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Motivation

* Has not been observed yet, not in PDG
* Belle is more sensitive to this decay than LHCb
* Rare decays are sensitive to BSM physics

* Test the theoretical prediction:
—Br (B, K° 7°) = (2.25 + 0.33) x10
Hai-Yang Cheng, Cheng-Wei Chiang, and An-Li
Kuo; PRD 91, 014011 (2015) (Updating B=>PP,VP
decays in the framework of flavor symmetry)
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ighal Monte Carlo generation

 Generated (using mc!modugpmscri%ts) 100,000 - events in proportion to
cross sections for B, B,", B,'B,, B.B_ production at Y(5S) and distributed
over BELLE data samples (53, 67, 69, 71) according to data statistics

* Signal decay: vy, K, is decayed by Geant (Br(K, = w*nt") = 68.61% in
Geant)

Decay My-B_sO
1.000 K_SO My-piO PHSP;
Enddecay

Decay My-anti-B_s0

1.000 K_SO My-piO PHSP;
Enddecay

Decay My-pi0

1.000 gamma gamma PHSP;

Enddecay End




MC truth
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Selection criteria for signal event
candidates

* K,:

— nisKsFinder (standard selection, BN#1253)
o 70;

— They are from standard Mdst_piO bank

— Mass constrained fit

— Additional criteria in next page
* B.:
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Z: Selection of daughter photons

=T for signal ¥ candidates and selection of
signal t candidates

e Selection criterion applied to photon energy:
— Detected in the barrel calorimeter: E, >50MeV

— Detected in the endcap calorimeters: E, >
100MeV

* Selection criteria applied on signal t°
candidates
— Momentum of xt° : P(xt%) > 100 MeV
— % of m®mass constraint fit : y?(n°) < 50

— nt¥ invariant mass before mass constraint fit: M(t°)
> 120 MeV and M(m®) < 150 MeV
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GoodKs selection

 86.5% of signal MC events have
only one signal candidate

« £=55.2%(37,440/67,795) for
signal MC events which have at
least one signal candidate

fficiency and number of candidates per event in signal MC
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* 86.2% of signal MC events have
only one signal candidate

» £=58.8%(39,845/67,795) for
signal MC events which have at
least one signal candidate
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The efficiency improves by an number of ~6.5% (relative, i.e. (58.8-55.2)/55.2)
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st Candidate Selection based on
of mass constraints

© W2 =X 0 P ke verten - DESE B candidate has
the smallest 2.

I -
% of MC Tagged candidates that are the best candidate 96.9%
% of best candidates that are MC Tagged 93.1%
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g Skimming of Y(5S5) data and
generic MC

e Same selection criteria are used to do the
skimming

* We have produced skims of six streams of
generic Y(5S5) MC, and four Y(5S) Belle data

samples
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* We used 6 streams of generic Y(55) MC
— SO-5

* Number of events satisfying skimming
selection criteria:

Stream Number _______Events ___________
SO 119,912
S1 119,812
S2 119,973
S3 120,056
S4 120,344
S5 120,438

Data 155,300

10
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MC (before background su

ground oredictions according to gendy

opression)

mm-mmm
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Almost all background comes from continuum production of light quarks (uds and charm)
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e kit for Multivariate Analysis (TMV¥

wawy . |
LRy

y 4
N i/
4

O e
R P
[8
1
o L

e TMVA is used to perform the multivariate classification

— Cuts: Rectangular Cut Optimization

— Likelihood: Projective Likelihood (PDE Approach)
— LD: Linear Discriminant identical to Fisher

— Fisher: Fisher discrimination

— MLP: Artificial Neural Networks (Non-Linear Discriminant
Analysis)

— MLPBFGS: ANN with optional training method

— MLPBNN: ANN with BFGS training method and Bayesian
regulator

— CFMIpANN: Depreciated ANN from ALEPH
— BDT: uses Adaptive Boost
— BDTG: uses Gradient Boost

12
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Input variables for TMVA

e vr2:the ratio of the second and zeroth Fox-Wolfram moments
(https://kds.kek.jp/indico/event/3808/contribution/25/material/slides/0.pdf)

* vthrust (i.e. |cos0y,]) : 6, is the angle between the thrust axis of the Bs
(candidate) and the thrust axis of the rest of reconstructed particles

(charged tracks and photons of energies above 50 MeV)

* cosbt (i.e. |cos0,,]): 0,,is the angle between the thrust axis of the Bs
(candidate) and the beam axis

e 16 Kakuno-Super-Fox-Wolfram (KSFW) moments

See Nakao’s talk on 2009 Belle Analysis school
(https://kds.kek.jp/indico/event/3808/contribution/25/material/slides/0.pdf)

19 variables are used for TMVA: vr2, vthrust, cosbt and 16 KSFW moments

13



=3 aining and validation MC samples™="

* Signal: only best MC-tagged candidates are used

* Background: part of one stream of generic MC

— Only best candidates are used

To train TMVA discriminators we use similar numbers of
generic background and signal MC events



-0.03 -0.02 -0.01 O

Input variable: kOhso14

001 002 0.03 0.04 0.05
kOhoot

%@ o

Input variable: kOhs020

3 nJ%ﬁg“ ' j ' E i
e Background q
T —§ =~
g s ¥
: g H
I
3
3
o o ST Ty
g ¢ 2
s § S -
3 25 L
z g £ °
- s T =f B
H
0f 9
i
H

002 004 006 0.08 01 012 0.14

kOhoo2

(UN)dN 1 0.0196

kOhso14

WO fiaw (5,8 {0.0, 8.07% {0.0, 8.07%

(1N) dN 1 0.0167

(1N)dN 1 0.0182

O flow (5,8):{0.0, 8.07% 1{0.0, 2.01%

(IN)dN £ 0.0253

WO fiaw (5,8 {0.0, 8.07% /{0.0, 8.07%

WO fiow (5,8):{0.0, 8.07% 0.0, .01%

WO flaw (5,8 {0.0, 8.07% {0.0, 8.07%

H
%
:
{

Input variable: kohood

(1N) dN 7 0.00851

Input variable: kohoo3

WO fiaw (5,8):{0.0, 0.01% /0.0, 8.0%

(1IN)dN 1 0.00178

Input variable: kOhso22

001

O-flow (5,8):{0.0, 8.01% 0.0, .0%

002 003 004
kOhoo3

(1N)dN /0.0203

WO flaw (5,8):{0.0, 2.01% 0.0, .0%

(IN)dN £ 0.0256

O flow (5,8): {0.0, 8.07% 0.0, 0%

vthrust

Input variable: kOhood

Input variable: kOhso00

Input variable: cosbt

(IN)dN 1 0.0242

01 02 03 04 05 05 07 08 08
cosbt

3
H §

s
< §
g H
E :

WO faw (5,8 {0.0, 8.07% /0.0, 8.07%

LO-flow (5,8):{0.0, 8.07% 0.0, 8.01%

H
:

(UN)dN 0.0311

04

15

WO fiaw (5,8 {0.0, 8.07% /{0.0, 8.07%

O-flaw (5,8):{0.0, 0.01% 0.0, .0%



Signal Background
Correlation Matrix (signal) Correlation Matrix (background)
Linear correlation coefficients in % Linear correlation coefficients in %
cosbt | 3 8 6 14 7 51 5 7100 100 cosbt | Brgg -t ol 2-7-8 1-5-4 21014 5 910100 100

Tl 1.1 21411 673 15 215 J8oo 7 LT R 13 310 -2126 2 10125 1-3 -8 2 180010

"r323-19-18 110 1 5-3888 1512 1611 10088 5 ell5 76 @8 1188 7118 8 71008 9
Y2 36 2 4136125 10100 -1 YN 410 7 24 255 2.4 1 38467007 1 5
P d.5 9 5 42184 116 5 7100101115 5 KOhso22 B84 2112-3 1-6 2620067 8 214
eTY 4:30 6 -2 17 -1 1120 2 2-20 3 4100 7 16 2 KOhs020 110  8-26-19 -9-10 -9 -4100623%7 -8 10
P84 .17 1111 333100455 7 kOhso14 23 24-2112-5887100-4 2 3 8 2
KOhso12 [+ i B 15 310013 316 212154 kOhso12 186 -1 19392312 69100719 1 11-3 -4
TSI 730M8 5 6 2 5-45 1100 3 320 1 115 - kOhso10 2 13 -1 7-57-38-201006989-10 -6 -4 7-11 -5
8.3 415 1 42 1001 3246 -36 kOhso04 2184187 7110020125 -9 1 2 1
WIS 91319 5 2 2 1100 15 218 38867 -8 (UIPYY 233112927 -4380 4 27 69100 71-38-23-12-19 -3 :
(RS2l MB 1013 4 51001 2-45 | 1-20 2 P 46 B I =3 128 4 10100 msms.m-zaqz -5 -825 .7
Y al 615 M8 71008 245 1114 R0 8124 B8 10010 7 1924 821 251910 p)
kohood [ v IEAINIE AU DR Sl 1 28 1100 4 4 2 4 -1
YT R93 1526 2100 74813 5 1 6 4 117 5 kohoo2 | '~ U 1‘23“13‘23 10‘24‘26 -4
ISR 4 1000288 101 54 9 kOhoot | & i (i .-4. -3 -4 2 2
kohooo B Tl ¢ - s‘ I 47609 kOhooO 82'100 18 22 2714‘2011 12 11 7 -6 10 -8

6010088 415 2 6 -1-30 8521008 -3 25 1 83629 1122 17 6-32:22-10 -7 3-77
PR 00-60-85 =342 -1411-52 -2 -3:87 -2 -4 4/-5 2128 -1 WNOR00-52-82 1:40 -1:20-46:31-17-28-18111 -5 -4 5-13/11

16



D

TMVA overtraning check for lassifer: LD
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22228 Background rejection vs signal efficiency

Background rejection versus Signal efficiency Background rejection versus Signal efficiency
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« BDTG and CFMIpANN exhibit the best performance and better
shapes

* When the background rejection rate is about 85%, the signal
efficiency is about 86%
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MVA output (C,,) for signal and '
generic MC (using CFMIpANN)

* Convert Cy, to C,/

min
' CNN - CNN

C..=In
" CN;X - CNN

Crir~04 and Cyy'=0.998
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Signal fitting

e Data set

— Signal data set
e 100K Y(55)=>Bs* Bs* exclusive MC

— Generic MC data set
e 1 stream of Y(5S) generic MC

* Signal region:
— AE >-0.2 and AE < 0.04

—M,.>5.4and M, _<5.425
— Cyn(CFMIp) > 0.4

20
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Components My [AE____________ [Cw

Signal MC Crystal Ball  Crystal Ball Bifurcated Gaussian

Generic MC Argus 2 order RooPolynomial Bifurcated Gaussian

21
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= Signal fitting status
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Summary

» Selection program has been written, we validated our program using
signal MC; best candidate selection is now based on ?

 Generic MC is used to study background.
* TMVA is used to implement background suppression.
— ldentified BDTG and CFMIpANN as the best discriminators

— The training and validation samples are in excellent agreement with
each other. No indication of overtraining has been observed

— For these two discriminators (BDTG and CFMIpANN ), when the
background rejection is about 85%, the signal efficiency is about 86%

— Neural Network output (C,,) and the converted variable C,/ are
now calculated in the analysis program

e Started to develop the fitting model



End
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Additional slides
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TDC values for daughter photons (one vs the other)
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Red: both TDCs = 0 (8 events)

Black: only one TDC=0
(40819 events)

Magenta: BOTH TDCs are =0
(116977 events)

Thanks to Vikas Bansal for sharing with us his expertise concerning this matter

26




D

<o

Yy Invariant mass

All Y(5S) data after applying selection criteria for signal
even candidates. Only signal piO candidates are shown.
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No need to worry about out-of-time hits in Y(5S) data in this analysis



