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Motivation

Angular observables in B → K∗µ+µ−

Tension: ∼ 2σ

Long distance (LD) effects

Hard to compute

Solution

Neural Network



Outline

1 Motivation

2 B → K ∗µ+µ−

3 Neural network

4 Summary



Effective Hamiltonian

Heff =
4GF√

2
VtbV∗

ts

∑
i

CiOi ,

O9 =
e2

16π2
(sγνPLb)(µγνµ) , O10 =

e2

16π2
(sγνPLb)(µγνγ5µ) .



B̄0 → K̄∗0(→ K−π+)µ+µ−

Differential decay rate
d4Γ

dq2 d cos θl d cos θK∗ dϕ =
∑

i aiJi

Angular coefficients

Ji = Ji(Ci , FFs, LD, ..)

Issue

Dependence on LD effects



Optimized observables Descotes-Genon/Hurth/Matias/Virto: 1303.5794

Pi

Linear combinations of Ji

Example

P5′ = (J5 + J̄5)/2N ′

Advantage

small dependence on FFs



Goal

Find optimized observables

Small dependence on LD effects

Form

Lin. comb. of J ’s

Parameter inference

Find C9, C10, divided into classes



Neural Network
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Training data

WCs

CNP
9 ∈ [−CSM

9 ,CSM
9 ], CNP

10 ∈ [−CSM
10 ,CSM

10 ]

FFs Bharucha/Straub/Zwicky: 1503.05534

SSE parameters

LD

C9 → C9 +∆CLD
9



Result: Small LD



Result: large LD
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Summary

Angular observables for B → K∗µ+µ−

Depend on LD contributions

ML techniques

NN that minimizes dependence on LD

Parameter inference

comparable results
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