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Why study fragmentation functions

m Tool to unveil nucleon structure

m 1D tomography : PDFs, APDFs

m 3D tomography : TMDPDFs, TMDFFs

m Characterization of formation of hadrons

m Energy distribution of hadrons
m Relative strength of FFs: favored vs unfavored

m Interplay with parton shower — DGLAP, MLL, threshold
resummation
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m Test of universality of collinear framework
m Collinear distributions are part of the TMD framework
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Technical details

m Use all available ete™ data from Q = 10 GeV — 91.2 GeV that
includes light and HQ separated samples

m Include recent measurements from Belle and BaBar
m Fit 7 and K FFs using pQCD @ NLO

+

z, = Cy® D, +(z, +Cy® Dy(z,
OTOT dz ( Q ) OTOT Xq: q q+( Q ) g g( Q )

m ZMVS with input Qg’d’s = 1GeV and Qg’b = Meyp
m z > 0.05 for high energy data and z > 0.1 for low energy data
m Traditional ansatz

m Divor(2) = Ty (2) + Ty(2)

- Dunfavor(z) =T (:U)

= Ti(2) = B(1+§ff1+bi)zai(1 - Z)bi

m 24 kaon parameters and 18 pion parameters
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JAM framework
The goal is to estimate:
ma:/wapmmm)m@

wm:/wapmmw[m@—maﬁ

Monte Carlo methods Maximum Likelihood
m P(aldata)—{ay} m Maximize P(al|data)—ag
m E[0] ~ % > Olay) m E[O] = O (ayp)

m V[O] ~ L 5, [0(ar) — E[0]]> m V[O] ~Hessian, Ax? envelope,...

6

14



JAM framework

The goal is to estimate:

mm:/wapwmm)m@

wm:/wap@mw[m@—mwf

Monte Carlo methods
m P(aldata)—{ay}
1{/ Dk O(ak)

= V[O] = § 4[0(ar) — E[O]]?

=

Maximum Likelihood
m Maximize P(a|data)—ag

m E[O] ~ O (ayp)

m V[O] ~Hessian, Ax? envelope,...

6/

14



Methodology

( original data J

7/14



Methodology

{ original data ]

pseudo
data

7/14



Methodology

{ original data ]

training
data

validation
data

/14



Methodology

{ original data ]

training validation
data data

as initial
guess

/14



Methodology

as initial
guess

{ original data ]

training validation
data data

/14



Methodology

{ original data ]

training
data

validation
data
as initial
guess

parameters from
minimization steps

/14



Methodology

{ original data ]

training
data

validation
data
as initial
guess

parameters from
minimization steps

/14



Methodology

{ original data ]

training
data

validation
data
as initial
guess

parameters from
minimization steps

posterior

/14



Iterative Monte Carlo analysis (IMC)
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Iterative Monte Carlo analysis (IMC)

Multiple iterations until convergence of posterior distribution

Keep all the parameters free. No assumptions on the exponents
m Avoid over-fitting by Cross-Validation
m lterative procedure — Adaptive MC integration (like in Vegas)

m Robust estimation of uncertainties
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IMC in action
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7 analysis
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K analysis  (x?/Npts = 1.01)
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Fragmentation functions
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Summary and outlook
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TMD analysis
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Combine polarized PDFs and FF analysis (see talk by J. Ethier)
- Universal analysis for all collinear distributions (ultimate goal)
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- Universal analysis for all collinear distributions (ultimate goal)

m Open questions:

- Do we understand the shapes of FFs? Especially the gluon FF?

- What governs the low—z FFs?

- Can we trust in the collinear framework for SIDIS at low energies?
- Are the SIDIS measurements in the current region?

m MCEG for SIDIS: (talk by N. Sato @ WG7)

- Pythia8 validation of Hermes multiplicities (in progress)
- Extraction of FFs from Pythia8: test of DGLAP and Pythia8's parton
shower
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