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Reusability in HEP

Publishing statistical models: Getting the most out of particle
physics experiments
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This

nted in Ref. [6].

Forum |8], with the current status and updated recommendations pr
paper takes these decade-long efforts to what we argue is the logical conclusion: if we wish
to maximize the scientific impact of particle physics experiments, decades into the future,
we should make the publication of full statistical models, together with the data to convert
them into likelihood functions, standard practice. A statistical model provides the complete
mathematical description of an experimental analysis and is, therefore, the appropriate starting

arXiv:2109.04981 [hep-ph]

e Publishing likelihoods is good, but likelihood # statistical model.
¢ Model dependent likelihood -» limited interpretability
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https://arxiv.org/pdf/2109.04981.pdf

Increase interpretability? Reinterpretationt

What result would we get if we replace
signal model A with signal model B?

Analysis results are based on a statistical model

p(datajmodel A)

Unfortunately, we cannot say much about

p(datajmodel B)

Kinematic shape differences affect acceptance / efficiency.
What do we need to probe new physics?
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A novel shape-respecting reinterpretation method
arXiv:2402.08417 [hep-ph]
github.com/lorenzennio/redist
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https://arxiv.org/abs/2402.08417
https://github.com/lorenzennio/redist

Shape-respecting reinterpretation

Kinematic to reconstructed number density

o(2) n(z) _ A
- B
—
z xr
z - kinematic d.o.f. n(x) = / dz L e(x|2) o(2) = / oz n(x, 2)

X —reconstruction / fitting variable(s)
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A new signal distribution

n(x) A
I -B
T
- =/dst(x|z) - :/dst(x|z) oa(2) - :/dz Na(X,Z2) -
oa(2) N —

main object

Likelihood + n(x,z) = model-agnostic likelihood
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BT — Ktvi

A flavor physics showcase
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Why reinterpret Bt — K vip?

: —— Belle 11 (362 fb', combined)
H 1 23407 This analysis. preliminary
H 1
- ! Belle II (3 !, hadronic)
v v | —— Belle 1T (362 fb™!, inclusive)
_ H 1 27207 s, prefiminary
wt v — _._'_' Belle (711 fb', semileptonic
w w H I 1.0£06 PRDYG, 091101 P )
- - i L e Belle (711 fb, hadronic)
b Bl H ! 29616 PRDST, 11103
> uou > u el I BaBar (418 fb’!, semileptonic)
H i 02408 PRDS2, 112002
Pl ——e— BaBar (429 fb!, hadronic)
e Suppression of FCNCs in the SM i I P
0 2 4 6 8 10

10° x Br(Bt—K " vp)

arXiv:2311.14647 [hep-ex]
=» BSM effects could substantially affect observables.
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https://arxiv.org/pdf/2311.14647.pdf
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Ingredients for reinferpretation

1. Likelihood L(n,a | n, x)
2. Joint number density n(x, z)
3. Decay kinematics =» w(z)

Constructing model-agnostic likelihoods
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1. pyht statistical model

A statistical model for multi-bin histogram-based analy-
sis and ifs inferval estimation.

Likelihood function for observed event counts n is

L(n,a | n,x) = Pois(n | v(n, X))

data likelihood

c(alx)
~——

constraint likelihood

Expected number of events are

v(nx) = - (Vo(n,x)+A(n,x))-
Use redist for bin weights - = (A /Ay .

L. Gartner (LMU) Constructing model-agnostic likelihoods
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Yikelihoods
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e

DN

16.05.2024

10/19


https://pyhf.readthedocs.io
https://github.com/lorenzennio/redist

1. Bayesian pyhf statistical model

A statistical model for multi-bin histogram-based analy- i
sis and ifs inferval estimation. p.x,em.e

Yikelihoods
Posterior function for observed event counts n is

p (n,x|n,a) o< Pois (n|v (n,x)) P (x|a) &(1'4)

data likelihood constraint prior unconstraint prior

Expected number of events are

v(n,x)= - (Vo(n,x)+A(n,x))-
Use redist for bin weights - =1ng /Ny .
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https://github.com/malin-horstmann/bayesian_pyhf
https://github.com/lorenzennio/redist

2. Joint number density

The main object for reinterpretation, na(x, z).
This should be provided by the experimental analysts.

Reconstruction
bins
Events (weighted)

.
0 3 6 9 12
Kinematic bins

!
15 18 21

In this example the reconstruction variable is x = qfec. and the kinematic variable is z = qéen_
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3. Decay kinematics

~

=
=

Weak effective theory differential branching ratio de-
pendence on the Wilson coefficients.

dB(B — Kvi)  3GEa’rg |\ e, 12 2 | Aa
= ViV |2 VA
a9 327r5mg | ts fb| sk 24

for J£ = 0~ kaon states.

[arXiv:2111.04327 [hep-phl]
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https://arxiv.org/abs/2111.04327

3. Decay kinematics

Weak effective theory contributions

Lo x1078

vector
scalar
tensor

SM contains only vectorial contribution.

L. Gartner (LMU)
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Reinterpretation results
(insights from toy study)
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Results from toy study

----- true model

« Analysis assumes SM (model A) o jzzlf)b:,l
e Cy ~66,C;=0 V i#VL
o Weak effective theory htk
(models B) ® :
o 'Data" contains new physics = o (\ H
&)
o Uniform priors: to &
SN H
5 <|Cyp + Cyrl <20 J:L\
0 <|Csy + Csrl <15 To, H L
o<|C <15 _
<|Crul = S > ? i H
arXiv:2402.08417 [hep-phl (- &%ﬂ """ ' 1 S S, N

R T A N R T T
[Cvr + Cyrl [Csr + Csrl |Cre
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https://arxiv.org/abs/2402.08417

The necessity for reinferpretation

----- true model

—— naive
— reinterpreted
Simplified model reinterpretation, L
assuming acceptances /efficiencies N ‘
are independent of kinematic = ¥ H
shape differences (e.g. simple BR S e “\ F
rescaling). K == . i
-» biased posterior ? /\‘iﬁ\ i
{’) I I I I I I I I
arXiv:2402.08417 [hep-ph] 7 H H
= 9 = — Fl
g ’
I BN NN R VRN R N
|Cvi + Cyal |Cst + Cskrl [Crel
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https://arxiv.org/abs/2402.08417

B" — K'vi @ Belle Il 63fo ™" £ @

2

i Application to the first BY — KT v
] H analysis of 63fb~" Belle Il data,
H Phys.Rev.Lett.127.181802.

[Cs + Csrl
s L b %

k2

@ %

[Crel
o o

— e iaan
RN N AR S N R
[Cyr + Cval [Cs1 + Csrl [Cre|
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https://journals.aps.org/prl/pdf/10.1103/PhysRevLett.127.181802

Summary

« Shape-respecting reinterpretation through reweighting
o Model-agnostic likelihoods
e Only requires likelihood + n(x, z).
o FAST

o Scientific benefits

« Bias-free inference on BSM parameters.
o Combinations with other channels and/or experiments. arXiv:2402.08417 [hep-phl]

Publishing model-agnostic likelihoods is crucial for a
bias-free exploitation of experimental results.

D

'C A p lorenz.gaertner@physik.uni-muenchen.de
oyl - redist . '*
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Effective field theory

Energy -

« High energy collisions W(a) 7
W boson potentially on-shell (massive)

« Lower energy quark decays Do &l

W boson always off-shell

Ly o [Guy"P 4] M [YW‘DLV/]

o Weak effective theory o My
W is integrated out My -
Loy = Lyyer = Z G o )
- Parametrization i.t.o. M A au

Wilson coefficients ¢ = {C;}. Lyer < Y5 Cy[Gu1Gq] [IT1]

L. Gartner (LMU) Constructing model-agnostic likelihoods 16.05.2024 1,7



Weak Effective Theory for B — Kvi

Contribution operators

The effective Lagrangian is

=3 - Oyx + Y . Osx +- Op, + hoc.

X=L,R X=L,R

The d = 6 contributing operators in and beyond the SM are given by
Oy, = (m,.v) (57"by) Oyr = (m7,11) (527" br)
Og, = (VT:VL) (Sebyr) Osp = (VTCVL) (5.br)
Op, = (’TLCUWVL) (%a“"bL)
[arXiv:2111.04327 [hep-phl]
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ifferentiable
¥ 'ikelihoods

)yl f

A statistical model for multi-bin histogram-based analysis and its interval estimation.

pyhf = pythonic HistFactory

HistFactory: A tool for creating statistical models for use with
RooFit and RooStats
Kyle Cranmer, George Lewis, Lorenzo Moneta, Akira Shibata, Wouter Verkerke
June 20, 2012

Contents

1 Introduction

L. Gartner (LMU)

Interval estimation based on

Constructing model-agnostic likelihoods

THE EUROPEAN
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‘Spesial Ariicle - Tools for Experiment and Theory

Asymptotic formulae for likelihood-based tests of new physics

9 February 2011
Springetink com

likelihood-based staistical tests for  data sets by a s

y resentative one. referred 1o here as
ysics for the discorery of new phenom-  the “Asimov” dala sel.

In the past, this method has been
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https://pyhf.readthedocs.io
https://cds.cern.ch/record/1456844/files/CERN-OPEN-2012-016.pdf
https://arxiv.org/pdf/1007.1727.pdf

HistFactory / pyhf statistical model

A statistical model for multi-bin histogram-based analy- i
sis and ifs inferval estimation. %mmiable

Zikelihoods

Likelihood function for observed event counts n is

Lin,a|n,x)= H H Pois (ncb | ven(m:x) ) H Cy (ax | X)

cechannels bebins XEX

multiple channels constraint terms

Expected number of events per channel per bin are

Veo(mx) = > H-(Vst)cb(an)+ZAscb(777X))'

sesamples k€K AeA

multiplicative modifiers additive modifiers

Use redist for bin weights - =ng / Ny .
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Modifiers

7
7
/7 7 —
/7 7/ 7
/7 7 /7 7
/7 7 /7 7 Vv 7
/7 Vv 7 /7 7/
7 7 e
7 /7 7
7 7 /7 7
4 7/
r 7 /7 77 7
7 e
r 7z ¥ 7
/7 7
7
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Custom modifiers
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Modifiers and constraints

Description
Uncorrelated Shape
Correlated Shape
Normalisation Unc.
MC Stat. Uncertainty
Luminosity
Normalisation

Data-driven Shape

L. Gartner (LMU)

Modification

Ksco(Va) =T

Asen(a) = fp (af Ascha=—1, Dscha=1)
Ksen () = gy (0] Kscb.a=—1, Ksch.a=1)
Ksen(V8) = Vo

Ksen(A) = A

Kacn(fs) = b

Kesen(Tn) = Vo

Constraint Term ¢,

11, Pois (rs = 73| 25 = 73, s)
Gaus (a =0(a,c =1)

Gaus (a =0/a,c=1)

11, Gaus (ay, = 1|75,ds)

Gaus (I = Ag| A, o)

Constructing model-agnostic likelihoods

Input

Th
Ascha=t1
Kscba=+1
=358

)\0:0/\
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