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(albsence of poles)
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randomly choose 4 < M < N/2 points
reduce (binomial) number of interpolators
introducing physical constraints
(albsence of poles)

Chenetal., PRD 99(2019)

IN THE PRESENCE OF ERRORS?

direct interpolation does not work
requires smoothing with roughness penalty:
seek g € S minimising

14 b
KO0 PO - RRACEY | . (s ()

a
data fidelity

THEOREM: BE IS the natural spline interpolant
of nodes {xZ} Reinsch, NM 10 (1967)

smoothing par. roughness penalty

optimal smoothing parameter determined via

generalised cross validation
Craven and Wahba, NM 31 (1978)
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reduce (binomial) number of interpolators
introducing physical constraints
(albsence of poles)

Chenetal., PRD 99(2019)

IN THE PRESENCE OF ERRORS?

direct interpolation does not work
requires smoothing with roughness penalty:
seek g € S minimising

14 b
KO0 PO - RRACEY | . (s ()

a
data fidelity

THEOREM: BE IS the natural spline interpolant
of nodes {xZ} Reinsch, NM 10 (1967)

smoothing par. roughness penalty

optimal smoothing parameter determined via

generalised cross validation
Craven and Wahba, NM 31 (1978)

use bootstrap procedure to generate replicas
accounting for statistical errors in data when
extrapolating
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LARGE DATASETS

randomly choose 4 < M < N/2 points
reduce (binomial) number of interpolators
introducing physical constraints

(albsence of poles)
Chenetal., PRD 99(2019)

IN THE PRESENCE OF ERRORS?

direct interpolation does not work
requires smoothing with roughness penalty:
seek g € S minimising
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data fidelity
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roughness penalty
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smoothing par

THEOREM:

optimal smoothing parameter determined via

generalised cross validation
Craven and Wahba, NM 31 (1978)

g is the natural spline interpolant

x .
of nodes{ Z} Reinsch, NM 10 (1967)

use bootstrap procedure to generate replicas
accounting for statistical errors in data when
extrapolating

(xiayivai) — (xfuN(yz;O-Z))

\

General algorithm to extrapolate a certain
parameter from given noisy experimental
datasets.

generate (108) replicas for the given experimental central values and error
smooth each replica with associated optimal
set{M; =5+j|j=1,...,ny}forasuitable n,,

fix M;and get a number of monotonic SPM interpolators for each replica
determine the replicas’ parameter value (averaging over the obtained curves)
construct the (normal) distribution of the replicas’ (103) extracted parameter;

extract the mean p"'i and standard deviation 024 7
final result

np Z)A4
p= Z _
71=1

M
Op

p=xo.

n2 5M
TV

|25

standard deviation
of p™i distribution
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Nature’s most fundamental bound-state

Quantum ChromoDynamics
describes the proton structure

My, Tp

Iif it is composite it must have a size

HOW BIG IS IT?

€0 ELASTIC SCATTERING

N

N

| @ ([I)H SPECTROSCOPY

point-like probe, QED only

electric and magnetic form factor encode the shape
of the proton

/

probability of lepton inside proton

-y

AT/<V~—1/r
/

Finite size correction: time
spent inside the nucleus

P.J. Mohr et al. Rev. Mod. Phys. 88,035009 (2016)

ep average from P.J. Mohr et al. Rev. Mod. Phys. 88,

== CODATA 2014
e [T

e o Ml o0 scattering

035009 (2016)

H spectroscpopy average from P.J. Mohr et al.
Rev. Mod. Phys. 88, 035009 (2016)

J.Bernauer et al., Phys. Rev. Lett. 105, 242001 (2010)

H spectroscopy
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0.88 0.90 0.92




Proton

PARTICLE

I —

Nature’s most fundamental bound-state

Quantum ChromoDynamics
describes the proton structure

My, Tp

Iif it is composite it must have a size

HOW BIG IS IT?

€0 ELASTIC SCATTERING
point-like probe, QED only

electric and magnetic form factor encode the shape
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probability of lepton inside proton
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muon ~ 200 heavier than electron
~107 more sensitive to rp
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Finite size correction: time
spent inside the nucleus

P.J. Mohr et al. Rev. Mod. Phys. 88,035009 (2016)
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describes the proton structure
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point-like probe, QED only
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THE PROTON RADIUS PUZZLE
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point-like probe, QED only
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AND IS it robust?

SMOOTHING If you want to disprove large radius,

show you can replicate it
VALIDATION

build elastic form factor replicas of known radius r*,

GE, GENERATORS

Use generators from a variety of models

functional forms (3): monopole, dipole, Gaussian
parametrisations of experimental data (5)

“real-world” calculations (1)
Yan etal., PRC98(2018)

CHECKS

VY M/generators/kinematics:

Gaussianity of rp distribution
robustness of rp, extraction

bias Root Mean Square Error

standard deviation

I'p extraction robust if
07| < o

RMSE independent from generator

experimental kinematics:
PRad (3), A1 low-Q2 (1)

generators
replicas/kinematic

interpolators/replica

M

4
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1,000
5,000

X X X X

total interpolators 24 Ks10M00]0N00]0
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does it really work"?
IS it robust?

SMOOTHING If you want to disprove large radius,

VALIDATION

show you can replicate it

build elastic form factor replicas of known radius r*,

GE, GENERATORS

Use generators from a variety of models

functional forms (3): monopole, dipole, Gaussian
parametrisations of experimental data (5)
“real-world” calculations (1)

Yan etal., PRC98(2018)

EXAMPLE: 1.1GeV kinematics

DIPOLE, M=6

CHECKS

VY M/generators/kinematics:

Gaussianity of rp distribution
robustness of rp, extraction

bias Root Mean Square Error

standard deviation

I'p extraction robust if
07| < o

RMSE independent from generator
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PRad (3), A1 low-Q2 (1)

generators
replicas/kinematic

interpolators/replica

M

X X X X

total interpolators 24 Ks10M00]0N00]0
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DIPOLE, M=6
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AND s it robust’ V M/generators/kinematics:

M TH I N If you want to disprove /arge (adius,
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VALIDATION robustness of r, extraction
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AND s it robust’ V M/generators/kinematics:
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SMOO G show you can replicate it Gaussianity of rp distribution
VALIDATION robustness of r, extraction

experimental kinematics:
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build elastic form factor replicas of known radius r*, o PRad (3), A1 low-Q2 (1) a
ias Root Mean Square Error
generators g
orp =1Tp — T RMSE = /d0r2 + o2
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GEp GENERATORS - replicas/kinematic 1,000
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functional forms (3): monopole, dipole, Gaussian . . % -
L . I'o extraction robust if
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“real-world” calculations (1) orp| <oy Rl 2> 100,000,000
Yan etal., PRC 98 (2018) RMSE independent from generator
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Generate replicas

SPM on M randomly selected points

Determine/apply optimal smoothing parameters

e 1k
EXAMPLE: 1.1GeV kinematics M
DIPOLE, M=6
Q? [GeV?]
T — T I —
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SMOOTHING If you want to disprove large radius,

VALIDATION

build elastic form factor replicas of known radius r*,

show you can replicate it

GE, GENERATORS

Use generators from a variety of models
functional forms (3): monopole, dipole, Gaussian

parametrisations of experimental data (5)
“real-world” calculations (1)

Yan etal., PRC98(2018)

CHECKS
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Gaussianity of rp distribution
robustness of rp, extraction
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AND
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IS it robust?

SMOOTHING If you want to disprove large radius,

VALIDATION

build elastic form factor replicas of known radius r*,

show you can replicate it

GE, GENERATORS

Use generators from a variety of models
functional forms (3): monopole, dipole, Gaussian

parametrisations of experimental data (5)
“real-world” calculations (1)

Yan etal., PRC98(2018)

CHECKS

VY M/generators/kinematics:

Gaussianity of rp distribution
robustness of rp extraction

bias Root Mean Square Error

standard deviation
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EXAMPLE: 1.1GeV kinematics

DIPOLE, M=6

st

o 1k

Q? [GeV?]

S — —

SPM on M randomly selected points
Evaluate replicas’ mean SPM radius

Determine/apply optimal smoothing parameters

from PDF
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PROTON RADIUS PUZZLE SETTLED?

UH spectroscopy

H spectroscopy
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H Lamb shift
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uD spectroscopy
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ep average from P.J. Mohr et al. Rev. Mod. Phys. 88,
035009 (2016)
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Rev. Mod. Phys. 88, 035009 (2016)
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J.Bernauer et al., Phys. Rev. Lett. 105, 242001 (2010)

R. Pohl et al., Nature 466,213 (2010)
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