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The standard model (SM) stands as the cornerstone of
modern particle physics, but:

Dark matter, Dark energys,....

Standard Model Supersymmetry

" s Energy frontier Intensity frontier
% B = (direct approach) (indirect approach)
SM p NP
> < SM SM
sm NP
o - Directly produce new particles - Find signatures of new particles
using high energy collision. in the intermediate state.

- Sensitive to the energy scale of NP. - Sensitive to the flavor structure of NP.
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Search for new physics can be probed by indirect research with the aid of Effective Field Theories.

_______________________________

Probes for New Physics at much higher scales than direct searches can be performed on:
Flavor Changing Neutral Current processes. -

Such as rare B-mesons

decays

_______________________________

SM vs NP at different levels

Tree level Loops Forbidden

Search for BT — K Ty using graph neural networks



Probes for New Physics at much higher scales than direct searches can be performed on:
Flavor Changing Neutral Current processes.

+

e u
Lepton pair
Z boson e
t
B meson W boson K* meson
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SM vs NP at different levels

In the Standard model flavour
changing neutral currents are

possible only via quantum loops
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Search for new physics can be probed by indirect research with the aid of Effective Field Theories.

Probes for New Physics at much higher scales than direct searches can be performed on:
Flavor Changing Neutral Current processes.

SM vs NP at different levels

Tree level Loops Forbidden

_—

+

e p
Lepton pair
Z boson _
i
t
B meson W boson K* meson

In the Standard model flavour
changing neutral currents are

possible only via quantum loops

_______________________________

Such as rare B-mesons
decays

_______________________________

Rare process, but we have
the perfect place to search
for it!! (A search for a “rare
beauty”)

Belle IT
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SuperKEK, operates at the Upsilon(4S) resonance with 7GeV - 4 GeV beams.

D
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Belle IT

- Belle I is an intensity frontier experiment.

- Asymmetric collider producing B mesons

KL and muon detector

Resistive Plate Counter (barrel outer layers)
Scintillator + WLSF + MPPC

(end-caps , inner 2 barrel layers)

EM Calorimeter
Csl(TI), waveform sampling electronics

Belle Il Online luminosity Exp: 7-33 - All runs

Particle Identification
Time-of-Propagation counter (barrel)
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Central Drift Chamber
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Number of collisions = Luminosity * cross section

(The performance of
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https://inspirehep.net/literature/875348

SuperKEK, Operates on the Upsilon(4S) resonance with 7 GeV(e-) on 4 GeV(e+) beams.
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- Belle I is an intensity frontier experiment.

- Asymmetric collider producing B mesons

KL and muon detector

Resistive Plate Counter (barrel outer layers)
Scintillator + WLSF + MPPC

(end-caps , inner 2 barrel layers)

EM Calorimeter m The L range in this work
1(T1), waveform sampling el nics

Number of collisions = Luminosity * cross section

| Belle Il Online luminosity I Exp: 7-33 - All runs (The performance of
Particle Identification eb Integrated luminosity the detector)
electrons (7 GeV) Time-of-Propagation counter (barrel) mmm Recorded Weekly I 500
Prox. focusing Aerogel RICH (forward) 15.0

Vertex Detector
2 layers Si Pixels (DEPFET) +
4 layers Si double sided strip DSSD

. -
e I_I—/
|

IS
=}
5}

— — -—
Total integrated luminosity [fb~1]

-
o
o

=
(=
o
w
S
5]

LRecordeqdt = 511.5fb 71

7.5 N | ——

positrons (4 GeV)

N
=3
5]

Central Drift Chamber
Smaller cell size, long lever arm

100

N
o
—

Total integrated Weekly luminosity [fb~1]

(1] 00 s
< < «&* < s
Belle I Technical Design Report [2] Date

Search for B+ — Ktup using graph neural networks


https://inspirehep.net/literature/875348

B factories: collide e T~ /
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At the KEK B-factory, a
N o _ . B-meson and anti-B-meson
goomr) ~ 0.78% of theete™ collisions produces Y (45) are generated as a pair.

Many B mesons are produced, but also so
much more 7 leptons and quarks.
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The particular channel of interest in this work is the BT — K Tv decay.

|

penguin [, Z v
b S 1—7
u = u u > u
Lowest-order diagrams for the decay in the SM
Good place to look at! But challenging!

° Pretty rare

® Theoretically very clean due to the
The sensitivity and the uncertainty

absence of virtual photons:

The branching fraction is well are highly affected by the size of the
predicted by the SM, so any sample.

deviation from that could reveal ® Two neutrinos at the final state
potential contribution from New The process is almost invisible
Physics (NP)
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The particular channel of interest in this work is the BT — K v decay.

|

ZO

penguin [, v
5 5 ; B-tagging
u = u u > u
Lowest-order diagrams for the decay in the SM
Good place to look at! But challenging!

® DPrettyrare

® Theoretically very clean due to the
The sensitivity and the uncertainty

absence of virtual photons:

The branching fraction is well are highly affected by the size of the
predicted by the SM, so any sample.

deviation from that could reveal e Two neutrinos at the final state
potential contribution from New The process is almost invisible
Physics (NP)
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The decay we want to find
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P  Purity

Inclusive  Semi-leptonic  Hadronic

~ 1% ~ T%
€tag — 100%  €tag = 2%  €ag — 1 — 0.5%

Efficiency -«

BT — Ktyivat Belle IT

Two complementary approaches are used at Belle II with 362fb !

\ signal-side B

Pl

—wV

l S7]

8

_________

Erag ~ 1%
Reconstruct signal B only, exploit the rest of the Fully reconstruct the B-tag kinematics
event (ROE) to suppress backgrounds. Lower background contamination
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P  Purity

Inclusive  Semi-leptonic  Hadronic

~ 1% ~ T%
€tag — 100%  €rag —> 2%  €rag — 1 — 0.5% But can we get good

purity, and good
tagging efficiency?

Efficiency -«

BT — Ktviv at Belle IT \

Two complementary approaches are used at Belle IT with 362 fb /

ITA \

K
K" \ .

9 s S o BT

B B
1 K* 2

00 &

Reconstruct signal B only, exploit the rest of the Fully reconstruct the B-tag kinematics
event (ROE) to suppress backgrounds. Lower background contamination
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The Graph-based Full Event
Interpretation (graFEI) is a machine

H —» 222 —» ab,cde learning model to inclusively
reconstruct events at Belle II using
only the information on the final state
particles, without presupposing any
underlying decay chain structure.

Represented by a graph _

Lowest Common Ancestor Matrix

Decay Tree

Transformed to

Search for BT — K Ty using graph neural networks



The LCAS matrix elements

identify the nearest common
ancestor shared by any two
particles.

SO D% D* K.° x? Each particle is labeled by an

6 5 4 3 2 1 ldentlfymg number

Only the LCAS matrix with full Sy
(6’s), corresponding to the signal
side, are kept

Search for BT — K Ty using graph neural networks
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e Reconstructing the decay with the
graFEI

e Candidate Selection:
Identify the /< T candidates.

® Separate signal and backgrounds:
- Preselection cuts

- Training the BDT

- Defining a signal region (SR)

e  Extract the signal strength:
Simultaneous binned profile scan to
get the total number of signal events
in the signal region and extract the
signal strength.

B(B+ — K+I/I7)SM = 5.56 x 1076

The signal strength is defined as:

B(BT— K vp)
B(BT— K*vp)

(L=

SM
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The following samples were generated to to mimic the
events at the Belle II detector:
* 98 x 10 events of the signal BY — K*vi.

Backgrounds, correspond to 4 times the
luminosity of the Belle II data set:

e On-resonance: 28.2 x 108 of BTB~
and BYBO
e Off-resonance: 211.7 x 108 of ete™ — ¢Tq~

Signal events were normalized to the SM
branching fraction, and backgrounds were
scaled to match the integrated luminosity
on of the Belle IT data at 362fb 1

Search for BT — K Ty using graph neural networks
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The following samples were generated to mimic the
luminosity of the Belle II detector:
* 98 x 10 events of the signal BY — K*vi.

Backgrounds, correspond to 4 times the
luminosity of the Belle II data set:

® On-resonance: 28.2 x 105of Bt B~
and BORO
e Off-resonance: 211.7 x 108 of ete™ — ¢tqg~

Signal events were normalized to the SM
branching fraction, and backgrounds were
scaled to match the integrated luminosity
on of the Belle IT data at 362fb 1
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Jet-like ggbar events

Spherical BB events
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The input variables are divided into three main categories:

1- Kinematics

10°

-5
N BB
6
-
5E -
[ 8* = Kt x 10°
2
g
=
[SSIEYS
Pys
1F
0
=50 —40 =30 -20 —-10 0 10 20

Biag — cos(0py)
Cosine of the angle in CMS between momentum the particle and a
nominal B-tagged side..

10°

- 5B
- 5
e
-
-
3 B+ = Kb x 16°

Events

2 4

Buug— AE
The difference between the energy of the tagged side and
half the CMS energy

Search forBT — Ktuw

2- Event shape variables

Such as the modified Fox-Wolfram moments
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3- Other variables

The mass squared of the neutrino pair

Missing energy of event in the CMS +
missing momentum of event in CMS

gnr "l

Events

BB

BB~

cc

55

uit

dd

B* = Ktvp x 10°

.

Events

B"Bo

B*B~

cc

55

utt

dd

BY = K*tvp x 10°

-10 =5

12,5
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1- GraFEI reconstruction requirement

The LCAS matrix is required to contain the signal kaon and the tag side.
The signal reconstruction efficiency is found to be 27.29%

Nrtuples

2- Pre—training cuts

1- A cut on the
particle
identification for
Kaons > 0.9

Search for BT — K Ty using graph neural networks
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[ dd
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0.0 0.2 04 0.6 0.8 1.0
cos (0B, thrust)

2- The cosine of the angle between
thrust axis of the signal B and the
thrust axis of the Rest of Event
(ROE)< 0.9

Performed by the IPHC Belle II team

x10°

0.2 04 0.6 08

I graFEl ),

3- Geometric mean of
probabilities associated to
each predicted LCAS
element > 0.2



GraFEI reconstruction requirement

The LCAS matrix is required to contain the signal kaon and the tag side.

The signal reconstruction efficiency is found to be 27.29%

Pre-training cuts

Bsgn _cosTBTO < 0.9
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10%

BDT training

Input samples

v

80% training

20% testing

Saved BDT applied to

90% |

In order to achieve a good performance, the variables
with strong correlations in both the signal and the

backgrounds were removed from the input list, and the

BDT was trained with 23 variables.

Search for BT — K Ty using graph neural networks

Normalized Events

0.2

0.4

BDT

0.6
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1- Flatten the BDT output
[%, BDT(y) dy
[t BDT(y) dy

mm Signal
s Background
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1- Flatten the BDT output 2- Defining the signal search region (SR) by
applying a cut of BDT > 0.4 to reject the
[, BDT(y) dy backgrounds.
T e is divided 6 equal bins of the classifier
a_>f BDT(y) d The SR is divided 6 equal b f the classifi
1 yray probability output.
s e - it

10! cé
N ES
e ua

5§ mm dd

E B*-K*'vix 10
4t

Normalized Events

. _ —
0
0.0 0.2 0.4 0.6 0.8 1.0 0.4 0.5 0.6 0.7 0.8 0.9 1.0
BDT

‘ BDT
?Cut the BDT here
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Signal Efﬁciency l Reminder: # of generated signals 98710654
Selection Number of signals after the cut Esig X %o Total efﬁciency =
graF'El event reconstruction 26940105 27.295 £ 0.004
Preselection cuts 14429334 53.607 £ 0.003 7.989 £+ 0.001%
Signal Region 7885101 54.646 4 0.004 Correcting the
uncertainty value in
10 th t
- A binned profile scan was performed to extract the / ©reper
signal strength at 90% CL for the SM prediction. A
- The fit parameter is signal-strength
< 2.29 e
And so, the upper limit on the branching v o
fraction is: A /
/ .90%CL
B(BY — K*vp) < 1.38 x 107° ! S S
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p at 90% CL | Upper limit on B(BT — K*vi) at 90% CL | ot
GTA 2.49 1.38 x 107 1.16
HTA 2.67 1.48 x 10~° 198

) [ ] "

GTA shows better sensitivity to
- the signal at the SM prediction
- than HTA at 90% CL.

4
2p //
90%CL

0\/ .............. |

-2 In A(p)
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p at 90% CL | Upper limit on B(BT — K*vw) at 90% CL | ot
HTA central value [GTA 370 2.05 x 10-° 1.7
p=2.2 HTA 4.01 2.22 x 107° 1.38
p at 90% CL | Upper limit on B(BT — K*vi) at 90% CL | ot
BG-only hypothesis [ GTA 143 0.82x 10 ° 1.15
0w=0 HTA 1.55 0.86 x 10~ 1.19
i [/ N . i
20 //// _??T%CL 21 // ?O%CL
| .

0 . . .
0 2 4 6 8 10 0 : ! - ;
" 0 1 2 3 4 5

n
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Some extra Results and prospects




Some extra Results and prospects

The BDT was trained with less variables Did not affect the results

(from 23 to 16)
Hyperparameters Optimization

RandomizedSearchCV :Integrates directly with scikit-learn’s cross-validation

True Positive Rate

Best parameters found: Also checked by Optuna: a
- learning_rate: 0.15470772691245635 Bayesian Optimization. P e i
- max_depth: S %0 o‘.z 04 06 08 1.0

False Positive Rate

- n_estimators: 600
- subsample: 0.8912865394447438
- Best cross-validation ROC AUC score: 0.9721

Optimizing the SR
10 20 /
BDT [0.8, 1] _ J
#BG U.L on BF at 90% CL 5 T > :: o )
Before 167205 1.384 (x107°) 4 s
After 4204 1.045 (x107°) ; = A T




Some extra Results and prospects

® The background events have been reduced by 97.4%, and the upper limit on the branching fraction at 90% CL
by 24.5%. However, the efficiency has decreased to one-third of its original value.

® Before optimization, the purity was 0.11%. After the optimization, it increased to 1.56%.

TA GTA HTA
TR P Lo e N S e | 8% 2.7% 0.4%
! At this stage of the analysis, the GTA has |
| better effeciency than the HTA, and better E
E purity than ITA ' l
e A M M 0%
Max Efficiency
Max Purity
0% T I I 100%
TA  GTA HTA

08% 1.6% 3.5%



® A search for the Bt — K*vw signal was performed using a
graph-based algorithm, the graFEL

e Consistency in the signal strength between the GTA and the
HTA, with the GTA having better sensitivity.

Next steps:
e Optimize the Selection efficiency and the signal purity.

e Compare the results to the inclusive tagged analysis.
® Investigate systematic uncertainties.

Search for BT — K Ty using graph neural networks



Thanks!

Neutrinos alone, among all the known particles, have ethereal properties that are striking and romantic enough both to

have inspired a poem by John Updike and to have sent teams of scientists deep underground for 50 years to build huge
science-fiction-like contraptions to unravel their mysteries.

Lawrence M. Krauss


https://www.azquotes.com/quote/1140892?ref=neutrinos
https://www.azquotes.com/quote/1140892?ref=neutrinos
https://www.azquotes.com/quote/1140892?ref=neutrinos
https://www.azquotes.com/author/8264-Lawrence_M_Krauss
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Variable Description
sumEp Missing energy of event in the CMS + missing momentum
of event in CMS
phi K pmiss Angle between signal kaon and missing momentum in lab

frame

miss_theta

Angle between missing momentum and z axis

Ups_cosTheta

Angle between Upsilon total momentum and z axis

NEExtra_ROEClusters_ v702

Total energy of neutral clusters in calorimeter in the rest-of-
event

Btag deltaE

AFE of Btag

cos_tag miss CMS

Angle between Btag and missing momentum in CMS

delta_dr Distance between Bsig impact parameter and Btag impact
parameter (impact parameter is the distance of a track from
the interaction point)

delta dz

nPhotonExtra_ ROEClusters_ v702

number of photons in the calorimeter used to compute NE-
Extra_ ROECluster_v702

phi K pmiss CMS

Angle between signal kaon and missing momentum in CM
frame

cos_sgn_tag

Angle between Bsig and Btag
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BDT parameter Value
Tree depth 4
Learning rate 0.01

Number of estimators 400
Subsample Ratio 0.6
Evaluation metric Negative log

likelihood
Tree construction “hist”

algorithm

Search for BT — K Ty using graph neural networks

A histogram-based
algorithm to find the
optimal splits, reducing
computational overhead
and enhancing training

speed.

]

True Positive Rate

Feature Importance (Gain)

Blag — cos(6py)
Y- cos®
GraFElpan

NRouniingTracks
Biag — AE
Bug KSFW2
c03(Bsig, Brag)
Adr)

0.0

1.0 7

0.8} L

0.6 L

0.4 7

0.2} P

Pl ——— ROC curve (area = 0.96)
1 1

0.0 &2 L L
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False Positive Rate




Correlation Matrix - Background
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cos(Op.q, thrust) émsﬁnn 024 004 012 005 011 0.00 0.14 000 0.01 0.03 0.04 003 0.02 0.02 o.oal 0.6
Bisig — dO 2000 002 001 003 002 0.00 0.00 -0.00 0.01 0.01 0.02 0.00 000 0.02 001 -0.08 0.01 0.03 0.01 0.02 0.01 1
Btag — cos(Ogy) 023 006 012 001 0.01 009 0.03 0.06 001 001 004 0.12 0.05 0.01 0.09 0.08 -
Biag— AE 2034 015 017 013 016 012 0.00 0 026 0.12 0.14 0,00 0.00 001 005 -0.03 0.05 0.14 0.03 j 04
NEEGL, 2018 003 037 0.04 0.01 005 0,00 000 0.02 003 0,08 0.02 0.02 0.05 0.02 0.01 -
Y — cos® 2010 010 005 007 011 011 0.01 009 026 0.02 030 0.18 001 003 -0.02 047 0.06 0.03 003 004 N 0.2
cos(Bsig, Btag) ;wq 0.01 002 0.16 0.04 0.00 0.01 0.03 0.12 003 003 0.02 042 0.14 001 001 0.14 030 020 .
cos(Btag, missCMS) ;DIG 016 011 002 010 014 002 0.06 0.14 008 0.18 0.01 0.03 -O.IS- 005 008 0.05 o.ue 1
A(dr) 20,03 0.00 0,03 0.01 0.00 000 0.00 0.01 000 0.02 001 0.02 0.01 .01 0,00 001 -0.07 0.02 0.00 0.00 0.02 - 0.0
A(dz) .02 0.02 0.03 0.00 0.00 0.01 000 001 000 0.02 003 0.03 0.01 001 001 0.04 000 001 001 0.01 ]
graFElpron ;ms 004 015 017 008 003 002 0.04 001 0.05 0.02 0.02 0.03 0.01 0. . 10,13 013 0,07 002 005
Oyiss 017 002 002 026 006 004 001 012 005 002 047 042 013 000 0.01 0.08 Yl 0.19 0.07 =02
? unsom 0.05 0.03 0.01 0.06 0.14 . 001 001
NPhotonExtra 018 003 031 0.08 0.03 003 0.01 001 005- 003 001 005 0.07 0.04 i
NRemainingTracks 2038 003 0.02 022 0.12 0.02 0,03 0.09 0.1 0.07 003 0,01 0,08 0.02 0.00 ’
(K, Puiss) fduz 0.02 0.02 .07 0.02 0.01 0.08 0.03 0.02 0.04 0.14 005 0.00 001
G(K, pEMS) 2003 002 001 032 012 003 0.02 0.08 0,14 0.07 0.04 030 006 000 001 —0.6
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Correlation Matrix - Signal

0.18 040 014 0.04 015 0.10 0.05 0.02 0.10 0.33 . 012 024 uu.

Bisig KSFW1 Zo.04 BRI 0.03 .00 0.01 0.01 001 0.01 -0.01 0.01 0.00 0.00 -0.03 0.05 0.01 0,01 0.01 0.03 0.00 0.01
Bisig KSFW2 2045 003 B8 o. .02 001 0.06 024 024 0.06 003 0.14 -0.05 o.nz. 010 0.12 025 003 0.17 &22
Bsig KSFW3 . 002 016 01 .06 0.03 0.00 0.12 0.02 0.18 034 0.06 0.01 0.00 0.03 0.39 FXFd 0.00 -0.01 RN 0.05
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cos(OBy, thrust) :nozo.oz 001 001 0.01 001 0.01 0.01 0.00 000 -0.01 0.02 0.01 .00 0.01 0.01 0.02 0.01
Bsig — d0 2002 0.00 001 003 002 000 000 0.00 0.00 0.02 0.01 0.01 001 0,00 0.00 0.01 0.06 0.00 0.01 0.03 0.03 .00
Btag — cos(Bpy) 218 0.01 006 0.00 000 001 0.00 054 0.08 0.11 001 0.07 002 001 0.14 009 .08 0.03
Btag — AE 2040 001 024 012 025 001 0.00 054 BRI 0.10 026 009 013 001 001 004 011 1300 030
NEEGL, 214 001 024 002 002 001 000 0.04 0.01 0.07 001 0.00 0.01 0.05

Y — cos© =0.04 001 006 0.18 0.06 0.01 0.02 0.11 001 0.00

.02 0.05 0.13 o.o:.

cos(Bsig, Btag) 2015 001 003 034 028 0.01 001 001 009 0.00 032 000 0.00 0.00 0.01 0.09 033 0.17

cos(Btag, missCMS) .10 001 014 0.06 002 001 001 0.07 013 003 019 .01 0.00 0.10 0.11 003 008 0.01 azo
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NphotonExtra 012 001 025 000 000 -0.00 0.00 0.12 0.13 047 0.02 0.00 0.03 0.1 0.05 0.16 0.02 0. [ 0.05 0.01 001 0.02

NRemainingTracks 2024 0.01 003 0.01 0.01 0.01 0.01 001 0.05 0.01 0.08 004 0.01

(K, Puiss) o.na RRE] 0.65
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-o.m S0 005 0.14 0.01 a.ooq.os.o,no.m 000 0.11 0.01 0.07 0.02 0.01
IR IR PRI vl ol Foonbonn oo e o b

0.03 0.08 -0.20 -0.00 0.13 -0.09 -0.01

SSRIES ARG S,
a\g 0"% @Q$4 X &
\g g S Q &"‘& &"’ é“
‘bé% FRt Q’@q oj o ) o«
<

Search for BT — K Ty using graph neural networks
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The likelihood function represents probabilities for a particular set of
parameters, so integrating the likelihood function in a region directly
gives the probability that “the answer” lies in that region.

Null Hypothesis
A= —-2In : .
Alternative Hypothesis

+ 5
A:—21n< B(BT — K*vp) )

B(B+ — K+V17)SM

As is shown by Wilks” theorem, times the logarithm of a likelihood
ratio (where one likelihood represents a null hypothesis (the
best-fit) and another likelihood is for an alternative set of
parameters) is approximately Chi-squared distributed for
sufficiently large datasets (where statistical error is small and the
likelihood is well described by a Gaussian distribution).

0.0

.

0 1

The intersection here
with the 90% CL gives
us the upper limit on
the branching fraction
at 90% CL.

90%CL

Search for BT — K Ty using graph neural networks


https://en.wikipedia.org/wiki/Wilks%27_theorem
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