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What we want to do?

Simulation of signal and Simulation of stochastic Simulation of Belle II detector Belle II reconstruction
background physics evolution and its readout
processes LR '
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Model-building

Unbinned Model Description
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Model-building and fitting

Unbinned Model Description Fitting
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Fitting variables and POI

In general we want to perform fit to (kinematic) variables (observables) where there is a separation

between signal and background after all the selection:
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With fit we want to measure our parameter of interests (POI):

e e

- Branching fractions
- S, A, lifetimes

- masses of elementary particles (e.g 7)

Events / (1.5 MeV/c?)

Pull

17 172 174 176 178 18 182 184

o AT

stitute of Technology

Slavomira Stefkova, slavomira.stefkova@kit.edu 5 Belle IT summer workshop (2023)


mailto:slavomira.stefkova@kit.edu

Fitting (libraries)

We can code everything from scratch (your own) or there are libraries which have developed
efficient ways that include all the functionalities of fitting:

What HEP fitting libraries do we have?
1. Unbinned: your own, zfit, RooFit https: / /indico.belle2.org/event /7653 / timetable / #20221007

2. Binned: your own, zfit, RooFit, pyhf

In addition, in HEP we usually perform statistical interpretation of the results:
o RooStats, zfit, pyhf, your own

When do we use binned fits?

o Either statistics is too little or too large

o When there is no parametric description of your distribution

o For 1D distr. binned fits are faster and more numerically stable, for 2D the opposite is true QAT

Slavomira Stefkova, slavomira.stefkova@kit.edu 6 Belle IT summer workshop (2023)
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https://github.com/zfit/zfit
https://root.cern/manual/roofit/
https://github.com/zfit/zfit
https://root.cern/manual/roofit/
https://pyhf.readthedocs.io/en/latest/
https://roostatsworkbook.readthedocs.io/en/latest/introduction.html
https://github.com/zfit/zfit
https://pyhf.readthedocs.io/en/latest/
https://indico.belle2.org/event/7653/timetable/#20221007
https://indico.belle2.org/event/7653/timetable/#20221007
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Model-building (Binned)

Parametrised

histograms

Lf

differentiable
Yikelihoods

Karlsruhe In

stitute of Technology

Belle IT summer workshop (2023)


mailto:slavomira.stefkova@kit.edu

Pyht

o Pure python library used for fitting and statistical interpretation of binned templates
o Based on HistFactory formalism (traditionally used with RooFit, and RooStats)

o Main model configuration in simple-to-read and industry-state JSON format

pvhf and Belle II:
o We already had 1st Belle IT pyhf workshop on 03/03 /2023, see more details in https:/ /

indico.belle2.org/event/8470/

o Today we want to give tutorial that covers

o Systematics and pyhf
o Systematics in Belle I1 f
o How to implements systematics in Belle II in practice

|fferent|able
Yikelihoods

Slavomira Stetkova, slavomira.stetkova@kit.edu S
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https://cds.cern.ch/record/1456844/files/CERN-OPEN-2012-016.pdf
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HistFactory Formalism

Channels = disjoint measurement regions
eg. signal region, control region

4 > 4 g
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Samples = physics processes
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H Pois (nep | veb (1, X))
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Simultaneous measurement
of multiple channels
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multiplicative modifiers
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HistFactory: systematics

Description Modification Constraint term c, Input Type "Data field” Factor
Uncorrelated shape Kseb(Vb) = Vo ][, Pois (rb =0y 2‘ Py = Oy 2%) o shapesys Per-bin Bin-wise
Correlated shape Asep(@) = fp (0| Aseb.a=—1, Dscb.a=1) Gaus(a =0|a,0 =1) Asch.a=+1 histosys Per-bin Global
Normalisation uncertainty  kscp() = gp (| Kseba=—1, Kscb,a=1) Gaus(a =0|a,0 =1) Ksch,o—=-+1 NOIMSYS Per-sample Global
MC stat uncertainty Kseb(T6) = Vb | [, Gaus (a, = 1| Vs, 0p) 0f = > 0%  staterror Per-bin Bin-wise
Luminostty Kseb(A) = A Gaus (I = \g| A, o)) A0, O lumi — Global
Normalisation Kseb(p) = b — — normfactor — Global
Data-driven shape Kseb(Vb) = Vb — — shapefactor — Bin-wise

Seven different systematic types:
o Correlated shape (bin-by-bin)
o Uncorrelated shape (bin-by-bin)
o MC Stat. uncertainty: uncertainty due to the finite sample size of the datasets
o Normalisation-related systematics: Normalisation, Luminosity, Normalisation uncertainty
o Systematics can affect both shape and normalisation: share the name to correlate them

o Systematics can affect different samples: share the name of the modifier to correlate them

Karlsruhe Institute of Technology
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HistFactory: systematics

Description Modification Constraint term c, Input Type "Data field” Factor
Uncorrelated shape Kseb(Vb) = Vo | [, Pois (rb =@, 2‘ Py = 0p 2%) o shapesys Per-bin Bin-wise
Correlated shape Asep() = fp (| Ascb.a=—1, Dscb.a=1) Gaus(a =0|a,0 =1) Aseh a=41 histosys Per-bin Global
Normalisation uncertainty — kgep(@) = gp (@] Kseb.a=—15 Kseb.a=1) Gaus (a = 0| a,0 = 1) Ksch,a==1 NOTrMsys Per-sample Global
MC stat uncertainty Kseb(Vb) = Vo |1, Gaus (a, = 1| Vs, 0p) 0 = >, 0% staterror Per-bin Bin-wise
Luminogstty Kseb(A) = A Gaus (I = M| A\, o) A0, O\ lumi — Global
Normalisation Kseb(p) = b — — normfactor - Global
Data-driven shape Kseb(Vb) = Vo — — shapefactor — Bin-wise

fnualn,x)= || ]I Pois(na|ve(mx) ][ exlaxlx)

c€ channels b€ bins, XEX
W
Simultaneous measurement constraint terms
of multiple channels for “auxiliary measurements”

Vcb (¢) — Z Vsch ("7, X) = Z H Ksch ("7: X) Vgcb ("7, X) - Z Asgeh ("77 X)

s€ samples s€ samples \KE K AcA

multiplicative modifiers additive modifiers ﬂ(IT

stitute of Technology
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HistFactory: systematics

Description Modification Constraint term c, Input Type "Data field” Factor
Uncorrelated shape Kseb(Vb) = Vo | [, Pois (rb =0, 2‘ py = 0p 2%) o shapesys Per-bin Bin-wise
Correlated shape Asep() = fp (| Aseb.a=—1, Dscb.a=1) Gaus(a =0|a,0 =1) Aseh a=41 histosys Per-bin Global
Normalisation uncertainty  ksep() = gp (| Kseb.a=—1, Kscb.a=1) Gaus (a =0|a,0 = 1) Ksch,a—-+1 NOIMSYS Per-sample Global
MC stat uncertainty Kseb(Vb) = Vo | [, Gaus (a, = 1| Vs, 0p) 0 =>..0% staterror Per-bin Bin-wise
Luminogstty Kseb(A) = A Gaus (I = M| A\, o) A0, O\ lumi — Global
Normalisation Kseb(p) = b — — normfactor - Global
Data-driven shape Kseb(Vb) = Vo — — shapefactor — Bin-wise

fnualn,x)= || ]I Pois(nalve(mx) ][ ex(axlx)

c€ channels b€ bins, XEX
W
Simultaneous measurement constraint terms
of multiple channels for “auxiliary measurements”

Vcb (¢) — Z Vsch ("7a X) = Z H Ksch ("7, X) Vgcb (77, X) e Z Asgeh ("7’ X)

s€ samples s€ samples \KE K AcA

multiplicative modifiers additive modifiers ﬂ(IT

stitute of Technology
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JSON Format Example: Input File

Simple syntax which encodes the model in JSON format!

Four main parts . [ # List of regions

Channels: description of the : [ # List of samples in region

. [20.0, 10.0],

# List of rate factors and/or systematic uncertainties

samples + their possible
parametrised modifiers L
Observations: observed data
Measurements: define
parameter of interest (IPOI)
and other measurements T " [ # Observed data

Version: specification of JSON |

. r <] : | # Parameter of interest
vVersion na : "Mea , : A

# Version of spec standard

* Two samples: signal [20, 10] + background [50, 60]
ST
e Observed data [55, 62]
Slavomira Stefkova, slavomira.stefkova@kit.edu 13 Belle IT summer workshop (2023)
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Very simple example

f(n,a|n,x) = H H Pois (ne | veb (M, X)) H cx(ax| x)

c€ channels b€ bins, XEX
W
Simultaneous measurement constraint terms
of multiple channels for “auxiliary measurements”

Simple two-bin two-sample scenario
o Two samples: signal [20, 10] + background [50, 60]
o Signal with no uncertainty: unconstrained u (POI)
o Background with two uncorrelated shape systematics: y; and y, (10% and 20%)

o Required input is o), = relative uncertainty of this modifier — data=[5,12]

Pmain * Paux — POiS(TL A) * Paux

= Pois(n|us + vb) : P,
:ﬂPoiS(n 1s + yb) | |Pois(nauwx = (b/6b)*| = (b/b)*v)

Slavomira Stefkova, slavomira.stefkova@kit.edu 14 Belle IT summer workshop (2023)
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HistFactory: systematics

o Seven different systematic types

Description Modification Constraint term c, Input Type "Data field” Factor
Uncorrelated shape Kseb(Vb) = Vo | [, Pois (rb =@, 2‘ Py = 0p 2%) o shapesys Per-bin Bin-wise
Correlated shape Asep() = fp (| Aseb.a=—1, Dscb.a=1) Gaus(a =0|a,0 =1) Aseh a=+1 histosys Per-bin Global
Normalisation uncertainty  ksep() = gp (| Kseb.a=—1, Kscb.a=1) Gaus (a =0|a,0 = 1) Ksch,oa=+1 NOIMSYS Per-sample Global
MC stat uncertainty Kseb(Vb) = Vo | [, Gaus (a, = 1| Vs, 0p) 0 = >, 0% staterror Per-bin Bin-wise
Luminogstty Kseb(A) = A Gaus (I = M| A\, o) A0, O\ lumi — Global
Normalisation Kseb(p) = b — - normfactor - Global
Data-driven shape Kseb(Vb) = Vo — — shapefactor — Bin-wise

fnualn,x)= || ]I Pois(na|ve(mx) ][ exlaxlx)

c€ channels b€ bins, XEX
W
Simultaneous measurement . _constraint terms ’
of multiple channels for “auxiliary measurements
e E : S § : 0 E :
Veb (¢) o Vsch (na X) e H K scb (773 X) Vscb (77, X) s ASCb ("7’ X)
s€ samples s€ samples \KE K AcA

multiplicative modifiers additive modifiers gg (IT
Karlsruhe Institute of Technology
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Few words about systematics
in general

Karlsruhe Institute of Technology
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The good, bad and ugly

The Good: calibrations, basically statistical
The Bad: using other peoples results, poorly
modelled data or analysis technique, model
assumptions,....

The Ugly: different theoretical estimates, ...

Credits to PHYSTAT forum

— Systematic uncertainties can affect shape, normalisation or both

Karlsruhe Institute of Technology
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What samples do we use for systematics?

Alternative models (simulation)
Calibration samples (mixture of simulation and data)
Signal /background embedding samples (mixture of simulation and data)

SN e

(Orthogonal) data samples (data)

Karlsruhe Institute of Technology

Slavomira Stefkova, slavomira.stefkova@kit.edu 18 Belle II summer workshop (2023)
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What samples do we use for systematics?

Alternative models (simulation)
Calibration samples (mixture of simulation and data)
Signal /background embedding samples (mixture of simulation and data)

SN e

(Orthogonal) data samples (data)

The best Monte Carlo 1s the data!

Karlsruhe Institute of Technology
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How do we get systematic variations?

assign \/,u2 + SE?
What methods do we use? [T.Blake (Phystat 2021) |: _" -

1. Generate a large number of pseudo-experiments from a
varied model and determine observables using the nominal
model...(bootstrap/toy method)

2. Repeat the determination of the observables in data/
simulation using a different set of assumptions...
(alternative method) ! assign RMS

— Systematic uncertainties can affect shape, normalisation or both

Karlsruhe Institute of Technology
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Systematic uncertainties @ Belle 11

Karlsruhe Institute of Technology

Slavomira Stefkova, slavomira.stefkova@kit.edu 21 Belle IT summer workshop (2023)



mailto:slavomira.stefkova@kit.edu

Types of systematic uncertainties
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Systematic uncertainties: Accelerator

Delivered Luminosity

Name
Sample
Source

Analysis

Integrated Luminosity
(Calibration)
Link (Belle II measurement)

BBt - K*uvp)
Luminosity (NU)

B-dataset

Number of BB
(Calibration )
Link (Belle II measurement)

B(BT - KTuvb)

Slavomira Stetkova, slavomira.stetkova@kit.edu
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https://iopscience.iop.org/article/10.1088/1674-1137/44/2/021001
https://docs.belle2.org/record/3468/files/BELLE2-NOTE-PH-2023-011_v2.pdf

Systematic uncertainties: Detector

Tracking of charged particles

Sljimpfe Analysis
Modifier
Source
Tracking efficiency BBt - K*vp)
(Calibration)

Belle IT measurement (ete™ = 7177, link)

Histosys

Measurement of energy deposit

Uncertainty on the absolute energy for photons
(Calibration)

B(BT - K*ub)

(photons) Belle Il measurement (e*e” — eTe"y, link) Histosys
Uncertainty on the absolute energy for other clusters BBt — K*vp)
Measurement of energy deposit (others) (Calibration) Histosys
PID sidebands
Uncertainty on the PID corrections BBt - Ktub)
Particle Identification (Calibration)

PID Systematics framework ( D™*/J/y/K" , link)

Histosys

KOL efficiency in ECL

Uncertainty on the K} correction

(Calibration)
ete™ — ¢y

BBt - K*uvp)
Histosys

Slavomira Stetkova, slavomira.stetkova@kit.edu

24

Karlsruhe Institute of Technology

Belle IT summer workshop (2023)


mailto:slavomira.stefkova@kit.edu
https://docs.belle2.org/record/2035
https://syscorrfw.readthedocs.io/en/latest/index.html
https://docs.belle2.org/record/2035

Systematic uncertainties: Simulation

Name :
g Samble Analysis
i P Modifier
Source
| Uncertainty on the BF. of leacfling B-background BB+ — K*ui)
Uncertainty on background BF (Alternative simulation model) ,
L . Histosys
(Alternative simulation)
Continuum background BBt - K*tuvp)
Background normalisation (Calibration) Normsys
(Continuum / Off-resonance)
BT — nnK™ background BBt - K*tuvi)
Alternative background template (Alternative simulation model) Histosys
(Alternative simulation)
B— D - KSX templates B(BT - Ktvp)
Alternative background template II (Calibration) Histosys
(PID sidebands)
MC statistical error ﬂ(l'l'

Slavomira Stefkova, slavomira.stefkova@kit.edu 25 Belle IT summer workshop (2023)
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Systematic uncertainties: Theory

Name
Sample
Source

Analysis
Modifier

Signal shape

Form Factor Uncertainty

(Alternative theory (simulation) model)
(link)

Signal efficiency

Signal efficiency
(Embedded samples)

(BT = J/yK")

Signal shape

Signal shape

(Embedded samples)
(BT - J/wK™)

Slavomira Stetkova, slavomira.stetkova@kit.edu 26
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Systematic uncertainties: Further Analysis

Name :
Samble Analysis
ANg P Modifier
Source
BDTc shape BBt - Ktuvb)
Background shape |(Alternative models) Histosys
Fitting bias
Fitting bias (Alternative models)
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Systematics uncertainties @ Belle 11
(pyhf x basf2)
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Systematics due to lim. MC statistics
(staterror)

We cannot generate infinite MC samples for signal and backgrounds:

o We have to take into account the uncertainty due to having limited MC statistics — staterror

o How do we calculate this with this for weighted Poissonian process?
2
o Use o, = \/ Z (w?)
i

o See chapter 2 of this paper for more explanation (eq. 7)
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Correlated systematics: Tracking (histosys)

Tracking inefficiency was measured with e e~ — 777~ channel (calibration) yielding 0.3%
o Produce alternative models for signal and backgrounds where we model this inefficiency:
o We developed analysis-level tool:

o ModularAnalysis.removeTracksForTrackingEfficiencyCalculation
(inputListNames, fraction, path=None))

Randomly remove tracks from the provided particle lists to estimate the tracking efficiency. Takes care of the
duplicates, if any
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Correlated systematics: PID (histosys)

Method explained in [S.Glazov (Phystat 2021) p 7-9]
We use corrections from Systematics Framework to correct the kaon PID efficiency (weight)

o0 These corrections are associated with uncertainty (PID), statistical error; o:
o Non-trivial correlations PID corrections computed in bins of (p;, 6)

o Produce alternative simulations (toy MC): central values varied with lognormal(0, o)

o (Construct covariance matrix

o Translate to nuisance parameters: SVD decomposition + leading eigenvectors as the nuisances

o More information can be found in Appendix N in the B¥ — Kvi note

signal

%(B_I_ —_ K+I/17) taupair

charged

A ixed B
Full covariance e

ccbhar

signal
taupair
charged

mixed

3 leading eigenvectors

ccbhar

ssbar ssbar

uubar . uubar

ddbar B8 ddbar B
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Conclusion

In this lecture you have learnt:
o When you can use pyhf

o How to build pyhf statistical model

o How to encode systematics into pyhf statistical model

o Where to find more information about HistFactory

o What kind of systematics you should worry about in Belle II
o What samples do you use for systematics uncertainties

o How do you calculate some of the most typical systematics

Please follow Lorenz’s hands-on session for more!
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Backup
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When do we integrate systematics?

o When we know something in our analysis chain is maybe incorrect impacting on the measurement:
1. Wrong — we apply corrections (known as calibrations)
2. Uncertain — we do cross-checks:
1. If passed with no major impact on the measurement — no action
2. If major impact on the measurement — analysis is not robust
3. If minor impact — systematics and nuisance parameters

%508
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StatiStiC al mo del [PRL 127, 181802 (2021)]

Set-up binned fit using HistFactory statistical model
o Likelihood based on HistFactory formalism implemented with pyhf + cross-check with sghf: simplified Gaussian model

)yl f

alfferentlable
Yikelihoods

o Signal and background templates from MC
o Separate templates for all backgrounds: mixed B, charged B, c¢, uii, ss, dd, =t

o All systematics included via nuisance parameters:

o background normalisation uncertainty

tracking inetficiency

neutral energy mis-calibration for photons

neutral energy mis-calibration for unmatched photons
uncertainty on PID correction due to limited statistics

O O O O O

uncertainty on branching fractions of leading background processes

o uncertainty on SM form factor f(n,aln,y) = H H Pois(n,, |v,,(1, x)) Hc (a,|x)
o Total number of fit parameters: 1 reregions bebins T

Simultaneous measurements of

o 1 parameter of interest (signal strength=g) multiple regions
© 1 ﬂ — SM '%(B-l- — K+V17) — (4°6 i 0°5) X 10_6 n = parameter of interest Constraints

¥ = nuisance parameters

A

o 175 nuisance parameters ¢
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Fit Validation [PRL 127, 181802 (2021)]

° ° 40 7177
Perform Fit Bias Check 350 84— ———————————— SRR :
, . " Belle II 1 pg=1,D=—0.04, 0, =099 1 ; Hsig = - o
o Used because of high 98 and clean signature 300 simulation ) gy =5, B —0.07, 0, =101 - 30F ¢ pg=50 P
' : 3 1 pgg=20, p= —0.11, 0, =1.01 L0 pgg=200 0 - -
o Generate toys with signal strength y = 1,5,20 250¢ - 20 f -
Hfir — Hinj D 200k 1 & Z
and check pulls = AL |2 | % 10f .
Oy = 150 F 13 ;
: ] : E : elle -
o Results: 0 bias, expected y recovered, very 100 f : ’l mulation
good agreement between pyhf and sghf 50 | pyhf 1 -10F :
O ;IE I | : | | | | | :
—4 =2 0 2 4 72220 10 0 10 20 30 40
P= (K — Hsig) /T4 p(pyhf)
L L s 120_ I I I ! I I I ! I I I !
3500 F —— Asymptotic x2__,, - : —— Asymptotic xg,, _» _
- —— Data, p-value=68% ] 100 - —— Fit to data, p-value=73%
[ 1 Toys 1 20 [ [ 1 Toys -
(dp) - N B ] ° oq e
kS | 2 | Check Data-Model Compatibility
= Belle II : = 60FfF Belle II - i . .
I Jedi=(63+9)fb " g =3 +on } o Generate toys and check fit quality
i 40 —
| o Results: p-value shows good data model
20 s
_ | PYRE compatibility for both pyhf and sghf
, B %0 20 40 60 80
X —2log(L) — min s (—2log(L))
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What We learnt from fit? [PRL 127, 181802 (2021)]

1. c¢c, s§ continuum backgrounds are pulled up by 40%

Fh o —— -
Belle 11

BY ——— -

2. Inclusive tag approach shows the best performance i
Jedt=(63+9)b"

1. 3.5 better than HAD tag
2. 20% better than SL Belle tag
3. 10% better than HAD and SL tag

S

— e ——

SS__ - —
-

uu

Background source

3. BSM B —» K*v already with 1 ab-! - sghf
- ——— T
—-1.0 —0.5 0.0 0.5 1.0
SM  Average Normalisation shift
: : 1.1+0.4
~— 1 - - - T - - 1 - " 1 T T
I . .
L . Belle IT (63 b~ !, Inclusive) 1.00
: 1.971% PRL127, 181802 M 000 000 -0.00 -0.01 -0.02 0.01 -0.00
0.75
: Belle (711 fb_l, SL) W 0.04 0.00 -0.00 0.05 -0.14 -0.72.-0.00 -
: 1.0£0.6 PRD96, 091101 Wl 052 0.01 0.02 0.08 -0.16.—0.72 0.01
0.25
: ° Belle (711 ﬂ)_l, Had) I 0.19 -0.10 -0.30 —0.75.—0.16 0.14 -0.02
| 30+1.6 PRD87, 111103 . 0.00
l M 0.18 -0.04 -0.18 0.75 0.08 0.05 -0.01
I —0.25
! Babar (429 fb_l’ Had+ SL) . 0.08 -0.01.-0.18 -0.30 0.02 -0.00 -0.00
I 0.8+0.7 PRD87, 112005 —0.50
I I ! ! ! I ! ! ! I ! ! ! I ! ! ! sl 0.01 .-0.01 -0.04 -0.10 0.01 0.00 0.00
—0.75
O 2 4 6 8 ]-O - 0.01 -0.08 -0.18 0.19 -0.52 0.04 -0.00

—1.00
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