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Disclaimer

Context of discussion: QCD global
analysis of PDFs, fragmentation
functions and TMDs

The ideas can be extended to GPDs



Main points

_ Reliable Use of
Simultaneous extraction modern
extrac_tlon procedure: Machine
paradigm MC methods Learning




Simultaneous

extraction
paradigm

Example: JAM20-SIDIS

Moffat, Melnitchouk, Rogers, NS
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Fragmentation Functions

zDg et Lt

0.1 I K éh™t

0.01
12 = 100 GeV?

N
>
]

0.001

zDg zDs
0.1

0.01 \
0.001
g ZDb
0.1
0.01
0.001

0.2 0.4 0.6 08 =z 02 0.4 0.6 0.8 2z



The need of simultaneous extraction paradigm
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The simultaneous fit of
PDFs and FFs provides
new insights on nucleon
strangeness
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Simultaneous

extraction
paradigm

Example: JAM20-TMD+CT3

Cammarota, Gamberg, Kang, Miller, Pitonyak,
Prokudin, Rogers, NS



Observable Reactions
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The need of simultaneous extraction paradigm

od

GLOBAL ® JAM20
@ Goldstein et al (2014)

SIDIS + SIA # Radici, Bacchetta (2018)
SIDIS # Gupta et al (2018)

L ¥ Alexandrou et al (2019)

# Pitschmann et al (2015)

0.2

1 1 1 _0.2
0.2 0.4 0.6 08 I —

0.04 :
§ === Echevarria et al ‘14
-~ F— Anselmino et al ‘17 0.6 : ; ,
s

Y

0.02 0.4 0.6 0.8 L0 Su

\ P & JAM20 / 7 . T —
—0.04 e L 1 ¥ - . | Pitschmannet a
0.0 0.2 0.4 0.6 €Tr 0-00 7 0.2 0.4 0.6 T | 1@ Hasanetal (2018)

0.0 — | © B Guptaetal (2018)
_/\\ Anselmino et al ‘13 —~ unf I 3l Alexandrou et al (2019)

=== Anselmino et al ‘15 ———@—— | Anselmino et al (2013)

- Goldstein et al (2014)
------ Radici, Bacchetta ‘18 - Radici et al (2015)
—-— Beneletal ‘19 —.ﬂ| ., Kanget al (2015)
~== D'Alesio et al ‘20 : Radici, Bacchetta (2018)

1 1 : Benel et al (2019)
0.4 0.6 0.8 Z — D’ Alesio et al (2020)
| == & SIDIS
JAM20 {==tedee  SIDIS + SIA
:—@-: GLOBAL
T

05 1.0 15 20 gr

02k —-— Kanget al ‘15

At




Reliable
extraction

procedure:
MC methods

Posterior Beliefs

Evidence

Prior Beliefs

Bayesian inference < Bayes



The Bayes theorem

1
L(a,data) = exp l—§x2(a, data)]

Min, Max, penalties,

[ This is a ctﬁe/_J regulators etc

p(a|data) ~ L(a,data)r(a)

4

E[0] = / d"a p(aldata) O(a)

This is impractical

V(O] = / d"a p(aldata) [O(a) — E[O]°
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How do we deal with the curse of dimensionality ?

E[O] = /d"a p(aldata) O(a)

V[O] = / d"a p(aldata) [O(a) — E[O]]’

Asummes symmetric

' i Lali likelihood, uni
Option 1: Maximum likelihood e o0d, Unique

E[O] R O(ao) Assumes Gaussian

behavior around ML

V|O] = Hessian, Lagrange multipliers
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How do we deal with the curse of dimensionality ?

E[O] = /dna p(aldata) O(a)

V[O] = / d"a p(aldata) [O(a) — E[O]°

Build an MC
Option 2: MC approach ensemble ($$9)
"y 1 Many algorithms
E[0] =~ Y O(ay)
k - MCMC
- HMC

V[O] = %Z [O(Gk) — E[O]] - : ?ata resampling
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Data resampling
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Use of
modern
Machine
Learning




Collecting MC samples

Limitation of current methodology e o
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Need to go beyond gaussian likelihoods

Gaussian likelihood o
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' INVErse inference
Likelihood models mapper

Existing methodologies
are prohibitively expensive
for such studies



Key idea: parametrize the inverse function

Theory
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Inverse mappers
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Summary and Outlook



Where do we go from here?

/ Quantitative \ Inclusion of more
demonstration obs'ervables:
that ML can DY, jets, SIDIS

replace current

paradigm

X

Backward
Mapper

Integration with TMDs, GPDs
web-frameworks

[ Extensions to




Status of web framework

a Q d
Home Selection Modification

Currently using
toy DIS-like with
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https://cnf-web-fitter.herokuapp.com
https://cnf-web-fitter.herokuapp.com

The ML workforce DAVIDSON DATESON

Jefferson Lab

co-Pl

W W
OoDbuU oDbUuU
Manal

Annabel

Heramb DAVIDSON

o O
mappers} Rida - Web-interface }
| DAVIDSON

Inve
rfg I1p-p’l1 a ) Y

|
Forward W Backward 3
Mapper % Mapper §
(0, 1))




