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SM: Coupling strengths of e/y and 1 to the electroweak bosons are equal

Challenged by experimental measurements

Any deviation would be a clear sign of BSM physics processes

Potential tree level contributions:
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Status of R(D)

B(B — D®1~17,)
B(E — D(*)E_ﬁg)

An excellent test of LFU

R(D®™) =

1. Direct test of LFU
2. Precise theoretical prediction
3. Uncertainties that partially

cancel out in the ratio:

a. Hadronic b—c Form Factor
b. BFs
c. Experimental efficiencies
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R(D) = 0.298 +0.004
R(D*)=0.254 +0.005

R(D) =0.342 +0.026,,
R(D*) =0.287 +0.012,_,
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The Belle Il detector

Belle Il Online luminosity Exp: 7-33 - All runs
17.5 Integrated luminosity
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in a couple of months
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Precise knowledge of the initial state kinematics
allows to reconstruct one of the two B mesons and
kinematically constrain the second B meson of
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B-tagging

Precise knowledge of the initial state kinematics
allows to reconstruct one of the two B mesons and
kinematically constrain the second B meson of
interest

Extremely useful for B-semileptonic decays .................................
with missing energy i.e. neutrinos

hadronic semileptonic inclusive Tom, Knowledge of B

tag W

Inclusive Tag
o B B B 1 = 00100)% 4@%
Pmiss (pbeam thag Pp) pf) . Consistency of By,
R(D(*)) at Belle Il i —— & Semileptonic Tag =
tagging 5 | e —<
]
tH >
~

leptonic .
hadronic x x

o OOy, Hadronic Tag b
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T decay Not impossible but very challenging
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Where do we stand on R(D") ?



Published results of R(D*) at Belle Il using 189 fb™'

First R(D*) measurement at Belle Il !
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Reconstruct B — DX 71
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Published results of R(D*) at Belle Il using 189 fb™'

First R(D*) measurement at Belle Il !

Using hadronic tag
Reconstruct B — DX 71
with remaining tracks

leptonic T decays in both
charged and neutral B mesons

R(D*) = 0.26270 033 (stat) 10 03 (syst)

Consistent with SM !

Similar precision to Belle
with 25% of the data
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Published results of R(D*) at Belle Il using 189 fb™'

First R(D*) measurement at Belle Il ! First ever R(X) measurement at a B factory !
Using hadronic tag ~ R(X./¢) = %

reconstruct a single lepton and combine
the rest into an X system inclusively

Using hadronic tag
Reconstruct B — D&+~ 5

Wlth remalnlng traCkS X, tv:1.5% : Uncon]sidered Gap modes:
D — ---|¢v: 16.4%) :
[0~ 2v: 16.4%] The difference between the
[0 e | FrecomeTTacted | sum of exclusive BFs to the inclusive BF.

Filled in MC with an educated guess

Reconstructed ConSistent With SM !
w0 [R(X, ) = 0.228 + 0.016(stat) & 0.036(syst)
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leptonic T decays in both
charged and neutral B mesons
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Published results of R(D*) at Belle Il using 189 fb™'

First R(D*) measurement at Belle Il ! First ever R(X) measurement at a B factory !
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What are we working on?

T =2 e Vel

e Hadronic tag, leptonic T

Update R(D*) with full 364 fb™’

o Measure R(D) simultaneously

o Further optimize selection

o Reuvisit signal extraction strategy
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What are we working on?

e Hadronic tag, leptonic T
o Update R(D*) with full 364 fb™"
o Measure R(D) simultaneously
o Further optimize selection
o Reuvisit signal extraction strategy
e Semileptonic tag, leptonic 1
o Simultaneous measurement of R(D*) and R(D)
o Completely orthogonal measurement
e Hadronic tag, hadronic 1-prong 1
o Measure R(D*). R(D) challenging due to backgrounds
o Simultaneous measurement of T polarization
e Inclusive tag, leptonic 1
o Simultaneous measurement of R(D*) and R(D)
o High reconstruction efficiency but low purity

Efficiency e

Semileptonic Tag =
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Knowledge of B '
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R(D*) combinations by likelihood

pyhf is python based statistical inference library that implements the HistFactory method.
Well established in the LHC experiments with large user community
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R(D*) combinations by likelihood

pyhf is python based statistical inference library that implements the HistFactory method.
Well established in the LHC experiments with large user community

Publishing the likelihood enables:

1. Reproducibility of research

2. Reinterpretation in a model independent way
Sase 3. Combination of results

Massimo Corradi
Does everybody agree on this statement, to publish likelihoods?
Louis Lyons

Any disagreement ? Carried unanimously. That’s actually quite an achievement for this Workshop.
K. Cranmer at PHYSTAT seminar
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R(D*) combinations by likelihood

pyhf is python based statistical inference library that implements the HistFactory method.
Well established in the LHC experiments with large user community

WORKSHOP ON CONFIDENCE LIMITS Publishing the likelihood enables:
1. Reproducibility of research
2. Reinterpretation in a model independent way

CERN, Geneva, Switzerland
fEsiseney 00 i 3. Combination of results
Massimo Corradi e.g. Belle Il R(D™M) R(X) R(nlplw)

s

Does everybody agree on this statement, to publish likelihoods?

had. Tagging had. Tagging
\ leptonic 7 allz

full experimental likelihoods with full

dependence on systematic NPs § <>
(and Wilson coefficients)

Louis Lyons

Any disagreement ? Carried unanimously. That’s actually quite an achievement for this Worksl
K. Cranmer at PHYSTAT seminar

E. Bernlochner at Challenges in SL B decays, 2022
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R(D*) combinations by likelihood

pyhf is python based statistical inference library that implements the HistFactory method.
Well established in the LHC experiments with large user community

WORKSHOP ON CONFIDENCE LIMITS

CERN, Geneva, Switzerland
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Simple likelihood combination

Combining the likelihoods of 3 preliminary R(D") analyses at Belle |

No systematic uncertainties assumed

R(D™) (0.258) R(D) (0.299)

Htag t—{vv
SLtag T {vv
Htag = hv
Htag ot sttag o |
Htag T—{fvv - Htag T hv

SlLtag T—{vv - Htag T hv

All 3 combined
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Simple likelihood combination

Combining the likelihoods of 3 preliminary R(D") analyses at Belle |

No systematic uncertainties assumed

Combined statistical uncertainty drops from
~14% to < 8% for R(D")
> 25% to (<17%) for R(D)

R(D™) (0.258)

R(D) (0.299)

Htag T-Lw

SLtag T-{vv

Htag t—>hv

tog 1oty - St1og v
Htag T-£vv - Htag T hv

SlLtag T—{vv - Htag T hv

All 3 combined

~="8 10 12
Uncertainty (%)
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What about systematic uncertainties ?



HFLAV

Our optimal method so far for:
Combining independent, but potentially correlated measurements

17



HFLAV

The averaging method
Is outlined in detail in:

Our optimal method so far for:
Combining independent, but potentially correlated measurements

PHYSICAL REVIEW D 107, 052008 (2023)

2 .y
global x“ statistic
Averages of b-hadron, c-hadron, and z-lepton properties as of 2021 Xi set of N independent
Y. Amhis ,l Sw. Banerjee ,2 E. Ben-Haim ,'1 E. Bertholet ,4 F. U. Bernlochner®,” M. Bona ,(’ A. Bozek ,7 C. Bozzi ’x meaSU rementS
J. Brodzicka®,” V. Chobanova®,” M. Chrzaszcz®,’ S. Duell S U Egede ' M. Gersabeck®,"" T. Gershon ,1‘2 ; . . .
P. Goldenzweig ;13K Hayasaka®," D. Johnson®," M. Kenzie®,"? T. Kuhr®,'® O. Leroy®,"” A. Lusiani®,'" Vi . thelr covariance matrlx

H.-L. Ma©®,” M. Margoni®,”’ K. Miyabayashi®,”> R. Mizuk®,' P. Naik®,” T. Nanut Petri¢®,”* A. Oyanguren®,”
A. Pompili 7T MLT. Prim®,” M. Roney . M. Rotondo ,1:; 0. Schneider®, C. Schwanda®,”’ A.J. Schwartz®,”
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Our optimal method so far for:
Combining independent, but potentially correlated measurements

PHYSICAL REVIEW D 107, 052008 (2023)

The averaging method
Is outlined in detail in:
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Editors' Suggestion Featured in Physics

Averages of b-hadron, c-hadron, and z-lepton properties as of 2021
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global x? statistic

x; set of N independent
measurements

Vi : their covariance matrix

A. Pompili ,26‘27 M. T. Prim®,” M. Roney ‘zx M. Rotondo ,Zg O. Schneider: ‘m C. Schwanda ,’“ A.J. Schwartz ,’u

B. Treatment of unknown correlations

Another issue that needs careful treatment is that of
unknown correlations among measurements, e.g., due to
use of the same decay model for intermediate states to
calculate acceptances. A common practice is to set the
correlation coefficient to unity to indicate full correlation.
However, this is not necessarily conservative and can result
in an underestimated uncertainty on the average. The most
conservative choice of correlation coefficient between two
measurements i and j is that which maximizes the
uncertainty on X due to the pair of measurements,

oio(1-p})
o-.%(i.j) = : —, ©)

2 2
o; + 05 —2p;jo0;

1. Serrano®,'” A. Soffer ,4 D. Tonelli®,”® P. Urquijo ’34 and J. Yelton

(Heavy Flavor Averaging Group Collaboration)

" o; O'j
/),'j:mln — =i,
O'/ O;
2

. . 2 _ . 2 .
This corresponds to setting o3, ) = min(o;, 07). Setting

i.j
pij =1 when o; #0; can lead to a significant under-
estimate of the uncertainty on X, as can be seen from
Eq. (9). In the absence of better information on the

correlation, we always use Eq. (9).

X (x)

N

Z(xi -x)'Vil(x; —x)
4 I

Requires assumptions
and/or approximations
regarding the
correlation between two
systematic uncertainties
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The averaging method
Is outlined in detail in:

Systematic Errors from
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E. Bernlochner at Challenges in SL B decays, 2022

Our optimal method so far for:
Combining independent, but potentially corre

PHYSICAL REVIEW D 107, 052008 (2023)

Editors' Suggestion Featured in Physics

Averages of b-hadron, c-hadron, and z-lepton properties as of 2021

Y. Amhis®," Sw. Banerjee®,” E. Ben-Haim®,” E. Bertholet®,* F. U. Bernlochner®,” M. Bona®.° A. Bozek®,” C. Bozzi®,*
J. Brodzicka ,7 V. Chobanova ,9 M. Chrzaszcz®,” S. Duell®,” U. Egede .m M. Gersabeck®,'" T. Gershon ,12
P. Goldenzweig ,” K. Hayasaka ,"’ D. Johnson ,'5 M. Kenzie ,'2 T. Kuhr ,”’ O. Leroy " A. Lusiani ,””9
H.-L. Ma®,” M. Margoni®,”' K. Miyabayashi®,” R. Mizuk®," P. Naik®,” T. Nanut Petri¢®,** A. Oyanguren®,”
A. Pomy o ) ) - ) nda®,>" A.J. Schwartz ,’u
n

ppe =1
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lated measurements

global x? statistic

x; set of N independent
measurements

Vi : their covariance matrix

N
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i

pp+ = —0.88 | /

1.0

0.8

correlation between two
systematic uncertainties
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~

Requires assumptions
and/or approximations
regarding the
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Our optimal method so far for:
Combining independent, but potentially correlated measurements
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Let’s take it a step back.

How do we even calculate the systematic uncertainty in one analysis?

e , 5 | T\ o\ o\ (8 A\ ) ] regarding the

3 BR@OYN , [ AN j i j correlation between two

E. Bernlochner at Challenges in SL B decays, 2022 La | ~ <X ; /,«’I | syStematic uncertainties
0.8 AOl';()l = ‘()IT'; - ‘1.00‘ - AI.EZ:'; - Al.f':(; - A1.175 '
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An example of m___ efficiency systematics

The track finding efficiency of __ typically differs on Data and MC.
We correct those in bins of the momentum of m__
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An example of m___ efficiency systematics

Reco channel 1 Reco channel 2
v v =1 signal 120 = Signal |
{ ﬂ 100 =00 1 BKG
’ L
100
80
.y UV
80

60
/ E 60
40
40
R
D i 20 20
0 0
0.05 0.10 0.15 0.20 0.25 0.30 0.35 0.40 0.05 0.10 0.15 0.20 0.25 0.30 a5 0.40
Pr in GeV P, In GeV

Apply i?\d—a': factors as correction weights on MC

Events

with 7 the 7gow momentum bin
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An example of m___ efficiency systematics
W

v

1 ,1 14 100
80
g 60
<D* ? 26
0
61: .
Apply DBat2 factors as correction weights on MC
‘Mmc
with 7 the 7gow momentum bin
Reco channel 1
[ signal
1 BKG
—
g
0.0 0:2 Oj4 0;6 ofs 1.0

Pseudo fit-variable 1

Reco channel 1 Reco channel 2

=1 signal 120 =1 signal
1 BKG 1 BKG
100
80
Z 60
‘I_‘ . _—l_l

20
0

005 010 015 0.20 025 0.30 035 0.40 0.05 0.10 015 0.20 025 030 035 0.40

Pr, in GeV Pr, i GeV.

4 )

How do these correction weights
affect the signal extraction variable ?

_




An example of m___ efficiency systematics
W

50 A

Apply 6—;’3—‘*1—3— factors as correction weights

v

Gl

hi 124
4

B < \ /
L &

MC

S’

with 7 the 7gow momentum bin

Reco channel 1

on MC

= Signal
Possible variations =~~~ Veraton?
(magnified only for - veriations
demonstration)
’ é ¢ 6 8 10

Pseudo fit-variable 1

Reco channel 1 Reco channel 2
3 signal 120 3 signal
1 BKG [ BKG
100
80
& 60
‘I_‘ N —-—I_I

20
0

0.05 0.10 015 0.20 025 030 035 0.40 0.05 0.10 0.15 0.20 0.25 030 035 0.40

Pr, in GeV Pr, i GeV.

-

1.
2.

signal extraction variable

Overall normalization (trivial to calculate)
Shape effect

Such corrections can have two effects on the \

(non trivial especially in simultaneous fits)



An example of m_ _ efficiency systematics
W

v

<D* s

/11/

Apply -2ee
with 7 the 7gow momentum bin

Reco channel 1

0
%‘“—a factors as correction weights on MC

= Signal

. Possible variations - veriation1

(magnlfled Only for ---- Variation 3
40 demonstration)

Baof o Lt

20 preeee] Bk L s IR —
ol f— I R R W Y i
L , —

Pseudo fit-variable 1

100

Reco channel 1 Reco channel 2

=1 signal
[ BKG

Z 60
‘I_‘ . )l_l
20

=1 signal
[ BKG

0.05 0.10 0.15 0.30 0.35 0.40

-

0.20 025
Pr, in GeV

0.30 0.35 0.40 0.05 0.10 0.15 0.20 0.25

Pr, i GeV.

~

Such corrections can have two effects on the
signal extraction variable

1. Overall normalization (trivial to calculate)
2. Shape effect
(non trivial especially in simultaneous fits)

In case no arbitrary correlation matrices can be used in the fitter to
properly correlate the different bins (like in pyhf)
one has to
1.  Build a covariance matrix between all the bins
Dimensions: (channels x templates x bins)
2. Diagonalize it
3. Calculate the eigenvariations of those.
Every eigendirection is then implemented as
a fully correlated nuisance parameter across all bins.



SysVar

A New Tool for Enhancing Consistency in the Treatment of Systematic Uncertainties



User interface example

For demonstration let’'s consider a 2D simultaneous fit in two reconstructions channels

Reco channel 1

Reco channel 2

60

1 signal 1 signal
60 1 BKG 1 BKG
50
50 -
40 A
Fj 2
H 5
D 304 o
204 201
101 “_|_I—|_I_‘ 101 _|_|_'_|
0 T T T T 0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
Pseudo fit-variable 1 Pseudo fit-variable 1
Reco channel 1 Reco channel 2
100
1 signal [ signal
100 A 1 BKG 1 BKG
801
80 1
60
2 60 2
@ L
> >
w w
40+
201 201
0 T 0 T
1.0 2.0 2.5, 3.0 3.5 4.0 2.0 25 3.0 35 4.0

Pseudo fit-variable 2

Pseudo fit-variable 2

Slow 11 efficiency systematics need to be considered
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1.

SysVar is a python based tool that allows to:

Apply Data/MC corrections to a DataFrame

Correction bins
1

Correlation matrix

1 1
0.05 <p<0.12GeV 0.12 < p < 0.16 GeV 0.16 < p < 0.2 GeV
Correction bins

1.0

0.8

e
)

o
~

Pearson coeff.

-0.2

-0.0
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SysVar is a python based tool that allows to:
Apply Data/MC corrections to a DataFrame

Generate Variations of Data/MC Corrections

200 variations

Sampled from a
multidimension

al gaussian

1078
1074

107 1
1065
1061
1057 A
1053 A
1049 A
1045 A
1041 A
1036

1032
1028
1024
102
1016
1012
g 1007

£ 1003
< 0999
> 0995
2 09m1
® 0987
& 0983

0978
0974

0.97 1
0.966
0.962
0.958
0.954 4
0.949
0.945
0.941 A
0.937
0933
0.929
0.925

0.92 1
0.916 1
0912 .

1 0.05 <p <012 GeV
10.12 < p < 0.16 GeV

1016 <p<0.2GeV

SysVar: A tool enhancing consistency in the treatment of systematics
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15.0

125

10.0

75

r50
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SysVar: A tool enhancing consistency in the treatment of systematics

1.
2.
3.

SysVar is a python based tool that allows to:
Apply Data/MC corrections to a DataFrame

Generate Variations of Data/MC Corrections Signal extraction variable

Histogram MC and Data and build templates and L 234507800231

template variations for a non-parametric fit. 183
C .
S 1.02
i
E 1.01
o 0.99
2 0.97
2 0.96
& 0.94

0.93
0.91

fit variable bins - 10
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SysVar is a python based tool that allows to:

Correlation matrix

Apply Data/MC corrections to a DataFrame
Generate Variations of Data/MC Corrections
Histogram MC and Data and build templates and

template variations for a non-parametric fit.

57545148454239363330272421181512 9 6 3 0
| |

Diagonalize a cov matrix (channels x templates x bins)

to produce Eigenvariations and save them to

i m plement CO rrelated S hape Va riations Charged slow pion efficiency varl for: signal

o
o

Pearson coeff.

channell channel2
1.020 1.0 1.020
Up/Nom
1.015 Down/Nom 1.015
oy 0.8
»1.010 ! 1.010 4
S i
S100s{ T I¥ woos{ i I
=1 ) 06 — i
F T e ., BT . | ] ettt SRR [ e
21000 —e=sst————f————F— i‘_ i ; 1.000 e
1 - 1 1
2 1 0.4 1
50995 Ll - 0.995 - Boedt A
[ 1
©0.990 { 0.990
_____ 0.2
0.985 0.985 -
0.980 0.0 0.980
8 10 12 14 6 8

bins

ros

r0.6

ro4

ro.2

0.0



SysVar is a python based tool that allows to:

Apply Data/MC corrections to a DataFrame

Generate Variations of Data/MC Corrections

100 4

Histogram MC and Data and build templates and 0/

template variations for a non-parametric fit.

N -6 |
§l, 10

Diagonalize a cov matrix (channels x templates x bins) _v -y

©
1S

to produce Eigenvariations and save them to 1o

10712 4

implement Correlated Shape Variations
|dentify the number of necessary Eigendirections that
the user should to consider for an accurate analysis

(multiple criteria are available)

1074 4

1014 4

-10

20
Eigendirection
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Let’s combine some R(D)) measurements



Comparison of combination methods

% R(D* R(D* R(D R(D
R(D ) UStEIt )% sy(st sl)ow pion o R(D) O-Stgbt )% asy(st ilow pion o

Htag, 7 — fvv 14.50 1.64 27:61 2.10
Htag, 7 — hv 14.46 1.60 - -
HFLAV style comb p =0 1.15 -
HFLAV style comb p =1 0298 1027 1.60 259 - -

MLE comb p =0 0.88 1.03

MLE comb p = true Uimt 0.95 2108 1.21
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Comparison of combination methods

This is an independent and preliminary cross-check effort
to the published result with completely different reconstruction and signal extraction strategies

* R(D* R(D* R(D R(D
/ R(D ) stfzt )(7 sy(st sl)ow pion % R’(D) Stflt )(7 sy(st ilow pion %
Htag, 77— fvv 14.50 1.64 27.61 2.10
Htag, 7 — hv 14.46 1.60 - -
HFLAV style comb p =0 1.15 -
HFLAV style comb p =1 0258 e 1.60 1:299 - -
MLE comb p =10 " 0.88 , 1.03
MLE comb p = true f — 0.95 AL 1.21

Two independent
measurements

Preliminary
Asimov fits

Similar statistical
precision
(assuming 364 fb)

Similar effect of
slow 1T
systematics

had 1 does not
measure R(D)

28



Comparison of combination methods

% R(D* R(D* R(D R(D
R(D ) UstSzt )% Usy(st sl)ow pion 4 R(D) Stflt )(7 asy(st ilow pion o
Htag, 7 — fvv 14.50 1.64 2761 2:10
Htag, 7 — hv 14.46 1.60 = =
HFLAV style comb p =0 . 1.15 - -
HFLAV style comb p =1 208 10.27 1.60 (292 - -

1 [ =A

Calculate the uncertainty HFLAV style

Not a full HFLAV
style global x? fit

2
0_2 0;0; (1 pl]) here
x(i’j) 2 —+ O' 2pij0'i6j
. (o0; o; Increased statistical No average of R(D)
pij = min | — —] precision
ij
o g
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Comparison of combination methods

* R(D* R(D* R(D R(D
R(D ) Ustszt )% sy(st sl)ow pion 70 R(D) O-Stgbt )% sy(st ilow pion 7o
Htag, 7 — fvv 14.50 1.64 2761 2:10
Htag, 7 — hv 14.46 1.60 = =
HFLAV style comb p =0 . 1.15 -
HFLAV style comb p =1 0208 10.27 1.60 292 -
MLE comb p =0 0.88 1.03
MLE comb p = true Simd 0.95 2l 1.21

The simultaneous MLE
reduces the combined

systematic uncertainty

For a simultaneous MLE
we have a smoother
likelihood, avoiding
extreme fluctuations in
the NP
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Comparison of combination methods

* R(D* R(D* R(D R(D
R(D ) Stflt )(7 sy(st sl)ow pion % R(D) Stflt )(7 sy(st ilow pion %

Htag, 7 — fvv 14.50 1.64 27.61 2:10
Htag, 7 — hv 14.46 1.60 - -
HFLAV style comb p =0 - 1.15 - -
HFLAV style comb p =1 (208 10.27 1.60 (292 - -

MLE comb p =10 0.88 1.03

MLE comb p = true Uimt 0.95 2l 1.21

Full correlation in HFLAV style
is a conservative approach

O' O'J
pJ—mln —
O'] O'i

NP don’t float
independently leading to

The combined uncertainty
from MLE takes into
account both
normalization and
shapes

a smaller reduction of the
systematic uncertainty
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Comparison of combination methods

* R(D* R(D* R(D R(D
R(D ) O-Stslt )% sy(st sl)ow pion % R(D) O-Stglt )% sy(st ilow pion %

Htag, 7 — lvv 14.50 1.64 2761 2:10
Htag, 7 — hv 14.46 1.60 - -
HFLAV style comb p =0 - 1.15 -
HFLAV style comb p =1 (i2se et 1.60 -2 : -

MLE comb p =0 " 0.88 1.03

MLE comb p = true — 0.95 2l 1.21

No R(D) is determined

fromhad T

slow i NP (1/8)

Shared NP constrain

more tightly

the uncertainties

R(D") -

R(D) -

Correlation matrix (part)

-0.05

slow 1 ;\IP (1/8)

-0.00

--0.25

—-0.50
-0.75
—-1.00 32

R(D") R(D)



Comparison of combination methods

* R(D* R(D* R(D R(D
R(D ) O-Stslt )% asy(st sl)ow pion o R(D ) O-Stglt )% sy(st ilow pion o

hFEIL lep 7 14.50 1.64 27.61 2.10
hFEI, had 7 14.46 1.60 - -
HFLAYV style comb p =10 > 1.15 s -
HFLAV style comb p =1 Ueon e 160 L - <

MLE comb p =0 9.53 0.88 1.03

MLE comb p = true ' 0.95

Why even bother ?

stat error >> syst error
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Statistical vs Systematic uncertainty

Statistical uncertainty lumi projection vs Slow pion systematic uncertainty

—— htau stat
——- htau syst
—— leptau stat
12 1 ~~- leptau syst
—— hflav stat
——=- hflav syst

14 1

10 A
S —— mle stat
S —=- mle syst
8_
X
S
x 61
4-
2_

Luminosity (ab™1)

[ LLs1
JR(D*) = 0_11%4%1)*) : T
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Statistical vs Systematic uncertainty

R(D*) % unc.

Statistical uncertainty lumi projection vs Slow pion systematic uncertainty

]
14 —— htau stat
——- htau syst
—— leptau stat
12 1 ~—- leptau syst
—— hflav stat
10 4 ——=- hflav syst
—— mle stat
—=- mle syst
8_
6_
4-
2 e e e e e o e e e ———,,,,,,—————————————
o T T T T T T
|0.364 1 2.5 5 7.5 10
Luminosity (ab™1)
Now
we’re here

/LLs
JR(D*) = 0'114%13*) : Tl
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Statistical vs Systematic uncertainty

Statistical uncertainty lumi projection vs Slow pion systematic uncertainty

]
14 —— htau stat
——- htau syst
—— leptau stat
12 1 ~—- leptau syst
—— hflav stat
_ —== hflav syst L1s1
10 _ _LS1 |
—— mle stat IR(D") T IRD") "\ T
—=- mle syst
8 -
6 -
4 -
\

g
=]
N
S
<
[ —
, —_— -
| %
o T T T T T T
|0.364 1 2.5 5 7.5 10
Luminosity (ab™1)
Now In a couple of years
we’re here we’ll be there
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Statistical vs Systematic uncertainty

Statistical uncertainty lumi projection vs Slow pion systematic uncertainty

14 - I —— htau stat
——- htau syst
—— leptau stat
12 1 ~~- leptau syst
—— hflav stat
4 === hflav syst Lis1
10 _ _LS1
. —— mle stat IR(D") T IRD") "\ T
—=- mle syst
8 -
not the total .
systematic error
4 1

R(D*) % unc

\\
2 %g
Im;ﬁ 1 2.5 5 7.5 10
not the leading Luminosity (ab™) Need to add a
systematic Now In a couple of years few of those in
we’re here we’ll be there quadrature

uncertainty




Statistical vs Systematic uncertainty

14 - —— htau stat
——- htau syst
—— leptau stat

12 1 ~~- leptau syst

not the total
systematic error

R(D*) % unc.

not the leading

systematic
uncertainty

Statistical uncertainty lumi projection vs Slow pion systematic uncertainty

—— hflav stat

4 === hflav syst [ L1.s1
10 _ _LS1
\ UR(D*) = UR(D*) . —:

Getting the combined systematic uncertainty right
becomes very important
as the statistical uncertainty decreases

4 -
2 ——
|o.3'64 1 2.5 5 7.5 '
Luminosity (ab™?) Need to add a
Now In a couple of years few of those in
we’re here we’ll be there quadrature




Full systematic budgets of R(D*) measurements

Belle Il R(D*) with hFEI 189 fb’ Belle Il R(X) with hFEI 189 fb™'
Source Uncertainty Uncertainty [%]
+9.1%
PDF shapes —8.3% Source e H 14
Simulati le si i ,
— im_s_amp ) SIZ? ) ey Experimental sample size 8.8 12.0 7.1
B — D™"0" v, branching fractions ~3.5% Simulation sample size 6.7 10.6 5
Fixed backgrounds B Tracking efficiency 2.9 3.3 3.0
Hadronic B decay branching fractions fg:f;’) Lepton identification 2.8 5.2 2.4
Reconstruction efficienc i e T g E e )
_ _ 'y ;;'33’ BB background reweighting 5.8 11.5 57
Kernel density estimation ~0.8% X¢v branching fractions 7.0 10.0 7.7
Form factors e Xtv branching fractions 1.0 1.0 1.0
Peaking background in AMp- +0.4% X, 7(¢)v form factors 7.4 8.9 7.8
7~ — £~ v, branching fractions fg:gg{‘; Total 18.1 25.6 1773
R(D~*) fit method fg:};’,
Total systematic uncertainty ﬂg‘.g;’,
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Belle Il R(D*) with hFEI 189 fb-! Belle Il R(X) with hFEI 189 fb"!

Source Uncertainty Uncertainty [%)]
+9.1%
PDF shapes ~8.3% Source e H 4
Simulation sample size f;giﬁ X -
_ o ) : +4:80/: Experimental sample size 8.8 12.0 7.4
B — D™ & v, branching fractions —3.5% Simulation sample size 6.7 10.6 59
Fixed backgrounds e Tracking efficiency 29 3:3 3.0
Hadronic B decay branching fractions f;i;‘i Lepton identification 2.8 5.2 24
Reconstruction efficienc +2.0% o aowe L e - id
gl e BB background reweighting 5.8 115 5.7

Kernel density estimation ~0.8% X#v branching fractions 7.0 10.0 7.7
Form factors it Xtv branching fractions 1.0 1.0 1.0
Peaking background in AMp- +0.4% X, 7(¢)v form factors 7.4 8.9 7.8
7~ — ¢~ v, U, branching fractions jgg‘g Total 18.1 25.6 173
R(D*) fit method g e ; =

(D7) fit metho —0.1% If the unconstrained likelihoods Lj(x,y;,y,,...) for

e s +13.5% .

Total systematic uncertainty T12.3% each of the measurements are available, the exact method

1S to minimize the simultaneous likelihood
‘Ccomb .X Y1:Y2, - Hclx X, V1,2, H‘Ci(yi)' (4)

The HFLAV approximate method is valid in most
cases but fails to profit from any information
encoded in the shape effects of the
correlated systematics

with an independent Gaussian constraint

i =exp |5 (22)'] )

However, most publications do not include the full
likelihood, in which case we use an approximate method




Belle Il R(D*) with hFEI 189 fb-! Belle Il R(X) with hFEI 189 fb"!

: ( ‘
Source Uncertainty tagging Uncertainty [%)]
PDF shapes e tracking | Source e U A
Simulati le si +7.5% LID
_lmu PR e o Experimental sample size 8.8 12.0 7.4
s,k f)—— . . +4.8% HID
B — D™ &7 v, branching fractions —3.5% - Simulation sample size 6.7 10.6 57
Fixed backgrounds o KSIOW Tracking efficiency 2:9 33 3.0
< rt . . -
Hadronic B decay branching fractions 2l L’ '|s'rr6) Lepton identification 2.8 52 24
= ——— il & X, £v reweighting 7.3 6.8 7.1
. it ~——— BB background reweighting 5.8 11.5 5
Kernel density estimation Tos% X¢v branching fractions 7.0 10.0 7574
Form factors o Xtv branching fractions 1.0 1.0 1.0
Peaking background in AMp- o X 7(¢)v form factors 7.4 8.9 7.8
7~ — ¢~ v, U, branching fractions fgggz Total 18.1 25.6 173
R(D*) fit method o B
Total systematic uncertainty ﬂgg‘;//g As different measurements often quote differ-
- ent types of systematic uncertainties, achieving consistent
HFLAV’s conservative approach: p;; = min (;’;’) definitions in order to properly treat correlations requires
. close coordination between HFLAV and the experiments. In
With collaboration mterngl knowledge some cases, a group of systematic uncertainties must be
and the proper tools (i.e. SysVar) combined into a coarser description in order to obtain an
the exact correlation can be obtained to average that is consistent among measurements.

treat common systematics consistently and
benefit from shape effects




And in practice ?



Possible combination scheme

Belle Il analysts

——————————————————————————— A few years time

Htag had 1 Htag lep T SlLtaglep T
R(D) R(DY) R(DY)
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input_filepath: /home/test_input.root
output_filepath: /home/test_output.root

Belle II analysts ;:EZ:EEZSESEF_COIUW: channel

channel1: [0]
channel2: [1]

template_id_column: template

L '-. templates:
-~ — - signal
et ‘ o - bkg
\ i
oy —
3 k » total_weight: total_weight
- S S S S D DS DS D B B B DS S B B B B S DS B B e B s ew yeak" f'me MC_prod: MC15ri
Nvar: 500

Htag had 7 Htag lep T Sltag lep 1 haELL: o 0.2, 0.0, 0.6, 0.8, 1

R(D ) R(D(*)) R(D( )) fit_variable2: [1, 2, 3, 4]
channel2:
fit_variable1: 0.2, 6.4,08.6, 0.8, 1]
fit_variable2: si2y 354]

| bins:
*

Minimal config files with
essential analysis specific

systematics:
charged_slow_pi:
weight: "weight"
. . prefices: "slow_pi"
|nformat|0n reco_channels:
include: [channel1l]
exclude:

neutral_slow_pi:
weight: "weight”
prefices: "slow_pi"
reco_channels:
include:
exclude: [channel1l]

Belle Il member

Current requirements:
1. The tuples are stored on
the same machine

2. The analysts prepare a
SysVar config file 39




Be

Es

lle Il analysts

?ﬁAAﬁ

_____________—————————————'—A/ewyearrfime

Htag had 1

R(D)

Belle Il member

Htag lep 1

R(D(*))

sysvar.combine(*cfgs)

Eigendecomposition

Current requirements:

1.

2.

The tuples are stored on
the same machine

The analysts prepare a
SysVar config file

SlLtaglep T

R(D( ))

Minimal config files with
essential analysis specific

information

input_filepath: /home/test_input.root
output_filepath: /home/test_output.root

reco_channel_id_column: channel
reco_channels:

channel1: [0]

channel2: [1]

template_id_column: template
templates:

- signal

- bkg

total_weight: total_weight
MC_prod: MC15ri
Nvar: 500

bins:
channel1:
fit_variable1: , 0.2, 0.4, 0.6, 0.8, 1]

fit_variable2: , 2, 3, 4]

channel2:
fit_variable1: 0.2, 6.4,08.6, 0.8, 1]
fit_variable2: si2y 354]

systematics:
charged_slow_pi:
weight: "weight"
prefices: "slow_pi"
reco_channels:
include: [channel1l]
exclude:

neutral_slow_pi:
weight: "weight”
prefices: "slow_pi"
reco_channels:
include:
exclude: [channel1l]
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input_filepath: /home/test_input.root
output_filepath: /home/test_output.root

Belle II analysts reco_channel_id_column: channel

reco_channels:
channel1: [0]
channel2: [1]

template_id_column: template
templates:
- signal

e, 455, = bkg
- L

total_weight: total_weight

———————————————————————————A/ewyea,l’_{’ffme MC_prod: MC15ri

Nvar: 500

Htag had 7 Htag lep T Sltag lep 1 haELL: o 0.2, 0.0, 0.6, 0.8, 1

R(D ) R(D(*)) R(D( )) fit_variable2: [1, 2, 3, 4]
channel2:
fit_variable1: 0.2, 6.4,08.6, 0.8, 1]
fit_variable2: si2y 354]

| bins:
*

Minimal config files with
essential analysis specific
information

systematics:
charged_slow_pi:
weight: "weight"
prefices: "slow_pi"
reco_channels:
include: [channel1l]
exclude:

. * neutral_slow_pi:
sysvar.combine(*cfgs) weight: "weight"
> prefices: "slow_pi"
- agm h 1s:
Eigendecomposition differentiable S e

Pikelihoods exclude: [channel1]

A few monthe time

Belle Il member

Current requirements:
1. The tuples are stored on Full likelihood

I
isti - i I Belle Il
the same machine statistically validate fit! : X
2. The analysts prepare a H gi( ¢, 0) > : combined R(D )
1

SysVar config file i




Can we handle all the data ?

Eigendecomposition on the likelihood level should not be preferred

SysVar's Combination API: A Powerful Tool for Streamlined Combined EigenDecomposition

1. Selective column collection
o  Automatically retrieve only essential columns, as defined in the cfg file, minimizing memory consumption.
Currently supporting a growing list of file formats.
2. Input merging and unification
o  Combine and standardize input data structures to ensure consistency across analyses.
3. Automatic cfg generation
o  Build a new cfg file for all analyses, simplifying configuration management.
4. Flexible multi-channel processing
o  Handle multiple reconstruction channels (even from different analyses) as a single unified workflow.
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Can we fit an increasing number of nuisance parameters ?

_yi-f

ifferentiable
YLikelihoods

pyhf is using deep learning frameworks
as computational backends which allows
for exploitation of auto differentiation
(autograd) and GPU acceleration

Time for 10 Evaluations (s)

102

10! 4

107! +

Scaling of Interpolation Code 0

Colab GPU tf
Colab TPU tf
Colab CPU tf
Colab CPU np

oe o0

0

1000 2000 3000 4000 5000 6000 7000
Total Number of Bins

L. Heinrich at ACAT 2019
M. Feickert at Scipy 2020

» Show hardware acceleration
giving order of magnitude
speedup for some models!

* |Improvements over traditional
o 10hrs to 30 min; 20 min to 10 sec
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https://indico.cern.ch/event/708041/contributions/3272095/
https://zenodo.org/records/3961236

SysVar timing benchmarks

How computationally intensive is the EigenDecomposition ?

10° SysVar's full routine execution time

Execution time includes: o
Building templates

Calculating variations
Performing Eigendecomposition
Determining important
eigendirections

1014

EigenDecomposition time (s)

N

100 A

101 T T T T T T
0 1000 2000 3000 4000 5000 6000
Number of bins
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SysVar timing benchmarks

How computationally intensive is the EigenDecomposition ?

10° SysVar's full routine execution time

Execution time includes:

102 4

Building templates

Calculating variations
Performing Eigendecomposition
Determining important
eigendirections

1014

EigenDecomposition time (s)

il

100 A

1071 T T T T T T
0 1000 2000 3000 4000 5000 6000
Number of bins

42



How computationally intensive is the EigenDecomposition ?

03 SysVar's full routine execution time
1

Execution time includes:

102 4

10! 4

Calculating variations
Performing Eigendecomposition
Determining important

eigendirections
107t T T T T T T
0 1000 2000 3000 4000 5000 6000
Number of bins

Depends on the criterion used.
There’s room for improvement in the implementation
but still the execution time doesn’t make the task impractical

EigenDecomposition time (s)

B w N

10° 4
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1.
2.
3.

Recent results on R(D")) by Belle I

More orthogonal and complementary measurements are expected soon.
A likelihood-based approach has been demonstrated to combine
systematics when averaging R(D)) measurements.

This method offers key advantages compared to the HFLAV approach:
a. Precise correlations

b. Tighter constraints of nuisance parameters

c. Leveraging shape effects in the data for greater precision

The approach has been shown to be practical and feasible for real-world

application
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1. Recent results on R(D") by Belle II

2. More orthogonal and complementary measurements are expected soon.
3. Alikelihood-based approach has been demonstrated to combine

systematics when averaging R(D"”)) measurements.
This method offers key advantages compared to the HFLAV approach:
a. Precise correlations
b. Tighter constraints of nuisance parameters
c. Leveraging shape effects in the data for greater precision
4. The approach has been shown to be practical and feasible for real-world

application

-

N A N [ )
Considering the true Opens road for

correlations when combinin
9 LHCb/Belle I
our measurements can L.
combinations

| improve our precision / \ ,

Stay tuned for more
exciting results on
R(D) by Belle 11!




Back-up



Hadronically tagged R(D*) at Belle i

First R(D*) measurement at Belle II! 800
g 700
. . 8 600
Using hadronic tag 2 500
Reconstruct B — D&+~ 5 3 400}
: . % 300 f
with remaining tracks £ 200
O 100
leptonic T decays in both g
charged and neutral B mesons_~ 5 o
-2
missing mass squared
and 500
unassigned energy in the 8 400
calorimeter \ S wio
to extract signal % o
. . S 100
Use control regions to constrain ~ °
main backgrounds :
(fake D', D™ etc) 5 o
2F

— Belle ll Preliminary p*—p°z* —e— Data

E [ Lat=1803 1" W Dzv

F [ D*iv

- Bl D*+i(t)v

F I Hadronic B
[ Fake D
[] Other BG
~ Fit uncertainty

.
B T T T TE ST

2 2
Mmiss

4 6
[GeV¥c4

[ Belle Il Preliminary D*—Dz* —e— Data

F [ Lat=1893 1" I D7y
C [ D*iv

:_+y B D**i(T)v
I Hadronic B
[ Fake D
[] Other BG
~ Fit uncertainty

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

= .| 1 1 L2 1 1 1 1 ol
0 020406 08 1 12 14 16 18 2
Egc, [GeV]

+0.035

R(D*) = 0.26212:041 (stat) 0035 (syst)

Consistent with SM !

Source Uncertainty
PDF shapes -—H;:égz
Simulation sample size f;:ggﬁ
B — D**{" 7, branching fractions f‘;;?g:;
Fixed backgrounds fg:;é
Hadronic B decay branching fractions fé:ié
Reconstruction efficiency f’;’jgf'f};
Kernel density estimation fﬁj%ﬁ
Form factors tg:?g
Peaking background in AMp« tg:g«i
7~ — {" v, branching fractions fg:ﬁ;ﬁ
R(D*) fit method tg:f;ﬁ
Total systematic uncertainty fig:g;ﬁ

Similar precision to Belle
with 25% of the data

arXiv: 2401.02840



https://arxiv.org/pdf/2401.02840

R(D*) from R(X) at Belle I

. . Belle 11 JLdt=189fb!  Belle IT JLdt=189fb~!
Usmg hadronic tag Mio<1 [Mi€0,23)[ M2 €@3.4]] Ml e@6] | W Xir—enl M2 <1 M e0.231] Ma € 23,41 M €61 | MR Xie— s
o B Xev = xuw

N
o

reconstruct a single
lepton and combine
the rest into an X
system inclusively

=
o

=
N

[ BB Background
B Continuum
2 MC tot. unc.

¢ Exp. data

[ BB Background
[ Continuum

M2 E6.8]] M2 >8

16 #ee MC tot. unc.
¢ Exp. data
12 M2 E6.8] M2 >8

Norm. Resid. 10* events per bin

_ B(Xrtv) '
R(X'r/ﬁ) — B(X) S S A B

Pl (GeVie]
missing mass squared
and
lepton momentum
for signal extraction

D" {v:16.4%

R(X,/r) = 0.228 £ 0.016(stat) & 0.036(syst)
Consistent with SM !

B(B — X1v) = B(B — D7v) + B(B — D*1v) + B(B — D(g), X, 7V)

Assuming SM like D™ BFs.
Statistical correlation with R(D") ~0.02
Systematic correlation (mainly D" BFs) non trivial

PhysRevl ett.132.211804

pl 1GeVic]

+ = with expected SM contributions of D(*g:p),Xu removed



https://journals.aps.org/prl/pdf/10.1103/PhysRevLett.132.211804

: Fit the yields and combine them into an R(D) ratio.

-1 —1 : _ :
Voo _+ * € (xo_+ + Vo — + € - + Certain uncertainties associated to
(%) T D T T D T . .. .
R(D™)=2- — — reconstruction efficiencies may not
rad Vo4 = Eqmo + + V& =gt = €5e—,+ fully cancel as they don’t fully factorize
2 light leptons_# . 4 between B® and B*
yield reconstruction
efficiency

New approach: Parameterize the yields by assuming isospin symmetry and fit R(D*) directly
This leads to a safer treatment of the efficiencies that now appear directly as ratios

1 ] 7
“RODY v a0 - = T
]_ ) ED*OT+ I 9

5 R(D*> . VD*O[{— ifferentiable

X
*
|
FE
1

Yikelihoods

]
O
*
o
-
|

p .
D*O€+

12



SysVar: A tool enhancing consistency in the treatment of systematics

df with kinematic
information

83



df with kinematic Prepare settings

information dictionary

channels o
. # variations
binning
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df with kinematic Prepare settings Create

information dictionary EigenDecomposer object

channels o
. # variations
binning
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df with kinematic Prepare settings

information dictionary EigenDecomposer object

channels o
. # variations
binning

Create

[ Uncertainties

[ Templates }

|
[ Variator J [ Correction
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df with kinematic Prepare settings

information dictionary EigenDecomposer object

channels o
. # variations
binning

Create

[ Uncertainties

[ Templates }

et

|

Create Nominal
histograms

|
[ Variator J [ Correction
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df with kinematic Prepare settings Create e s
information dictionary EigenDecomposer object

| |
channels s L‘ [ Variator J [ Correction

binning

[ Templates } \;V
Create
/ corrections
covariance

Create Nominal matrix
histograms




df with kinematic

information

Prepare settings
dictionary

Create
EigenDecomposer object

channels
binning

# variations

[ Uncertainties

|

Variator Correction

Templates

Create Nominal Create Varied
histograms histograms

Create
corrections
covariance

matrix
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df with kinematic

information

Prepare settings
dictionary

Create
EigenDecomposer object

channels o
# variations

binning

Uncertainties

|

Variator Correction

Templates

Create Nominal Create Varied
histograms histograms

Create Covariance matrix
(channels-templates-bins)

Create
corrections
covariance

matrix
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df with kinematic

information

Prepare settings
dictionary

Create
EigenDecomposer object

Perform
Eigendecomposition

channels o
. # variations
binning

Uncertainties

Variator

Correction

Templates

Create Nominal Create Varied
histograms histograms

Create Covariance matrix
(channels-templates-bins)

Create
corrections
covariance

matrix
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df with kinematic Prepare settings Create

) . . o : _ Uncertainties
information dictionary EigenDecomposer object
[ |
Ch_annels # variations L‘ Variator Correction
binning
Templates \;V
Perform Create
Eigendecomposition corrections
covariance
matrix

Create Nominal Create Varied
histograms histograms

Create Covariance matrix
(channels-templates-bins)

Determine number of

Save

important
eigendirections

eigenvariations
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