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ABSTRACT

The Standard Model(SM) of particle physics can explain nearly all phenomena in particle
physics. However, it leaves several significant questions that are not solved, such as the
matter-antimatter asymmetry in the universe and the nature of dark matter. One of the most
important challenges in physics is to experimentally observe phenomena from beyond the
Standard Model (BSM) to address these issues. The Kobayashi-Maskawa theory describes
the weak interaction involving six types of quarks across three generations, and its charge-
parity (CP) violation effects using a Cabibbo-Kobayashi-Maskawa (CKM) matrix. The
CKM matrix is a unitary matrix with three rows and three columns, and its elements form
a triangle on the complex plane, known as the unitary triangle. BSM physics can appear
through quantum effects in B meson decays, which contain bottom quarks from the third
generation. These effects can be detected as shifts in the parameters of the unitary triangle.
Precise measurements of the unitary triangle allow for searching effects from higher energy
regions without relying on theoretical models.

This study focuses on measuring one of the unitary triangle angles, specifically the CKM
angle ¢, using the decays of neutral B mesons into a pair of rho mesons (B® — p*p~). The
angle ¢, is defined as ¢, = arg(—VwVig/VudVyp), and it can be determined from the C'P
violation parameters resulting from the interference between tree decays of b — wud and
B°B° mixing. However, C'P-violating effects also arise from the interference of b — d loop
decays and the differing C'P eigenvalues associated with the polarization of the vector mesons
rho. Therefore, in addition to measuring the C'P asymmetry, it is necessary to determine
the branching fraction and the longitudinal polarization fraction. These measurements are
combined with the results from the decays B* — p*p® and BB8p°p°. This approach will
allow us to isolate the C'P-violating effects by b — wiid decays and B°B° mixing, enabling
us to extract the value of ¢,.

In this study, we measure the branching fraction, longitudinal polarization fraction, and
two time-dependent CP violation parameters in B® — p*p~ decays using a data sample
of 365 b~ collected by the Belle II experiment at SuperKEKB, located at KEK. During
the data analysis, we suppressed the background from the e*e™ — ¢g process and the
photon backgrounds in the p* — 77—, 7% — 47 processes, which tend to be misidentified.
This was accomplished using machine learning techniques. In addition, we validated and
calibrated the analysis using simulated samples and control samples, and then determined
the four observables.

As a result, we obtain B(B® — p*p~) = (2.90%553703) x 1075, fi = 0.9217335a 04
S =-026+0.19+0.08, and Acp = 0.02 £ 0.12*5:%2. It is consistent with the previous
experiments. In addition, we improved the precision of C'P-violating parameter scaled by
the data size by 10% thanks to the improved event selection. Moreover, we extracted
¢ by combining our results with the result of B — p*p~.p"p°, and p°p0in the previous
experiments. As a result, we obtain ¢, = (92.6%43)°. This is consistent with the standard
model. This study improved the precision of the world average in ¢, extraction using B — pp
by 6%.
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1. INTRODUCTION

The elementary particles are six quarks, six leptons, four gauge bosons, and the Higgs bo-
son. Understanding of the elementary particles is promising for a fundamental understanding
of the universe. The Standard Model (SM) of particle physics was developed thanks to pre-
vious great experimental and theoretical work, and it explains all experimentally observed
phenomena in particle physics except for neutrino mixing. However, there are several open
guestions, such as the matter-antimatter asymmetry in the universe, dark matter, gravity,
grand uni cation, and so on. Thus, the SM is an approximate model for particle physics
and can be extended to solve these questions. Many theoretical models have been proposed,
but none has been con rmed experimentally. Experimental observations of the phenomena
from physics beyond the Standard Model (BSM) make the SM more realistic, making it
one of the most important challenges in physics today. This thesis discusses the search for
the BSM e ects through the precise measurement of the particle-antiparticle asymmetry, in
other words, charge-parity CP) asymmetry in B decays.

1.1. Kobayashi-Maskawa theory

Kobayashi-Maskawa theory describes the avor structure of the quarks. It describes
the avor-changing weak interaction of the quarks using the Cabbibo-Kobayashi-Maskawa
(CKM) matrix which includes the couplings. In the SM, the Lagrangian of theN boson
interactions for quarks are

L = pg—zl:lfi (Vekm )i dii W™ + h:c: (1)

The parameterg is the coupling constant of the weak interaction, is gamma matrices,
and W™ corresponds to the charged weak boson elds, and the subscriptg = 1;2;3 are
generation numbers. Equation 2 shows the CKM matrix wher¥; is the coupling of the
guarks when up type quarksi(= u;c;t) changes to down type quarksj(= d;s;D. [1]

0 1

Vud Vus Vub
Vekm = @Vcd Ves Vch (2)
Via Ms Vi

The CKM matrix is unitary. The matrix has (n  1)? degree of freedom when the number
of the families of the quark isn. n(n 2)=2 parameters are the rotation angles which are
real numbers, and (6 1)(n 2))=2 is the parameter which is a complex phase that causes
the CP violation. In the SM, the number of the quark family is three, and the CKM matrix

has three real parameters and an imaginary parameter. There are several ways to describe
the CKM using 4 parameters and using Wolfenstein parameterization [2], the CKM matrix

can be written as 1
1 2= A ¥ i)
Ve = @ 1 22 A2 A+0(%: (3)
A 31 i) A 2 1

Equation 4 shows one of the unitarity conditions of the CKM matrix, and it was tested in
the previous experiments [3].
VudVip + VedVen + Via Vi 4)
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Figure 1 shows the constraint on the Unitarity triangle was performed by the CKMFitter
group[3]. All observables agree with the unitarity condition, and the theory of CKM has
been successfully con rmed experimentally so far. Table 1 shows the result for the three
unitarity triangle angles, and the , has the largest uncertainty.

FIG. 1. Constraint on the unitarity triangle[3]

Parameter|  Value
1 [(22853°%3)
2 (86:2+33§g
3 (65:9"3:3

TABLE 1. World average for the three unitarity triangle angles [3]

1.2. Time-dependent CP violation in B decays

Within the framework of the SM, CP violating e ect occurs in B decays. Consider the
decay whenB? and B decay into the same state$, for example,B%;B%! *

FIG. 2. Feinman diagram of the B°B? mixing. Only t;t that are dominant in the process are
shown in the mixing diagram, but u and c quark also appear.



The e ective Hermirtonian of the time evolution of neutral B mesons can be written as
[

H=M é; (5)

where M is a mass matrix and is a decay matrix, both are 2 2 matrix. The mass
eigenstates oH are

1
Bl = ——— BO BO 6
jB1 i+ jqu(p qB-) (6)
1
iBol = ———— BO + BO . 7
B = ;P BC + A BY) ()
The g=pis de ned as S
q._ M, Iz 12 (8)
p M 5 12
The two eigenvalues are _
[
12 = My > 1,2 9)

wherem;., is the mass and ;.; is the decay width. We consider the time-evolution of the
B° meson states (t) as

j(t)i=Dht) B +bBO : (20)
The time-evolution of the states can be considered using the Hermirtoniadh as
d o) _ ., b
Idt oY) H (1) (12)
solving the equation,
p _
b(t) _ %+ (t) g9 (O Kt - 0) (12)
b(t) g9 (1) g (1) b(t = 0)
Using m=m, m;, = > 1, the g (t)'s are
g (t)= %e 2lg mit 1 g W2l omt . (13)

Then, we consider the decay of neutraB meson which decays whose nal state doesn't
depend onB° and B°. The amplitude of B®! f andB°! f are dened asA(B°! f)
and A(B°! f). The decay can be written as

jhfjH B° j2=jo. (1)A(B°! f) gA(BO! f)j? (14)
jhfjH B j?=jg. ()A(B°! f) gA(BO! f)j% (15)

(BO% f) (BO f)

(Bor i Bor - LIS,

Then, we consider the time-dependentP asymmetry

(B! f)®) (B°! f)1)
(BO! f)(t)+ ( B! f)(1)

qA(B°! f) (16)

=cog mt)[(B°! f) (B°! f)+2sin( mt)( B°! f)im PA(BOT )

Acp cos( mt) + Scp sin( my)



The parameter Acp has non-zero value whepA (B® ! f)j & jJA(B°! f)j, which comes

from weak or strong phase dierences betweeB® ! f and B! f. The parameter

Scp = Im gﬁggﬁ: 8 . Because of the complex phase in the CKM matrix the amplitudes

of B! f andB°! f and g have the complex phase, and it leads to the time-dependent
CP violation in B° decays.
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1.3. Contribution of the physics beyond the standard model in BOB° mixing

CKM picture of avor mixing and CP violation was con rmed experimentally, but there
is room for the physics Beyond the Standard Model (BSM) to contribute to the quark mixing
within the uncertainty of the current measurements. Figure 2 shows the Feynman diagram
of B°B? mixing. It contains a "loop" diagram in the transition from B° to B?. In the
SM, mostly t quarks contribute to the mixing diagram. If we consider the BSM, it can also
contribute to the mixing amplitude via quantum e ect replacingt and W. In such cases,
the mass scale of the BSM is not limited to the mass dfquark, and it can contribute even
if it was TeV or higher mass. If there are contributions by the BSM inB°B° mixing, it
can be the source of th&€ P-violation other than SM, and it can be detected by the precise
measurement of theCP violation in B decays. It is called an "Indirect search" for the BSM.

It is a promising way to search for BSM because we can consider various BSM models such as
supersymmetric particles, Lepto quarks, and charged Higgses. Also, the accelerator energy
doesn't limit the energy scale of the BSM models because of the quantum e ect.

To be more speci ¢, observables that can be measured without usiBfB° mixing and
any loop process can extract the CKM matrix using pure SM processes. For examplggj,
IVusl» 1Vel» JVub) €an be extracted using tree decays. The CKM angle; is also one of the
parameters that can be extracted without BSM contributions. It can be measured using
the direct CP violation as a result of the interference betweeB ! D°K (b! csu)
andB ! DPK (b! ucs). Although it accesses the complex phase of the CKM matrix,
it is expected to be the same as the SM because this process doesn't contain any loop
contributions.

On the other hand, observables that use the loop process are sensitive to BSM. For
example, , is measured using CP violation which comes from the interferencemf uud
tree decays with and withoutB°B° mixing. If there is a contribution from the BSM, the
CP violating parameters inb! uud will be shifted from the SM. Similarly, ; is measured
via interference ofb! ¢ decays with and without B°B° mixing, and it is also sensitive to
BSM. Another parameter is mg, which is aB°B° mixing frequency. The frequency is also
shifted by BSM.

In the CKM measurement, some of the parameters are sensitive to the contributions
only from SM and the others can prove the e ects from BSM. By comparing the Unitarity
triangle shape which is extracted by parameters that are sensitive to BSM or not, we can
obtain a strong constraint to the BSM.

The study to constrain the BSM e ect in B°B° mixing was performed by the CKMFitter
group [4]. In the paper, they parameterized the BSM contributions to th&°B° mixing as

Mg = (Mg)sm(l + hee? ¢) (17)

where M4 is the B°B® mixing amplitude, (My)sw is B°B® mixing only considering the
SM, hq is the relative BSM magnitude to SM, and 4 is the relative phase of BSM to SM.
Figure 3 shows the constraint on BSM inB°B° mixing. More than 20-30% magnitude

of the BSM to SM contribution is excluded. In addition, the paper studied the future
sensitivity, and it will be improved to be less than 10% BSM contributions by improving the
sensitivity of CKM parameters by using the ongoing B-factory experiments ( Belle 1I, LHCb

) data. Measurements of CKM parameters by previous experiments was a huge success, but
improving the precision of the CKM parameters still has an important role in searching for
the contributions from BSM using the quantum e ect.

11



FIG. 3. Constraint on the BSM in B°B9 mixing. hyg shows a relative magnitude of BSM compared
to SM, and g is the relative phase to SM of BSM. The dotted line shows 99.7% con dence interval
regions.[4]

1.4. 2 measurement

There are many parameters in CKM matrix, but , is one of the most important observ-
ables in CKM because it is sensitive to the e ects from BSM because of tBEB° mixing,
and it has the largest uncertainty among the three angles in unitarity triangle. , can be
written as

th th

: 18
VaaVy, (18)

2 =arg

and it can be measured using the interference e ect betweén uud decay andB°B° mix-
ing. The interference e ects appear as the CP-violating e ect in the decay time di erence.
It is called a "time-dependent" CP violation, and it can be written as

(BO(t)! f)  (BO(t)! f)

(BO(t) I f)+ (Bo(t) I f) = Scp Sin(m dt)+ Acp COS(m dt) (19)

wheret is time, mq is a mixing frequency of theB°B° mixing, and (B°(t) ! f)is
a decay width of theB°(t) ! f decay. A rst, natural choice of theb! uud decay is
B°! * . Only considering the treeb! uud decay andB°B° mixing, CP violating
parameters ofB° ! are
Scp (B! ) =sin(2 )
Acp(B?! ) =0

Time-dependent CPV measurement was performed at Belle Experiment [5], and Figure 4
shows the result.

(20)
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FIG. 4. Time dependent CPV measurement performed at Belle experiment [5]. (a) shows the t
distribution for B%(q=1) and B%q= 1). (b) shows an asymmetry of (a).

Measured CPV parameters are

Scp(BO! )= 0:64 0:08(stat) 0:03(syst)

0 (22)

Acp(B"! )= 0:33 0:.06(stat) 0:03(syst):
TheAcp (B ! ) is signi cantly deviated from O, it indicates that there are other con-
tributions other than b! uud tree. Another contribution in B®! * is the penguin

decay, which is shown in Figure 5. The Penguin contribution inth&°! *  decay has a

FIG. 5. Tree and Penguin contribution in B®!  *  decay.

di erent phase to the tree decay, and it leads to non-zerB.cp, and Scp is also shifted from

sin(2 ;)tosin(2 ,+2 ). Itis called "Penguin Pollution" in B ! decay.

To extract ,, the Isospin analysis, which was suggested by [6], was performed. In the
procedure, they usedB® ! * [ B%! 00 andB ! 0 to estimate the ef-
fects from the penguin. The states of pions arg *i = jl =1;l3=1i,j i =1, 1,

13



and j % = jO;0i. Then the two pions nal state. Firstly, nal states cayn have only
| =0;2 states dute Bose stagstics. Stat¢ * iis( 7 , + , 5 )= 2. Writing
jLlij1; 1i = j1; 1ij1;1i = 1=6j2;0i + 1=3j0;0i using Clebsch Gordan coe cients,
thej © i statesis

R 1 2
- To0i+ Zi00-
312, Oi 310, Oi : (22)
Similarly, other nal states are
r 5 r 1
00 = §j2;0i éjO;Oi;
r T (23)
P9 = Zj20
31"

Then write the Hamiltonian and states ofB° and B* as
H=A3,)322,1=2i + A1-,j1=2;1=2i ;
BY =j1=2; 1=2i (24)
BY =j1=2;+1=2i:

Using above, the amplitudesA; = h' JjHjB*ij of B®! * [ B°! 20 and
B*! * Odecays are

1 1
A, = =A;n+ A
+ r 6 3=2 3 1=2
3
Ao —r ZA3:2 r (25)
1 1
Aoo = éA 3=2 éA 1=2-

Using Equation 25, the relationships of three amplitudes are

p—

1= 2A+ +A00=A+0
P-

1= 2A. + A=A

The loop diagram contributes to only | = 1=2 operator [6], thus the amplitudeA 3-,
comes from only the tree diagram, and the amplitudé ,-, comes from both tree and loop
diagram. TheB* ! * 0 decays occur via only the tree diagram. It doesn't have any
complex weak phases thus, we obtaii.g = A o The relationship can be shown as triangles,
as shown in gure 111. , can be extracted by using the angle between the two isospin
triangles.

(26)
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FIG. 6. Isospin triangle of B !

The isospin analysis inB ! decays was performed by Ref?[]. The world average
for the observables inB ! decays are shown in Table 2. Due to the relatively large
fraction of the loop amplitude inB ! decays,Acp of B®! *  has the non-zero
value. In the Isospin analysis, theCP averaged side length of the triangle corresponds to
the branching fraction of B ! decays. A relatively large , value is allowed because
of the largeAcp in B°!  *  decays andB inthe B®!  © 0 decays. Figure 7 shows the
constraint on the , value usingB ! decays, and it has many solutions for, because

of the large loop contribution leading a large , value.

Observableé,VaIues (World average)
B( * ) (5:10 0:19) 106
B(* 9 (5:48 0:34) 10 °
B(° 9 (1:59 0:19) 106

Acp( © 9 0:34 0:22
Scp( * 1) 0:672 0:043
Acp( * ) 0:284 0:039
TABLE 2. Observables for the Isospin analysis in theB ! decays used in Ref. [7].
FIG. 7. Result of the Isospin analysis inB ! decays performed by Ref. [7]
Another approach is to use theB ! system. B ! systems are experimentally
more di cult than B! systems.B ! decay has a polarization becauseis a vector

meson. The longitudinally polarized component is & P-Even state, but the transversely

15



polarized component is an admixture of th&CP-Even and CP-Odd states. To extract the
correct CPV parameters, the angular analysis for polarization extraction needs to be done
simultaneously with the time-dependent CPV measurement. Overcoming the experimental
diculties, B! * analysis was performed by??. The Isospin analysis inB !

decays was also performed in Ref. [7]. The world average for tBe decays are shown
in Table 3. The Acp of B | * is much smaller than that of B? ! * , and
the branching fraction of theB® ! © 9 compared toB°! * s also much smaller
than that of B®! © | that means the loop contribution is much smaller inB !

decays compared tB° ! ° 0 decays. Experimentally, theScp of B!  © 9 has not
been measured because decays into two photons dominantly, and it makes di cult to
reconstruct the decay vertex position. In contrast, we can measure it B°! © 9 decays
because ° decays into two charged pions, which is another advantage in the Isospin analysis
in B! decays. Figure 8 shows the result of the Isospin analysis performed in Ref. [7].
Thanks to the smaller loop contribution, the , in B! system became much smaller,
which is consistent with 0, and the Isospin analysis allowed only one solution. As a result,
the , measurement inB ! decay became most precise, that leads the extraction.

ObservableéfVaIues (World average)

B(* ) (27:76 1:84) 10 ©

fL 0:990 0:020

B(* 9 (249 1:.9) 10

fL 0:950 0:016

B(°O (0:93 0:14) 10 °

fL 0:71 0:006

Scp ( * +) 0:15 0:13

Acp( T ) 0:00 0:09

Scr( 2 9 0:3 09

Acp( 0 O) 02 09

TABLE 3. Result of the Isospin analysis in B ! decays performed by Ref. [7]
FIG. 8. Result of the Isospin analysis inB ! decays performed by Ref. [7]

16



FIG. 9. , extraction using B ! performed by [5]

1.5. Strategy of the study

In this analysis, we aim to measure , that has the largest uncertainty among three
unitarity triangle angles. The B ! decays are promising to measurg, and the Scp
of B! * decays is one of the most important parameters to constrain, in B !

Isospin analysis.

Table 4 shows the world average of th& ! observables. We perform Isospin
analysis using the world average, and Figure 10 shows the result of theextraction. Also,
we estimate the improvement by reducing the uncertainty of each observable by factor 2, and
Figure 11 shows the expected improvement. The most promising observables@e( * )
and Scp( © 9). Both are statistically limited and they can be improved by the huge statistics
of the Belle Il experiment.

Parameter| Value

B(* ) |77 019 10°
flCr ) 0:99"%5%s
Sep( ¥ ) -0.14 0.13

Ag(* ) 0.00 0.09
B(°9% [096 015) 10 °
fL(°9 0:71+%:%8

Sep( © ) 0.3 0.7

Acp( © 0 -0.2 0.9
B(* 9 [(240 190 10°
fL(* O 0:950 0:016

TABLE 4. Inputs for the , extraction using world average[8]

17



FIG. 10. , extraction using the world average

FIG. 11. Expected improvement in » when the uncertainty of each observable is improved by
factor 2

+

In this study, we aim to measureB, f_, Scp, and Acp of B ! decay at Belle Il
experiment. The most important parameter is theScp, and it is statistically dominated.
Thus, by adopting the latest machine learning techniques which did not exist when the
previous studies were performed, the statistical precision can be improved signi cantly.

Firstly, we improved the selection. The major backgrounds aree! qgbackgrounds and
mis-reconstructed photons in ! 9! 2 ). To suppress such backgrounds, we developed
dedicated Multivariate analyses(MVA)s. Then, we optimized all cut-based event selections
for example, the energy, the angle, invariant masses, and MVA outputs for decay particles
from the B ! decay.

The next step is signal extraction. In this step, we extracted the longitudinal polarization
and branching fraction using a 6-dimensional tting to E which is a di erence between
reconstructed energy and the beam energyy o which is an invariant mass of each meson,

18



cos which is a cosine helicity angle of the each and output of the MVA which suppress

ee! qgbackgrounds. Figure 12 shows the cosine helicity angle of tBe! decay, it is
de ned as the angle between the direction of thB° and the direction of in  rest frame.
The longitudinal polarization makes a peak at cos = 1, and the transverse polarization

makes a peak at cos =0.

FIG. 12. Helicity angle of the B ! decay. is the helicity angle of each , andv shows the
direction of B? in the  rest frame.

After extracting the branching fraction and longitudinal polarization, we measured the
time-dependent CPV that is shown in Equation 19. In the Belle Il experiment, the center-
of-mass energy is set to 188 GeV, which is the same as the mass o{4S) resonance. (4S)
decays in toB°B? pair. The producedB°®BP° state is entangled, and when one changes the
CP by the B°B° mixing, the other also changes its states by the mixing. On the other
hand, the B°B? state changes to theB°B° state by the mixing, not to the B°B° or B°B°
states. In addition, the beam energy is asymmetric and the(4S) ! BB is boosted to

= 0:28. The boostedBB pair enables time-dependent CPV measurement & decay.
Firstly, the BP is pair-produced, one decays into the signal decay, and another one decays
into generic nal states of B decay. Using the particles from the decay which is not a signal,
we can identify the avor of B meson 8° or B?). In addition, by measuring the distance
of the decay vertex which is projected onto the boost direction, we can evaluate the decay
time di erence t of the two B%. Measured t was a ected by several reasons. The ight
length of B® meson is about go( ¢ ) O (100 m), and measured decay vertex distance
is aected by the detector resolution. In addition, the z is projected onto the boost
axis, and this approximation also a ects the measured t. To take these into account, we
modeled the t resolution of the detector and approximation, then validated and calibrated
it using data. Then, using the signal probability which was obtained from the t for the
branching fraction and longitudinal polarization and the model for the detector resolution,
we performed a tting to t and measuredScp and Acp.
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FIG. 13. Time-dependent CPV measurement at Belle Il experiment

Finally, we performed the rst , extraction at Belle Il experiment with the B, f_, Scp,
and Acp of B ! . Also, we will discuss the constraint on the BSM irB°B° using the
existing results and updatedB ! measurement performed by this study.
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2. BELLE Il EXPERIMENT
2.1. Overview of the Belle Il experiment

The SuperKEKB/Belle Il experiment is an electron-positron collider experiment at the
center of mass energy 188 GeV. The main target of the experiment is for the precise
measurement oB meson, especially the parameters of the CKM matrix. The center of mass
energy corresponds to the resonance 0f4S), it decays to the B meson pair immediately
after the production. It aims to accumulate 50 ab?! of the integrated luminosity which
corresponds to fty times larger than that of the previous project, Belle Experiment, by
achieving the world-highest peak luminosity of & 10%®cm 2s 1. The Belle Il detector
is also upgraded so that provides enough performance in a high-rate environment due to
high luminosity. By using a huge number ofB mesons, we can measur@ decays very
precisely. The major physics goal is to measure the CKM parameters including, rare
B decays search, precise CPV measurement in penguin decays, and so on. Another aspect
of the Belle Il experiment is the search for the lepton avor violation decay ofau, precise
measurement of , D meson by the high-statistics. By the precise measurement of such
decays, it can seek a small deviation from the SM due to the physics beyond the standard
model.

2.2. SuperKEKB

The SuperKEKB is an electron-positron collider located at Tsukuba, Japan. It consists
of two circular accelerator rings, one is for a positron whose energy is 4 GeV, and the other
is for an electron whose energy is 7 GeV. The asymmetric beam energy is for the decay
time di erence measurement of8°B° pairs by measuring the decay position di erence in
the boost axis. The unique point of the SuperKEKB is a way of the collision which is called
a "nano-beam scheme". The idea is to squeeze the beam siz©{om) level at the collision
to increase the luminosity. In general, when extremely focusing the beam, it spreads rapidly
beyond the focusing point which is one of the causes of the luminosity limitation called as
"hourglass e ect". The idea is to squeeze the beam while avoiding the "hourglass e ect", it
collides beams with a relatively large crossing angle of 83 mrad. The SuperKEKB operation
with physics data taking started in 2019, and it achieved the world-highest luminosity of
4:71 10*cm 2s ! on June 22, 2022. The integrated luminosity by May 2024 is 48dfb 1,
which corresponds to about half of the Belle Experiment.
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2.3. Belle Il detector

The Belle Il detector is a general-purpose detector that detects the particles produced by
the e* e collision, which is shown in Figure 14. It consists of the vertex detector, central
drift chamber, particle identi cation system in the barrel and the forward end cap regions,
the electromagnetic calorimeter, K, , and detector, and 15 T solenoid magnet. This
section shows the overview of each detector. The designed performance of the detector is
shown in Table 5.

FIG. 14. The Belle Il detector.

Detector Performance
Vertex detector ' 20 m vertex resolution
r =100 m
CDC 2 =2 mm
de=dx = 9%
TOP 99% K e ciency with < 0:5% fake rate
ARICH 96%K e ciency with 1%  fake rate (4 GeV)
ECL E=E =0:2%E 16% E 1:2%
; =20 mrad for K (Barrel)
KLM ; =10 mrad for K (Endcap)
1% hadron fake rate ()

TABLE 5. Designed performance of the Belle Il detector [9]

2.3.1. Vertex detector

A Vertex detector is a detector which is located at the innermost part of the Belle Il
detector, which detects the charged particle from the interaction and reconstructs the de-
cay vertex of B meson precisely for the decay-time di erence measurement BB pairs.

It consists of two types of detectors, one is a Pixel Detector ( PXD ), and the other is a
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Silicon Vertex Detector ( VXD ). PXD is located at the inner part of the vertex detector,
and it consists of the two layers of the pixelated semiconductor sensors. Considering the
environment of the Belle Il experiment, the interaction point is very narrow and the inter-
action rate is very high. The signal detection rate increases by inversesquare of the distance
from the vertex position, so the PXD which is located innermost part of the detector is
required to handle the very high hit rate. To realize it, the pixelized sensor was adopted for
the detector. The pixelized silicon sensor was successfully achieved in the LHC experiment,
however, it was impossible to use the same sensor in the Belle Il experiment. It is because
the beam energy at Belle Il is much smaller than that of LHC, and the e ect of the multiple
scattering becomes serious because the sensor is too thick for it. The DEPIeted Field E ec-
tive Transistor ( DEPFET ) technique was on the semiconductor sensors for PXD, which
achieve only 75 m thickness.

The other part of the VXD is SVD. It has 4 layers of the detector, and it covers from 38 mm
to 140 mm of radii, which is much larger than that of the PXD. To cover the large volume
while keeping the resolution, a double-sided silicon detector was adopted. The strip is in-
stalled in two directions in each layer, one is a long strip with the same direction as the
axis, and the other is a short strip with a vertical direction to the beam axis. Combining the
hit information of the two strips can measure the hit point of the charged particle. The strip
pitch size in the beam directionis 50 70 m, and 75 240 m in the vertical direction to

the beam axis depending on the radius.

2.3.2. Central Drift Chamber

The central drift chamber is a large gaseous tracking detector located at 16A.100 mm
of the radius. It has two important roles, one is the reconstruction of the charged track and
the measurement of its momentum from the radius of the charged track in the magnetic eld
of 1.5T, and the other is the particle identi cation from the energy loss in the gas volume.
It consists of 14336 sense wires, and the gas is a mixture of 50% helium and 50% ethane.
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2.3.3. Time-Of-Propagation Counter

The Time-Of-Propagation (TOP) counter is a particle identi cation detector located in
the barrel region of the detector. It consists of quartz radiators and high time resolution
photodetectors. Charged particles produce Cherenkov light, whose opening angle depends
on the velocity of the particles. The momentum is measured by other detectors, so the
opening angle depends on the type of particle. TOP measures the hit time and position of
the Cherenkov photons, and evaluates the probability of each particle from the hit patterns,
and identi es the particles. Micro-Channel-Plate Photo-Multiplier Tubes (MCP-PMT) is
the photodetector for the TOP counter; it measures photon timing with a resolution of 30 ps;
it gives excellent particle identi cation performance. One of the issues for the TOP counter is
the lifetime of the photocathode of MCP-PMTs. The Quantum E ciency (QE) will decrease
by the accumulated output charge density of MCP-PMTs due to the outgassing from the
MCPs. We have worked to improve the lifetime of the photocathode and installed in the
TOP counter three tube types, the so-called Conventional type, Atomic Layer Deposition
(ALD) type, and Life-extended ALD type. The expected lifetime is shown in Table 6.
The Life-extended ALD type is expected to be able to be used until the end of the Belle Il
experiment, but the Conventional one needs to be replaced a few years after starting data
taking, and the ALD type also needs to be replaced in the future.

Type |Lifetime (C=cm?)
Conventional 1.1 (Average)
ALD 10.4 (Average)

Life-extended ALD| 13.6 (Minimum)

TABLE 6. Expected lifetime per MCP-PMT type measured on test samples.

2.3.4.  Aerogel ring imaging Cherenkov counter

Aerogel Ring Imaging Cherenkov Counter (ARICH) is another detector for particle iden-
ti cation. It is located at the forward endcap of the Belle Il detector, which corresponds
to the downstream in the boost direction. The aim is the same as the TOP counter, but
the location is di erent. It consists of a large aerogel that covers the endcap and photode-
tectors which are sensitive to the position. While TOP reconstructs the opening angle of
the Cherenkov ring by the hit position and hit timing, the ARICH mainly measures it by
hit patterns. One of the unique structures of ARICH is an aerogel radiator, which consists
of two layers of aerogel with a di erent refractive index. By doing this, it can focus the
Cherenkov ring at the photodetector plane. It also allows thicker aerogel layers and it helps
to increase the number of the Cherenkov photons. The photodetector for ARICH is Hybrid
Avaranche Photo Diode ( HAPD ). The avalanche photodiode sensor is put in the vacuum
tube which has a photocathode. The photoelectron is generated at the photocathode, and
it is accelerated by the electric eld. It is detected at the avalanche photodiode sensor. The
pixel size of the avalanche photodiode is@ 4:9mm? which is small enough to detect the
position of the Cherenkov light.
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2.3.5. Electromagnetic Calolimeter

The Electromagnetic Calorimeter (ECL) is located outside one layer of the TOP counter,
and it covers not only the barrel region but also the end cap region. It consists of the
thallium-doped cesium iodide crystal for the scintillator, and the PIN photodiode for the
scintillation light detector. ECL plays many important roles in the Belle Il experiment. It
can monitor the luminosity, identify the electron, and give a trigger timing for the detector.

In addition, the most important role is the photon detection. It can detect photons with

a nice energy and angle resolution, and it allows to reconstruct’ e ciently. Belle I
experiment has a clean environment compared with the hadron collider, and many decay
modes that have ° in the nal states can only be accessed by Belle Il. In such Belle I
unique decay includingB®! * , the ECL plays one of the most important roles.

2.3.6. K_ and detector

K. and detector located at the outermost layer of the Belle Il detector, which detects
K. and . It has a structure in which iron plates and detectors are arranged alternately. It
can identify K. and because they are not absorbed by the crystal of ECL while the other
except for the neutrino do mostly. TheK_ makes a shower in the iron plate while the
doesn't. By measuring the shape of the showers it can identi®/, and . The detection
of plays an important role in the analysis because the charge of lepton fraBf decays is
useful input to identify the avor of B° .
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2.4. Flavor tagging

To measure the time-dependenCP violation of the B° decay, which is shown in Sec-
tion 1.4, the avor of B? needs to be identied. In the Belle Il experiment,B° is pair
produced. Using the remaining particles which are not used for the signal reconstruction,
we can estimate the avor. For exampleB®°! D |* decay can identify the avor from
the charge of the lepton, because only positively charged lepton can producedbih c
decay. Another example iB°! D! K* 9 ° |t can identify the avor from the
charge ofK . The particle identi cation performance is important in avor identi cation
by the hadronic modes because the avor can be identi ed from the charge Kf in many
cases.

To identify the avor of BP e ciently, a machine learning algorithm is adopted.[10] It
is based on a Graph-neural-network structure, and it uses the information of the tracks
as inputs. It uses the rst 16 particles that do not belong to the signal side ordered by
the momentum in the Lab frame. Then, the momentum, the distance of its Points Of
Closest Approach ( POCA ) from the interaction point, the particle identi cation likelihood
for 6 candidates, which are , K, e, , proton, and deuteron of each particle were used
for the inputs for the algorithm. The avor tagger output using a Fast BDT algorithm
which is developed before the GNN avor tagger [11] is also used as an input for the GNN
avor tagger. The performance of the GNN avor tagger is shown in Figure 15g= 1
corresponds to the avor of theB?, andr is the probability of it. The product of qandr is
shown as avor tagger output. The avor tagger is calibrated usingd®! D * data, and
the result is shown in Figure 16. The e ective tagging e ciency estimated by the data is
(3740 0:43 0:36)%, where the rst uncertainty is statistical, and the second uncertainty
is systematic.

FIG. 15. The output for the avor tagging. qr shows the output for the avor tagger, and 1
corresponds to theB?, and -1 corresponds to theB®. GFlaT shows the performance of the GNN-
based avor tagger, and category-based shows the performance of the avor tagger developed using
Fast BDT, which is a prior avor tagger of GFlaT. [10]
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FIG. 16. Comparison between data and simulation after subtracting the background usings° !
D * decay.
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3. OPTIMIZATION OF THE SIGNAL SELECTION
3.1. Samples

We used several samples for this study. We used simulated samples@&, qq (q = udso),
B%o * signals, andB decays that can a ecttheB%0o * measurements. The simulated
sample consists of two categories, one is run-dependent and the other is run-independent.
The run-dependent sample takes into account the changes during the data taking, such as
detector and background conditions, and the run-independent sample doesn't. On the other
hand, run-independent samples are generated faster than run-dependent samples, so we used
run-independent samples for the selection criteria optimization, and used run-dependent
samples for the PFPF modeling, validation, and tter studies. The data was taken with two
conditions, one is s = 10:58 GeV which corresponds to the (4S) resonance, and the other
was taken 60 MeV below the (4S) resonance for background studies.

Simulation \
Category Sample size
B B; qqg (Run-independent) lab !
BB; qq (Run-dependent) 1:44 ab *
B%! * (Run-independent) 1:0 1P events
B%! * (Run-dependent) 50 10° events
B decays 50 10° 50 10° events
Data \
Category Sample size
4S) 365 b T
O -resonance 427 b 1

TABLE 7. Data and simulated samples used for this study

3.2. Overview of the reconstruction and signal selection optimization

We optimized the event selection to maximize the statistical sensitivity of thepobservables
B, fL, Scp, and Acp. To achieve this, we maximize the gure of merit (FOM)S= S+ B in
the signal-enhanced region. The signal-enhanced region is a tightened t region that maxi-
mizes the FOM,S and B are signal and background yields, respectively. In the optimization
of the selection process, we utilized both thB®! *  signal and its self-crossfeed events
from the signal MC samples, and the other background events from the simulated samples.
The procedure for the optimization is below.

1. Train multivariate analysis (MVA)
2. Optimize cut-based event selection

3. Calculate FoM after applying the optimized selection and best candidate selection
in the signal-enhanced region. The cut for signal enhancement usinde, M., and
CSMVA is also optimized to maximize the FOM.
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4. Apply the optimized selections to the training data for MVAs, and back to 1.

In this process, MVAs are trained on samples passing through an optimized selection
in the last iteration, and therefore, MVAs can be specialized in samples that are likely to
remain after the other selection criteria have been applied. By training MVAs and optimizing
selections in a series of processes, we aim to maximize the FoM e ciently. The details are
described below.

3.3. Reconstruction and baseline selection

We reconstructedB®! * | qgq(e € ! uu;dd;cc, and ss) simulated samples with
a loose event selection before the selection optimization. To e ciently extract samples of
interest and make the analysis smooth, we rst reconstrucB® ! *  and skim more
signal-like events with a loose selection. The decay chain®f! * is given by,

BO1 *
| 0
01

Its nal state contains *, , andfour s, and so two charged tracks and four ECL clusters
can be detected in the Belle Il detector system. We reconstru®®! *+  as follows:

1. reconstruction of two °s from ECL clusters

2. detection of two charged tracks of in CDC

3. reconstruction of two s in the vertex t with and ©°, and
4. reconstruction ofB° from two s.

In this process, we apply cuts at each reconstruction stage. Table 8 shows the pre-selections.
The E is the energy of the particlesdr and dz are the distance-of-closest-approach to the
interaction point (IP) in the beam axis and the plane perpendicular to it, chiProb is a
p probability of the track. My is a beam-constrained mass that corresponds td,. =

EZ p3 whereEg is half of the beam energy angs is a momentum of the reconstructed
signalB® and E = E Epeam=2 is a di erence of the beam energie.m and reconstructed

energ\E in the center of mass frame.

3.4.  Continuum suppression

Continuum suppression MVA (CSMVA) is used to suppress'e ! ggbackgrounds ¢ =
u; d;s; 9. The MVA software applied in this analysis is TabNet [12], which is a kind of neural-
network-based machine learning algorithm. The features used for the training are shown in
Table 9. The training target is a binary classi cation for correctly reconstructed signals
and all ee! qq backgrounds. The size of the training dataset corresponds to 10M events
for signal samples and 300 fi for gq backgrounds. To avoid over tting, the qq samples
are maintained independently from those used in the cut-based selection optimization where
di erential evolution is applied. The samples are randomly under-sampled to equalize the
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TABLE 8. Summary table of the pre-selection and tting in reconstruction. The selections are
applied in order from top to bottom.

target particle selection and tting
E > 40 MeV
0 100 MeV<M o < 160 MeV

mass-constraint kFit
cosine of the helicity angle of the © meson< 0.98
jdrj <0.5 cm
jdzj <3 cm
chiProb>0
600 MeV < M < 1100 MeV
BO Mpc >5.2 GeV
j Ej<0.5 GeV
avor tagging
IP-constraint treeFit
vertex tagging with no constraint
Mpc >5.24 GeV (again)
j Ej<0.3 GeV (again)

number of signals and backgrounds in the training. The number of the training sample
depends on the optimized selection, which is typicall@(10°). 95% of the data was allocated
for the training, and the remaining 5% was allocated for the validation.

30



TABLE 9. Summary of variables applied for CSMVA.

Variable Abbreviation
thrustOm Tiag
thrustAxisCosTheta cT
cosTBz cTsb
cosTBTO cTs;t
cosHelicityAngleMomentum cHm
KSFWVariablesmm2 M 2.
KSFWVariableshooO Hooo
KSFWVariableshool Hoo1
KSFWVariableshoo? Hoo2
KSFWVariableshoo3 Hoo3
KSFWVariableshoo4 Hoo4
KSFWVariableshso00 Hso co
KSFWVariableshso02 Hso c2
KSFWVariableshso04 Hso ca
KSFWVariableshso10 Hso no
KSFWVariableshso12 Hso n2
KSFWVariableshso14 Hso na4
KSFWVariableshso20 Hsomo
KSFWVariableshso22 Hsom2
KSFWVariableshso24 Hsoma
CMS_cosTheta C

Figure 17 shows the output of the TabNet-based CSMVA model. Signals and backgrounds
are classi ed well, and the performance of the training and validation dataset is consistent
within the uncertainty, which means the model is not over tted to the training samples.
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FIG. 17. Output of the TabNet-based CSMVA model using simulated samples.

3.5. Dierential Evolution

To optimize the selection criteria, we use di erential evolution (DE) [13], a genetic opti-
mization algorithm. In this analysis, DE attempts to maximize the FoM while changing the
event selection criteria and applying the best candidate selection in an iterative process.
The P o or E strongly correlated to cos , and too tight selection can a ect the longitudi-
nal polarization measurement. Thus, we set the limit of the selection for these variables in
the selection optimization. All the selection variables and their upper or lower limits of the
DE-search range are shown in Table 10.
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TABLE 10. Selection that optimized by Di erential Evolution

Category Selection Search Range
Eforward 50 MeV - 300 MeV
Eparrel 50 MeV - 300 MeV
E backward 50 MeV - 300 MeV
PhotonMVA 0-1
0 Po 0MeV - 300 MeV
M o 100 MeV - 135MeV (min.)
135MeV - 150 MeV (max.)
daughterAngle 1-
jdaughterDi OfPhi | 1-
PID(Binary) 0-1
Continuum suppression CSMVA 0-1
BO M pe 5.26 GeV - 5.28 GeV
tting variables E -0.15GeV - 0GeV (min.)
for signal-enhanced region 0GeV - 0.15GeV (max.)
M( ) 0.52GeV - 0.775GeV (min.),
0.775GeV - 1.2GeV (max.)

3.6. Optimization

Figure 18 shows the results for each iteration of the optimization. We performed hyper-
parameter tuning for the MVA models prior to training them in each iteration. The FoM
decreased in the third iteration because the hyperparameter tuning was not performed to
check if the hyperparameter tuning was necessary to improve the FoM. Table 11 shows a
summary of the optimized selections, and Figure 19 shows the distributions of the variables

used in the selection.

FIG. 18. Figure of merit in each iteration.
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TABLE 11. Summary of the optimized selection.

Target

selection

Eforwara > 90 MeV
Eparrel > 60 MeV
Ebackward > 90 MeV
clusterNHits > 1.5
jclusterTimingj <200 ns
PhotonMVA > 0.1

120 MeV< M o < 150 MeV
P o> 210 MeV
daughterAngle< 2.5
jdaughterDi OfPhi j < 1.3

PID(Binary) >0.1

Continuum suppression CSMVA>0.96

BO

Mpe> 5:275 GeV

Signal-Enhance

0.08< E[GeV]<0.04
0.6<m  o[GeV=c?] <0.9
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FIG. 19. Distributions of the variables used in the selection. The gray region corresponds to the
selected region in the optimal selection.
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3.7. Best candidate selection

We rank signal candidates in each event based on the sum of reduced chi-squared values
given by,

2 X 2

BO o .

ndeo 0. o ndf o

1

sum of reduced ? =

2, and 2, are calculated in the vertex tand ° mass-constraint t, respectively.
Figure 20 shows the number of candidates in longitudinal- and transverse-polarized signals
after applying the optimized selection described in Section 3. On average, there are 1.189
candidates per event for longitudinal-polarized signal samples and 1.050 candidates per event
for transverse-polarized signal samples. The e ciency of this best candidate selection is 94%
for longitudinal-polarized signal samples and 98% for transverse-polarized signal samples.

FIG. 20. (MC) Number of candidates in longitudinal- (left) and transverse-polarized (right) signal
samples after applying the optimized selection
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3.8. Summary of the selection optimization

Figure 21 and Table 12 shows the number of events at each selection step in run-
independent simulated samples.

Selectior Signal| Self-crossfeefl qq BB
Pre-selection1770.1 (16.3% 8679.410027239.8187870.6
PID |1701.0 (15.7% 8011.0 6692667.3138702.3
1477.2 (13.6% 2690.9 2246153.2 40492.6
011307.5 (12.1% 1786.1 1516142.1 24266.5
Mpc(1196.2 (11.0% 866. 321055. 5608.3
CSMVA| 504.4 (4.6% 275. 2486. 1433.8

TABLE 12. Number of events at each cut in the run-independent simulated sample

FIG. 21. Number of events at each cut in the run-independent simulated sample

Table 13 shows the number of events remaining after the optimized selection in the
run-dependent simulated samples and run-dependent signal MC scaled to 363fb
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TABLE 13. Number of events after the selection with run-dependent simulated samples (363 fb')

Components

Number of events

Longitudinal signal
Self-crossfeed (Long. signal
Transverse signal
Self-crossfeed (Trans. signa

qq
BB

38

406.8
1411
7.4

) 0.6

2265.5
906.2



4. SIGNAL EXTRACTION FITTING
4.1. Fitting strategy

In this analysis, we aim to measur®; f_; Scp; and Acp. The tting is split into two steps:
signal-extraction tting and CP violation tting. CP violation tting needs avor tagging
information, which can be correlated with variables used in the signal-extraction tting and
potentially introduce bias. The two-step tting process helps to avoid this bias. In the
signal-extraction tting, only B and f| are measured without avor tagging information.
The t parameters are E, m o, cos , and CSMVA outputs, without avor tagging
output. After that, an event-by-event signal fraction is calculated from the results of the
signal-extraction tting using E, m o, cos , andqr bins. The avor tagger output qr
is binned with the bin edge 0, 0.10, 0.25, 0.45, 0.60, 0.725, 0.875, and 1.0. CReviolation
tting is performed using this fraction. The t parameters in the CP tting are only Scp
and Acp. In this section, we discuss signal-extraction tting.

4.2. Signal extraction tting

To measure the yield of each component, we tE, m o,cos ,and CSMVA output.
CSMVA output is transformed using probability integral transformation that makes the
signal distributions atten [14] to make PDF modeling simpler. We call the transformed
CSMVA output as T¢. Figure 22 shows the variables' distribution in the t region.
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FIG. 22. Distribution of the tting variables for B! *  decays reconstructed in simulated
samples after the best candidate selection.

4.3. Peaking backgrounds

SomeB decays have a di erent distribution from otherB B backgrounds that are treated
as peaking backgrounds. Firstly, somB decays have the same nal state particles as the

signal mode, such a8° ! (! 9 0 In this case, all particles from the peaking
background decay are reconstructed &! * , causingthem to peakinthe tting region.

In addition, K misidenti cation can contribute to peaking backgrounds. In case where
K misidenti cation occurs in K 0 0 nal states, the resulting decay may resemble
a signal. For example,B®! K(@892) (! K 9 (! %) is a peaking background
decay mode due tK misidenti cation. Another cause of the peaking backgrounds is
combinatorial e ects. For example,B° ! O is likely to be reconstructed as a signal

with one ° from the tag side.

All decay modes included in the MC samples are checked, listed, and categorized to re-
duce bias arising from the peaking backgrounds. Table 14 and Table 15 show the peaking
backgrounds, and Figure 23 and Figure 24 show theE distributions of the peaking back-
grounds. The peaking backgrounds are categorized into three types. Category A consists
of decay modes that make a clear peak inE distribution, with many remaining after the
selection. As they can signi cantly a ect the signal yield, they are individually modeled and
tted mode by mode. Category B consists of decay modes that do not make clear peaks in
the E distributions and do not remain too much but potentially have CP violation. These
modes do not a ect the signal yield too much, but could potentially bias the CPV parame-
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ters. They are also treated mode by mode in this analysis, and the systematic uncertainties
due to their CPV parameters are considered. Category C consists of decay modes that don't
remain much, don't make a peak in the signal region, and don't have CPV e ects. In the
prior studies, such as those conducted by Belle and BABAR, they were treated as peaking
backgrounds. In contrast, thanks to the improved selection performance, their e ects are
much smaller in this analysis. Consequently, these decays are summed up and treated as a
single "rare" peaking background category, rather than on a mode-by-mode basis.

Table 14 and Table 15 also numbers of remaining events and those uncertainties used
in the t. For modes with measured branching fractions, the yields are xed. On the other
hand, the yields are oated for the modes without measured branching fractions, and the
modes without measured branching fractions in category C are summed up and oated
as "rare peaking”. OnlyB°! a, andB ! a, are exceptions to this approach.
Although the branching fraction of B! a,  has not been observed, an upper limit has
been set to beB(B°! a, ) < 61 10 % by [15]. We assumed the branching fraction
for this mode to be (30 30) 10 ®. The branching fraction forB ! a2 has not been
measured. We approximateB(B ! a? )' (f =f )?B(B ! & ), wheref. =m. .
The systematic uncertainty is calculated to be within 100% of the estimated value.

TABLE 14. Peaking backgrounds from B°. Modes with a branching fraction assigned a 100%
uncertainty are unmeasured.

Decay mode B 10° Npg category Floated in the tting
Bor + 0 10 10 79.2 E peak yes
BOI ¢ 00 10 10 115 E peak yes
BO1 a;(1260)" 30 30 3.8 E peak no
BO1 K ?(892) 103 26 16.3 E peak no
BO! Kg(1430) 28 12 15.1 E peak no
Bor *+ O 30 30 30.2 no peak, CPV yes
BO! a;(1260) 26 5 14.3 no peak, CPV no
B! ag(1260) © 10 10 3.5 no peak, CPV no
BO1 k200 23 23 0.0  no peak, no CPV yes
BO! KJZ(1430) 10 10 0.0  no peak, no CPV yes
BO1 * 230 2:3 0.0 no peak, no CPV no
B01r 000 10 10 2.3  no peak, no CPV yes
BO! fy(980) ° © 10 10 1.3  no peak, no CPV yes
BO1 1 0 10 10 0 no peak, no CPV yes
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TABLE 15. Peaking backgrounds from B . Modes with a branching fraction assigned a 100%
uncertainty are unmeasured.

Decay mode B 106 Npg category Floated in the tting
B*1 *+ 0 109 1.4 84.7 E peak no
B* ! a;(1260)F * 20 6 9.6 E peak no
Br1 +0 24 1.9 53.8 no peak, CPV no
B* ! a(1260) © 26 7 37.7 no peak, CPV no
B* ! *a;(1260)f 50 50 0.0 no peak, CPV no
B*! K* * 51 2.9 3.5 no peak, no CPV no
B* I Kg(1430y © 11:9%%9 8.5  no peak, no CPV no
B! Kj(14300 * 10 10 0.0  no peak, no CPV yes
B*1 * 00 10 10 7.3 no peak, no CPV yes
B*!r * * 10 10 7.0 no peak, no CPV yes
B* ! ot 10 10 1.0 no peak, no CPV yes
Bt1 + 00 10 10 7.3 no peak, no CPV yes
4.4. Fit model

We determine the signal branching fraction, the longitudinal polarization fraction, and
the yields of the components with an extended maximum likelihood t of the unbinned
distributions of the tting variables. Table 16 summarises all the t models we apply, and
the detailed descriptions for each component are in Appendix 2.

Biases can happen if the correlation of the variables in the six-dimensional plane is not
considered correctly. Figure 25 shows the correlation in cos and E. To consider this,
we sliced the simulated samples with E and then made a PDF for cos  distributions for
each slice. We evaluate two-dimensional correlations in each combination of the t variables
and t components, and the correlation is considered in the same way only if there are large
correlations.
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FIG. 23. E distribution of B? peaking backgrounds in the simulated samples. The number of
events is normalized to the area.

FIG. 24. E distribution of B peaking backgrounds in the simulated samples. The number of
events is normalized to the area.
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FIG. 25. Correlation between E and cos for longitudinal signal transverse signals
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TABLE 16. Summary of t models for each event type. bG: bifurcated-Gaussian, BW: Breit-
Wigner formula, CX: X-th order Chebyshev polynomial function, L: Linear function, C: Constant,
and d: double. jx implies that the correlation with X is considered. Yields of the peaking
backgrounds whoseB is already measured are xed, and the yield of the others is oated. For the
self-crossfeed events, the ratio to the signal is xed, but the total yield is oated.

E m ( 0) CSMVA cos Constraint on the yield
Longitudinal signal dbG BW C1 Templatej g Free
SxF ( Long. signal, 2 ) bG BW+ C1 C1 Template jcos Fixed fraction
SxF ( Long. signal, not 2 ) bG BW+ C1 Ci Template jcos Fixed fraction
Transverse signal dbG BW C1 Templatg g Free
SxF (Trans. signal) bG BW+ C1 C1 Template jcos Fixed fraction
qq Cc2 BW+ C1 Templatej ¢ Templatej, Free
BB C2 Cc2 Templatej ¢ Templatejm Free
C2 BW+ C1 exp(ax+b)+c Template Fixed to MC expectation
Bor + 0 dbG Templatej, , Templatej ¢ Templatejcos Free
Bor + 00 dbG c1 Templatej ¢ Templatej ¢ Free
BO! a, exp(ax)+bx+c BW+ C1 Template j g Template External input
BO! K * dbG Templatej,m, C1 Template External input
BO! Ko" Cc2 Templatejm C1l Template External input
BO! 0 Cc2 BW+ C1 Template| Template Free
BO! aj dbG Templatejm C1l Template External input
BO! a0 dbG Templatej, , Templatej ¢ Templatejcos Free
BO! (o7 BW+ C1 c1 Templatejm External input
B ! 0 Cc2 Templatejm C1l Templatejm External input
B ! & dbG BW+ C1 c1 Templatejm, External input
B ! 0 dbG BW+ C1 C1 Template jm External input
B ! a 0 dbG BW+ C1 C1 Template External input
B ! ad exp(ax)+bx+c BW+ C1 Template j g Template External input
B ! K Cc2 BW+ C1 C1 Template External input
B ! Ky, © bG C1 C1 Templateim External input
Rare peaking backgrounds dbG BW+ C1 C1 Templatgcos Free
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4.5. Likelihood

The likelihood we use is given by
L( E, m 0; COS , OCJB,fL,NBB,qu,N + O,N + 0 O;Na‘f O;Nrarepeaking)

Je N; N’Eot ) )
N1 [BfL LnggPl + B(1 fL) rnggPr+
ol

BngsfL LKsci2 Pt 2 + BNeafL LKeei1 Pleri 1
+Bngg (1 fL) tKserr Pager +
NagPgq + NesPes +XN P!+
N/P/
I= peak
I;
where

B: Branching fraction,

fL: Longitudinal polarization fraction,

ngs : Number of theB? and B?,

N;: Number of events in category,

i Total e ciency

kj: Signal self-crossfeed ratio,

P/: j's probability distribution function, and
subscript |

L: longitudinal-polarized signal

T: transverse-polarized signal

scfL 2 : self crossfeed longitudinal with two correctly reconstructed

scfL 1 : self crossfeed longitudinal with one or less correctly reconstructed
scfT: self crossfeed transverse

BB: BB background

qg: qq background

peak peaking backgrounds.

In tting, we X k; from the simulated samples, the signal e ciencies are shown in Table
17 and the ratio is shown in Table 18.B, f_, and N;s are oating parameters. The
free parameters in the ts areB, f_, number of BB, qq B! * 00 B0 o
BO! * 0 BO! &% 9 and rare peaking backgrounds. The shape parameter ofE
distribution for BB backgrounds is also free to oat.
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Components  |E ciency

Longitudinal Signal| 3.93%
Transverse Signal | 7.08%

TABLE 17. Signal e ciency after the optimized selection

Components  |Ratio

SxF (Long. 2 ) | 0.19
SxF (Long. < 1 )| 0.16
SxF (Trans.) 0.08

TABLE 18. Ratio of the self-crossfeed signals to the correctly reconstructed signal

4.6. Estimator properties
4.6.1. Result of the tting to MC samples

We sampled the simulated samples randomly with replacement and conducted tting.
The statistics of the simulated samples correspond to 363 fb Figure 26 shows the t
results, and Figure 27 shows the signal-enhanced plot derived from the tting. Table 19
shows the selection criteria for each variable to enhance signal visibility. The dataset and
PDF in the t are well-matched. Table 20 lists the tting results. All the tted values are
consistent with the input values.

Variable \ Selection
E[GeV] [0.6<m o[GeV=c’] <0.9
O¢ >0.96

m o[GeV=c’]| -0.08< E[GeV]<0.04
0.6<m o[GeV=c’] <0.9

O¢ >0.96
Oc -0.08< E[GeV]<0.04
06<m o[GeV=c?] <0.9
cos -0.08< E[GeV]<0.04
0.6<m o[GeV=c?] <0.9
O¢ >0.96

TABLE 19. Signal-Enhance selection for the plot
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TABLE 20. Result of tting to MC samples

Parameter Fit result  Input
B( 10 9) 27.1 25 277
fL 0.989 0.033 0.99
N 2318.7 83.1 2265.5
Ngg 819.6 76.1 906.2
Ngoy + o 153.0 88.6 23.9
Ngo, + oo -116.5 535 7.9
Ngo; 0 233 237 6.6
Ngoy a9 o 56.2 32.1 29.4
NRare 23.6 50.0 30.2

FIG. 26. Result of the tting to 363 fb ! of MC samples
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FIG. 27. Signal-Enhance plot of the tting to 363 fb ! of MC samples
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4.7. Fitter validation
4.7.1. Bootstrap study

To validate the biases of the tting procedure, we repeat the t to samples that are
randomly sampled from the simulated samples many times. That is called a "bootstrap"
study. Table 21 shows the size of the MC samples used in the bootstrap study. All samples
are generated considering the run condition di erences in the data. The sample size for each
iteration corresponds to 365 fb! which is the same size as the data. We performed 500
iterations to estimate the bias.

Table 22 and Figure 28 show the results of the bootstrap study, and Figure 29 shows the
correlation among the t parameters. While some of the tted results show slight biases, the
biases of the physics parameters are smaller than statistical uncertainty, which is acceptable.

Sample \ Size of the total samples
Signal (Long.) 4033842 events (141 ab')
Signal (Trans.) 9904845 events (34000 al})

qq,BB 1443.999 fb 1

Peaking backgrounds( Fixed ) | 495261 events ( 17-50 ab' depending on the mode )
Peaking backgrounds( Floated )4033842 events ( 70-500 abt depending on the mode )

TABLE 21. Size of the MC samples used in the bootstrap study

Parameter Mean Input Mean (Pull)  Std. (Pull)

B( 10 ©) 274 0.1 27.7 -0.108 0.047 1.033 0.033
fL 1.002 0.001 0.990 0.306 0.047 1.042 0.034
Ngq 2275.4 2.6 2265.5 0.116 0.045 1.003 0.032
Ngg 853.9 25 906.2 -0.697 0.046 1.014 0.033

Ngo, + o 561 3.4 239 0.336 0.055 1.210 0.039
Ngo, + oo -76 23 7.9 -0.322 0.057 1.253 0.041

Ngo, 0 19.1 0.8 6.6 0.472 0.046 1.022 0.033
Ngo, ag © 386 11 294 0.249 0.046 1.025 0.033
Nrare 426 1.7 30.2 0.195 0.048 1.055 0.034

TABLE 22. Result of the bootstrap study. Uncertainties come from statistical uncertainty of the
number of generated bootstrap samples.
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FIG. 28. Pull of the bootstrap study
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FIG. 29. Correlation of the t parameters
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4.7.2. Linearity test

A linearity test to physics observables was performed to understand the biases due to
the physics parameters. In this test, the sample was the same as for the bootstrap study,
and the number of signal events was changed depending Brand f_ . Figure 30 shows the
results of the linearity test. Although the bootstrap study indicates that the tted results
are a little biased, it was observed that the sizes of these biases do not depend onBrend
fL so much. The observed biases are included in the systematic uncertainty and are not
major sources of it, as described in the dedicated section on the systematic uncertainties.

FIG. 30. Result of the linearity test for B and f| using the simulated samples.

53



5. CP FITTING
5.1. t resolution of the signal

The measured t is a ected by the detector response. To take this into account, the

t resolution needs to be understood and should be considereddR tting. Firstly, we
model the t resolution using the simulated samples. We testedt tmc distribution
where tyc is a decay-time dierence ofB, and B, without detector resolution. The

t resolution function used in this analysis is similar to that in Ref. [16] and is given as a
function of 't t  tMC with a parameter , as follows.

R( t; ):(1 fOL)F\)core( t; )+fOLROL( t; )

Reoe (8 )= fai) G( t man S main )
+ (1 fep)G( 6 @i Stw@i )

+ fexp G ( t; tail +'S tail ) (27)
(1 fr)exp ( t=c )+ frexp,( t=C )
fain ( )=fmax erf(; =1, =1)

Ro( t; )=G( t0 o)

where

¢, I.e., the uncertainty on t from the vertex tting

" G(x; ; ) is the Gaussian distribution of mean and width

exp, (x) = exp(x) wherex > 0, and exp (x) = 0 otherwise. Similarly for exp (x)
main ; Smain are the mean and width (in units of ) of the main Gaussian
wil Sl are the mean and width of the tail Gaussian

c is an exponential constant describing the length of the exponential tails

fwi () is the fraction of events belonging to the tail part of the distribution (tail
Gaussian or exponential tails), as opposed to events belonging to the main Gaussian.
fwi Is itself a function of  as explained in more detail below

f exp IS the fraction of events belonging to the exponential part of the resolution function
(as opposed to the purely Gaussian part).

fr is the fraction of events in the exponential tails that belong in the right tail (as
opposed to the left tail).
( This equation and text above are cited from Ref. [17].)

foL is the fraction of the outlier part of the resolution.
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A

RoL: The outlier part of the resolution. The mean is xed to 0, and the o_ is xed
to 200 ps.

This resolution function is a standard and widely used in the Belle Il analysis. However,
some di erences were found inth&°! *  samples, and the t failed with this resolution
function. This is because of the di erence in the decay and the analysis software. The cause
of the issue mainly comes from the modeling for the fraction of the tail. Figure 31 shows the
di erence in the fi; modelling betweenB®! * andB°! D . In this validation,
all resolution function parameters were xed except fof ; , and the tting was performed
to the samples in each region. fi,; was modeled using the error function in the nominal

modeling, but bothB! * andB°! D show the discrepancy from the function
when is large. In addition, intheB ! *  analysis, the vertex resolution is worse than
B°! D in average because the vertex position is determined using only two charged

. It means that the e ects in the large region become signi cant, leading to the failure
of the tting. It may not be a major issue with the current statistics, but it could potentially
become an issue with larger statistics in the future analysis. So, we modi ed the modeling.

FIG. 31. The dierence in the fj modeling betweenB ! * andB°! D

To improve the modeling for the large region, the fi; modeling is updated using a

Bifurcated Gaussian function and O set. Figure 32 shows thé; tting for B ! *
samples. Equation 28 shows the updated,; modeling.

frai ( )= fmax(; =1, r="Ffgr; L=1L)+ C, (28)
where

" fii : Fraction of the tail component.

fmax: Constant parameter to scale the bifurcated Gaussian term.

~ b Bifurcated Gaussian function.
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" f : Mean of the Gaussian. It is shared in both the right and left parts.
" fr;fL: of the Gaussian for the right and left parts, respectively.

" G, . Constant.

FIG. 32. Updated f;j modeling forB ! *

Resolution function tting was performed to the simulated signal samples using the up-
dated resolution function model forB ! * . Figure 33 shows the tted resolution
function, and the model describes the sample well. Table 23 lists the parameters obtained
from the tting. The performance of the resolution function is also checked in eachregion
and gr bin, and Figure 34 and Figure 35 show the results. The resolution function works well
inall andqr bin regions. To validate the t resolution function shape in the data, we used
B°! D . Itisdicultto determine all the resolution function parameters simultaneously,
and some of the parameters are xed in the validation. The systematic uncertainty of the
resolution function is also assigned for the xed parameters in the tting. It is discussed in
Section 8. We also performed studies about the bias @P parameters due to the di erence
in the resolution shape between the signal and control mode, and due to the method to
validate the t resolution using control mode. It is shown in the Appendix 7
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FIG. 33. Fit result of the resolution function to B%! *  signalMC samples. The number of
signal MC samples is more than 200 times the expected signal yield with 363f8

Parameter Fit result Floating in data
foL 0.0015 0.0002 No
c 472 0.19 No
fr 0.23 0.01 No
fexp 0.19 0.01 No
main -0.14 0.01 Yes
tail -0.68 0.06 Yes
Smain 1.15 0.02 Yes
Stail 2.0 0.07 Yes
oL 200.0 2.0 No
(o 494 0.39 No
fre 0.26 0.03 No
f exps 0.11 0.01 No
main6 -0.08 0.02 Yes
tail6 -0.34 0.05 Yes
f 0.34 0.02 No
fr 0.24 0.03 No
fL 0.12 0.03 No
f max 0.12 0.01 No
Crt 0.26 0.03 No
N 100002.3 316.24 Yes

TABLE 23. Fit result of the resolution functionto B°! *  signalMC samples.

57



FIG. 34. dependence of the resolution function t to signalMC samples
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FIG. 35. gr bin dependence dependence of the resolution function t to signalMC samples

5.2. t modeling for the signal
5.2.1. Longitudinal signal modelling

Time-dependent CP violation parametersScp and Acp, are measured using the decay-
time di erence between the signaB ! *  decay and the tag sideB° decay in (4S) !
BPB? events. Equation 29 shows the PDF for the decay-time di erence, with the time
di erence de ned as = sig tag) Where g and 4 are the decay times of signal and
tag sideB mesons, respectively. represents the lifetime oB°, mq is B® mixing frequency,
q is the avor of the tag-side B meson, withq=1 for B® andgq= 1 for B°, and Scp and
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+

Acp is the time-dependent CP violation parameters foB !

P( )= PP Iy gseosing my )+ Acecos(mg ) (29)

In the real data, it is impossible to measure directly. Instead, t is the decay time

di erence measured via the decay vertex di erence along the boost axis.t is measured from
the vertex position and is a ected by the t resolution described in section 5.1. Furthermore,
even if there are no detector resolution e ects, and t are dierent values because the
calculation of t is projected onto the boost direction, and it does not take into account
the motion of B meson in (4S) rest frame. Equation 30 shows tyc, that is the measured

t without detector response, wher&k = &' 0:225, with g being the velocity of the B

meson in (4S) frame and being the velocity of the (4S), = gt tag IS the sum
of the decay times of the signal and tag side B mesons, andis the polar angle ofng
momentum with respect to the boost direction in the (4S) frame. This e ect is called

kinematic approximation.

tme = + K cos (30)

Equation 31 shows the PDF for the cos, which is derived from the spin=1 nature of
(4S). Figure 36 shows the distribution of cos of the signal MC and the shape of the
PDF, indicating that both share a similar shape.

P(cos )= 2(1 cog ) (31)

This kinematic-approximation approach has been validated [17].
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FIG. 36. cos distribution of the signal MC and PDF

Another source of the discrepancy between the ideal case and real data is the misiden-
ti cation of the avor of the tag-side B°. To account for this misidenti cation e ect, the
following parameters are adopted for the PDF used in the time-dependent t: the wrong
tag fraction ! = %(! go + ! B, ), the wrong tag fraction dierence ! = (!go I'go ),

tag tag tag
. . 0 0
and the eciency dierence = %% where!gy and!gy denote the wrong tag

o *+
B tag B tag

fractions for B® and B respectively, and"Btog and "go represent the tagging e ciencies for
a tag

B? and B?, respectively. We xed the wrong tag fraction parameters to the results of the

GFlaT paper [10]. Figure 37 compares the signal with the reference, demonstrating good

consistency between them.

0
tag

Equation 32 shows the t distribution taking into account the kinematic approximation,
t resolution functionR( t; ), wrong tag fraction ! , wrong tag fraction di erence !,
and e ciency di erence ,

PDF t;;q)=
Zlobs( q) Zl Zl

dcos 2(1 cog ) d tuc d

1 1+ K (si;n ;M(t:,\jc cos
1 n (32)
2—exp— 1 g!+q@ 2)
o]

+al 2w)+ (1 g W)[Scpsin( mg )+ Acpcos( mg )] R ( t )

1
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FIG. 37. Comparison of the wrong tag fraction parameters betweerB®! *  signal MC and

reference value [10]. The rst column shows the wrong tag fraction, the second shows the wrong
fraction di erence between B tag and B° tag, and the third shows the e ciency di erence.
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5.2.2. Lifetime tting

We validated the tter before applying it to CP violation parameters by tting to t
distribution without avor information. In this validation, t parameters are the lifetime of
B? and the resolution function parameters, which would be determined in the tting to the
control samples. The PDF utilized in the tting is the same as Equation 32 except for the
avor information. Equation 33 shows the PDF for the tting.

z, 5 z, z,
PDFos( t;:q)= dcos 21(1 cog ) tme t d
1 1 1+ K (sign )M?MC cos (33)
1
— — R t;
5 exp ( t)

The tting is performed to a simulated sample of the signals, and the tted results
are shown in Table 24 and Figure 38. The t agrees with the data very well, and the
tted resolution function parameters are consistent with the t results to the t tme
distributions. In addition, the tted BP° lifetime, , is consistent with the MC truth value,
and the resolution function parameter does not introduce bias into the estimation of tH&?°
lifetime. As shown above, the tter works well.

Parameter| Fit result |t twc tresults or MC truth |Floated in the t

1.513 0.008 1.519 Yes

foL 0.0015 0.0015 No
c 4.72 4,72 No
fr 0.23 0.23 No
oxp 0.19 0.19 No
main -0.05 0.03 -0.14 Yes
tail -0.75 0.08 -0.68 Yes
Smain 1.13 0.03 1.15 Yes
Stail 229 01 2.0 Yes
oL 200.0 200.0 No
Cs 494 4.94 No
fre 0.26 0.26 No
fexpe 0.11 0.11 No
mainé -0.1 0.08 -0.08 Yes
tail6 -0.06 0.2 -0.34 Yes
f 0.34 0.34 No
fr 0.24 0.24 No
fL 0.12 0.12 No
f max 0.12 0.12 No
Chu 0.26 0.26 No
N 100000.13 316.23 100000 Yes

TABLE 24. Fit result to the t distribution of the simulated signal samples
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FIG. 38. Fit projection of the t tting to signalMC samples

5.2.3. CP tting

CP tting to the simulated samples of the signal was performed. The CP violation
parameters for the simulated parameters are set t8cp = 0:14 andAcp = 0:00 which is
the same as the world average. The PDF for the tting is described in Equation 32, with
all the resolution function parameters xed to the t results for the t tme distribution.
The shape of the resolution function and the parameters of the wrong tag fraction were
adjusted according to thegr bin value. Table 25 and Figure 39 show the tting results, and
the tted values are consistent with the input values. The tted distribution agrees with the
data. Figure 40 shows thegr-bin dependence of the tted distributions. The tter works
well in all the gr bins.

Parameter\ Fit result \MC truth
Acp -0.004 0.005 0.00

Scp -0.144 0.007 -0.14
N 183251.3 428.1 183251

TABLE 25. CP t results to signal MC samples
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FIG. 39. CP t projection to signalMC samples. Scp = 0:14 and Acp = 0:00.

FIG. 40. gr bin dependence of the CP t to signalMC samples.

To validate the tter, a bootstrap study was performed. Figure 41 shows the result of
the bootstrap study for CP tting to the simulated samples of the longitudinal signal. The
CP violation parameters are set to be the same as the world average, whiclsgg = 0:14
and Acp = 0:00, and the number of the events in each bootstrap sample is set to 500,
that is the expected signal yield in a dataset of 365 f3. The results show that the tter
is not biased, and error estimation is accurate. Figure 42 shows the linearity test for the
CP tting. The same bootstrap study was performed in the test while changing the CP
violation parameters. The tter shows good linearity in all the CP violation parameter
regions. The pull value ofScp in Figure 41 appears slightly biased, but it can be attributed
to the statistical uncertainty inherent in the total signalMC samples because the results
demonstrate the good linearity ofScp.
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FIG. 41. Bootstrap test of the CP tting to signalMC samples

FIG. 42. Linearity test of the CP tting to signalMC samples

5.2.4. Transverse signal modelling

Transversely polarizedB ! *  decays contain both CP-Even and CP-Odd contri-
butions and do not show CP violating e ects. Therefore, the transverse signal must be
modelled separately from the longitudinal signal in both the signal extraction tting and
the time-dependent CP violation tting. The vertex of the transverse signal is correctly
reconstructed, thus the t distribution follows the B lifetime distribution that is a ected
by the detector resolution and kinematic approximation. Considering then, the t PDF for
the transverse signal is Equation 33. Figure 43 shows the tting result, and Table 26 shows
the tted and MC truth values. The tter works well, and the tted values are consistent
with MC truth. When tting to real data, the lifetime is xed to the PDG values, and the
resolution function parameters are xed to the t results from the control-mode study.
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Parameter Fit result t tme tresults or MC truth |Floated in the t

1.530 0.008 1.519 Yes

foL 0.0 0.0 No
c 4.67 4.67 No
fr 0.24 0.24 No
fexp 0.21 0.21 No
main -0.14 0.04 -0.16 Yes
tail -1.18 0.12 -0.63 Yes
Smain 1.14 0.04 1.15 Yes
Stail 266 0.14 2.09 Yes
oL 200.0 200.0 No
Cs 5.14 5.14 No
fR6 0.11 0.11 No
f expé 0.09 0.09 No
mainé -0.04 0.09 -0.11 Yes
tail6 -0.43 0.25 -0.33 Yes
f 2.0 2.0 No
fr 0.27 0.27 No
fL 0.07 0.07 No
f max 0.18 0.18 No
Ct oy 0.3 0.3 No
N 100000.13 316.23 100000 Yes

TABLE 26. t tresult to the transverse signal samples

FIG. 43. t t projection for the transverse signal using the simulated samples.

5.2.5. Self-crossfeed signal modelling
As described in Section 2, the self-crossfeed signals, which are mis-reconstructed signal

events, are categorized into 2Sxf and< 2 Sxf. The 2 Sxf is expected to have the same
t distribution as the signal because it has two correctly reconstructed and has the same
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vertex position as the correctly reconstructed signal. In contrask 2 Sxf is expected to
have a di erent t distribution from the signal because only one from the signal is used

in the vertexing. However, it still has a part of theCP violating e ects from the signal.
Figure 44 shows the t distribution di erence between the signal and self-crossfeed. The

2 self-crossfeed has a distribution similar to that of the signal, with any small di erences
potentially attributed to the di erences of the gr-bin distributions. Figure 45 shows the

di erences in the t resolution between self-crossfeed and signals, while Figure 46 shows
the di erence in the gr distribution between signals and self-crossfeed. On the other hand,

< 2 self-crossfeed events show a distribution di erence from the signal as expected because
of the mis-reconstructed vertex position.

FIG. 44. Comparison of the t distribution between signal and self-crossfeed in the simulated
samples.
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FIG. 45. t resolution di erence between the longitudinal signal and 2 sxf using signal MC

FIG. 46. gr di erence between the longitudinal signal and 2 sxf using signal MC

Figure 47 and Table 27 show the CP tting results to the 2 SxF samples. The CP pa-
rameters are consistent with the MC truth, and the tted distributions match the data well.
The 2 SxF samples display the distribution di erent from those in the signal extraction
tting, but they can still be utilized as a signal in the t tting.

Parameter\ Fit result \MC truth

Acp -0.012 0.011 0
Scp -0.134 0.016| -0.14
N 42124.0 205.2 42124

TABLE 27. CP Fit result to run-dependent simulated sample of 2 SxF events
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FIG. 47. CP t projection for 2  self-crossfeed signal in the simulated samples.

The distributions for < 2 SxF samples are di erent from the signal distributions because
at least one charged track from the signal is missing in the reconstruction. To account for this
di erence, it is necessary to revise the lifetime parameter,, which originally corresponds
to the BO lifetime. In the < 2 SxF, the vertex position is determined using one or fewer

from the signal combined with one or more charged particles from the tag side decay.
This results in the B? lifetime appearing di erent. Table 28 and Figure 48 show the CP
t results with xed  and oated |, respectively. In both cases, there is no signi cant bias
on the CP parameters. However when the t is performed with a xed lifetime, the tted
result shows a discrepancy. This discrepancy is migrated by applying an e ective lifetime.
In this analysis, we used the modelling with an e ective lifetime.

Parameter\ Fit result \MC truth Parameter\ Fit result \MC truth
Acp | -0014 0012] 0 Acp | -0014 0013] 0
Scp -0.132 0.022 -0.14 Scp -0.128 0.021 -0.14

1.259 0.01 1.519 1.519 1.519
N 31805.0 178. 31805 N 31805.0 178. 31805

TABLE 28. CP Fit result to run-dependent simulated samples of < 2 SxF events
(Left: With e ective lifetime, Right: With xed lifetime)
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FIG. 48. CP t projection for the simulated samples of < 2 self-crossfeed signal.
(Left: With e ective lifetime, Right: With xed lifetime

5.3. t modeling for the backgrounds
5.3.1. qq modelling

The PDF used for theqq is shown in Equation 34. Table 29 and Figure 49 show the
results of the tting to the t distribution for ggq samples using Equation 34. The tted
distribution matches the samples well. The shape will be calibrated using,. sideband
data and xed in the tting to the signal region.

Poo( 1)=(1 fwi)G( t ;Sman )+ faiG( t S i ) (34)

Parameter\ Fit result

0.002 0.003
f tail 0.05 0.0
Smain 1.38 0.01
Stail 9.11 0.21
N 24970.0 158.0

TABLE 29. Fit result to the t distribution for gg samples using the simulated samples.

5.3.2. BB modelling

The BB backgrounds consist of theB? decay, and the t distribution looks similar to
the BC-lifetime distribution. However, most of the B candidates are combinatorial, so the
lifetime appears to be shifted, akin to the behavior observed ik 2 SxF (Section 5.2.5).
The PDF to model the t distribution for BB is the same as Equation 33 with theB°
lifetime as a oating parameter. All the resolution function parameters are xed in the
tting, and the t parameters are and N. Figure 50 and Table 30 show the results of the
tting, and Figure 51 shows the qr-bin dependency of the t PDF. The tted distribution
matches the samples well, and the the estimated lifetime is slightly shorter than the actual

71



FIG. 49. Fit projection to the t distribution of gq samples in the simulated samples.
( Left: Linear scale, Right: Log scale )

BO lifetime. The tted e ective lifetime di ers from the results from the < 2 SxF tting,
and therefore an e ective lifetime tting is necessary for each type of sample.

Parameter\ Fit result

1.39 0.02
N 57470 75.8

TABLE 30. Fit result to the t distribution of BB in the simulated samples.

FIG. 50. Fit projection to the t distribution of BB in the simulated samples.
( Left: Linear scale, Right: Log scale )
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FIG. 51. gr bin dependency of t PDF for BB background using the simulated samples.

5.4. Modeling
Equation 35 shows the t PDF modeling for the  backgrounds. The parametrization

is the same PDF which is for theqq backgrounds. Figure 52 shows the t result to t
distribution using the equation, and it agrees with MC well.

P ()=(1 fwi)G( t ;Sman )+t fwiG( ;S ) (35)

FIG. 52. t modeling for  background using simulated samples.
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5.5. t modeling for the peaking backgrounds

The peaking background modes provide a di erent t distribution, which needs to be
modeled separately from the generig B backgrounds. Although the shape of these peaking
backgrounds is similar to the generi® B backgrounds, the e ective lifetime is di erent. To
consider this, t tting to each peaking background mode was performed. The PDF used
for this tting is the same as that described in Equation 33, and the t parameters are
N and . Table 31 and Figure 53 show the tting results. The e ective lifetime varies
depending on the decay modes and needs to be modelled for each mode. Figure 54 shows
the tted distribution for each peaking decay mode, and all tted distributions agree with
the dataset.

TABLE 31. Fitted lifetime to simulated samples for the peaking background modes

Mode |Fitted lifetime

Bor + 0 1.546 0.007
Bor + 00 1.540 0.011
BO! a 1.375 0.016
BO! K * 1.480 0.038
BO! Ko" 1.446 0.064
BO! 0 1.396 0.016
BO! af 1.541 0.066
BO!I ad © 1.443 0.006
BO! 1.423 0.017
B ! 0 1.462 0.006
B ! a 1.505 0.017
B ! 0 1.430 0.009
B ! a © 1.403 0.012
B ! ad 1.399 0.015
B ! K 1.324 0.048
B ! Ky © 1.466 0.016
Rare peaking backgrounds$1.558 0.009
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FIG. 53. Fitted lifetime to simulated samples for the peaking background modes

FIG. 54. t modelling for the peaking background modes using simulated samples.
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5.6. Fit model

Equation 36 shows the PDF used in the tting. i;j run over t components, which
include Longitudinal-signal, Transverse-signal, self-crossfeed (and < 2 ), qq, BB, and
the peaking backgrounds.P; is the PDF for each components, andl; is the event fraction
for each t component. Utilizing the PDF for the signal extraction described in Section 4,
the probability associated with each t component of the event was calculated. The CSMVA
output is not utilized in this calculation due to its signi cant correlation with the gr bin.

P (qgr) represents the event fraction within each gr bin. Figure 55 displays the event fraction
for each gr bin, which is incorporated into the calculation of the event fraction. P(r)
demonstrates the power to separate signal from background. The shape of thePDF and
the resolution function are determined by thegr bin. Therefore, to mitigate the risk of bias
due to the Punzi e ect [18], theqgr bin must be included in the process of signal extraction.

X
P( t)= NifiPi( t)

i
SPi( Esm - o;m  ojcos *;cos )Pi(r) (30)

f, =1
' (Pi( E;m .+ o;m  o;cos *;cos )Pj(r)

FIG. 55. Event fraction in each gr bin estimated by the simulated samples.
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Table 32 and Figure 56 show the results of t tting to MC samples, and Figure 57
shows the likelihood scan result foBcp and Acp. The dataset utilized here is identical to
that described in Section 3. The obtained results are in good agreement with the inputs, and
the tted distribution closely matches the dataset. Figure 58 shows the S-plot of the tting.
Here, only the longitudinal-signal contribution and the t results are plotted. The S-plot
is compared to the signal MC distribution in Figure 59. The signal distribution extracted
through the tting agrees with that of the MC truth.

Parameter| Fit result  |Input

A ]0.087 0.1220.000
Sep |0.080 0.170-0.14

TABLE 32. Result of the CP tting to simulated samples corresponds to 362 fb 1.

FIG. 56. Result of the t tting to simulated samples corresponds to 362 fb !
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FIG. 57. Likelihood scan for xcp and Acp.

78



FIG. 58. S-plot of t tting to simulated samples corresponds to 362 fb 1
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FIG. 59. Comparison of MC distribution and S-plot obtained from the signal extraction tting to
simulated samples corresponds to 36® 1!
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5.7. Fitter validation
5.7.1. Bootstrap study

A bootstrap study is conducted to validate the CP tter. The dataset and the sampling
method in this study are the same as in Section 4.7.1. To avoid the overestimation of the t
bias, we performed the study while changing the sign gf randomly for qgand BB samples.

It is because they have ar asymmetry within the statistical uncertainty and it can make
a bias in CP parameters. The details are discussed in Section 6 Figure 60 and Figure 61
show the results of the bootstrap studies. Table 33 lists the values of the bootstrap results.

FIG. 60. Fitted Scp and Acp in the bootstrap study using simulated samples. The statistics of
each sample correspond to 362 fot. The dashed lines represent PDG values 08cp and Acp.

FIG. 61. Result of the Bootstrap study for CP tting using simulated samples. The statistics of
each sample correspond to 362 '
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Parameterl  Mean  |Input| Mean (Pull) | Std. (Pull)

Scp -0.118 0.005-0.14/0.130 0.0450.984 0.032
Acp 0.006 0.004/0.000/0.046 0.0450.993 0.032

TABLE 33. Result of the Bootstrap study for CP tting. Uncertainties come from the statistics
of the number of bootstrap samples.

5.7.2. Linearity test

A linearity test was performed to check a bias depending on tieP parameters. Samples
applied for this test were the same as the bootstrap study described in Section 5.7.1, with the
exception of the signal samples. SignalMC was generated and used only for the longitudinal
signals. Figure?? shows the results of the linearity test. The tted results are slightly
biased due to the correlation with the peaking backgrounds, but the magnitude of the bias
is acceptable in all theCP parameter regions.

FIG. 62. Result of the linearity test for the CP tting

As illustrated above, the methods forCP tting are ready and are validated using MC
samples.
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6. ANALYSIS VALIDATION

Before the data tting, we validated and estimated data-MC discrepancies for signal-
extraction tting and CP tting.

6.1. E and m o shape

We perform Data/MC comparison by analyzing the control channelB ! DO(!
K * 9 ( 9). We use the simulated samples that have twice larger statistics than
the data. The decays are reconstructed by applying the selections shown in Table 34 to
reduce the signal signi cance. The applied selection of photon?, , and is the same
asincase oB®! * . We apply the same corrections for tracks and photons as in the
case ofB°! * . We extract a reconstructed candidate with the smallest sum of reduced
2 in a collision, as given by,

20 X 20
sumofreduced > = —2> + :

ndeo o . o ndf o

DO’

We check the distributions of the tting variables as shown in Figure 63. In the E and

m o distributions, the Data-MC discrepancies are clearly seen. Here, we investigate the
data-MC discrepancy for any shifts and/or variations in the distributions of each variable.
The Data-MC discrepancies of CSMVA output are discussed in Section 6.3.

The assessment of the Data-MC discrepancy was carried out through a systematic ap-
proach. Initially, MC samples were employed to model the distributions of E, m o, and
transformed CSMVA output for D | self-crossfeedBB, and continuum samples. The t
models are summarized in Table 35. We veri ed the feasibility of accurately estimating
the yields via a simultaneous t of the three variables using MC samples. The t results
are shown in Figure 64 and Table 36. The self-crossfeed ratio was determined from MC
truth information and was xed in the t. Next, we introduced shift and fudge factors that
alter the shapes of E and m .. For all Gaussian functions included in the models of

E, a common fudge factor and shift width are applied as follows: + w ¢ and K E.

TABLE 34. Summary table of the selection for charged kaons, neutral D mesons, and charged B
mesons in reconstruction.
target particle selection and tting
K all
jdrj <0.5 cm
jdzj <2 cm
theta in CDC acceptance
chiProb>0
PID(Binary) >0.6
DO 1.8 GeV< M < 1.95 GeV/c?
mass-constraint kFit
B My >5.274 GeV/c?
j Ej<0.15 GeV
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FIG. 63. Data-MC dierences in B! DY . The statistics of the MC samples are twice as large
as that of the data, therefore it's scaled.

TABLE 35. Summary of t models for each event type in the control study. bG: bifurcated-
Gaussian, BW: Breit-Wigner formula, L: Linear function, and d: double.

E m o CSMVA
DO dbG BW dG
SxF dG BW+L dG

gq expf(ax)g+ bx+ c BW+L dG
BB expf (ax)g BW+L dG

Here,w g represents the shift width,k g is the fudge factor, and and are the mean
and standard deviation of the Gaussian. For all Breit-Wigner formulas, a common fudge
factor and shift width are also applied as followsmg + wy,, , and o kyn ,. Here,wy,
represents the shift width,k,, , is the fudge factor,mq is the resonance mass, andp is
the nominal width.  and k, along with the yields, were treated as oating parameters in
ts. We determined the fudge factors and shift widths through a simultaneous t against
the data samples. The tresults are summarized in Figure 65 and Table 37. We concluded
that w g is ( 7:60 0:46) MeV, k g is 1:141 0:015,w,, is ( 9:82 0:67) MeV=¢?, and
km is 1025 0:014.

TABLE 36. Summary of MC t results.

Parameter Fit result MC truth

Npo 590258 3034 59102
Ngq 651953 3872 5066
Ngg 308034 4668 32156
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(@ E (b)) m o (b) log-transformed CSMVA

FIG. 64. Simultaneous t results in the run-dependent simulated samples.

(@ E by m o (b) log-transformed CSMVA

FIG. 65. Simultaneous t results in the data.

TABLE 37. Summary of data t results. The units of w g and w,, are MeV and MeV=c?,
respectively.

Parameter Fit result
Npo 247798 3803
Ngq 20633 3166
Ngg 140909 6400
W g 760 046
k 1:141 0:015
Wm 9:82 0.67
Km 1:025 0:.014
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6.2. Resolution function
6.2.1. Fitting procedure

B°! D * is a control mode for the resolution function utilized in theB® ! *
analysis. According to Figure 66, the MC-based t resolution forB® ! *  exhibits
similarity to that for B® ! D . To validate the shape of the resolution function, we
performed a lifetime ttingto B®! D  * samples. The t parameters are theB °-lifetime
and resolution-function shape parameters. The PDF applied in the tting is identical to
that speci ed in Equation 33. Table 38 and Figure 68 show the tresults t8°! D *
signalMC samples, indicating successful implementation of the tter. Figure 67 shows the
comparison between the tted results toB°! D * and the t tuc t results to
B%! * or MC truth. The tted results are in agreement with the truth values, sug-
gesting this mode is suitable for use as a control mode for the resolution function.

FIG. 66. Comparison of the t resolution betweenB®! *  signal MC andB°! D signal
MC
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Parameter Fit result MC truth or t tue fitresult |Floated in the t

1.522 0.008 1.519 Yes
foL 0.0015 0.0015 No
c 4.72 4,72 No
fr 0.23 0.23 No
fexp 0.19 0.19 No
main -0.04 0.06 -0.14 Yes
tail -1.17 0.13 -0.68 Yes
Smain 1.17 0.05 1.15 Yes
Stail 233 0.19 2.0 Yes
oL 200.0 200.0 No
Cs 4.94 4.94 No
fre 0.26 0.26 No
fexpG 0.11 0.11 No
mainé -0.02 0.12 -0.08 Yes
taile -0.51 0.27 -0.34 Yes
f 0.34 0.34 No
fRr 0.24 0.24 No
fL 0.12 0.12 No
f max 0.12 0.12 No
Cr,, 0.26 0.26 No
N 100000.13 316.23 100000 Yes

TABLE 38. t resolution function t result to the simulated samples of BO! D

FIG. 67. Comparison between tted and MC truth resolution function parameters.
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+

FIG. 68. t resolution function t projection to MC of B°! D samples.
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E was used to extract theB® ! D * signals from backgrounds. Table 39 lists
the expected event counts for each component in the tting regions. Figure 69 shows the
distributions of the variables in those regions. The PDFs for E, correspoding to both the
signal and background components, are summarized in Figure 70. The signal, self-crossfeed,
andB°! D K™ are modelled using triple bifurcated GaussiansBB is modelled with a
combination of a rst-order Chebyshev polynomial and a bifurcated Gaussiamgis modelled
with a rst-order Chebyshev polynomial. The PDF for t associated withqqand BB is the
same as the PDF in theB®! *  signal region. The PDF for the signal, self-crossfeed,
andB°! D K" is the same as the PDF foB®! * , excluding CP-violating e ect.
The oating parameters in the tting are the lifetime of B°, the shape parameters of the
resolution function, and the number of signalsgg, and BB events. The number of the
B°! D K™ and the ratio of the self-crossfeed events to the signals are xed to the MC
expectation.

Components \Expected number of events

Signal 4987.5
Self-crossfeed 119.7
BB 359.7

aq 13.6

B D K* 91.8

TABLE 39. Expected number of events atB°! D * tregion in the run-dependent simulated
samples.

FIG. 69. Distribution of the t variables in the tting region in the run-dependent simulated
samples
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FIG. 70. E PDFfor B! D * and its backgrounds in the run-dependent simulated samples

6.2.2. Fitting to the data

Figure 71 shows the t results for theB°! D * preselected dataset, corresponding
to an integrated luminosity of 362 fbl. Table 40 and Table 41 present the yields and
resolution parameters obtained from the t, respectively. These yields and parameters are
consistent with the MC expectations or the t results to MC truth values. A systematic
uncertainty arising from this is discussed in Section 8.

FIG. 71. Result of the ttingtothe B°! D * data
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Parameter| Fit results |MC expectation

Nsignar |2987.7 58.8  3234.3
Ngg | 330 17.6 3.0
Ngg |201.9 334 218.0

TABLE 40. Fitted yield of the signals and backgrounds in B%! D * tting to data.

Parameter| Fitresult |MC truthor t tme fitresult |Floated in the t

1.515 0.038 1.519 Yes

foL 0.0017 0.0017 No
c 4.25 4.25 No
fr 0.23 0.23 No
f exp 0.21 0.21 No
main -0.03 0.11 -0.14 Yes
tail -0.67 0.25 -0.67 Yes
Smain 1.13 0.2 1.15 Yes
Stail 3.26 05 1.91 Yes
oL 200.0 200.0 No
Cs 4.66 4.66 No
fRG 0.24 0.24 No
fexp6 0.11 0.11 No
mainé 0.1 0.28 -0.09 Yes
wie | -1.43  0.71 -0.3 Yes
f 0.33 0.33 No
fr 0.27 0.27 No
fL 0.12 0.12 No
f max 0.14 0.14 No
Cry, 0.26 0.26 No

TABLE 41. t resolution function tresultto B°! D * data.

6.3. Continuum suppression e ciency
6.3.1. Fitting procedure

To validate the signal e ciency of the continuum suppression, we measured the yields of
B°! D * with and without the continuum suppression. The tting with a continuum-
suppression cut is detailed in Section 6.2.1, and the tting approach without the continuum-
suppression cut and the data-MC ratio of CSMVA e ciency are covered in this section. To
extract the B®! D  * yield, we performed a t applying the PDF parameterizations for

E the E, which are consistent with those explained in Section 6.2.1 while determining
the parameters by tting to the run-dependent simulated samples without the CSMVA
selection. Figure 72 shows the modeling ofE distribution for each component.
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FIG. 72. E PDF for B! D * and backgrounds without CSMVA selection in the run-
dependent simulated samples

6.3.2. Fitting to the data

Figure 73 illustrates the tresults, and Table 42 lists the tted yields without the CSMVA
selection. Using the results shown in Table 40 and Table 42, the Data-MC ratio of the
CSMVA e ciency is measured to be 108 0:03. We corrected the signal e ciency with the
data-MC ratio, and calculated the systematic uncertainty using the statistical uncertainty
of the data-MC ratio.

Parameter| Fit results |MC expectation

Nsignal |9448.0 110. 11074.8
Ngg 10321 119. 605.8
Ngg |701.6 135.9 926.6

TABLE 42. The tted yields of the signals and backgrounds in B®! D  * tting without
CSMVA selection in the data.
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FIG. 73. Result of the ttingtothe B! D  * data without CSMVA selection

6.4. Background t PDF

The o -resonance data and the data in anMy. sideband region are utilized to validate
the shape of the t PDF for BB and qg. Here, the sideband region is de ned as:34 <
Mpc < 5:26. Figure 74 compares the distributions of t and gr bins between the signal box
and the sideband region using run-dependent simulated samples. The shape in the sideband
region is similar to that in the signal box. It indicates that the sideband data is useful for
the validation. The tresults to the t distribution of the o -resonance data are presented
in Figure 75. The tted values listed in Table 43 exhibit good agreement with expectations.

93



FIG. 74. Comparison of t and gr bin distribution of ggand BB background in Signal box and
sideband region using the run-dependent simulated samples

FIG. 75. Fitting to the o -resonance data
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Parameter| Fit result |MC expectation

0.003 0.01 0.003
f 1ail 0.1 0.02 0.051
Sman  |1.312 0.05 1.382
Swi  |5.702 0.64 9.525

TABLE 43. Result of the tting to o -resonance data

Validation of the shape of the t PDF for BB was performed using theM. sideband
data. The t for this validation was conducted with t and E as the variables. As in the
B! * tting, the tting processes are split into two steps: signal-extraction tting
and t tting. The t PDF shape forqg samples is xed to the results of the tting to
the o -resonance data. Floating parameters are the number @fg and BB events and the
e ective lifetime of BB backgrounds. Figure 76 and Table 44 show the t results. The
systematic uncertainty in the e ective lifetime due to the uncertainty of the o -resonance
tting is included. All the parameters show a good agreement with the expectations from
MC simulations. The systematic uncertainty related to the precision of thggand BB t
PDF shape will be discussed later.

FIG. 76. Fit projection to the My, sideband data

Parameter| Fitresult |MC expectation| Sample

BB 1.289 0.173 1.414 Sideband
0.003 0.017 0.003 O -resonance
f tail 0.1 0.02 0.051 O -resonance
Smain 1.312 0.052 1.382 O -resonance
Stail 5702 0.641 9.525 O -resonance
Ngqg |2771.8 199.5 2552.3 Sideband
Ngg 1222.2 195.8 1305.7 Sideband

TABLE 44. Result of the ttingto My sideband and o -resonance data
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6.5. cos PDF shape

6.5.1. cos PDF shape forggand BB backgrounds

The cos PDF shape was validated by utilizing samples iy, sideband region de ned
above. The Data-MC discrepancy in cos is appreciable, as illustrated in Figure 77. Sim-
ilarly, large discrepancies inP and P o appear in Figure 78. Both discrepancies in uence
cos . Compared to the discrepancy irP o, the discrepancy inP is more pronounced while

it was not found in B°! D , as shown in Figure 79. Thus, it is considered that the
Data-MC discrepancy is due to the mis-modelling afg backgrounds.

FIG. 77. Data-MC di erence of cos in the sideband region

FIG. 78. Data-MC di erence of P and P o in the sideband region
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FIG. 79. Data-MC dierence of P inthe B! D * samples
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FIG. 80. Comparison of the data-MC ratio in P distribution between sideband data and o -
resonance data.
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FIG. 81. Data-MC correction using 2D P distribution using o -resonance data

FIG. 82. Data-MC di erence of cos in the sideband region after the correction

Figure 80 shows a data-MC di erence comparison between o -resonance data and side-
band data, and both distributions demonstrate good agreement with each other. The Data-
MC discrepancy inP can be described by the mis-modelling ajg. Assuming the BB
samples are accurately represented in MC simulations, we evaluated the Data-MC ratio for
gg samples in theP distributions using o -resonance data, and Figure 81 shows the result.
In consideration of the Data-MC discrepancy, we corrected cosPDF shape by weighting
the MC samples ofgq using Data-MC ratio of P . The corrected cos distribution, shown
in Figure 82, reveals signi cantly enhanced concordance between the data and model pre-
dictions. The remaining Data-MC di erences are included in the systematic uncertainties.

6.5.2. cos PDF shape for the signal
We also evaluated the cos data-MC discrepancy of the signal usingg ! D°

The selection is the same as in 6.1. Figure 83 shows the data-MC discrepancy in cos
distribution. In this evaluation, the number of events is xed by the tresultto E,m o,
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and the transformed CSMVA outputs which are shown in Table 37. We estimated the data-

MC discrepancy of the signal component by subtracting the background e ects considering
the data-MC discrepancy ofBB and qq backgrounds shown in Section 6.5.1. Figure 84

shows the data-MC discrepancy after subtracting the background e ects. There are some
discrepancies, but the systematic uncertainty is acceptable. It will be discussed later.

FIG. 83. data-MC discrepancy in cos distributionin B! D° data.

FIG. 84. data-MC ratio of cos signal PDF after subtracting the background e ects.

100



6.6. CP Fit validation using B9! D
6.6.1. Mixing

We performed mixing tto B! D data. B! D decayis a avor-specic decay
and B °B° mixing can be measured by usingr and the charge of . The tting is performed
to E and t. The E PDF for all components and the t PDF except for the signal are
the same as that were used for the t resolution function calibration usingB®! D data
which is shown in??. Equation 37 shows the t PDF for the signal, whereq is a product
of taggedB° avor and the charge of the  from the signal. It is the same as the3 !
signal without CPV e ects but the mixing is included. The free parameters in the tting
IS, Nsignai, Ngq Ngg, and  mg. The t resolution function shape parameters are xed to
the same value as Table 41.

EDFobs( t;;q)=

1 3 z 1 z 1
dcos Z(l cog ) d twc o d
1 1 K@) (g e (37)
iexp — R(C )1 qg!+qg@ 2)]

2
+[ql 2w)+ (1 g w)cos( mg )]

Table 45 shows the t results and tted lifetime and mixing frequency were consistent
with the world average. Figure 85 shows the t projection, and the tted distribution agrees
with the data well.

Parameter| Fit |MC expectation

1.497 0.027 1.519
mg |0.503 0.016  0.507
Nsignal |4499.9 72.0  4987.5
Ngg | 45.8 235 13.6
Ngg |261.9 41.1 359.7

TABLE 45. mixing tto B! D data
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FIG. 85. Mixing tresultto BY! D data. The left shows the total t projection for the
opposite and same avor, and the middle and the right show the t projection for each avor.

6.6.2. CP t

We also performed aCP tto B°! D whoseCP parameter is consistent with O
within its uncertainty to validate the t t analysis procedure. The tting procedure is
almost the same as Section 6.6.1 but only 2 things are changed. Firstly, fprwe only used
avor tag information and didn't use avor information from the signal side. Secondly, we
used the same t PDF asB%! * signal forB°! D . Table 46 shows the t result,
and the tted CP parameters are consistent with 0. The t projection is shown in Figure 86
and Figure 87.

Parameter| Fit |MC expectation
Nsignar |2987.8 58.8 3234.3
Ngg | 335 17.4 3.0
Ngs |201.4 333| 2180
Acp 0.018 0.036 0.0
Scp 0.031 0.053 0.0

TABLE 46. CP tresultto B! D data.
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FIG. 86. Fitresultto B! D data.

FIG. 87. Asymmetry plot of the ttingto BY! D data.

6.7. CP Fit validation using B°! *

6.7.1. Lifetime t

We validated t modeling and tting by doing a lifetime tto B°! * samples. Inthe
validation, the avor tagging information was not used. all t parameters are masked. We
oated BP lifetime and only checked the lifetime. The tted lifetimeis =1:41 0:13 ps

which is consistent with the world average. The t projection is shown in Figure 88
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FIG. 88. The lifetime t projectionto BC®! * data. ( Left: Total t projection, Right: Fit
projection in the signal-enhanced region. )

6.7.2. CP t with a random tagging

We also performed a validation for theCP t by doing a tto B°! * data with
random avor tagging while keepingjrj value. Table 47 shows the result of the tting, and
the tted CP parameters were consistent with 0. Figure 89 and Figure 90 shows the t
projection.

Parameter\ Fit

Scp 0:070 0:186
Acp 0:079 0121

TABLE 47. CP ttothe B%! * data with random avor tagging
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FIG. 89. CP ttingto B®! *  data with random avor tagging in the signal-enhanced region.

FIG. 90. Fit projection for the CP tin the each gr bins.
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7. RESULTS

We perform tto B°! * data. Figure 91 shows the t projections to the variables
for the signal-extraction t. We obtain

B(B°! * )= 2:89%%3 10°; (38)
fL =0:9219 92 (39)
where the uncertainties are statistical only, with a statistical correlation coe cient of 0:11.

Table 48 shows the yields of the signal and background yields.
We then performed a tting to extract CP violation parameters. We obtain

S= 026 019 (40)
C=0:02 012 (41)
where the uncertainties are statistical only, with a statistical correlation coe cient of 0:06.

Figure 92 shows the t projections in the best avor tagging bin atq= 1 and background-
subtracted distribution.

Component \ Yields
LP signal 4363*2:%;5

; WAL
TP signal 65:4 225
LP signal (SxF) 1510452
TP signal (SxF) 5:6;131%
. +/6:
qq B 14102 757
Combinatorial BB 8492"733
BOr + 0 4497’5
BOr * 00 98:0"%%3
Bor * 0 AR
BO! af © 320"%
\rare peaking" backgrounds| 31:9"%>3

TABLE 48. Yields of the signal and background components obtained by the signal-extraction
tting.

In the CP tting, the event by event fraction was xed to the t result in the signal
extraction. The CP parameter uncertainty should include the uncertainty of the statistical
uncertainty of B or f_ in the signal extraction t. To estimate the uncertainty, CP t was
performed while changingB or f_ within the uncertainty in the signal extraction tting.
Figure 93 and Table 49 show the observed bias whBnor f is varied. Table 50 shows the
guadratic sum of all observed shifts.
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