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Reusability in HEP

Publishing statistical models: Getting the most out of particle
physics experiments
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Forum [8], with the current status and updated recommendations presented in Ref. [6]. This
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]]

Shortcomings of model-dependencies in analyses
o Limited interpretability in ferms of any model with different kinematic predictions.
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A general analysis
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A better analysis
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|dea behind reinterpretation

Signal Region Signal Region

recast
—_—

original analysis (w.r.t model A) original analysis (recast to model B)

[source]
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https://indico.belle2.org/event/8470/contributions/55881/attachments/21258/31464/likelihood_preservation.pdf

Analysis

Where is the model dependence?
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SuperKEKB & Belle Il infroduction

o Luminosity vs. energy frontier
o Current fotal [ L df = 428fb™"

arXiv:1808.10567 [hep-ex]
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https://arxiv.org/abs/1808.10567

SuperKEKB & Belle Il intfroduction

o Luminosity vs. energy frontier

e Current fotal [ L dt = 428fb!
o SuperKEKB

o asymmetric e (7 GeV) — e (4 GeV)
e Bellell

e Hermetic, longitudinally asymmetric
detector

arXiv:1808.10567 [hep-ex]
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SuperKEKB & Belle Il intfroduction

o Luminosity vs. energy frontier
e Current fotal [ L dt = 428fb~"
o SuperKEKB
o asymmetric e (7 GeV) — e (4 GeV)
e Bellell
e Hermetic, longitudinally asymmetric
detector
= Missing mass analyses possible

arXiv:1808.10567 [hep-ex]
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Why reinterpret B — K vip?

u,c,t

¢ Suppression of FCNCs in the SM.
-» Tree level BSM effects could substantially affect observables.
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Why reinterpret B — K vi?

u,c,t

¢ Suppression of FCNCs in the SM.

-» Tree level BSM effects could substantially affect observables.
o Benefits of reinterpretation

¢ Sensitivity to any current or future (B)SM prediction.
o Exclusion limits in BSM parameter space inferable.
« Combinations with other measurements possible.
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The Belle Il BT — K v analysis

1. Machine learning methods (BDT, + BDT,):
separate signal from background.

2. Signal MC weighted according to SM kinematic prediction
— model dependence

3. Max. likelihood fit in bins of p;(K*) x BDT,.

L. Gartner (LMU) IRN Terascale 23

[hepdata.130199]

[Phys.Rev.Lett.127.181802]
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The Belle Il BT — K v analysis

1. Machine learning methods (BDT, + BDT,):
separate signal from background.

2. Signal MC weighted according to SM kinematic prediction
— model dependence

3. Max. likelihood fit in bins of p;(K*) x BDT,.

[hepdata.130199]
[Phys.Rev.Lett.127.181802]

1 H H T T T
0.93<BDT;<0.95{0.95<BDT;<0.07 0.97<BDT;<0.09}  0.99<BDT, .. Bellell ———- Expected
400 éBelle I i 0.8 "~.,._/£‘“:(63+9)ﬂ771 EEm Expected+lo |
ifede=(63+9) b o ? Expected+20
H : —— Observed
300 B B K = 06 1
42 [ Neutral B >
g B Charged B — 0.4 90% CL ]
> ; .
M 200 B Continuum | o . Expected: 2.3x107”
¢ Data 0.2 ™. Observed: 4.1x107° ]
scaled by 2 s X 5
100 : Y2 0.0 - . %10~
0 2 4 6 8

0 B — K*vw branching fraction
0.5 2.0 2.43.50.52.0 2.43.50.52.0 2.43.50.52.0 2.4 3.5

pr(K*)[GeV/c] B(B" — K*wi) < 4.1 x 107°@90%CL

L. Gartner (LMU) IRN Terascale 23 26.10.2023 9/20


https://www.hepdata.net/record/ins1860766
https://www.hepdata.net/record/ins1860766
https://journals.aps.org/prl/pdf/10.1103/PhysRevLett.127.181802

Reweighting approach

How do we obtain new signal templates?
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Reweighting recipe

1. Find kinematic dependence of measured observable: I(q°%). ¢° = (b, + P,)*




Reweighting recipe

1. Find kinematic dependence of measured observable: I'(q2), q = (o, + P,;)2
2. Get distributions of kinematic d.o.f (q2)

N¢im = pr x BDT, x q;en.
N— — N——

analysis binning  kinematic d.o.f

0.7

Belle II simulation 06
058
> 2
() 04 O
o B
= G
a::; 03 ©
S g
c 5
0.2

0.1

15 20 2.435/0.52.0 2.435/052.0 24350520 24 3.5 0.0

pr(K*)[GeV] (reconstructed)
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Reweighting approach

1. Find kinematic dependence of theoretical prediction: I'(qz), q = (o, + .Of,)2
2. Get distributions of kinematic d.o.f (q2)

2
Neim = Pr X BDT, % Qgen.
~ e

analysis binning  kinematic d.o.f

3. Apply weights in bins of kinematic d.o.f. (phase space (PHSP): M = 1)

(B)SM pHsP\ !
Ne= 3 Ny ZNE,H?S [ ar< = (d;qz )

2 bin m
meq
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Reweighting approach

1. Find kinematic dependence of theoretical prediction: I'(C/2), q = (o, + Dp)2
2. Get distributions of kinematic d.o.f (q2)
N¢im = pr x BDT, x Céen.
N e’ N——~
analysis binning  kinematic d.o.f

3. Apply weights in bins of kinematic d.o.f. (phase space (PHSP): M = 1)

(B)SM PHSP\ !
Ne= S NSO ZNE,H,S; [ > (dr_2>
meCI2 dq

bin m

Benefits
+ Fast
+ Versatile
+ Easily publishable
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Validation: Reproducing the upper limit

CRl__SR o
003 BDT1<095 | 1095<BDT, <087 1007 <BDT, <000 1085 <hpT; | T
500 Belle IT N B*-K*v 7] === CLs,exp
[Ldt=63+8m! [ Neutral B 0.8 H +10 CLs, ey
[ Charged B N
+20 CLs, o
400 I Continuum O s
. — a=0.1
: 0.6 e, R
3 Y BR'<4.1e-05 @ 90% CL
= 300 5
(<] O
[.E 0.4 i
200
0.2
100
0 0.0
05 2.0 243510520 2435|0520 2435/0520 24 35 _ . . -5
+ B*—K*vb branching fraction *10
pr(K*)[GeV]
-+ + = -5 0 p.y
B(B — K Vl/) <4.1x 10 @90/0CL aiferentiabie

pyhf.readthedocs.io
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https://pyhf.readthedocs.io

Theory

How can we parametrize our model dependence?
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Weak Effective Theory for B — Kvi

Contribution operators

The effective Lagrangian is

=% - Oyx + > . Osx +. O + hec.

X=L,R X=L,R

The d = 6 contributing operators in and beyond the SM are given by
Oy, = (m,.m) (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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https://arxiv.org/abs/2111.04327

(B)SM theory predictions

Capture BSM physics above electroweak symmetry breaking scale with
the Wilson coefficients

SM NP
EEEn @EeR-ci-cico. E
eos.github.io
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(B)SM theory predictions

Capture BSM physics above electroweak symmetry breaking scale with
the Wilson coefficients

SM NP
EEEn @EeR-ci-cico. E
eos.github.io
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Fruits of reinferpretation

What do we get from all this?
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Wilson coefficient exclusion limits

41.00
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. + — fast & reliable S e v—
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, . :
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SM | ~NP 50 050 5
|GV +Cu + Cipl <20.6 S 0.25
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o 40.50 O
~ {025
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Analysis update: BY — K v @ 362 fo!

D SM A‘\;(“rago
oo N
. — I Belle II (362 fbl, Combined)
Inclusive B = (2.8t%,55 t%%) x 107° _ b Belle 1362 b Combined)
i I S Belle II (362 fb!, Hadronic)
. 0.9 +0.8 _5 : H 11+1.1 This analysis, preliminary
Hadronic B = (1 1* ) x 10 { ! Belle T1 (:
-1-0.8 -0.5 : | —0— elle :
: I 28407 This s o
M 1
i 0.5 +0.5 -5 : p———0— Belle I!‘(‘(,,
Combined B = (2.4t05t04) x 10 LT
’ ’ ——— Belle (711 fb!, Semileptonic)
. 1 1.0+0.6 PRDY6. 091101
. g . H 1 ~ .
Significance of the combined result: ; e DBelle (711 fi’, Hadronic)
. : 0 Abar -1 ine
e 3.60 wrt, null hypothesis P Babar (418 fly’, Combined)
H i Shar -1 Somile ie
280 wil. SM —or | Baber 415 1, Semieptnic
: _'P_ Babar (429 fb!, Hadronic)
H 1.54 1.3 PRDS7, 112005
First evidence of Bt — KTvi . o . . :
0 2 4 6 8 10

10° x Br(BT—K * vw)
Model-independent likelihood method will be applied and published once paper is
accepted.
Presented at EPS 2023
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Summary

e Challenge
e Neutrino-induced experimental complexities
-> model-dependent results
¢ Solution
+ Model-independent likelihood function
Maximum likelihood fits for any given (B)SM signal prediction.
Tool integration (more in backup)
e Extend pyhtf and interface it with E0sS for run-time template updating.
o Method fully applicable to other decay channels and results.
Scientific benefits
o Exclusions in BSM parameter space.
« Combinations with other channels and/or experiments.
L

Publishing such likelihoods is crucial for a full exploitation of experimental results.

. p lorenz.gaertner@physik.uni-muenchen.de
Qdifferent |ab|e
Be”e H S/lkell‘heods
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Binning choice

We compared the relative accuracy of the binned weighting (new) with the
event-by-event weighting (published).

0.004 CR&DT‘ SR T oo Lo Comm Lo Tow T T
° 12 bins
e 24 bins
: 0.003 | 1 ° 48 bins
é ~ ° ° ° e 240 bins
=S °
35
ig 0.002 - 1
I [s
I
N
— 0.001 | ]
[ ] [ ]
° ° ) ® ° ° °
00007.\2\- 0 2 ai g1 8 ai 12
U705 20 24 35(05 20 24 3505 20 24 35[05 20 24 35
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Effective field theory

. . Energy I~
¢ High energy collisions
Enough energy to radiate off an on-shell W(Qq) 7
(massive) W boson.
¢ Lower energy quark decays Aa Au
W boson is c?lwoys off-shell. Ly < [Guy" P a4] Y (h,.Pv]
o Weak effective theory w
W is integrated out - effects are encoded in My _
new couplings I
v
Loy — Lyer = C O
SM WET Z i i M, Ay Qu
-» Model independent parametrization, Lyer < Y5 Cy (G, [ITm]
constrained only by Wilson coefficients C;.
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Weak Effective Theory for B — Kvi

Decay width

Decay width dependence on the Wilson coefficients is given by

O = ot | e (G
aq? (4r)’m} | 2457 1T
2
T e
8(m, —m,)* 1%
K f
3(mg +my)’ i) ]

valid for J° = 0~ kaon states.
[arXiv:2111.04327 [hep-phl]
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Expected yields

(CYF, Cs1, Cr1) = (0,0, 0) (CYF, Cs1, Cr1) = (35,0,0)
SR

500 Belle IT B K BY—K*vp
frdt=63+9n-1 =1 Neutral B =6 Neutral B
= Charged B Charged B

400

Continuum

Continuum

300

Events
Events

200

100
0,520 243510520 243510520 243510520 24 3 05 20 243510520 243510520 243510520 24 35
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(CAP, Cs1, C11) = (0, 35,0) (CP, Cs1, C11) =(0,0,35)

SR T T T T T T
500 Bt -k - kv
[Cdt=63+9m-! [ Neutral B 2 = Neutral B
= Charged B = Charged B

400

B Continuum B Continuum

300
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200

100

0

05 20 24350520 24350520 24350520 24 35 05 20 24350520 24350520 24350520 24 35

pr(K*)[GeV] pr(K*)[GeV]
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Reconstruction technigques

Efficiency
e~01-1% €e~1-3% e~1-100%
Exclusive hadronic Exclusive semileptonic Inclusive
K~ K~ K~
— (Y(45) — T) T(45) (T — (T(49) —
€ € > 2 e e
Br;t! 0 Bl’;li DO B(t[
m, T WL’; T
K* K7

Purity, Resolution

Different reconstruction techniques lead to nearly orthogonal data samples
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Implementation

How do we realize this?
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ifferentiable
Zikelihoods

)yl f

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

pyhf = pythonic HistFactory Interval estimation based on

THE EUROPEAN
PHYSICAL JOURNAL C

‘Spesial Ariicle - Tools for Experiment and Theory

HistFactory: A tool for creating statistical models for use with Asymptotic formulae for likelihood-based tests of new physics
RooFit and RooStats

Kyl Cranmer, George Lewis, Lorenzo Moneta, Akira Shibata, Wouter Verkerke

June 20, 2012

Contents

sy 011

1 Introduction 2

ibe likelihood-b

atstical tests for  data sels by a single representative one, referred to here as

.y physics o the discovery of new phenom- e “Asimov” data seL. In the past. this method has been
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HistFactory model

Likelihood function for observed event counts n is

Lina|n,x) = H H Pois (N¢p | vep(N: X)) H Cx (OX ‘ X)

cechannels bebins XEX

multiple channels constraint terms

Expected number of events per channel per bin are

veomX) = >[I fseomx) Gonmx)+ > Ao(n,x))-

sesamples  KEk AcA

multiplicative modifiers additive modifiers
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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

Kser(Va) =T

Asen(@) = fp(a] Ascsa=—1, Dscha=1)
fsen(0r) = g (0] Kscb.a=—1, Ksch.a—1)
Ksen(V6) = Yo

Kl A) = A

Kol fin) = o

Ksen(Tn) = Vo

Constraint Term ¢,

I1, Pois (rs = o3 %| s = o3 * 1)
Gaus (@ = 0(a,c =1)

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

11, Gaus (ay, = 1|75,8s)

Gaus (I = Ag| A, 1)

IRN Terascale 23

Input

Th
Ascha=t1
Kseb,a=+1

& =328

)\010/\
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