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Parton Distribution Functions at the LHC
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PDF uncertainty is often the dominant source of uncertainty in LHC cross sections
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Parton Distribution Functions
PDFs express the likelihood of a quark or gluon (partons) to enter a collision
That is, x xPDFs are momentum fraction distributions for each parton
Dependence on z is non-perturbative (fit); dependence on Q? is perturbative (DGLAP)
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Parton Distribution Functions
PDFs express the likelihood of a quark or gluon (partons) to enter a collision
That is, x xPDFs are momentum fraction distributions for each parton

Dependence on z is non-perturbative (fit); dependence on Q? is perturbative (DGLAP)

NNPDF4.0 NNLO Q= 100.0 GeV
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PDF determination in statistical language
Inverse problem

Given a set of data D, determine p(f|D) in the space of functions f : [0,1] — R.

Solution: parametric regression

Approximate p(f|D) with its projection in the space of parameters p(6|D)
@ fi(w, Q5) = Ag; afi (1 — 2)" F(x,{cp,})
Determine p(6|D) x p(D|0)p(8) as MAP 8" = arg maxg p(6|D)

Naat

2 -1
X* =Y _[T:[0] — Di](cov),,[T5(0] — Dy]
%7
Use a prescription to compute expectation values and uncertainties of observables

(0] = / DIP(ID)O(S)  VIO] = / DFP(fID)O(f) — EO]?

Monte Carlo: P(f|D) — {fx} Maximum likelihood: P(f|D) — fo
B[O} & & 32, O(fi) E[0] = O(fo)
VIOl = & Y ,10(fr) — E[O])? V[0] = Hessian, Ax?envelope, . . .
Interplay between DATA, THEORY, and METHODOLOGY J
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methodology important?
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circa 1995: small-z rise of HERA F2p and CDF jet

discrepancy

The methodology is crucial if we aim at percent-level accurate PDFs
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Making predictions wit
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Accuracy vs precision or bias vs variance
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A lot of progress in the last (two) years
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NNPDF4.0: a machine learning methodology

uncertainty representation

Monte Carlo sampling of experimental uncertainties
what is the statistical meaning of uncertainties?

parametrisation

neural network(s)
is there a bias due to the parametrisation?

optimisation

(adaptive) gradient descent
is the parameter space explored efficiently?

delivery

GAN enhancement and compression
can the number of replicas be reduced?

uncertainty characterisation and validation

closure tests (what happens if | know in advance the underlying law that | am fitting?)
are interpolation and extrapolation uncertainties statistically faithful?
[ 1

The NNPDF code is public, see https://github.com/NNPDF | ] )
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https://github.com/NNPDF

Uncertainty representation

Generate Monte Carlo replicas and perform a fit to each replica
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Parametrisation
x Inx =2

n® =

T VAN

(xg(x, Q) XX, 0y xV(x, 0y  xVa(x,Qp) xVo(x,Qp) xTy(x, Qy) xTy(x,Qy) xTis(x, QO))
(xe(r, Q)  xu(x,Qp)  xi(x,Qp)  xd(x,Qp) xd(x,Qp) xs(x,Qp) x5, Qp  xc*(x,Qp))
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Optimisation

Target
PDF fit optimization ——— low X2 ..

Quality control

stable x2,,

Ngat

X' =Y (Ti[{6}] — Dy) (cov™ ), (T;[{6}] — D)

2%

o0, =yt + (Sootf 4 350120 ) 1,

stochastic gradient descent with backpropagation
Emanuele R. Nocera (UNITO) Determining PDFs with ML 18 December 2024 12/21



Hyperoptimisation: fitting the methodology

L Target
Hyperoptimization low X3al

Target

PDF fit optimization ——— low 2

train

Quality | control Quality control

stable x2,,

Test Set (not used for the fit at all)

Compare to a Test Set (new set of data previously not used at all)
Who picks the Test Set? Automatic generalisation based on K foldings
Divide the data into n representative sets, fit n — 1 sets and use the n-th set as test set

Hyperoptimise on mean and standard deviation of xfcst pi=1...n
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Hyperoptimisation: K-folding

—»{Generate new hyperparameter conﬁguration}

[
[Fit to subset of folds]

@NE] v ! l ) y

folds 1,2,4 ] [folds 1,3,4} [ folds 2,3,4 ]

]

[ folds 1,2,3 J

'

Compare to a Test Set (new set of data previously not used at all)
Who picks the Test Set? Automatic generalisation based on K foldings
Divide the data into n representative sets, fit n — 1 sets and use the n-th set as test set

Hyperoptimise on mean and standard deviation of X?est pi=1...n
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Hyperparameters

Loss
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o= (2[00,

Hyperoptimisation: metrics
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Delivery: compression

Find a subset of replicas that describe the underlying probability distribution
as accurately as the original ensemble of replicas

C® (z;) — P® (2;)\
ERE = NEST Z N Z < P (x;) )

Use GANs to enhance the number of replicas before minimising ERF

g at 1.6 GeV' 0.19
— Standard ERFs
NNPDF31_nnlo_as_0118_1000 N Synth, Ne=70
NNPDF31_nnlo_as_0118 1000_enhanced
B “nnlo_as_ 0118 1000_ \ Synth. Ne=90
018 Synth. Ne=100
25 \
0.17
20 &

L 60 80 100 120 140 160 180 200
1075 104 102 102 107 100 Size of Compressed Set

GAN enhancement allows one to achieve the same ERF with fewer replicas
[ ]
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Validation: closure tests

Fit PDFs to pseudodata generated assuming a known underlying law

Level 0 Level 1 Level 2

no fluctuations Gaussian fluctuation Monte Carlo replicas
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Closure tests at work

Data region: closure tests Size of uncertainty on g at 1.65 GeV

1.20 -
Fit PDFs to pseudodata generated 115 —
assuming a known underlying law 110 w—level 0
Define bias and variance 108
bias difference of central prediction and truth 100
variance uncertainty of replica predictions 095
0.90
If PDF uncertainty faithful, then 0.85

E[bias] = variance 0.80
. . 1074 1073
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Size of uncertainty on g at 1.65 GeV

1072 107t
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[EPJ C77(2017) 663; EPJ C82 (2022) 330]
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Kinematic coverage

+  datasets pre HERA
+  datasets pre LHC

Future tests

Extrapolation regions: future test

Test PDF uncertainties on data sets
not included in a given PDF fit
that cover unseen kinematic regions

NNPDF40 datasets
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Data set NNPDF4.0 pre-LHC pre-HERA
pre-HERA 1.09 1.01 0.90
pre-LHC 121 1.20 231
NNPDF4.0 1.29 3.30 231
Only exp. cov. matrix

uatl1l.7 GeV

0.7 PreHera (68 c.l.+10)

PreLHC (68 c.l.+10)
~1 NNPDF4.0 (68 c.l.+10)
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X
[Acta Phys.Polon. B52 (2021) 243]

10°




doz/dy (fb)
= = N
5 & o

o
«

o
o

Emanuele R. Nocera

Kinematic coverage

+  datasets pre HERA
+  datasets pre LHC

Future tests

Extrapolation regions: future test

Test PDF uncertainties on data sets
not included in a given PDF fit
that cover unseen kinematic regions

NNPDF40 datasets
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Data set NNPDF4.0 pre-LHC pre-HERA
pre-HERA 0.86
pre-LHC 1.17 1.22
NNPDF4.0 1.12 1.30 1.38
Exp+PDF cov. matrix
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To conclude: are all PDF
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The PDF set obtained with ML is more precise and more accurate than all the others )
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To conclude: are all PDF sets equally accurate?
Q) .
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The PDF set obtained with ML is more precise and more accurate than all the others )

Thank you
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Extra material
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Overview of experimental data

Kinematic coverage
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Overview of current PDF determinations

NNPDF4.0 MSHT20 CT18 HERAPDF2.0 CJ22 ABMP16

Fixed-target DIS
JLAB
HERA [+II
HERA jets
Fixed target DY
Tevatron W, Z
LHC vector boson
LHCW +c¢c Z + ¢
Tevatron jets
LHC jets
LHC top
LHC single ¢
LHC prompt ~

NESTSESTSESTSISISESES S
NXESEXSEEXKEXE
DX EISISOISESISUESHYSS
HRXXKKKXXENXX
D@D ASDISTSISUESESESS
KNRXEXNXXENEKEKXS

statistical Monte Carlo Hessian Hessian Hessian Hessian Hessian
treatment AX2 dynamical AX2 dynamical Ax2 =1 AX2 = 1.645 AX2 =1

parametrisation Neural Network Chebyschev pol.  Bernstein pol. polynomial polynomial polynomial

HQ scheme FONLL TR/ ACOT-x TR’ ACOT-x FFN

accuracy aN3LO aN3LOo NNLO NNLO NLO NNLO

latest update
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Comparing PDF sets
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Optimisation

next training step

counter ++

No

counter > max

No

positivity fulfilled?

Yes

A.

Xial < best x°

Yes

A

Yes

4( reset counter — best XZ = X?/al J

END

stochastic gradient descent with backpropagation
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