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Motivation and Details

Lepton flavor violation in B® — #¢ ™ 0 - 4
B T

- e
> Forbidden in the Standard Model
> Predicted to occur in ‘beyond the Standard Model’ theories 2 e muiilser ¢ * L 0
Neutrino oscillation T lepton number 0 * 0 -1
[(B® - e*17) = |Vig| X [V | X T(W - ev,) X T(W - 1v;) X I'(v oscillation) BO = u- Tt
=1.06x 1073 xT illati
_ . X Iy oscillation) u lepton number 0 * 1 0
B(BS - {’ir+) significant constraints of neutrino mixing : sensitivity of 102 [1]
B T lepton number 0 * 0 -1
Research for B¢ — £t7*
o BaBar collaboration (2008) [2]
> Using hadronic tagging method with 378 x 10° BB pairs R .
_ _ Verwm W+ N
o F(BO - ei'l_-l_) < 28 X 10_5 b =1 N N e
> T(B® > p*t%) <22x%x107° Ve
o Belle collaboration (by Hulya Atmacan, 2021) [3] A7 . o
: . . . 6 D5 : Neutrino oscillation
o Using hadronic tagging method(FR) with 771 X 10° BB pairs
> T(B° > e*rT) < 1.6 x 107° +VT
. 0 +.F -5 1 —> > T
r(B° - u*r*) < 1.5%x 10 i VAR e ,
> My research : using semileptonic tagging method(FEI) with 771 x 10° BB pairs Feynman diagram of B® — e*7~ with neutrino oscillation
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Motivation and Details

Selection of decay mode
o Decay modes that Tt to 1 lepton and 2 neutrinos : taking 35.2% of t sub-decay

o Expected to provide high purity and distinct kinematic signature with 2 leptons in final state
o Considered mode
© B® > et (17 > e V) (e-e mode), B® » e*17 (17 - p"V,v,) (e-p mode)

° B 5> u*t7(t7 > e Vv,) (p-e mode), B® - ptt7 (7 - pv,v;) (u-p mode)

Amounts of samples for MC analysis
o Signal MC : 20M events (10 setsx2M/set) for each mode (Belle)
> Background samples (Belle)
> Generic MC: ete~™ — BB (10 stream)
> Generic MC: ete™ — qq (6 stream)
° rareB:b — s,d & leptonic decays (50 stream)
o ulv:b — ufv decays (20 stream)
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Process of the Analysis

BASF2 “s.  Belle Il Software ™. Standard Tools
Further full plans with b2bii ‘\\ - numpy/pandas
S ~,  -ROOT
\, - LaTeX
_mdst ¥ *. - the next cool thing
Tracks .
Clusters o ;
Likelihoods \
Skimming }—> ﬁ 1> | basf2 User
' Analysis | :
mdst+ Energy,
Particles .’ < Momentum,
el Mass, ...

...............
-----------------------

.'.'. . .
y Published ___| Analysis | Ntuple | _|
v Paper Note Analysis
lculate MC UL 4
Calculate MC U / >\ X
7
; My goal (ASAP) My step now
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Full Event Interpretation
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How to Reconstruct Signal?

B meson analysis : reconstructing B inclusively or exclusively

o Exclusive attempt : reconstructing one B at tag-side (B...) and next reconstruct signal-side B

tag

° Inclusive attempt : only reconstructing B at signal-side

Something
we need
] T //, Something Something
and...
Bsig // Something // Somethmg
/ szg invisible Slg invisible
et et / et /
_______ > Y(4S) e Y(4S) —mmm===s Y(45)
s~/ ~r / ~ /
( ) Bother Btay Btag

Some

i ) gammas \Somethlng \D_ V \D‘
¥ / AN ™/ NES

- ~ Daughters

L . . Schematic view of B tagging via B = D channel Sch tic vi f B taggi iaB—D h |
Schematic view of inclusive B study BEINE chematic view ot B tagging via 5 = PV, channe
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Inclusive vs. Exclusive B Studies

=
A 4

P

N\ ()

| N —

( )
. J
¥
( )
. J
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Tagging techniques and properties

/ Purity

A

v

Efficiency
Inclusive Semilpetonic Hadronic
B - anything B - DMy, B - hadrons
€ ~ 0(100%) e~ 0(1%) e ~ 0(0.1%)
Something
[ ;need Something / Something
and... and...
Bsig / B // Something B.: / Something
/ { stg invisible / stg invisible
Y(4S) Y(4S) Y(4S)
‘\Some track/ ‘N{" / N{"' /
T Bother Btag B Btag -
gamm/ \Something Vu \D D
/ \ o K? = 0
Daughters / \ g & / \KL
Large statistics Mid-range reconstruction efficiency Cleaner sample and signal kinematics
k Large background (and candidates!) Less information about B,,, due to neutrinos Lower tag-side efficiency
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Reconstructing B with Machine Learning

Full Event Interpretation [4]
o B tagging with MVA (MultiVariate Analysis)

$ o Applied at each particle reconstruction & identification

m > Trained on Fast Boosted Decision Tree (FastBDT)

Something [ECLClusters] 5

eye(]
1039999(]

and...

Something
invisible

SOTOTYIR ]
aye)g
[eury

P

— —
AN
yd

[
[

~N
J
/:1
+
N
=
<=
)
=}
< !
S N
\\ \.‘E N
\‘< \
/ ™
‘13‘8?]8 ojripoutlIajuy

‘ B e e G\ 1./ ; e T e
— A\« o)

Schematic view of B tagging via B — D channel

. J
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Training a Classifier for Final State Particle

Final state particles : 4 charged particles (e, u, i, K) and gamma
o Reconstructed with subdetector information

° Training variables
> Charged particle (e, y, i, K): track information from detectors + kinematic variables

> Photon : deposited energy and shape information from calorimeters + kinematic variables

> Pre- and post-cut condition e e e e e e . o
> To optimize computing resources i [ ECLClusters J i ;E ;:S:
> Before E ................. N W
10 highest PID (e, W) : e; ut K+ ,r+ 7 iii %f 5
o 20 highest PID (m, K) Ay ey ey ARy, ey ey Y SN S mmpuy |
> 40 highest energy (photon) l {{3 ’ [ m } %
o After: output > 0.01 // /// \""“. %
. T /T~ o
. Y, e - / : ,/// 0;
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Training a Classifier for Intermediate Particles

Training for particles as a part of B,
> Particle type : m°, K2, /1, D%, D*, D&, D%, D**, D&*
Training variable : kinematic variables + vertex variables + MVA probabilities of the daughters

Pre- and post-cut condition
> Pre-cut (20 per particles)

° Pgaughter Product (semileptonic or K-long included D) |

> Released energy (hadronic D*) [ ol clusters }

eye(]
1039939(]

° Mass differences (other particles) /\\ ............ -
o Post-cut : probability of particle classifier . +/ N . > 52
€ M K T Y = 2
> output >0.01 (% KJ) or > 0.001 (others) o J - J__JL-_J~ /g8~

.

S~

<

| )

o

o
s\
AVAVA

\\

VAN
Saﬁe],s alBIpaIHIeJIII
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Training a Classifier for B Mesons

Final training for B mesons
o Training variables : kinematic variables + vertex variables + MVA probabilities of the daughters

> Not using any correlated variables with Mj,. (hadronic) or or cosf, ), (semileptonic)

° Pre- and post-cut condition
° Pre-cut : Py, enier Product (20 highest)

o Post-cut : B candidates with 20 highest probabilitieS: __________________________________________________________________________________________________________________________ z o
| [ ECLClusters } g3
,./;’7 N ] N\ ® §

/.//,/ ...... N.\..‘..".‘.-. ..... ISR \ \ ..........

e)g
reury

“”SO[OIJ,IRC[' ......

-
S~
<
S
o
o
- * A\
s\
N,/ /\
\\
/
Saﬁe],s alBIpaIHIeJIII

~N
J

by |/ ]

o |/ i

N
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Advantages with FEI

Advantages of this methods with machine learning

> Access additional information (signal kinematics, charge)

o Optimized to study decay modes including invisible particles

o Requiring no additional particles in event (Completeness)

° Good continuum background suppression due to different event topologies

) adronic 'tagging’
D side
Different event topologies

. (- . - _B_"' ~ Spherical \ Jet-like

- B - et
€ /_/ — /
N1 Signal sid /\ q
n' (w)y by e :
- J :
$ B-mesons Continuum
( ) Calcultaion of m2,;.; using information of pf, ;
- J
5/31/2022
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Advantages with FEI

Advantages of this methods with machine learning

> Access additional information (signal kinematics, charge)
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D side
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€ /_/ — /
N1 Signal sid /\ q
n' (w)y by e :
- J :
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FEI and Skim

Skim conditions after FEI
> FEI probability: loose cut to check the distribution of other variables
o dr, |dz]|

> Distance on (xy-plane or z-axis) between particle creation point and interaction point(IP)

> B? and t will be decayed near IP
o PID cut: taking electron and muon with high probability

° Momentum cut

° ppCut

° pgp cut: threshold cut for skim

10810(0tag)
(Otag: prob. of tagging)

>-2 <2 <4
- ‘ / m PID fore and p Py, (GeV/c) psp (GeV/c)
- ~ elD >0.9, elD > ulD >0.2
>1.45
vl puID > 0.9, uID > elD >0.6
\_ J
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Distributions of Variables

Distribution with e-t mode

logOtag in e-tau, semi mode InvM in e-tau, semi mode pl in e-tau, semi mode
] — 16000
—-Signal — 12000 = —- Signal B —-Signal B
E=bo - 600l oo —|1600 == oo ]
Lo . - L . Lo . —14000
rareB . - o | S rareB N rareB T i
= oo Emn e LT Sl L S F e .
i ] 500(— I J i i ! —12000
18000 - Tt e I ! ]
7 - == . I 1 —{10000
] 400(— —[1000 : I ]
- [ - I —
] C | —8000
{eoo0 b —|800 ! ]
1 - ] l —{6000
r — 600 5
—|4000 200/ 1 -
] B Jaoo —a000
—2000 - ] 3
E 100 200 —12000
7 ]
-16 -14 -12 -1 -08 -06 -04 -02 88 3 3.2 3.4 36 38 2 8

‘ -2 -1.8

E_ECL in e-tau, semi mode cosBDI in e-tau, semi mode mm2 in e-tau, semi mode
Signal ] - = signal 20000 900F [=-Signal
—- Signal —70000 —- Signal -y —- Signal |
EEbb ] 1600 |EEbb i - I bb —12000
e - e . 18000 800 i ) .
= rareB n (B rareB — - - = rareB
—|60000 1400 =t —16000 il oA B
‘ B ulnu ] - B uinu _! l E 700; :J _I_ B uinu i10000
( ) “|s0000 1200 | {14000 g0 ! L ]
] E —12000 c —jéooo
lagogo 1000 ] 500 7
m 300: —10000 = 76000
. — — 400— —
- / {30000 c —{8000 £ .
‘ b 600— m 300— B
_: 20000 F —:GDOU E 74000
( ) ] 4002— 4000 200 ]
i - B E 2000
] 10000 200/ {2000 100?
_ Y, 0 3 %5




Distributions of Variables

Distribution with p-t mode

logOtag in mu-tau, semi mode InvM in mu-tau, semi mode pl in mu-tau, semi mode
—- Signal — 12000 800 i— —- Signal — 1600 —- Signal E
= bb T - B bb N = bb 1
— F _ _ 1 ] —p i ~14000
== rareB 110000 700 — Moa Al == rareB — 1400 == rareB s 5 ]
= e ! i B ulnu ] B uinu I 1 —12000
] = __—1200 ! i ]
B Ml e~ 3 J .
—{8000 T L ! } —10000
i —+{1000 | I -
i . - i 7
- 4 I i .
1000 —|s000 800 ! | :8000
i E i 2
800 - ] I -
;4000 600 I L :6000
600 i . | -
B —400 | —4000
400 —12000 1 1
200 N —|200 —2000
- ] 2
0 . =
‘ -2 -18 -16 -14 -2 -1 08 06 04 02 3.8 4 2
E_ECL in mu-tau, semi mode cosBDI in mu-tau, semi mode mm2 in mu-tau, semi mode
— — 1800 — i 900 —= B
Si | — Si I = Si | -
-ml;gna 770000 r = ml;gﬂa -{18000 £ -ntl,gna 12000
| g ] 1600| B aq _, R 800— . . aq ]
1400 B rareB —60000 F = rareB _[_I | 16000 E 1 B rareB ]
‘ W i 1400| M unu ! | ] 700 — i e 10000
(" D 50000 - ' 14000 £ ] :
1200 4 600—
o —]12000 E
1000 ] E
40000 B 10000 5005
h g “so000 % —gooo  400-
600— ] 200
- —|6000 E
‘ 20000 - ] =
(" ) 400~ —4000  200-
10000 50f- J2000 100
\ Y, 0 03
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TMVA & Optimization




TMVA and Conditions

TMVA [5]: Toolkit for MultiVariate data Analysis with ROOT
o ROOT-integrated project that provides a machine learning environment

— % Toining condition T T N

o 1 . 2
Input variable : cos 0y ¢, , Epcr, Mpiss

3.0<Mp47p<3.2

My :p Not in 3 6<M
. . ¢+1D<3.8
3 ° Precut :in table
.. log 0 10g Oy = —2
] ° Training sample ST 8Ctag
TMVA with . .
AT o 2 streams of background samples p; 16 <p; <28 s|gn3:;t£?:t.on
‘ o 1 sets of signal MC samples
> All signal MCs are 10 sets. Egct Egc, <3

[ ] > Why 2 streams & 2M? SOy pm,  —1<cosfy 0, <1 TI\\//Ia\:g kl)rl\:Sut

‘ o Sufficient amounts of samples to well-train methods m2 semZ,. <20
( )
\_ J
( )
\_ J
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TMVA Methods

TMVA with
precut

¥

o

¥

( )
. J
¥
( )
. J

5/31/2022

Training condition
Method

o

o

o

BDT: Boosted Decision Tree (AdaBoost)
BDTG: Boosted Decision Tree (Gradient boost)

o Decision tree: a set of sequential decision to classification

o AdaBoost(Adaptive boosting): Weight to bad-classificated groups o

> Gradient boost: Gradual training with residual l0g Otag

LikelihoodPCA: Linear decomposition with likelihood .

KNN: classification with the status of nearest neighbor o

MLP: Multi-Layer Perceptron (neural network) Egct

Fisher discriminants: Finding 1-dim. space to classify c0s 0 prg
Miiss

KYUNGHO KIM

3.0<Mp47p<3.2

Notin 3 c<Myy.p<3.8

log Oty = —2

16<p, <28

EgeL <3

—1Sc0593 <1

,D(*){’

—-5<m?,..<20

miss —

T T

Signal extraction
variable

TMVA Input
variables




TMVA Distributions: e-tT

TMVA with

precut

( )
. J
¥
( )
. J
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TMVA overtraining check for classifier: MLP

3 MTTSighal (tlest'sampie) ' ||’ Slgnal (training sample)| ]
E 14 :@ Background (test sample) = Background (training sample)—_
2 Kolmogorov-Smirnov test: signal (background) probability = 0.405 (0.046) n
£ 12 ; —
_— i 1
10 [ —

7]

8

Py

65

]

U/O-tiow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
MLP response
TMVA overtraining check for classifier: LikelihoodPCA

3 12 7] Signal ftest sample) | | | = Signal (training sample) ]
E m Background (test sample) = Background {training sample) |
2 10 [ Kolmogorov-Smirnov test: signal (background) probability = 0.313 (0.051) 7
= L
= C

B —

6 —

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

0 0.2 0.4 0.6 0.8 1
LikelihoodPCA response

TMVA overtraining check for classifier: BDTG

B 7HET'signalltest sdmple) | ' ' | |  Signal (training sample)| |
% :@ Background (test sample) * Background (training sample)
E 6 ;Kolmugorov-&mimuv test: signal (background) probability = 0.305 ( 0.01) ]
- E
~ 5

a-

3 __

UiO-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

08 06 04 02 0 02 04 06 08
BDTG response

TMVA overtraining check for classifier: KNN

3 H7] Signal ftest sample) | | | = Sighal (training sample) ]
E 16 E@ Background (test sample) + Background (training sample)?
2 14 [Kolmogorov-Smirnov test: signal (background) probability = 0( 0) -
= ]
-
=~ 12

10

i

Ui0-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

0 0.2 0.4 0.6 0.8 1
KNN response
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TMVA overtraining check for classifier: BDT

>
©
> 3
-
Z 35
=

;- Sligrllall(téstlsalmble') ‘ "l Silgr;all(lrkirllin'g slanllplle)‘ ]
:@ Background (test sample)

[ Kolmogorov-Smirnov test: signal (background) probability = 0.337 (0.015)

+ Background (training sample)—]

—Hz

18

—Hc

19

e

1z

—q12

J1s

—<

f=3
0.4 -0.2 0 0.2 0.4 0.6 0.8
BDT response

TMVA overtraining check for classifier: Fisher

(1/N) dN/ dx
o=

=y

0.8

0.6

0.4

0.2

HER ] Signal (fest sample)
:@ Background (test sample)
[ Kolmogorov-Smirnov test: signal (background) probability = 0.97 (0.067)

« 'Sighal (training sample) ]

+ Background (training sample)

U/O-tlow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

—2 -1.5 -1 —0.5 0 0.5 1 1.5
Fisher response




istributions: p-t

TMVA with

precut

( )
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TMVA overtraining check for classifier: MLP
[ Signbi (test bample] '

14 :@ Background (test sample)
:Kulmugoruv-ﬁmimnv test: signal (background) probability = 0.382 (0.946) _

W ISilg‘nlaI‘ (irlai‘n‘inlg‘ Jample) .

+ Background (training sample) |

12

(1/N) dN / dx

10

R NN RN

0.1 02 03 04 05 06 07 08 09
MLP response

TMVA overtraining check for classifier: LikelihoodPCA

- ISidnal klraininlg sﬁmplle) I ]

+ Background (training sample)__]

- T T |
_ Signal ﬂlest sample)

:@ Background (test sample)
[ Kolmogorov-Smirnov test: signal (background) probability = 0.473 (0.176)

12

(1/N) AN/ dx

-

0 0.2 0.4 0.6 0.8 1
LikelihoodPCA response

U/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

U/0-tlow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

TMVA overtraining check for classifier: BDTG

'Signal ftest sample) | | T« ‘Signal (training shmple)
v Background (test sample)
Kolmogorov-Smirnov test: signal (background) probability = 0.257 (0.365) 3

+ Background (training sample)_:

(1/N) dN / dx

08 06 04 02 0 02 04 06 03
BDTG response

TMVA overtraining check for classifier: KNN

16 ISiglllal fna.l:tI sa;'anE) o
Background (test sample)

olmogorov-Smirnov test: signal (background) probability =

- ISig:jlnal I(lraa‘ininlg sﬁmp‘le) '
= Background (training sample)
a( 0)

IR

(1/N) dN/ dx
=

0 0.2 0.4 0.6 0.8 1
KNN response
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W/O-flow (S,B): (0.0, 0.0)% / {0.0, 0.0)%

UiO-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

TMVA overtraining check for classifier: BDT

"u‘ 3 isligﬁai (l‘est‘ 1=.alam|pltla)I T Slighai (frainiﬁglsalmﬁleh t %
E @ Background (test sample) + Background (training sample) _|
2 25 :Kulmugoruv-Smimnv test: signal (background) probability = 0.205 (0.384)

= L

=

W/O-flow (S,B): (0.0, 0.0)% / (0.0, 0.0)%

1
0.5
o ad
0.6 -0.4 -0.2 0 0.2 0.4 0.6
BDT response

TMVA overtraining check for classifier: Fisher

3 14 Signal (fest sample) | | * Sighal (training sample) ]
E :@ Background (test sample) + Background (training sample) ]
2 1.2 HKolmogorov-Smirnov test: signal (background) probability = 0.571 ( 0.57) —
4 C il ]
= L ]
11— —

F 12

0.8 7 g

F Jg

C 1e

06 —z

- 15

C 1S

04 s

C da

0.2 — _%

; 1

0 S

0.5 1 1.5
Fisher response




DUESEE] mwe BDTG BDT  LPCA KNN  Fisher

m 402.52 339.47 335.16 363.28 541.65 409.48

TI\/I \/A D | St rl b Utl O n S : e—-[ % 79.83  49.08  46.17 6455 23495  90.21

38.58 39.91 40.23 38.1 32.19 37.23

Optimization of output cut with e-t
. T . e €sig .
> Punzi figure of merit distribution for optimization of MVA output cut: ———=——= (a = 3 : the number of sigmas)
a/2 +,/Npk
)
l MLP vs. FoMP, semi BDTG vs. FoMP, semi, BDT vs. FoMP, semi
( )
% 40i T ‘ T T T T ‘ T T T T ‘ T T T T i % C T ‘ T T T ‘ T T T I T T T ] % ; T ‘ T T T ‘ T T T ‘ T T T ;
& F ] S 40— — £ 40 -
e E L ] a5 E
\_ J C " ] C ] c I
' 30— - 8- 7 30/ =
3 E i y 255 =
C l 30— — el J
20— = L b 20 =
15§+Max:0.950 é 25 "2 waxc0.940 - 15 e Maxc0.520 =
| = eff=402.52 (E-5) .| L _a eff=339.47 (E-5) ] 10i —a— eff=335.16 (E-5) =
10| —=— bkg=79.83 3 [*| = bkg=49.08 ] F| = bkg-46.67 =
[ |-=— FoMP-38.58 3 20 —a— FoMP-39.91 - 5| —— FoMP=40.23 =
5| —#— signal=40252 R I . signal=33947 ’ ] £|—=— signal=33516 | ‘ ‘ " l 3
e e v s SR EF R EAR RN RSP RRR MR L i e e S =
05 06 0.7 0.8 0.9 1 o ez 0_‘4 — o!s — o.‘e E— ‘1 0 0.2 0.4 0.6 0.8 1
[\V/AV/AN MLP BDTG BDT
optimization LikelihoodPCA vs. FOMP, semi KNN vs. FoMP, semi, Fisher vs. FoMP, semi

Y L e L T ] o ) T T T T T | o s LA e ey e —
2 T 1 R 5 = 0 3
©ooC 3 32— - e F ]
a5 3 C ] 3 3
- ] 80 7 30 =
30— - - N £ ]
C 7 28; ........... ; 25} {
25— 4 r 7 F =
\ J 5: B L i 20— —
r 7 26 — = ]
20— — r 7 15— |
[ |-=— Max=0.960 3] [ |—=— Max=0.880 ] F |- Max=0.630 e
4 ) 155 —=— ¢ff=363.28 (E-5) j 24| —=— eff=541.65 (E5) [ - 10 £ —=— eff=409.48 (E-5) —
| = bkg=64.55 b || —=— bkg=234.95 4 F|—=— bkg=0.21 B
= |-=— FomP=38.10 . opl|— FoMP=32.19 _' 5[ —=— FoMP-37.23 =
10 = signal=36328 ] | —=— signal=54185 T [ [ —= signal=40948 |
oo o Lo L a0 1 T T o L L L e T E e T ]

\_ J 05 o6 0.7 0.8 0.9 %5 o6 0.7 0.8 0.9 - 06 0.8 : 1.'2 1}4

=
=
=4
n t
@
=
o
2

1
LikelihoodPCA
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DUESEE] mwe BDTG BDT  LPCA KNN  Fisher

"S55 32926 40732 333.96 32223 51508 44554

T I\/I \/A D | St rl b u t I O n S : “—T % 48.49 7828  48.75 48 2141 11135

38.9 39.36 39.37 38.23 31.93 36.97

Optimization of output cut with p-t
. T . e €sig .
> Punzi figure of merit distribution for optimization of MVA output cut: ———=——= (a = 3 : the number of sigmas)
a/2 +,/Npk
)
l MLP vs. FoMP, semi, BDTG vs. FoMP, semi, BDT vs. FoMP, semi,
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Signal Extraction
& Validation with ToyMC




p, Distribution

p, distributions after TMVA output cut Background distribution
o Signal region : 2.2 < p, < 2.5 o e-t mode: Gaussian with tail at right side
: . ° U-T mode: Gaussian
. 4 . Signal distribution
: Gaussian-like shape with left-side tail
\_ J
A 4 . p, distribution of e-t mode pp distribution of p-t mode
O e T L | ] 7
| " = gen_bb — ~|10000 " | = gen_bb — —10000
14| g gen_aq I 1 14 H gen_qq | t——n ]
‘ B rareB ! | 7 | B rareB ] | §
12~ g uinu | | 18000 1o B uinu i | —18000
B | [ . L | | |
10— I | i - | | B
- i | —16000 1o I i —l6000
‘ ny | ] 8— | i
C I i u | i
Signal — | —4000 6 | —14000
extraction B | i - | ]
— | - s | i
¥ - | — (2000 - | —|2000
| ] 2 | i
[ ] g 9.6 1.8 2 22 24 2.6 Z.Q
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on

F it Of X D i St ri b u t i O n Signal Convoluted function + Asymmetric gaussian + gaussian
p«g Background Crystal Ball function + gaussian Crystal Ball function
Signal fit of p, distribution (e-t mode) Background fit of p, distribution (e-t mode)
g 2000 — T T T T T T T T T T T T | ™ : [ ! ! ! ! ! ! [ :
¥ S Tk ] S 10— -
£ 6000[ - - z |
(" 2 = - 2 T
- 5000 —] A ]
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= - 2
1000— —] ‘
Q.6 ‘ ‘ 2_ cI).G ‘ 1 ﬁB ‘ ‘ ‘ 2‘ ‘ ‘ ‘ 2%2 bt ‘2’4‘ ‘ 121_6‘}j ‘ ‘ 2.8
pl pl
Background fit of p, distribution (u-t mode)
5 7000 3 o 100 A B R
% 6000 = > - + l i
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Signal = 7 6:_ e
extraction 4000 = B ]
3000 — — al ]
2000/ = 7
- ] ) B
1000 =
cI).G 5. 9.6 1.8 2 2.2 2.4 2.6 ;8
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ToyMC Study with Nsig

Fit validation with toyMC
> Fit 10,000 ensembles with 10,000 events from background PDF.

$ ° Ny is generated from signal PDF.

Problems with toyMC study

\ J o Large variation - Requiring more research
9 > No results with CL 90% at N < 20...
[ ] Plan for problems
¥ > Histogram PDF fit of signal MC
[ ] o Using fit validation - not toyMC but 1-stream set of backgrounds
° 4 background sets are available.
=3

Estimate
signal yield
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ToyMC Study with Nsig

@ﬂ A RooPlot of 'nSig" A RooPlot of 'nSig" A RooPlot of 'nSig"
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ToyMC Study with Nsig

[
[
[

Estimate
signal yield
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U=t fnoele

Signal bias

Measured signal

Signal bias vs. Generated Nsig

p0 -0.0582 + 0.1815

6 8 10 12 14

Nsig: measured vs. generated
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A RooPlot of 'nSig"
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Summary & Plan

Summary
> The study of forbidden decay mode B° — #*7F would be an answer of searching ‘New Physics’.
° FEI and TMVA are used to optimize events and suppress backgrounds of Belle generic and special decays.

> The PDFs of signal and background are constructed by fit of distributions of p, from each |-tau decay

modes

> ToyMC study is done with ensembles, and it remains additional study for variation of distributions.

Plan

o Histogram PDF fit and ToyMC analysis for validation of fit

> QOr, validation with 1-stream set of backgrounds

o Estimation of MC upper limit
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Belle (II) Data Flow Overview

P ettt e e e e e e e

Managed by Collaboration 7~,  Belle Il Software Standard Tools
; A - numpy/pandas
- - ", CLaTex
ol . \ -, - the next cool thing
Hits | ,
Waveforms | N
— — "' basf2 User
Skimming '—> Analysis | ntuple
Tracks mdst+ 7 Energy,
Clusters Particles .’ .~ Momentum,
_________________________ Likelihoods__________ e Mass, ...
. . : e
| MC smulatnon samplg flow | | | : !.f
: ; | | Detector , '/ | Published Analysis - Ntuple ||
:_ - /1 Simulation | same parameter! § Paper Note Analysis
: : : : structures  |f
: | ' Geant4 as naﬁture :;
I : ’ i
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Belle Detector

Data collected with Belle detector
o At KEKB asymmetric e*e” collider : 3.5 GeV e* & 8 GeV e-
° CM energy = 10.58 GeV to make Y(4S), that decays to BB pair with 96% rate
> Total 711 fb™! of data (772M BB pairs) collected at Y(4S)

o Covering 17~150 degree of beam-parallel and 360 degree of beam-proportional direction

St‘ﬁ]%,(eé%?,?t‘?é‘s? o 8.0GeV BELLE Detector

ARES N
Cop?er . o RIS
cavities " TRISTAN 2
(LER) tunnel kG
e el
‘ NS == 8 & 5l
8 GeV 4 e iy, N
e-3.5 ﬁﬁ;:'r‘ﬁ s =
GeV e+ z'g:i B 1. Silicon Vertex Detector
Linac A ‘-\‘;{;.3 2. Central Drift Chamber
St &)

3. Aerogel Cherenkov Counter

4. Time of Flight Counter

5. Csl Calorimeter

6. KLM Detector

7. Superconducting Solenoid

8. Superconducting Final
Focussing System

Wil
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Combinatorics

Example with one event with 10 tracks

Assuming 5 positively and 5 negatively charged
+ot

Reconstruction of D* - K™ m
(g)(i) = 50 possible combinations

Reconstructing B - D*(-» K ntrnH)r™
(‘D X 50 = 200 combinations

Considered D meson decays
15 for D°, 11 for D*
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Particle pre-cut post-cut

e’ 10 highest e-1D 5 highest ¢ and 001 <o
i 10 highest p-1D 5  highest ¢ and 001 <o
wr 20 highest w-1D 10 highest ¢ and 001 <o
K* 20  highest K-ID 10 highest ¢ and 001 <o
¥ 40  highest E 20 highest ¢ and 001 <o
" 20 lowest |M — ﬂ-’fﬂg| 10 highest ¢ and 001 <o
K¢ 20 lowest |M —M 0 | 10 highest ¢ and 0.01 <o
K? 20 lowest |M — ﬂ-fKé | 10 highest ¢ and 0.01 <o
DY (had) 20 lowest |M — M| 10 highest o and 0001 <o
D" (sem) 20 highest Lo 10 highest ¢ and 0001 <o
D’ (klong) 20 highest IT;o: 10 highest o and 0001 <o
D™ (had) 20 lowest |M —My+| 10 highest o and 0001 <o
D (sem) 20 highest 1L o 10 highest o and 0001 <o
DT (klong) 20 highest Lo 10 highest ¢ and 0001 <o
D™ (had) 20 lowest |Q — @p++| 10 highest o and 0.001 <o
D™ (sem) 20 lowest |Q — Qu++| 10 highest o and 0001 <o
D™ (klong) 20 lowest |Q — Qp++| 10 highest o and 0001 <o
DT (had) 20 lowest |M — M'Dﬂ 10 highest o and 0001 <o
DI (klong) 20 highest Lo 10 highest ¢ and 0001 <o
D" (had) 20 lowest |Q — QD;*| 10 highest o and 0001 <o
D (klong) 20 lowest |Q — Qu+=| 10 highest o and 0001 <o
B™ (had) 20  highest 1L 0’1;5 20 highest o

B* (sem) 20 highest 1, 20 highest o

BT (klong) 20 highest IL o 20 highest o

BY (had) 20 highest 110 20 highest o

B (sem) 20 highest 1,0 20 highest o

B’ (klong) 20 highest 110 20 highest o

KYUNGHO KIM




FastBDT : Classification Algorithm of FEI

Requirements for FEI classification algorithm
o Fast during fitting and application

> Robust enough to be trained in an automated environment

o Can be reliably used by non-experts

FastBDT : BDT with speed-optimized and cache-friendly
implementations for multivariate classification
° Most time-cost part : calculation of cumulative probability

histograms (CPH) to find the best-cut at each node of the tree

° Trial to reduce run time
> Storing data as an array of structs

> Computing cumulative probability histograms (CPH) of nodes
in the same layer of the tree simultaneously

o BDT cut decisions optimized based on equal frequency bins

5/31/2022
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array of structs |9E1 =1 " X2 y2 722 " X3 ¥3 73 || T4 Yy 24 || X5 Y5 Z5 || T6 Yo ZGl
struct of arrays | 1 X9 X3 T4 X5 Tg || Y1 Y2 V3 Y4 Y5 Ys ” 21 Z2 %3 24 Z5 26 |
int a = 0; int all = {0,0};
int b = 0;
for(int i=0; i<1e9; ++i) { for(int i=0; i<le9; ++i) {
if (rand () %2 == 0) a++; alrand () }2]++;
else b++;
} }
cout <<a<<" "<<b<<endl; cout<<a[0]<<" "<<a[1]<<endl;
(a) Straight-forward implementation — (b) If statement replaced by array lookup — Exe-

Execution time 10.1 sec cution time 6.9 sec

Array of structs and example of optimized code modification

Concepts of equal-frequency binning



https://arxiv.org/abs/1609.06119

Benchmark of FastBDT and Others for FEI

+7T0

Benchmarks of reconstruction using D° - K™«
o Fitting time measured about 28 features and 355,000 events

> Inference time measured about 28 features and 3,900,000 events

Method Fitting Inference AUC ROC  WeightFile
time in s time in s size in KB
donothingduring = 0.2 49 0.066 2

the fitting phase
Stochastic Gradient Boosted Decision Tree

FastBDT 3.7 6.9 0.435 58
SKLearn-BDT 32.1 7.8 0.429 69
XGBoost 18.0 11.4 0.415 34
TMVA-BDT 19.8 16.5 0.297 101
Artificial Neural Network
SKLearn-NN 27.6 7.2 0.401 32
Tensorflow 201.9 9.4 0.399 30
NeuroBayes 112.3 75.4 0.377 182
FANN 50.6 7.1 0.316 £ 0.061 21
TMVA-NN 510.6 16.8 0.156 53
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FEI Tagging Performance with MC

Maximum tag-side efficiency of FEl and other reconstruction algorithm
FR (Full Reconstruction) at Belle I, with NeuroBayes module

SER (Semi-Exclusive-Reconstruction) at BaBar, with neural network

Hadronic B* 0.28% 0.4% 0.76% 0.66%
SL B* 0.31% 0.3% 1.80% 1.45%
Hadronic B° 0.18% 0.2% 0.46% 0.38%
SL B 0.34% 0.6% 2.04% 1.94%
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FEI Performance Check

Distribution of the kinematic variable of B, at Belle Il MC
> 180M BB pair signal and 1ab scaled backgrounds from BB, e*e  to qq pair and t'T

Loose FE| output cut (o > 0.01) Tight FE| output cut (o > 0.1)
) 0.8
1.6M- 0.4M. —— Extended Signal
' 0.7 Signal
1.4M- & tis e Loose Cut
. . . wn c U,
Distribution of £12m 2o 5 x  Tight Cut
C © 0.5
5 5 % L.OM g &
M — — e © 204
be = |Ecm/2 — Dg 5 0.8M b 02M >
/ tag % é 0.2M e
o
. = = 2
(beam-strained mass) 2 : 2 : 502
I Signal 0.1mM1 HEE Signal
I Extended Signal I Extended Signal 0.1
0.2M B Background B Background 0.0
G.Ogl 0 10 20 30 40 50 60 70 80
5.25 5.26 5.27 5.28 . 24 5.25 5.26 5.27 5.28 5.29 purity in percent
beam-constrained mass in GeV beam-constrained mass in GeV )
(a) Hadronic Tag
.. . _ - Sional 1.6 .
DIStI’IbUtIOh Of 3.5y T Signal 0.4M Igna —— Extended Signal
] I Extended Signal ' I Extended Signal 1.4 Signal
) Loose Cut
coS 6 (*)e — p’B pD(*){’ 3.0M W Background . B Background _ 15,1'2 : T?;::ecux:
’ 9 i ;
B.D lpBl |pD(*)£’| £2.5M £03M 510
] o o8
bl = B2, —m2 | 5 :
Ppl = CM/2 Btrue | 3., 50.2M £os
o
. . E” E €04
(cosine of angle difference between 2 Lom 2 =
merged B daughters and nominal B) 0.1M 0.2
0.0
0 10 20 30 40 50
. 3 3 0.0M_3 purity in percent
\_ cos® J L cos@ J (b) Semileptonic Tag
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Application : Hadronic FEI Performance (B — X{v)

Used data & MC samples : 34.6 fb™! data, samples of 100 fb! generic BB decay and 100 fb! generic gq decay

- - i —— — —— — — — — — — — e e e —————————————————
12X 105 Belle Il pl“ellmlnary ( 10 Belle Il preliminary \I [t Belle Il preliminary
- _ I 2.5F mmm Correctly reconstructed f-‘: dt=34.6fb"! | | W Correctly reconstructed f.f.' dt=34.6fb~? I
g g = Y(4S)- BB | EEm Continuum & mis-reconstructed I.-l" T Eolt‘-tinuum & mis-reconstructed |
" L _ -1 . I N, ¢ Data | 08¢ ata |
= . [ | ntinuum 2 20f £
S 1.0 i J‘ﬁ df 34.6fb | Co uu | g Ng;, =84907 + 734 |'B Ns:, =38545 + 1161 |
: Btag vz MC stat. unc. P Prag>0.1 IE 0.6} Prag > 0.5 |
) ¢t Data 18 I8 |
E 081 |1<2._1.o- M 0fB+ IEO"" M OfB+ I
o | £ bc tag |E bc tag |
© ]
% 0.6 | 3 os :Ip 0.2 :
O | |
I 00,50 5.255 5260 5.265 5270 5275 5.280 5.285 | | %%50 5.255 5.260 5.265 5270 5275 5280 5.285 :
0.4 I My (GeV/c?) | | M. (Gech! |
| Loosecut:P > 0.1 | Tight cut: P > 0.5
I x10° Belle Il preliminary : | Belle Il preliminary |
0.2 I 175 | ™ Correctly reconstructed [cdt=346f"" |8000 t B Correctly reconstructed If dt=34.6fb~? I
e I ' E Continuum & mis-reconstructed ‘LI T CDDntinuum & mis-reconstructed |
o ata
[b1sof + Dot ']-:|7°°° - |
o 00 S s Ngs, =65855 + 590 gl“”" Nags, =35401 = 297 |
= 1 TP Pug>01 ¢ Piag > 0.5 |
—~ (S tag — | 5000 9
—_— 1.00
O I E %4000 :
s 000 s s s00e et e T e 00000 o . . i
El 0 - * e g @ IE 0.75 M of BO ‘E|3000 M fBO I
© [ § 0.50 | bc tag £:2000 bc O Dyqq |
m -
— 1 L I L PR | L M L 1 L L M | L L L 1 L L L L L P L M L .
e -14 -12 -10 -08 -06 -04 -02 00 |°% :pooo :
Ic‘g(ptag} \\0-05_923 5255 5260 5265 5270 5215 5280 5285 \\50.250 5255 5260 5.265 5270 5.275 5280 5.285 J

—————— MGy~ — — — — — —

Probability of FEI with B, Distribution of M
bc
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Application : SL BO FEI Performance (B® — #%7 )

Amounts of sample

Amounts
(million)

20

754

2350

5.66

5.47

o FEl output cut : logOtag > -2 (FEI output > 0.01)

Decay mode e —e e — I [h—e [— [L
# of signal 639195 409620 567436 368965
generic bb 167558.3 84725.3 151721.1 91767.2
generic qq 45065.2 9030.5 19905.5 14111.7

rare BB decay 865.6 263.2 546.4 411.5
b — uly 5136.8 3064.3 4139.8 2856.4

Amounts of the signal and background events

after FEI and best candidate selection
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log10 O¢qq of B = e*1t (- e*vv) mode
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Performance Check : Full Reconstruction

Reconstruction with Full Reconstruction
o Applied with 771.6M BB pair event samples

> 2.1M B* and 1.4M B remained as maximum efficiency case
(0.28% for BT and 0.18% for B?)

i i - 'new (no Eontinuurﬁ suppreséion)
0.30 ity new (continuum suppression) |
: 5 : : : —— new (continuum suppression SFWM)
- old
2
> 0.20
O
c
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i
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FR Purity-efficiency plot for B* mesons

From https://arxiv.org/abs/1102.3876
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Performance Check : Full Event Interpretation

Reconstruction with Full Event Interpretation
> 180M BB pair signal

> 1ab™ (1.4 times to FR luminosity) scaled backgrounds from BB, e*e” to qq pair and T't

Extended Signal —— Extended Signal
0.7 Signal 1.4 ; Signal
¢ Loose Cut & s Loose Cut
c ) 1.2 \
§ 0.6 . x  Tight Cut 5 © x Tight Cut
@ 0.5
£
204
o
c
2 0.3 *
=
0.2
0.1
0.0, : : : . ,
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purity in percent purity in percent
(a) Hadronic Tag (b) Semileptonic Tag

FEI Purity vs. efficiency distribution

From https://publikationen.bibliothek.kit.edu/1000078149
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Application: B - #%tt Signal Mode

The properties of the signal
o T decay should include invisible particles (neutrino)

> Lack of sighal mode for B reconstruction: needs more information for quality control

4% signal tagging efficiency & background suppression

Studying this modes now for new physics study Tagging efficiency with FEIl for B->€7 mode

(lepton flavor violation research) Signal bb s ke ik

20.0000%

4.0000%

0.8000%

0.1600%

0.0320%

0.0064%

0.0013%

0.0003%

0.0001%

From https://www.kps.or.kr/conference/event/content/program/search result abstract poster.php?id=4254&tid=503
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TMVA Distributions: ROC Curve

‘ Background rejection versus Signal efficiency TMVA Background rejection versus Signal efficiency TMVA
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BRIEF Estimation of MC Upper Limit

Estimating signal yields from background PDF Calculation of the branching faction
5 . . « . No S_Nexp
The amounts of backgrounds in the signal region ) I‘(BO . eiTJr) _ ;T bkg
(22<p,<25) €sig *Npp
-1 f—e

° €sig = €sig XT(T>evy) + el % I'(t - uw)

sig sig
| et | Tt — fe % 0.1782 + €/ x 01739

sig sig
16.7 20.00 .
MC event > N,ps and N,f,fg : summation of sub-mode (¢ — e, £ — u mode)
FIIF e 17.34 2095 o By calculating MC upper limit of branching fraction, the upper limit
exp -
of [Nobs — kag] is calculated by POLE
PDF for e-T PDF for p-T -““
a T B S S I R S R
£ | | | S Ee + | | -
S | ER ! I : Nops 17 20
L ! - 61— 1 _
6 [ 1 L 1 1 _
I ! B I [ - exp
i | L | | B Npkg 17.34 20.95
4 1 1 L 1 1 _
2 ! I 2 ! J - POLE range
! L ! : e§p 0-7.89 0-7.82
| | L ot W 1 : : [NObS - kag
s 8 2 22 Y B v S Z Y e 2 U azttTYzaT o 28

MC UL 1.36E-5 1.43E-5
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