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What we are going to discuss?

Global analysis (NS) Synergy between lattice and pheno (KC)

> What is a QCD global analysis? > LQCD: exploratory vs. precision studies
> The Bayesian inference in a nutshell > Lattice approaches to partonic functions
> Why lattice + experimental data? > Some state-of-the-art lattice results

> Synergy: open problems/challenges




What is ( the future of ) QCD global analysis?
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The Bayesian inference
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Combined measurement and QCD analysis of the
inclusive e®p scattering cross sections at HERA

The Bayesian inference

HI E. 3y HI NC [4] — &; HI NC HY [5] — 8; HI NC [3] — & HI NC [5]
HI B, b2 H1 CC [3] — 8 H1 CC [5] — d2 H1 CC [4] — 83 HI NC [4]
83 H1 NC HY [5] — 83 H1 NC [3] — 83 HI NC [5]
HI1 4p asymmetry ds H1 NC HY [5] — 8 H1 NC [5]
1 H1 4p background 4 H1 CC [3] — 85 HI CC [5] — 84 H1 CC [4] — 85 H1 NC [4]
£ d 2 d 85 H1 NC HY [5] — 85 H1 NC [3] — 85 H1 NC [5]
— —_ H1 6, 82 H1 NC [4] — 82 H1 NC HY [5] — &2 H1 NC [5]
(a'7 a’ta') exp 2 X (a" a'ta’) HI CC cuts 8y H1 CC [5] — & H1 CC [4]
HI LAr Noise 83 H1 CC [3] — 83 H1 CC [5] — 83 H1 CC [4] — 84 H1 NC [4]
54 H1 NC HY [5] — 84 H1 NC [3] — 84 H1 NC [5]
HI Lumi 94 — 97 85 H1 CC [3] — 85 H1 NC [3]
HI Lumi 98 — 99 85 H1 CC [4] — 8 H1 NC [4] — &7 H1 NC HY [5]
HI Lumi 99 — 00 b5 H1 CC [5] — 87 H1 NC [5]
ZEUS E! 5y ZEUS NC [11] — §; ZEUS NC [13]

ZEUS Ej, a 8y ZEUS CC [12] — 8 ZEUS CC [14)
ZEUS Ey b bz ZEUS CC [12] — &
ZEUS K, in BCAL 6y ZEUS CC [10] — 4

2
de,i — Zk re,k,Be,k,i — te,i(a)/Ne ZEUS E,, in FCAL &, ZEUS CC [10] — 85 ZEUS NC [9]

X2 (a dat a) — E ZEUS § cut b5 ZEUS BPC [6] — & ZEUS BPT [7]
’ o ZEUS ~p background 4z ZEUS NC [11] — 42 ZEUS NC [13]

e.i i ZEUS ~p background 6y ZEUS BPC [6] — 814 ZEUS BPT [7] — 65 ZEUS SVX [8§]
’ ZEUS gy, cut 33 ZEUS BPC (6] — &, ZEUS BPT (7]
ZEUS BPC linearity &5 ZEUS BPC [6] — 8y ZEUS BPT [7]
ZEUS BPC shower &4 ZEUS BPC [6] — &3 ZEUS BPT [7]

ZEUS CAL energy 6, ZEUS BPC [6] — 6,2 ZEUS BPT [1] — 8y ZEUS SVX [§]
2 ZEUS Cuts, 83 ZEUS NC [11] — 83 ZEUS NC [13]
1 _ N ZEUS Cuts; 44 ZEUS NC [11] — &, ZEUS NC [13]

2 e ZEUS HFS model 83 ZEUS CC [10] — §3 ZEUS CC [12] — d ZEUS NC [11]

-+- /i i -I— —_— b5 ZEUS NC [13] — 83 ZEUS CC [14]
€, 5 N ZEUS Lumi 94 — 97 &4 ZEUS CC [10] — §;; ZEUS NC [9]
e ZEUS Lumi 98 - 99 64 ZEUS CC (12 — 8; ZEUS NC [11)
k ZEUS Lumi 99 — 00 6y ZEUS NC [18] — &, ZEUS CC [14]

Table 5. List of systematic sources that are correlated across the data samples. The type of the
systematic uncertainty is given in the “source” colummn. The labels §; denote the sources according
to the sequential ordering in the list of the correlated systematic uncertainties of the corresponding
publication. An overall 0.5% normalisation uncertainty, common to all data sets, is not included in
this list.



The Bayesian inference
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Why lattice and experimental data?
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Complementarity

Experiment

> Huge amount of data to access hadron
structure and hadronization

> Provides the testing platform for
universality and QCD predictions

> Requires to separate reaction dependent
parts from intrinsic properties

Lattice

> Provides constraints on hadron structures
not accessible experimentally

> Universality of factorization can be tested
within combined lattice observables and
experimental data

> Direct access to intrinsic properties of
hadron structure that can be compared
with infrared structures from experiments



Challenges

> Modeling the likelihood function -> > New era of high luminosity

treatment of systematic uncerties experiments -> enormous amount of
data

> Confidence levels in the presence of

incompatible data >New ideas emerging using machine
learning models

> Bayesian posterior sampling on large
dimensional space ~ O(100)




