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Introduction NNPDF4.0 PDF correlations Future ML developments

Precision physics at the LHC
∫
L dt

[fb−1]
Reference

WZjj EWK 20.3 PRD 93, 092004 (2016)
36.1 ATLAS-CONF-2018-033

W±W±jj EWK 20.3 PRD 96, 012007 (2017)
36.1 ATLAS-CONF-2018-030

Zγjj EWK 20.3 JHEP 07 (2017) 107
WWγ 20.2 EPJC 77, 646 (2017)
Wγγ 20.3 PRL 115, 031802 (2015)
Zγγ 20.3 PRD 93, 112002 (2016)
Zjj EWK 20.3 JHEP 04, 031 (2014)

3.2 PLB 775 (2017) 206
Wjj EWK 4.7 EPJC 77 (2017) 474

20.2 EPJC 77 (2017) 474
t̄tγ 4.6 PRD 91, 072007 (2015)

20.2 JHEP 11 (2017) 086
t̄tZ (tot.) 20.3 JHEP 11, 172 (2015)

3.2 EPJC 77 (2017) 40
t̄tW (tot.) 20.3 JHEP 11, 172 (2015)

3.2 EPJC 77 (2017) 40
WV 4.6 JHEP 01, 049 (2015)

20.2 EPJC 77 (2017) 563 [hep-ex]
Zγ 4.6 PRD 87, 112003 (2013)

20.3 PRD 93, 112002 (2016)
Wγ 4.6 PRD 87, 112003 (2013)

γγ
4.9 JHEP 01, 086 (2013)

20.2 PRD 95 (2017) 112005

ZZ (tot.)
4.6 JHEP 03, 128 (2013)

20.3 JHEP 01, 099 (2017)
36.1 PRD 97 (2018) 032005

WZ (tot.)
4.6 EPJC 72, 2173 (2012)

20.3 PRD 93, 092004 (2016)
36.1 ATLAS-CONF-2018-034

WW (tot.)
4.6 PRD 87, 112001 (2013)

20.3 PLB 763, 114 (2016)
3.2 PLB 773 (2017) 354

tZj 36.1 PLB 780 (2018) 557

Wt
2.0 PLB 716, 142-159 (2012)

20.3 JHEP 01, 064 (2016)
3.2 JHEP 01 (2018) 63

ts−chan (tot.) 20.3 PLB 756, 228-246 (2016)

tt−chan (tot.)
4.6 PRD 90, 112006 (2014)

20.3 EPJC 77 (2017) 531
3.2 JHEP 04 (2017) 086

t̄t
4.6 EPJC 74: 3109 (2014)

20.2 EPJC 74: 3109 (2014)
3.2 PLB 761 (2016) 136

Z
4.6 JHEP 02 (2017) 117

20.2 JHEP 02 (2017) 117
3.2 JHEP 02 (2017) 117

W 4.6 EPJC 77 (2017) 367
0.081 PLB 759 (2016) 601

γ
4.6 PRD 89, 052004 (2014)

20.2 JHEP 06 (2016) 005
3.2 PLB 2017 04 072

Dijets R=0.4 4.5 JHEP 05, 059 (2014)
3.2 JHEP 09 (2017) 020

Jets R=0.4
4.5 JHEP 02, 153 (2015)

20.2 JHEP 09 (2017) 020
3.2 JHEP 09 (2017) 020

pp
8×10−8 Nucl. Phys. B, 486-548 (2014)
50×10−8 PLB 761 (2016) 158

0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0 2.2 2.4

data/theory

Status:
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stat ⊕ syst

LHC pp
√
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Data
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LHC pp
√

s = 13 TeV

Data
stat
stat ⊕ syst

Standard Model Production Cross Section Measurements

SM cross-sections [ATLAS, PRD 87, 112003 (2013)]

Currently good agreement between data and theory

Observing deviations requires sub-percent accuracy
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Currently good agreement between data and theory

Observing deviations requires sub-percent accuracy

PDFs uncertainties is often the dominant source of uncertainty for LHC cross-sections
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Importance of faithful uncertainties

This years’ mW determination highlights the importance of understanding all sources of uncertainty

Understand apparent discrepancies between measurements

Important that predictions are accurate

Important role for PDF uncertainties

80100 80200 80300 80400 80500
 [MeV]Wm

Electroweak Fit (J. de Blas et al.)
arXiv:2112.07274

Electroweak Fit (J. Haller et al.)
EPJC 78 (2018) 675

CDF II
Science 376 (2022) 170

LHCb
JHEP 01 (2022) 036

ATLAS
EPJC 78 (2018) 110

LEP combination
Phys. Rept. 532 (2013) 119

D0 II
PRL 108 (2012) 151804

Tevatron I combination
PRD 70 (2004) 092008

Total uncertainty

Stat. uncertainty

SM parameters: mW [LHCb-FIGURE-2022-003]



3/ 37

Introduction NNPDF4.0 PDF correlations Future ML developments

Importance of faithful uncertainties

This years’ mW determination highlights the importance of understanding all sources of uncertainty

Understand apparent discrepancies between measurements

Important that predictions are accurate

Important role for PDF uncertainties

80100 80200 80300 80400 80500
 [MeV]Wm

Electroweak Fit (J. de Blas et al.)
arXiv:2112.07274

Electroweak Fit (J. Haller et al.)
EPJC 78 (2018) 675

CDF II
Science 376 (2022) 170

LHCb
JHEP 01 (2022) 036

ATLAS
EPJC 78 (2018) 110

LEP combination
Phys. Rept. 532 (2013) 119

D0 II
PRL 108 (2012) 151804

Tevatron I combination
PRD 70 (2004) 092008

Total uncertainty

Stat. uncertainty

SM parameters: mW [LHCb-FIGURE-2022-003] SM parameters: mW [JHEP01(2022)036]



4/ 37

Introduction NNPDF4.0 PDF correlations Future ML developments

Status of modern PDF sets

[Snowmass (2022), 2203.13923]

PDF predictions are consistent but with different
uncertainties

Ingredients of a PDF fit:
Data
Theory
Methodology

Main difference between fitting groups is the
methodology
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Status of modern PDF sets

[Snowmass (2022), 2203.13923]

PDF predictions are consistent but with different
uncertainties

Ingredients of a PDF fit:
Data
Theory
Methodology

Main difference between fitting groups is the
methodology

“Does the NNPDF methodology produce faithful uncertainties?”
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Particularly relevant today!

May 2022 [2205.10444] November 2022 [2211.12961]
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Outline

1 NNPDF4.0
Data
Methodology
Phenomenology

2 PDF correlations
Correlation between different sets of PDFs
Combination of PDF sets

3 Future ML developments
A data-based parametrization
An overfitting metric
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NNPDF4.0

2109.02653 and 2109.02671
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PDFs from data

Evaluating LHC cross-sections:
σab =

∑
ab fa ⊗ fb ⊗ σ̂ab

PDF fa of flavor a
(non-perturbative, from data)

hard-scattering matrix element σ̂ab

(perturbative QCD)

⊗ denotes a convolution over momentum fraction x

PDFs fa depends only on x and Q2

Other kinematic variables in σ̂

10 3 10 2 10 1 100

x

0.0

0.2

0.4

0.6

0.8

1.0
NNPDF4.0 at Q= 3.2 GeV

g/10
uv
dv
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PDFs from data

Evaluating LHC cross-sections:
σab =

∑
ab fa ⊗ fb ⊗ σ̂ab

PDF fa of flavor a
(non-perturbative, from data)

hard-scattering matrix element σ̂ab

(perturbative QCD)

⊗ denotes a convolution over momentum fraction x

PDFs fa depends only on x and Q2

Other kinematic variables in σ̂

The problem

Given a dataset D, determine p(f |D) in the space of
PDFs f : [0, 1] → R
PDFs are multivariate probability distributions in
infinite dimensional space

However data is discrete
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Data in NNPDF4.0
Data in NNPDF

Tevatron

LHC RunI LHC RunII

2008 2010 2012 2014 2016 2018 2020 2022

NN
PD

F1
.0

NN
PD

F1
.1

NN
PD

F1
.2

NN
PD

F2
.0

NN
PD

F2
.1

NN
PD

F2
.2

NN
PD

F2
.3

NN
PD

F3
.0

NN
PD

F3
.1

NN
PD

F4
.0

3000

3200

3400

3600

3800

4000

4200

4400

4600
Nu

m
be

r o
f d

at
a 

po
in

ts

20

30

40

50

60

70

80

90

Nu
m

be
r o

f d
at

at
as

et
s

Emanuele R. Nocera Data beyond NNPDF4.0 6 September 2021 2 / 5Better data → higher precision and accuracy
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Data in NNPDF4.0

10 4 10 3 10 2 10 1 100

x
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Q2  (
Ge

V2 )

Kinematic coverage
Deep Inelastic Scattering
Fixed-Target Drell-Yan
Drell-Yan Rapidity Distribution
Drell-Yan Mass Distribution
Heavy Quarks Total Cross Section
Jet Transverse Momentum Distribution
Drell-Yan Transverse Momentum Distribution
Heavy Quarks Production Single Quark Rapidity Distribution
Heavy Quarks Production Rapidity Distribution
Jets Rapidity Distribution
Dijets Invariant Mass and Rapidity Distribution
Photon Production
Black edge: New in NNDPF4.0

More than 4000 datapoints
and 13 processes!

New processes:

direct photon

single top

dijets

W+jet

DIS jet
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The NNPDF approach: probabilities in a space of function

Data is fully defined by central values µi and covariance
matrix covij

1 Generate Nrep Monte Carlo data “replicas” µ̂i such
that as Nrep → ∞
µi =

1
Nrep

∑Nrep

i=1 µ̂i

covij = cov[µ̂i, µ̂j ]

2 Perform a PDF fit to each replica

3 Compute observables X and their uncertainties
⟨X [f ]⟩ = 1

Nrep

∑N
r=1 X

[
f (r)

]
Var [X [f ]] = 1

Nrep

∑Nrep

r=1

(
X

[
f (r)

]
− ⟨X [f ]⟩

)2
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The NNPDF approach: an importance sampling

Importance sampling produces Gaussian posterior distribution

All replicas equally likely

32.50 32.75 33.00 33.25 33.50 33.75 34.00 34.25
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980

985

990

995

1000

1005

1010

1015

1020

Z
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b]

NNPDF4.0
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The NNPDF approach: an importance sampling

Importance sampling produces Gaussian posterior distribution

All replicas equally likely
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NNPDF4.0

How did we obtain this distribution?
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Parametrization

Neural network: universal interpolator
x ln x

xg(x, Q0) xΣ(x, Q0) xV(x, Q0) xV3(x, Q0) xT3(x, Q0) xT15(x, Q0)xT8(x, Q0)xV8(x, Q0)

xg(x, Q0) xu(x, Q0) xū(x, Q0) xd(x, Q0) xs(x, Q0) xc+(x, Q0)xs̄(x, Q0)xd̄(x, Q0)

n(4) = 8

n(3) = 20

n(2) = 25

n(1) = 2

fi (x,Q0) = x−αi (1− x)βiNNi(x)

Physical constraints:

PDF positivity [JHEP 11 (2020)]

Integrability of nonsinglet distributions (Gottfried
sum rules)

Train by minimizing χ2 loss function comparing data
to prediction
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Training the neural network

Optimize using a gradient descent algorithm

NN should generalize the underlying law, but if trained to long noise is fitted

Cross-validation

Divide data into training and validation

Minimize training χ2

Stop if validation χ2 no longer improves

0 2000 4000 6000 8000 10000 12000 14000
epoch

2.150

2.175

2.200

2.225

2.250

2.275

2.300

Lo
ss

Training
Validation
Best fit

next training step

counter > max

positivity fulfilled?

χ2
val < best χ2

reset counter → best χ2 = χ2
val

counter ++ END

No

Yes

Yes

Yes

No

No
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Verify the importance sampling assumption
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2

All PDF replicas are fitted equally well to their data replica

Thus outliers correspond to unlikely data replicas
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Automated model selection

NNPDF aims to minimize sources of bias in the PDF:

Functional form → Neural Network

Model parameters → ?
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Automated model selection

NNPDF aims to minimize sources of bias in the PDF:

Functional form → Neural Network

Model parameters → Hyperoptimization

Scan over thousands of hyperparameter combinations
and select the best one

k-fold cross-validation: used to define the reward
function based on a test dataset

Objective function:
L = mean(χ2

1, χ
2
3, χ

2
2, . . . , χ

2
k)

Final step requires human input

normal uniform
glorot initializer mode
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High-precision: gluon

Lij
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∑
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High-precision: singlet

Lij
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Typical uncertainties in the data region:

singlet: from ∼ 3% to ∼ 1%

nonsinglet: from ∼ 5% to ∼ 2%
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Impact of the new data
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Individual datasets have a limited impact, but collectively they result in:

Moderate reduction of PDF uncertainties

Shifts in central value at the one-sigma level
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Impact of the new fitting methodology
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Significant reduction of PDF uncertainties

Good agreement between the central values
PDF uncertainties are validated using closure tests and future tests
Validation tests successful for both NNPDF4.0 and NNPDF3.1
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The open-source NNPDF code

The full NNPDF code has been made public along
with user friendly documentation

This includes: fitting, hyperoptimization, theory,
data processing, visualization

It is possible to reproduce all results of NNPDF4.0
and more!

Eur.Phys.J.C 81 (2021) 10, 958
https://github.com/NNPDF/nnpdf

https://docs.nnpdf.science

https://link.springer.com/article/10.1140/epjc/s10052-021-09747-9
https://github.com/NNPDF/nnpdf
https://docs.nnpdf.science
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PDF correlations

2110.08274
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PDF correlations: definition and application

Definition:

Covariance:
Cov [fa, fb] (x, x

′) = E
[
fa

(
x,Q2

0

)
fb

(
x′, Q2

0

)]
− E

[
fa

(
x,Q2

0

)]
E

[
fb

(
x′, Q2

0

)]
Correlation:

ρ [fa, fb] (x, x
′) =

Cov[fa,fb](x,x′)√
Var[fa](x) Var[fq

a ](x′)

In the MC approach this can be calculated using

E
[
fa

(
x,Q2

0

)
fb

(
x′, Q2

0

)]
= 1

N

∑N
r=1 f

(r)
a

(
x,Q2

0

)
f
(r)
b

(
x′, Q2

0

)
Correlation induced by data, theory (e.g. sumrules), and methodology
(e.g. preprocessing).

Application: determination of PDF induced
signal-background correlation between e.g. ggH and
ttH
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Correlations between different PDF sets

General cross-covariance between PDFs in different sets, e.g. NNPDF4.0 and MSHT20:

Cov
[
fNNPDF
a , fMSHT

b

] (
x, x′) = E

[
fNNPDF
a

(
x,Q2

0

)
fMSHT
b

(
x′, Q2

0

)]
− E

[
fNNPDF
a

(
x,Q2

0

)]
E

[
fMSHT
b

(
x′, Q2

0

)]

Special cases of cross-correlation:

F-correlation - same PDF, different flavor ρ
[
fNNPDF
a , fNNPDF

b

]
S-correlation - different PDF, same flavor ρ

[
fNNPDF
a , fMSHT

a

]
The same replica must be used when calculating covariance

If f (r) and f (r′) are uncorrelated, covariance vanishes:

E [fafb] =
1
N

∑N
r=1 f

(r)
a f

(r′)
b = [fa] [fb]

Problem: What is the meaning of “same replica” across PDF sets?
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Correlations between different PDF sets

General cross-covariance between PDFs in different sets, e.g. NNPDF4.0 and MSHT20:

Cov
[
fNNPDF
a , fMSHT

b

] (
x, x′) = E

[
fNNPDF
a

(
x,Q2

0

)
fMSHT
b

(
x′, Q2

0

)]
− E

[
fNNPDF
a

(
x,Q2

0

)]
E

[
fMSHT
b

(
x′, Q2

0

)]

Special cases of cross-correlation:

F-correlation - same PDF, different flavor ρ
[
fNNPDF
a , fNNPDF

b

]
S-correlation - different PDF, same flavor ρ

[
fNNPDF
a , fMSHT

a

]
The same replica must be used when calculating covariance

If f (r) and f (r′) are uncorrelated, covariance vanishes:

E [fafb] =
1
N

∑N
r=1 f

(r)
a f

(r′)
b = [fa] [fb]

Problem: What is the meaning of “same replica” across PDF sets?

Possible solution: PDF replicas fitted to the
same data replica

Fit fMSHT(r) and fNNPDF(r) to the
same data replica r

Calculate covariance as
E [fafb] =
1
N

∑N
r=1 f

NNPDF(r)
a f

MSHT(r)
b
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Uncorrelated methodological aspects

The data replica does not uniquely determine the PDF replica

32.6 32.8 33.0 33.2 33.4 33.6 33.8 34.0
H

985

990

995

1000

1005

1010

1015

1020

Z

NNPDF4.0
fits to central data
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Uncorrelated methodological aspects

The data replica does not uniquely determine the PDF replica

32.6 32.8 33.0 33.2 33.4 33.6 33.8 34.0
H

985

990

995

1000

1005

1010

1015

1020

Z

NNPDF4.0
fits to central data

PDF depends on uncorrelated methodological aspects:

initialization of the neural network

preprocessing exponents

training/validation mask

. . .
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Data-induced correlation

Let us distinguish
data replicas r
methodological replicas r′∣∣∣∣∣ 1N

N∑
r=1

f
(r,r′)
a f

(r,r′′)
b − E [fa]E [fb]

∣∣∣∣∣ ≤
∣∣∣∣∣ 1

NM

N∑
r=1

M∑
r′=1

f
(r,r′)
a f

(r,r′)
b − E [fa]E [fb]

∣∣∣∣∣
Only data-induced contributions are calculated

10 5 10 4 10 3 10 2 10 1 100

x
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1.0
F/

cr
os

s-
co

rre
la
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n

NNPDF4.0
up(a)  down(b)
up(a)  down(a)
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Correlated methodological replicas

Can easily be done for parametric components such as preprocessing or architecture

Noticeable impact of preprocessing, negligible for architecture

10 5 10 4 10 3 10 2 10 1 100

x

0.0

0.2

0.4

0.6

0.8

1.0

S-
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u
NNPDF4.0  NNPDF4.0
including preprocessing
different architecture

10 5 10 4 10 3 10 2 10 1 100

x
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0.4

0.6

0.8

1.0
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g
NNPDF4.0  NNPDF4.0
including preprocessing
different architecture

Non-trivial for non-parametric aspects of the methodology
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Data-induced self-correlation

Correlation between two determinations of the same PDF set (e.g. NNPDF4.0)

The deviation from 100% correlation is due to uncorrelated aspects of the methodology

Calculate correlation between different methodologies

”weakest link” NNPDF3.1◦NNPDF4.0 ≈ NNPDF3.1◦NNPDF3.1
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x

0.0
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29/ 37

Introduction NNPDF4.0 PDF correlations Future ML developments

Data-induced self-correlation

Correlation between two determinations of the same PDF set (e.g. NNPDF4.0)

The deviation from 100% correlation is due to uncorrelated aspects of the methodology

Calculate correlation between different methodologies

”weakest link” NNPDF3.1◦NNPDF4.0 ≈ NNPDF3.1◦NNPDF3.1

Higher correlation indicates a more efficient methodology
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PDF4LHC combination

All PDFs assumed to have equal probability

Monte Carlo combination of 300 replicas from each of the underlying PDF sets

Uncertainty of the Monte Carlo combination:
Var[fcomb

a ] = 1
2

(
Var[fMSHT

a ] + Var[fNNPDF
a ]

)
+ 1

4
(E

[
fMSHT
a

]
− E

[
fNNPDF
a

]
)2

combined uncertainty bigger than average uncertainty if central values disagree



31/ 37

Introduction NNPDF4.0 PDF correlations Future ML developments

Correlated PDF combination?

Idea:

Combine PDF determinations as independent observations

Correlated combination produces a weighted average

Assuming two sets of same variance, Var[fNNPDF
a ] = Var[fMSHT

a ]:

Var[fcomb
a ] =

1

2

(
1 + ρ[fMSHT

a , fNNPDF
a ]

)
Var[fNNPDF

a ]
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Correlated PDF combination?

Idea:

Combine PDF determinations as independent observations

Correlated combination produces a weighted average

Assuming two sets of same variance, Var[fNNPDF
a ] = Var[fMSHT

a ]:

Var[fcomb
a ] =

1

2

(
1 + ρ[fMSHT

a , fNNPDF
a ]

)
Var[fNNPDF

a ]

Problems:

Does not account for difference in central values

How to compute correlations reliably? I.e. methodological
components

Underestimated data-induced correlations leads to underestimated
uncertainty of combination
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(R
at

io
 to

 N
NP

DF
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NNPDF3.1
NNPDF3.1 and NNPDF4.0: PDF4LHC15
NNPDF4.0
NNPDF3.1 and NNPDF4.0: correlated
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Correlated PDF combination?

Idea:

Combine PDF determinations as independent observations

Correlated combination produces a weighted average

Assuming two sets of same variance, Var[fNNPDF
a ] = Var[fMSHT

a ]:

Var[fcomb
a ] =

1

2

(
1 + ρ[fMSHT

a , fNNPDF
a ]

)
Var[fNNPDF

a ]

Problems:

Does not account for difference in central values

How to compute correlations reliably? I.e. methodological
components

Underestimated data-induced correlations leads to underestimated
uncertainty of combination

What if we combine many repeated
determinations of the same PDF set?
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Future ML developments

2111.02954 and 2211.12961
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Preprocessing

PDF model: fa = Aaxαa (1− x)βaNNa(x, log x)

Exponents αa and βa sampled randomly per replica

Range determined through self-consistent iterative procedure

x and log x inputs

10 5 10 4 10 3 10 2 10 1 100

x

0.5

1.0

1.5

2.0

2.5

3.0

xg
(x

)

g at 1.651 GeV

NNPDF4.0 (68% c.l.+1 )
NNPDF4.0 w/o (x,logx) (68% c.l.+1 )

Need to iterate

Hierarchy in input scale. A source of bias?

Sampled exponents add noise during hyperopt
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Feature scaling
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Avoid potential bias:

generate flat distribution: effective cumulative distribution function (eCDF)

Add interpolation

Rerun hyperopt

⇒ Only single input

⇒ No preprocessing needed
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Feature scaling
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Avoid potential bias:

generate flat distribution: effective cumulative distribution function (eCDF)

Add interpolation

Rerun hyperopt

⇒ Only single input

⇒ No preprocessing needed

Good agreement between
NNPDF4.0 and feature scaling!
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Feature Scaling (68% c.l.+1 )

10 5 10 4 10 3 10 2 10 1 100

x

0.5

1.0

1.5

2.0

2.5

3.0

xg
(x

)

g at 1.65 GeV
NNPDF4.0 (68% c.l.+1 )
Feature Scaling (68% c.l.+1 )



35/ 37

Introduction NNPDF4.0 PDF correlations Future ML developments

Overfitting in hyperopt

Statistical fluctuations affecting hyperopt results

Hyperopt solutions can be overfitted or underfitted
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What does it mean for a PDF to be overfitted?

More wiggles → overfitting?

More wiggles → better agreement to data
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overfitting metric

Validation data only used for early stopping

1 Take set of PDF replicas

2 Calculated expected validation loss

3 Compare to real validation loss

RO = χ2
val,r

[
T

[
f (r)

]
,D(r)

]
−

1

N

N∑
r′=1

χ2
val,r

[
T

[
f (r)

]
,D(r′)

]
.

Negative RO → overfitting
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overfitting metric

Validation data only used for early stopping
1 Take set of PDF replicas
2 Calculated expected validation loss
3 Compare to real validation loss

RO = χ2
val,r

[
T

[
f (r)

]
,D(r)

]
−

1

N

N∑
r′=1

χ2
val,r

[
T

[
f (r)

]
,D(r′)

]
.

Negative RO → overfitting
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old candidate: RO = −0.024 ± 0.012
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NNPDF4.0: RO = −0.001 ± 0.013
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I did not discuss other sources of uncertainty

Theory and missing higher order uncertainties (Andrea, next days)

The negligible impact of data inconsistencies (see 2212.07703)

Future tests and closure tests

Possible future directions

Optimize hyperopt folds

Overfitting metric in hyperopt

Parallelization on GPU

Understanding PDF fitting in a Bayesian framework

More work still to be done!
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I did not discuss other sources of uncertainty

Theory and missing higher order uncertainties (Andrea, next days)

The negligible impact of data inconsistencies (see 2212.07703)

Future tests and closure tests

Possible future directions

Optimize hyperopt folds

Overfitting metric in hyperopt

Parallelization on GPU

Understanding PDF fitting in a Bayesian framework

More work still to be done!

Thank you!
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Experimental data in NNPDF4.0

44 new datasets included

323 more data points in NNPDF4.0
than in NNPDF3.1

New data is mostly from the LHC RUN II
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NNPDF4.0 model
For more information see EPJC79 (2019) 676

{xgridn}

Neural Net

xα (1 − x)β

PDF = Axα(1− x)βNN(x, log x)

PDFn normalization .
.
.

PDF1

PDFn

⊗

⊗

⊗

σ̂1

σ̂n

.

.

.

Theory

O1

On

.

.

.

Observables

Tr/Vl split

χ2
tr

χ2
vl

Main changes:

Python codebase
Easier and faster development

Freedom to use external libraries (default: TensorFlow)

Modularity ⇒ ability to vary all aspects of the methodology

https://arxiv.org/pdf/1907.05075
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Performance benefit - time per replica

NNPDF3.1 NNPDF4.0 (CPU) NNPDF4.0 (GPU)

Fit timing per replica 15.2 h 38 min 6.6 min

Speed up factor 1 24 140

RAM use 1.5 GB 6.1 GB NA
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Hyperoptimization: the reward function

Choosing as the hyperoptimization target the χ2 of fitted
data results in overfitting.
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Hyperoptimization: the reward function

Choosing as the hyperoptimization target the χ2 of fitted
data results in overfitting.

We solve this using k-fold cross-validation:

1 Divide the data into k representative subsets
2 Fit k − 1 sets and use k-th as test set

⇒ k values of χ2
test

3 Optimize the average χ2
test of the k test sets

⇒ The hyperoptimization target is not based on data
that entered the fit.
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x
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d at 1.7 GeV
NNPDF3.1
NNPDF4.0 k-folds

No overfitting

Compared to NNPDF3.1:
Increased stability
Reduced uncertainties
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The (negligible) impact of datasets with tension

Excluding datasets with large (χ2 − 1)/σχ2 one at a time and combining the resulting PDFs following the conservative
PDF4LHC15 prescription shows stability at the level of statistical fluctuations.
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Envelope of fits with different arametrization bases

Different strategies to parametrize the PDF flavour combinations lead to the same result
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Understanding the χ2 distribution

Experimental χ2
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Impact of positivity on the PDFs
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Trusting uncertainties outside the data region

The improved methodology and extended dataset result in a reduction of the PDF uncertainties

‘Closure test’ to validate uncertainty in the data region: arxiv:1410.8849

Can we trust the uncertainties in the extrapolation region?

Idea:

1 Take a historic dataset
e.g. pre-HERA or pre-LHC

2 Perform fit

3 Compare predictions to “future” data

https://arxiv.org/abs/1410.8849
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Future tests
For more information see arxiv:2103.08606

χ2/N (only exp. covmat)

(dataset) NNPDF4.0 pre-LHC pre-Hera

pre-HERA 1.09 1.01 0.90
pre-LHC 1.21 1.20 23.1

NNPDF4.0 1.29 3.30 23.1

https://arxiv.org/pdf/2103.08606.pdf
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Future tests
For more information see arxiv:2103.08606

χ2/N (exp. and PDF covmat)

(dataset) NNPDF4.0 pre-LHC pre-Hera

pre-HERA 0.86
pre-LHC 1.17 1.22

NNPDF4.0 1.12 1.30 1.38

The total uncertainty increases, and accommodates for difference between predictions and new data.

https://arxiv.org/pdf/2103.08606.pdf
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Closure test
See Eur.Phys.J.C 82 (2022); arxiv:2111.05787

Closure test of a known input assumption

1 Assume a “true” underlying PDF (e.g. a single PDF replica)

2 Produce data distributed according to the experimental covariance matrices

3 Perform a fit to this data

Examples of statistical estimators:

Bias: squared difference between central value and true observable
Variance: variance of the model predictions
Faithful uncertainties require E[bias] = variance

Is truth within one sigma in 68% of cases?

https://arxiv.org/pdf/2103.08606.pdf
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