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JAM status
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JAM in progress
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Theory of fitting
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The goal is to estimate:

E[O] =

∫
dna P(a|data) O(a)

V[O] =

∫
dna P(a|data) [O(a)− E[O]]2

Monte Carlo methods

P(a|data)→{ak}

E[O] ≈ 1
N

∑
kO(ak)

V[O] ≈ 1
N

∑
k[O(ak)− E[O]]2

Maximum Likelihood

Maximize P(a|data)→a0

E[O] ≈ O (a0)

V[O] ≈hessian, ∆χ2 envelope,...
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The ∆χ2 paradox

there is a controversy about how to treat errors in global fits

A particular example occurred in the IC context

Jimenez-Delgado et al PRL114 (2015) ∆χ2 = 1

Brodsky, Gardner PRL116 (2016) ∆χ2 6= 1

similar issues in other analysis (TMD, FF)

I will attempt clarify this!!!

to understand this lets consider an example ...
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The ∆χ2 paradox: Example

consider two parameters:

θ1,2 = µ1,2 ± σ1,2

the joint distribution is

p(θ1, θ2) =
1√

2πσ2
1

1√
2πσ2

2

exp

[
−1

2

(
θ1 − µ1

σ1

)2
]

exp

[
−1

2

(
θ2 − µ2

σ2

)2
]

change of variables

θ1,2 → t1,2 =
θ1,2 − µ1,2

σ1,2
→ r, φ

dθ1dθ2p(θ1, θ2) = dt1dt2
1

2π
exp

[
−1

2
(t21 + t22)

]
= dφ rdr p(t1, t2) =

dφ

2π
rdr exp

[
−1

2
r2
]
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The ∆χ2 paradox: Example

confidence volume:

CV =

∫ 2π

0

dφ

2π

∫ R

0
dr r exp

[
−1

2
r2
]

=

∫ R

0
dr r exp

[
−1

2
r2
]

i.e. CV = 0.68→ R = 2.279 (recall this is 2D problem)

notice that

R2 = t21 + t22 =

(
θ1 − µ1
σ1

)2

+

(
θ2 − µ2
σ2

)2

≡ χ2

the confidence region for the parameters is

max [t1,2] = R → θ1,2 = µ1,2 ± σ1,2 R

... but we know that
θ1,2 = µ1,2 ± σ1,2

this is the origin of the paradox.
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The ∆χ2 paradox: Example

The resolution → Use calculus!!

The expectation value:

E [θ1,2] =

∫ 2π

0

dφ

2π

∫ ∞

0
dr p(r, φ) θ1,2

=

∫ 2π

0

dφ

2π

∫ ∞

0
dr r exp

[
−1

2
r2
]

[µ1,2 + t1,2σ1,2]

= µ1,2

The variance value:

V [θ1,2] =

∫ 2π

0

dφ

2π

∫ ∞

0

dr p(r, φ) [θ1,2 − µ1,2]
2

=

∫ 2π

0

dφ

2π

∫ ∞

0

dr r exp

[
−1

2
r2
]

[t1,2σ1,2]
2

=

∫ 2π

0

dφ

2π

∫ ∞

0

dr r exp

[
−1

2
r2
]

[r{cos, sin}(φ)σ1,2]
2

= σ2
1,2

8 / 22



The ∆χ2 paradox: Example

The resolution → Use calculus!!
The expectation value:

E [θ1,2] =

∫ 2π

0

dφ

2π

∫ ∞

0
dr p(r, φ) θ1,2

=

∫ 2π

0

dφ

2π

∫ ∞

0
dr r exp

[
−1

2
r2
]

[µ1,2 + t1,2σ1,2]

= µ1,2

The variance value:

V [θ1,2] =

∫ 2π

0

dφ

2π

∫ ∞

0

dr p(r, φ) [θ1,2 − µ1,2]
2

=

∫ 2π

0

dφ

2π

∫ ∞

0

dr r exp

[
−1

2
r2
]

[t1,2σ1,2]
2

=

∫ 2π

0

dφ

2π

∫ ∞

0

dr r exp

[
−1

2
r2
]

[r{cos, sin}(φ)σ1,2]
2

= σ2
1,2

8 / 22



The ∆χ2 paradox: Example

The resolution → Use calculus!!
The expectation value:

E [θ1,2] =

∫ 2π

0

dφ

2π

∫ ∞

0
dr p(r, φ) θ1,2

=

∫ 2π

0

dφ

2π

∫ ∞

0
dr r exp

[
−1

2
r2
]

[µ1,2 + t1,2σ1,2]

= µ1,2

The variance value:

V [θ1,2] =

∫ 2π

0

dφ

2π

∫ ∞

0

dr p(r, φ) [θ1,2 − µ1,2]
2

=

∫ 2π

0

dφ

2π

∫ ∞

0

dr r exp

[
−1

2
r2
]

[t1,2σ1,2]
2

=

∫ 2π

0

dφ

2π

∫ ∞

0

dr r exp

[
−1

2
r2
]

[r{cos, sin}(φ)σ1,2]
2

= σ2
1,2

8 / 22



The ∆χ2 paradox: The resolution

If:

- the likelihood function is approximately gaussian in the parameters

- If the model is well described by a linear approximation

Then,

- 1σ CL is characterized by the hessian criterion with ∆χ2 = 1 for any
arbitrary number of parameters

Else,

- Use MC methods
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Iterative Monte Carlo analysis (IMC)
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sampler priors

fit

fit

fit

posteriors
original data

pseudo
data

training
data

fit

parameters from
minimization steps

validation
data

validation

posterior

as initial
guess

prior

Use traditional anzat
xf(x) = Nxa(1− x)b(1 + c

√
x+ dx)

Keep all the parameters free.
No assumptions on the exponents

Avoid over-fitting by Cross-Validation

Iterative procedure
→ Adaptive MC integration (like in Vegas)

Robust estimation of uncertainties



IMC in action (example in FF case)
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Spin PDFs
from polarized DIS

In Collaboration with:

J. J. Ethier (College of William and Mary)

W. Melnitchouk (Jefferson Lab)

A. Accardi (Hampton U. and Jefferson Lab)

S. E. Kuhn (Old Dominion U.)



Global polarized DIS data
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Data vs theory: proton JLab eg1-dvcs
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Results
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Fragmentation Functions
from SIA data

In Collaboration with:

J. J. Ethier (College of William and Mary)

W. Melnitchouk (Jefferson Lab)

A. Accardi (Hampton U. and Jefferson Lab)

S.Kumano (KEK, J-PARC)

M.Hirai (Nippon Institute of Technology)



π analysis (χ2/Nnpts = 1.31)

17 / 22

0.1 0.2 0.4 0.7z
0.4

0.6

0.8

1

1.2

1.4

d
at

a/
th

eo
ry ARGUS

π
0.2 0.4 0.6 0.8 z

0.9

0.95

1

1.05

1.1
Belle

0.2 0.4 0.6 0.8 z
0.9

0.95

1

1.05

1.1
BaBar

0.1 0.2 0.4 0.7 z
0.2

0.6

1

1.4

1.8

TASSO

0.1 0.2 0.4 0.7z
0.8

0.9

1

1.1

d
at

a/
th

eo
ry TPC

0.1 0.2 0.4z
0.2

0.6

1

1.4

1.8 TPC(uds)

0.1 0.2 0.4z
0.2

0.6

1

1.4

1.8 TPC(c)

0.1 0.2 0.4z
0.2

0.6

1

1.4

1.8

TPC(b)

0.1 0.12 0.14z

0.8

1

1.2

d
at

a/
th

eo
ry HRS

0.1 0.2 0.3z

0.8

1

1.2

TOPAZ

0.1 0.3 0.9zmin

0.9

1

1.1

OPAL

0.2 0.4 0.7zmin

0.8

1

1.2 OPAL(u)

0.2 0.4 0.7zmin

0.8

1

1.2

d
at

a/
th

eo
ry OPAL(d)

0.2 0.4 0.7zmin
0

1

2

3

OPAL(s)

0.2 0.4 0.7zmin
0

1

2

3

OPAL(c)

0.2 0.4 0.7zmin
0

1

2

3

OPAL(b)

0.1 0.3 0.9z

0.95

1

1.05

d
at

a/
th

eo
ry ALEPH

0.1 0.3 0.9z
0.8

1

1.2

1.4 DELPHI

0.1 0.3 0.9z
0.8

1

1.2

1.4 DELPHI(uds)

0.1 0.3 0.9z
0.8

1

1.2

1.4 DELPHI(b)

0.1 0.2 0.4z

0.8

0.9

1

1.1

d
at

a/
th

eo
ry

SLD

0.1 0.2 0.4z

0.8

0.9

1

1.1

SLD(uds)

0.1 0.3 0.9z
0.6

0.8

1

1.2

1.4

SLD(c)

0.1 0.3 0.9z
0.6

0.8

1

1.2

1.4

SLD(b)

zcut > 0.1 for low energies

zcut > 0.05 for high
energies

We use BaBar prompt
data set

Belle data set needs 10%
normalization

Good agreement at low–z
for inclusive data sets

Data inconsistencies at
large–z for Q2 = M2

z



K analysis (χ2/Nnpts = 1.01)

18 / 22

0.2 0.3 0.4 z
0.4

0.6

0.8

1

1.2

1.4

d
at

a/
th

eo
ry

ARGUS

K

0.2 0.4 0.6 0.8 z
0.8

0.9

1

1.1

1.2

Belle

0.2 0.4 0.6 0.8 z
0.8

0.9

1

1.1

1.2

BaBar

0.1 0.2 0.4 0.7 z

0.5

1

1.5

2

2.5

TASSO

0.1 0.2 0.4 0.7z

0.6

0.8

1

1.2

d
at

a/
th

eo
ry TPC

0.15 0.2 0.25 z
0.6

0.8

1

1.2

1.4

TOPAZ

0.1 0.3 0.9zmin

0.8

1

1.2 OPAL

0.2 0.4 0.7zmin
0

0.5

1

1.5

2

OPAL(u)

0.2 0.4 0.7zmin
0

0.5

1

1.5

2

d
at

a/
th

eo
ry OPAL(d)

0.2 0.4 0.7zmin

0.6

0.8

1

1.2

1.4 OPAL(s)

0.2 0.4 0.7zmin
0

0.5

1

1.5

2

OPAL(c)

0.2 0.4 0.7zmin
0

0.5

1

1.5

2

OPAL(b)

0.1 0.3 0.9z
0.8

0.9

1

1.1

1.2

d
at

a/
th

eo
ry ALEPH

0.1 0.3 0.9z
0.6

0.8

1

1.2

1.4

DELPHI

0.1 0.3 0.9z
0.6

0.8

1

1.2

1.4

DELPHI(uds)

0.1 0.3 0.9z
0.6

0.8

1

1.2

1.4

DELPHI(b)

0.1 0.2 0.4z

0.8

1

1.2

d
at

a/
th

eo
ry SLD

0.1 0.2 0.4z

0.8

1

1.2 SLD(uds)

0.1 0.3 0.9z
0.8

1

1.2

1.4

1.6 SLD(c)

0.1 0.3 0.9z
0.8

1

1.2

1.4

1.6 SLD(b)

zcut > 0.2 for low energies
to avoid hadron mass
corrections

zcut > 0.05 for high
energies

Smaller χ2 that π due to
larger errors

Consistent shapes across
all z

Inconsistencies mostly due
to normalizations



Fragmentation functions

19 / 22

0.2 0.4 0.6 0.8 z
0.0

0.5

1.0

1.5

2.0

R
at

io
to

10
4

fit
s u+

π
0.2 0.4 0.6 0.8 z

0.0

0.5

1.0

1.5

2.0

d+

0.2 0.4 0.6 0.8 z
0.0

0.5

1.0

1.5

2.0

s+

0.2 0.4 0.6 0.8 z
0.0

0.5

1.0

1.5

2.0

R
at

io
to

10
4

fit
s c+

100 fits

200 fits

500 fits
0.2 0.4 0.6 0.8 z

0.0

0.5

1.0

1.5

2.0

b+

103 fits

104 fits

0.2 0.4 0.6 0.8 z
0.0

0.5

1.0

1.5

2.0

g

0.2 0.4 0.6 0.8 z
0.0

0.5

1.0

1.5

2.0

R
at

io
to

10
4

fit
s u+

K
0.2 0.4 0.6 0.8 z

0.0

0.5

1.0

1.5

2.0

d+

0.2 0.4 0.6 0.8 z
0.0

0.5

1.0

1.5

2.0

s+

0.2 0.4 0.6 0.8 z
0.0

0.5

1.0

1.5

2.0

R
at

io
to

10
4

fit
s c+

100 fits

200 fits

500 fits
0.2 0.4 0.6 0.8 z

0.0

0.5

1.0

1.5

2.0

b+

103 fits

104 fits

0.2 0.4 0.6 0.8 z
0.0

0.5

1.0

1.5

2.0

g

Larger constraints on
favored FFs than unfavored
FFs

More sensitivity on Dπ
g

than DK
g

DK
g is unknown

HQ tagged data provides
similar constraints for π
and K

Convergence attained with
∼ 200 posteriors



Fragmentation functions

20 / 22

0.2 0.4 0.6 0.8

0.2

0.6

1.0

1.4

zD
(z

) π+

K+

u+

0.2 0.4 0.6 0.8

0.2

0.6

1.0

1.4

π+

K+

d+

0.2 0.4 0.6 0.8

0.2

0.6

1.0

1.4

π+

K+

s+

0.2 0.4 0.6 0.8 z

0.2

0.6

1.0

1.4

zD
(z

) π+

K+

c+

0.2 0.4 0.6 0.8 z

0.2

0.6

1.0

1.4

π+

K+

b+

0.2 0.4 0.6 0.8 z

0.2

0.6

1.0

1.4

π+

K+

g

0.2 0.4 0.6 0.8 z

0.2

0.6

1.0

1.4

zD
(z

)

u+

π+

K+

0.2 0.4 0.6 0.8 z

0.2

0.6

1.0

1.4

d+

π+

K+

0.2 0.4 0.6 0.8 z

0.2

0.6

1.0

1.4

s+ JAM

HKNS

DSS

0.2 0.4 0.6 0.8 z

0.2

0.6

1.0

1.4

zD
(z

)

c+

π+

K+

0.2 0.4 0.6 0.8 z

0.2

0.6

1.0

1.4

b+

π+

K+

0.2 0.4 0.6 0.8 z

0.2

0.6

1.0

1.4

g

π+

K+

Similar behavior of unfavored
Dπ
s+ and DK

d+

In contrast the Dπ
g and DK

g

behave differently

The charm and bottom FFs
become compatible at
large–z

Favored Dπ
u+ and DK

s+ have
similar shape at large–z

JAM DK
s+ is compatible with

DSS. Will it change the
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Summary and outlook

Polarized DIS data
New JAM analysis to study impact of all JLab 6 GeV
inclusive DIS data at low W and high x
New extraction of LT & HT distributions
Constraints on d2

SIA data
New study of SIA data including recent Belle and BaBar data
New extraction of fragmentation functions
The setup for combined pol DIS, SIA and pol SIDIS is ready!

JAMLIB
JAM SPDFs and FFs are available at github
Python, Fortran and LHAPDF interfaces provided

21 / 22

http://www.github.com/JeffersonLab/JAMLIB


JAM for public
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http://www.jlab.org/theory/jam
http://www.github.com/JeffersonLab/JAMLIB

