of high-dimensional data to summary statistics nor any simplifications to the under-

observ?blc.es for some model parameters. Particle phySICI.SIS.tS usuall.y.tack!e this problem of I|keI|ho.od-free |n.ference by lying physics or detector response. In this paper we introduce MadMiner, a Python module

i e et L ORAS AR Ay Saustics and Ning. histograma SLIRSI BUL s conention: e ——— it ——

Repository and tutorials: Paper with detailed explanations:
github.com/johannbrehmer/madminer 1907.10621

A MadMiner

Help Donate Login Register
Search docs

Docs » MadMiner ) Edit on GitHub

MadMiner

Introduction to MadMiner Johann Brehmer, Felix Kling, Irina Espejo, and Kyle Cranmer

o Getting started
. An inference toolkit for LHC measurements
I oe\Je v Latest version Using MadMiner

References Note that this is a development version. Do not reply on anything being stable. If you have any
questions, please contact us at johann.brehmer@nyu.edu.

pip install madminer B Released: Nov 19,2019
madminer.analysis module Sites

madminer.core module

madminer.delphes module * Introduction to MadMiner

Installation: APl documentation:
pip install madminer madminer.readthedocs.io



http://madminer.readthedocs.io
http://github.com/johannbrehmer/madminer
http://arxiv.org/abs/arXiv:1907.10621

These techniques let us constrain
effective theories more effectively.



Proof of concept: Higgs production in weak boson fusion

[JB, K. Cranmer, G. Louppe, J. Pavez

at least 16-dimensional 1805.00013, 1805.00020]

observable space

q —
.-
Exciting new physics might hide here!
We parameterize it with two EFT coefficients:
2
1 vVa
L = Loy fgvg (D) 0" DY W / (chcb) W, WH
—/_/ —/_/

Oww
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Proof of concept: Higgs production in weak boson fusion

[JB, K. Cranmer, G. Louppe, J. Pavez

at least 16-dimensional 1805.00013, 1805.00020]

observable space

Goal: constrain the two EFT parameters

e new inference methods

e baseline: 2d histogram analysis of jet
momenta & angular correlations

Two scenarios:

o Simplified setup in which we can compare to

Exciting new physics might hide here! true likelihood

We parameterize it with two EFT coefficients:

2
]

\—/_/ \—/_/
Oww

o “Realistic” simulation with approximate
detector effects




Better sensitivity to new physics

Likelihood function
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Better sensitivity to new physics

-2 log likelihood

Likelihood function
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Better sensitivity to new physics

-2 log likelihood

Likelihood function
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Constraining operators in ttH effectively

e Pheno-level analysis of e Inference on three EFT operators:
_ . 2
pp — tth — (b0T) (b07) (yy) EF™S Oy = —;—2(H‘LH )(H'Qr)ur, Og = Tii (H'H)Gy,Gg"
4 S ) 1Y a
with MadGraph + Pythia + Delphes Ouc = ——5-yu( H' QL)Y TaurGy,



Constraining operators in ttH effectively

e Pheno-level analysis of

pp — tth — (b0T) (b07) (vy) EP*

with MadGraph + Pythia + Delphes

e New inference techniques improve expected HL-LHC limits compared to
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Benchmarking STXS in WH

e Simplified Template Cross-Sections (STXS)
define observable bins that are supposed to
capture as much information on NP as possible

Stage 1.1 VH = V(— leptons)H
I I
qq¢ - WH qq§ — ZH g9 — ZH
pr
0
75 I |
150 — I
250 | — I
100 [oooneteonenioeeed foeedoecdooof
00 ' ; . ; . ' : _ ; . ' : : : .
O-jet 1-jet > 2-jet O-jet  1-jet > 2-jet O-jet  1-jet > 2-jet

e Let's check! How much information on

~ O
Onp = Onn — —2 = (¢t¢)D(¢79) ("D ¢)*(¢" Do)

1
4 4
Opw = CbTCbWﬁuWWa

O = (¢'iD7 6)(@L0"v" Q1) |

can we extract from pp — WH — (v bb ?



Benchmarking STXS in WH

e Simplified Template Cross-Sections (STXS)
define observable bins that are supposed to

capture as much information on NP as possible
[N. Berger et al. 1906.02754; HXSWG YR4]

Stage 1.1 VH = V(— leptons)H
I I
qf — WH qf - ZH gg — ZH
Pr
0
75 1 - |
150 — |
250 | — |
U aah BN TEFFETEEFETEREREET BN SEEPETERPPPE PR
m . : . : . . : . : . . : . : .
O-jet 1-jet > 2-jet O-jet  1-jet > 2-jet O-jet  1-jet > 2-jet

e Let's check! How much information on

(6" D"¢)* (o' D,9)

1

4 4
Onw = ¢ oW, WH*

0P = (¢1iD? ¢)(QL0"" Q1)

Onp = Onn — Oup _ (¢'0)D(o'0)

can we extract from pp — WH — (v bb ?

[JB, S. Dawson, S. Homiller,

F. Kling, T. Plehn 1908.06980]

Results: STXS are indeed sensitive to operators,
adding a few more bins improve them,
but a multivariate analysis is still stronger

x 1072
L =300fb""
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Benchmarking STXS in WH

e Simplified Template Cross-Sections (STXS)
define observable bins that are supposed to

capture as much information on NP as possible
[N. Berger et al. 1906.02754; HXSWG YR4]

Stage 1.1 VH = V(— leptons)H
I I
qq¢ - WH qq -+ ZH g9 — ZH
Pr
0
75 1T - |
150 — |
250 | — |
E U R aaRrr I TEFEETEEPEPSEEREET BN PEEEPTE R PP PP rrs
m . : . : . . : . : . . : . : .
O-jet 1-jet > 2-jet O-jet  1-jet > 2-jet O-jet  1-jet > 2-jet

e Let's check! How much information on

(6" D"¢)* (o' D,9)

1

4 4
Onw = ¢l gW e, Whve

0P = (¢1iD? ¢)(QL0"" Q1)

Onp = Onn — Oup _ (¢'0)D(o'0)

can we extract from pp — WH — (v bb ?

[JB, S. Dawson, S. Homiller, F. Kling, T. Plehn 1908.06980]

Results: STXS are indeed sensitive to operators,
adding a few more bins improve them,
but a multivariate analysis is still stronger

x 1072
3- C,, 1, Profiled
L =300fb!
2 -
1 -
—~
== 0 NN
Q \‘\\
1 N AN
| —— Full Kin. S \
o] Full 2D dist. <5207 W
"""" STXS, stage 1.1
34 —— Imp. STXS
1 =05 0 0.5 ]
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Diboson production

In inclusive observables, the interference between SM and new
physics amplitudes vanishes

= Reduced sensitivity to new physics

“Diboson interference resurrection”:
an angular variable ¥ can be constructed to be sensitive to this

interference

[G. Panico, F. Riva, A. Wulzer 1708.07823;
A. Azatov, D. Barducci, E. Venturini 1901.04821]

We test the ML approach in EFT measurementsin W~ — fv v
[JB, K. Cranmer, M. Farina, F. Kling, D. Pappadopulo, J. Ruderman in progress]

New: WZ— ££ Lv by Chen, Glioti, Panico, Wulzer arXiv:2007.10356

Preliminary results: we can extract more information
when we analyze events with SALLY
than with histograms of ¢ and standard observables

fivww

0.0004 -

0.0002 -

0.0000 -

—0.0002 ~

—0.0004 ~

SALLY
>

....
......

SALLY

—0.0004 —-0.0002 0.0000 0.0002 0.0004
fwww
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https://arxiv.org/abs/2007.10356

Conclusion

Likelihood fits in the data space are the gold standard for statistical interence

e RECAST and likelihood publishing are technical solutions that address model
dependence and the theory-experiment interface

e STXS a good step, but more difterential information can lead to large gain in sensitivity
Properties we want

e Ability to be fully ditferential

e Exploit highest fidelity simulation (QCD, detector simulation) without approximations
that introduce additional systematic errors

e Clear statistical motivation and compatibility with traditional combined analyses
e Scalability in terms ot channels and parameters

The approach | presented (implemented in MadMiner) achieves these goals
48
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An incomplete wrap-up of simulation-based inference methods

Method Approximations Upfront cost Eval
Summary statistics:
Likelihood for summary stats (standard histograms) Reduction to summary stats Fast Fast
Approximate Bayesian Computation Reduction to summary stats

Matrix elements:
Matrix Element Method Fast Slow
Optimal Observables Fast Slow

Neural networks:

Neural likelihood NN Needs many samples Fast
Neural posterior NN Needs many samples Fast
Neural likelihood ratio NN Needs many samples Fast

Neural networks + matrix elements:
Neural likelihood (ratio) + gold mining (RASCAL etc) NN Fast
Neural optimal observables (SALLY) NN, Fast
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Mining gold: A family of new inference techniques

Extract

Method Simulate r(x,2) tz, 2)

NN estimates  Asympt.exact Generative

ROLR O~ 7(0),0, v (2100, 01) /
CASCAL 6 ~ 7(0), 6, s (], 60) Y
ALICE 6y ~ 7(0), 6, J (60, 6) v
RASCAL 6y ~7(0),6, v v #(x|60,61) v
ALICES 6o ~7(0),0, v v #x|fo,61) v
SCANDAL 0 ~ (6) Y 5(z0) Y Y
SALLY 0, of v t(x]0rer) in local approx.
SALLINO 0, of v t(x|0ref) in local approx.




Mining gold: A family of new inference techniques

Method

, Extract
Simulate

r(z,z) t(x, 2)

NN estimates

Asympt. exact

Generative

\

ROLR O~ 7(0),0, v (2100, 01) /
CASCAL 6 ~ 7(0), 6, s (], 60) Y
RASCAL 6y ~7(0),6, v v #(x|60,61) y
ALICES 6y ~7(0),6. v v #(z|f0.61) v

SCANDAL 0 ~ (6) v 5(z0) v
SALLY 0, of v t(x]0rer) in local approx.
SALLINO 0, of v t(x|0ref) in local approx.

Performance gains with
cross-entropy-based loss



Mining gold: A family of new inference techniques

Extract

Method Simulate r(x,2) tz, 2)

NN estimates  Asympt.exact Generative

ROLR 0y ~ (), 01 v r(x|0p, 61) v
CASCAL 6y ~ 7w(0), 0, v r(x|6p, 61) v
ALICE 0y ~ w(60), 04 v r(x|0g, 01) v
RASCAL 6y ~ w(0), 61 v v r(x|0g, 01) v
ALICES 0o ~ (), 0, e e #(xz|6y, 01) v /CombinationOV\./ith state-of-

density estimators, e.qg.

SALLY Oref v t(x|0ref) in local approx. normalizing flows
SALLINO Oref v t

T |Oyef) in local approx.



Putting the pieces together: RASCAL & ALICES

Parameters 0

0;
Observables ‘{4,5;:';\ VI |
’ T —>! ‘ C Apprquate
() likelihood
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1. Simulation 2. Machine Learning

“The machine learning version of the Matrix Element Method”

3. Inference
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Gold mining: augmenting the training data

The augmented training data converts
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More precise likelihood ratio estimates with less training data
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More precise likelihood ratio estimates with less training data
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Challenge tor EFT

Let 8 denote the coefficients of higher dimensional operators in the Lagrangian, x be high-

do
dimensional data associated to an event, and p(x | 8) = be the distribution for the data
o(0) db
q q'
* we want to compare any two points in EF [ parameter space w2zl .z e*
, -
RT : x|0 _
e evaluate the likelihood ratio r(x|6y,0:) = p(z|0o) Wz % o+
p(a;' 91) o g -
q q'

Difficulty is that one changes the parameters of the EFT, the distributions p(x|0) change due to
interterence.

e |t would be very computationally expensive (infeasible) to generate samples for every value of

0 and estimate p(x| @) with histograms. Small changes mean we need a lot of MC events!

 |deally we could directly estimate the score t(x|6y) = Vg logp(z|0)
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EFT Decomposition
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Figure 13: Morphing weights w;(8) for basis points distributed over the full relevant parameter

D vector space



Perfect match for EFT measurements
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Kyle Cranmer @KyleCranmer - 19h v
Take note! Here is a nice example of differentiable programming. It shows
end-to-end optimization of a NN for event categorization wrt. final
statistical analysis (using pyhf). Requires running gradients through
results of maximum likelihood with fixed-point differentiation

End-to-end optimization with autodiff

e With tools like MadMiner the objective is to learn a likelihood
ratio, which is known optimal properties for measurements etc.

e InINFERNO and Neo the inference objective is directly optimized

INFERNO: Inference-Aware Neural Optimisation

Pablo de Castro
INFN - Sezione di Padova
pablo.de.castro@cern.ch

Tommaso Dorigo
INFN - Sezione di Padova
tommaso.dorigo@cern.ch

compute via automatic differentiation

_____________________________________________________
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N AR BN JEN I,

SIMULATOR OR NEURAL SUMMARY INFERENCE-AWARE
NETWORK STATISTIC LOSS

APPROXIMATION

stochastic gradient update ¢'t' = @' + n(t)VoU

Q Nathan Simpson @ CERN
‘Js, @phi_nate

I'm *very* excited to share with you what I've been

working on recently in collaboration with
@lukasheinrich_!

We've developed a module that performs end-to-end
learning with respect to statistical inference in particle

physics.

try it yourself at github.com/pyhf/neos! :)
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Recap on Likelihood Ratios

For signal vs. background searches:

e Neyman-Pearson Lemma: optimal hypothesis test given by likelihood ratio
(basis of Higgs search)

e | kelihood ratio pgw ZO; also used for exclusion contours
P\ |01

For estimates of parameters 6

e Cramér-Rao bound states cov[d|6);; > I (60) where Ijjis the
Fisher-information matrix (Hessian of log-likelihood)

* Motivates Information Geometry as a phenomenological tool

* Maximum-likelihood (asymptotically) saturates the bound

Note: Vg log p(xI0) acts like a likelihood ratio locally



Cramér-Rao Bound

The minimum variance bound on an unbiased estimator is given by the Cramer-Rao bound:

COV[@‘@O]ZJ ~ I ((9())

/ \

Expected error Inverse of
of best-fit parameter Fisher information

Fisher information matrix (is also a Riemannian metric! )

[0%logp(z|0)] =
IZJ[Q] = — I 0. 8?9‘ ) 0
i i OV i

Maximum Likelihood Estimators asymptofically reach this bound



Challenge tor EFT

Let 8 denote the coefficients of higher dimensional operators in the Lagrangian, x be high-

do
dimensional data associated to an event, and p(x | 8) = be the distribution for the data
o(0) db
q q'
* we want to compare any two points in EF [ parameter space w2zl .z e*
, -
RT : x|0 _
e evaluate the likelihood ratio r(x|6y,0:) = p(z|0o) Wz % o+
p(a;' 91) o g -
q q'

Difficulty is that one changes the parameters of the EFT, the distributions p(x|0) change due to
interterence.

e |t would be very computationally expensive (infeasible) to generate samples for every value of

0 and estimate p(x| @) with histograms. Small changes mean we need a lot of MC events!

 |deally we could directly estimate the score t(x|6y) = Vg logp(z|0)
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