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Why care about transversity?

4 Have a better knowledge of the proton structure 0.4 . xhM
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Why care about transversity?

4 Have a better knowledge of the proton structure

4 Can be potential for Beyond SM discovery

Chiral-odd structures do not appear in the SM

Tree level Lagrangian

Neutrino /-decay

gr = ou—od

1
o0q = J dx h(x)
0

constraints on CP violation

"JAM3D* (no LQCD

AMDIiFF (no LQCD)
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Why care about transversity?

4 Have a better knowledge of the proton structure

* Can be pOtential for Beyond SM discovery adapted from C. Alexandrou, QCD Evolution 24
ETMC24 [ e
Chiral-odd structures do not appear in the SM ETMCI19 A
Tree level Lagrangian PNDMEIS | o
RQCD23 |
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Semi-inclusive Deep Inelastic Scattering
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Semi-inclusive Deep Inelastic Scattering
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1 measured hadron+ X
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2 measured hadron+ X
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2 measured hadron+ X
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2 measured hadron+ X

h, h

n >, €5 M) - H (2, M)
ur "

q
Zq e;fi(xp) - D{(z, M)




2 measured hadron+ X
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h, h
o ZqCa i) He My
ur =

q
Zq e;fi(xp) - D{(z, M)







D,%(z, M) [GeV']

A.Bacchetta, M.Radici, A.Bianconi, A.Courtoy, Phys. Rev. D 85, (2012) 114023
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Fit of MonteCarlo simulation

79 free parameters
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2017 BELLE data of e*e™ — 7tz X at1/S = 10.58 GeV



2017 BELLE data of e*e™ — 7tz X at4/S = 10.58 GeV

Latest extraction: , ,
+ MonteCarlo simulation LO
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GOALS of the D, extraction

© 2017 BELLE data of ete™ — 777 X at1/S = 10.58 GeV
+ MonteCarlo simulation

@ Extend the analysis up to NNLO

@ Explore a Neural Network parameterisation
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NEURAL
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PHYSICS NEURAL
INFORMED NETWORK

NN architecture
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Flavour analysis physcal eview 096 2017

R.Siedl et al

) 0.45<z2<0.50 0.50<z<0.55
do dra

= e;D(z, Mh, Q) =
dzdM;dQ> Q- ; o

oo / dzdm [ub/GeV]

0.65<z<0.70 0.70<z<0.75

d?c / dzdm [ub/GeV]

040608 112141618 2 22040608 1 1.214161.8 2 2.2
m,, [GeV] My [GeV]
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Flavour analysis

do dra 2

2 Ao
— e*D9(z, Mh, O) = D(z, Mh,
dzdM,dQ* Q2 zq: DM O =5 X N
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Predictions

() kﬂl.
= =
- =~
V P
N -
\V —
Yo —
© T—
S =
”
T — -
|
1 1 1 1 1 1 1 _
< N S X < < o S
— — — - o S o & S
T T
I
N
— T
Yo e <
L6 - ™
O '\;\‘\.D
\V ==
Z 7 -— B
@] -
< NN
o =
0 ©
S x S
/’
=\ <
S -]
L6 < L0 - 10
™ o N N —
A=
N
@ —
-
N +
7, S
LD S
™ —
- =o—
V -
N \\\ %
V —
LN
- )
o > <
- B S
e
TR
& <
o0 - © o)

Mh [GeV]

Mh [GeV]

NNLO

100 replicas




12 Luca Polano

Predictions: Neural Network %
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Comparison

B - B

NN seems to describe

better data

NN has less sensitivity

on resonances
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DI-HADRON FF gluon ~ao0000 - assumptions

Physics informed
@ D8(z,M,; Q%) = Nz (1 — 2)'*% - Di{(z, M;; O°)
u=d

N random unif. in (0,2)

ay, &, random unif. in (0,1)



DI-HADRON FF
Physics informed

u=d
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DI-HADRON FF
Physics informed
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DI-HADRON FF
Neural Network
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DI-HADRON FF
Neural Network
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Comparison at NNLO:

B - B

Similar features and
compatible results

NN has wider
uncertainty bands

Resonances are better
captured by the P.l. one
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Dl(Z9 Mha Q)

Gluon and up bands at NNLO
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