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Everything starts with…
A collinear factorisation theorem:

d�had = W{i} ⌦ L{i} d�
<latexit sha1_base64="akIb+41Vf5CLdMMNKv/1H7dzO9Y="></latexit><latexit sha1_base64="akIb+41Vf5CLdMMNKv/1H7dzO9Y="></latexit>
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A collinear factorisation theorem:

Hard cross sections: 

process dependent, 

high-energy dominated, 

computable in perturbation theory.

Collinear distributions (PDFs/FFs): 

universal, 

low-energy dominated, 

perturbation theory inapplicable.

How do we determine collinear distributions?

Currently, the most accurate and reliable way is through fits to data.

d�had = W{i} ⌦ L{i} d�
<latexit sha1_base64="akIb+41Vf5CLdMMNKv/1H7dzO9Y="></latexit><latexit sha1_base64="akIb+41Vf5CLdMMNKv/1H7dzO9Y="></latexit>
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Everything starts with…



Parameterisation:
functional form,
asymptotes, etc.

The general fit strategy
Perturbative content:

hard cross sections,
collinear evolution, etc.

Experimental data:
processes, cuts,

uncertainties, etc.

Theoretical predictions

Define a fig. of merit (χ2) 
and error propagation

Adjust free parameters to 
minimise the fig. of merit 

Determine best-fit params.

Each box requires a choice. Different choices lead to different determinations.
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Theoretical predictions

Define a fig. of merit (χ2) 
and error propagation

Adjust free parameters to 
minimise the fig. of merit 

Determine best-fit params.

Parameterisation:
functional form,
asymptotes, etc.

Experimental data:
processes, cuts,

uncertainties, etc.

Perturbative content:
hard cross sections,

collinear evolution, etc.
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The general fit strategy



Experimental data 
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Impressive number of  processes and data points (O(4500)): 
ep data, i.e. DIS (one PDF involved), 
pp data (two PDFs involved), 
very wide kinematic coverage: 10-5  x  1 and 2 GeV  Q  5 TeV.≲ ≲ ≲ ≲ 6



Experimental data 
Kinematic cuts

<latexit sha1_base64="0fBB/BzCM7BXg/E6lbQF07B+x4s="></latexit>

Q2 � Q2
min (Qmin ' 2 GeV)

<latexit sha1_base64="jHBGi0Bmdtx83upVUESOeRambyM="></latexit>

W 2 � W 2
min

(W 2 = Q2(1�x)
x , Wmin ' 4 GeV)

Ensure that perturbation
theory is applicable Remove higher-twist contributions

(mostly for DIS and Fixed-target DY data)
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Experimental data 
Kinematic cuts

Usually, many more cuts are enforced…

[N
N

PD
F4

.0
,  

ar
X

iv
:2

10
9.

02
65

3]

9



Experimental data 
How to read the scatter plot

Kinematic lower bound

Hard scale  factorisation scale
(i.e. scale at which PDFs are computed)

≃
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Experimental data 
How to read the scatter plot

Inclusive DIS: e(k) + p(P) → e(k′￼) + X
<latexit sha1_base64="BAtpsggbTDss9tJRi0HBd8MtrWI="></latexit>

q = k � k0 , Q =
p

�q2 , xB =
Q2

2q · P

Drell-Yan: p(P1) + p(P2) → e+(k) + e−(k′￼) + X

Mass-differential distribution:

Rapidity-differential distribution:

<latexit sha1_base64="lJQLyaOiXZT325cAz5ngdXyvcZc="></latexit>

d�

dxBdQ
/

Z 1

xB

dy

y
C

✓
xB

y
,↵s(Q)

◆
f(y,Q)

<latexit sha1_base64="OAz8Py6LzSZZmRzd3zryIF+szLM="></latexit>

d�

dM
/

Z 1

⌧

dt

t
C
⇣⌧
t
,↵s(Q)

⌘Z 1

t

dy

y
f1(y,Q)f2

✓
t

y
,Q

◆

<latexit sha1_base64="j2zr/60GlDPmoz1yGge/p3sCiuI="></latexit>

q = k + k0

s = (P1 + P2)2

y = 1
2 ln

q0+q3
q0�q3

, M =
p

q2 , ⌧ =
M2

s
, x1,2 =

p
⌧ e±y

<latexit sha1_base64="LXy0u8PcoevUAkOv6QDdin81Uww="></latexit>

d�

dydM
/

Z 1

x1

dy1
y1

Z 1

x2

dy2
y2

C

✓
x1

y1
,
x2

y2
,↵s(Q)

◆
f1(y1, Q)f2(y2, Q)

11



Theoretical predictions

Define a fig. of merit (χ2) 
and error propagation

Adjust free parameters to 
minimise the fig. of merit 

Determine best-fit params.

Perturbative content:
collinear evolution,

hard cross sections, etc.

Parameterisation:
functional form,
asymptotes, etc.

Experimental data:
processes, cuts,

uncertainties, etc.
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The general fit strategy



Unpolarised splitting functions fully known up to NNLO. 

Several numerical implementations: 
x-space approach: 

QCDNUM, Botje [arXiv:1602.08383] 
HOPPET, Salam [arXiv:0804.3755] 
APFEL(++), Bertone, Carrazza, Rojo [arXiv:1310.1394], Bertone [arXiv1708.00911] 

N-space approach: 
PEGASUS, Vogt [hep-ph/0408244] 
MELA, Bertone, Carrazza, Nocera [arXiv:1501.00494] 
EKO. Candido, Hekhorn, Magni [arXiv:2202.02338]

Perturbative content 
DGLAP evolution

PDFs obey a set of  coupled integro-differential equations: 
the DGLAP equations

Moch, Vermaseren, Vogt [Nucl.Phys.B 688 (2004) 101-134] [Nucl.Phys.B 691 (2004) 129-181]

<latexit sha1_base64="pbh7ncSCSxdVS5CzPfxqzgnv+AY="></latexit>
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The DGLAP equations reduce to a set of  coupled linear ordinary 
differential equations (ODEs) that in vectorial notation read:

The functions to be determined are the partonic distribution f as a 
function of  µ on each node of  the grid knowing  on the grid.f(μ0)
Many algorithms to solve ODEs exist. A particularly popular choice is 
the 4th order Runge-Kutta (RK4):

<latexit sha1_base64="jE9U//jjsx6TILZa1UOTndWGArM="></latexit>

fn+1 = fn + 1
6 (k1 + 2k2 + 2k3 + k4) +O(h5)

k1 = hF(µn, fn)
k2 = hF(µn + h

2 , fn + k1
2 )

k3 = hF(µn + h
2 , fn + k2

2 )
k3 = hF(µn + h, fn + k3)
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df(µ)

d lnµ2
= �(µ) · f(µ) ⌘ F(µ, f)

Tabulate f on a grid in µ that can successively interpolated.
Final result:  is know on a 2D grid in  and .f(x, μ) x μ

Perturbative content 
DGLAP evolution: x-space approach
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Perturbative content 
DGLAP evolution: x-space approach

Independent implementations agree well below the per-mil level! 15



Perturbative content 
DGLAP evolution: N-space approach
Mellin tranform:<latexit sha1_base64="CE+3sQfXoKGCtnO3e3ypLCoQmAc="></latexit>

f(N) ⌘ M [f(x)] (N) =

Z 1

0
dx xN�1f(x)

turns a Mellin convolution:
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into a simple product:
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[f ⌦ g](N) = f(N)g(N)

The DGLAP in Mellin space becomes an ODE:
<latexit sha1_base64="rEgtbv4z5wGz0uHa1V3jAFRrPpM="></latexit>

df(N,µ)

d lnµ2
= P (N,↵s(µ))f(N,µ)

A fully analytic solution can be found changing the evolution variable:
<latexit sha1_base64="xtadH75yDMaQ5yJzjiP7ftu+JiM="></latexit>

d↵s(µ)

d lnµ2
= �(↵s(µ)) ⇒

<latexit sha1_base64="HEBk1q2VANrI1cXxPWRqpgo8+KY="></latexit>

df(N,µ(↵s))

d↵s
=

P (N,↵s)

�(↵s)
f(N,µ(↵s))
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Perturbative content 
DGLAP evolution: N-space approach
Also the computation of  some observables benefits of  this simplification 
in Mellin space.

<latexit sha1_base64="yHexkCbixqMoDrQUlp3VKOFg+iE=">AAACMHicbVBJSwMxGM3UrY7bqEcv0VaoIGWm4HIRigXx2IJdoB1KJs20oZmFJCOWoWd/jRcP+lf0JF79BR5Np3OZ1geBl/delu85IaNCmuanlltZXVvfyG/qW9s7u3vG/kFLBBHHpIkDFvCOgwRh1CdNSSUjnZAT5DmMtJ1xbea3HwkXNPAf5CQktoeGPnUpRlJJfeO4WNTvSk/njTN4A7s12Ask9YiArp2IerHYNwpm2UwAl4 mVkgJIUe8bv71BgCOP+BIzJETXMkNpx4hLihmZ6r1IkBDhMRqSWKjAiAyyouNl9l1FfaQ+ZcfJvFN4qpQBdAOuli9homZuQJ4QE89RSQ/JkVj0ZuJ/XjeS7rUdUz+MJPHx/CE3YlAGcFYeHFBOsGQTRRDmVA0E8QhxhKWqWNdVVdZiMcukVSlbl+WLRqVQvU1Ly4MjcAJKwAJXoAruQR00AQbP4AW8gXftVfvQvrTveTSnpWcOQQbazx9WraYN</latexit>

F (x,Q) = [C ⌦ f ](x,Q) ⇒
<latexit sha1_base64="00ofY+g1tQtwUTD41n1yDTNyRP8="></latexit>

F (N,Q) = C(N,↵s(Q))f(N,Q)

Inclusive DIS is a typical example:

This reduces the computation of  an observable to a simple product that 
is thus very fast to compute numerically.
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Perturbative content 
DGLAP evolution: N-space approach
Data is however delivered in x space and it is therefore needed to 
transform back from N to x-space:

<latexit sha1_base64="jbITVF/tg5rMiNohpKGaCkcQmZs="></latexit>

f(x) =
1

2⇡i

Z c+i1

c�i1
dN x�Nf(N)

where c is a real constant such that the integration contour lies to the 
right of  all the singularities of  the integrand:

the integration contour is typically deformed for numerical implementations.
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Perturbative content 
DGLAP evolution: N-space approach

Independent implementations agree extremely well! 19



Perturbative content 
DGLAP evolution: N-space approach
While being so numerically appealing, the N-space approach is affected 
by a few shortcomings: 

the PDF parameterisation needs to be analytically transformable in Mellin space: 

this drastically restricts the range of  possible parameterisations. 

The partonic cross sections need to be analytically known in N space: 

this is the case only for a small number of  inclusive processes and observables (e.g. DIS, 
transverse-momentum-integrated DY, and not much more). 

experimental cuts typically make the computation of  analytic Mellin transforms unfeasible.

As of  today, no large PDF collaboration uses the N-space approach as 
discussed above: 

NNPDF has adopted in the past and is now planning to adopt again a “hybrid” 
technology that combines the N-space approach with the x-space one. 20



Perturbative content 
Hard cross sections: inclusive DIS

A large part of  the dataset of  modern PDF fits is still made of  DIS data:

Very broad kinematic coverage: 
low values of  Q comparable with mc and mb → heavy-quark mass corrections, 

low values of  x → small-x resummation corrections. 21



Perturbative content 
Hard cross sections: inclusive DIS

The inclusive DIS cross section is a combination of  structure functions.
The inclusion of  heavy-quark mass corrections in the structure functions 
needs to be reconciled with the resummation of  collinear logarithms.
This is achieved by matching different schemes in a General-Mass scheme: 

the fixed-flavour (FF) scheme that includes mass power corrections mh/Q, valid for mh ~ Q, 
the zero-mass (ZM) scheme that resums ln(mh/Q), valid for mh ≪ Q, 
subtraction of  the double counting (DC) needed.

<latexit sha1_base64="3H24IAXgjM+6U564mSDow90SroU="></latexit>

FGM(x,Q) = FFF(x,Q) + FZM(x,Q)� FDC(x,Q)

Several implementations exist, e.g.: 
ACOT [Phys.Rev., vol. D50, pp. 3102–3118, 1994], 
FONLL [JHEP, vol. 9805, p. 007, 1998], 
RT [Phys.Rev., vol. D57, pp. 6871–6898, 1998], 
BMSN [Eur.Phys.J., vol. C1, pp. 301–320, 1998]. 

They all differ by subleading power corrections in the intermediate region. 22



Perturbative content 
Hard cross sections: inclusive DIS

This example makes evident how a GM scheme interpolates between the 
FF scheme at mh ~ Q and the ZM scheme for mh ≪ Q. 23



Perturbative content 
Hard cross sections: inclusive DIS

The issue of  the NLO low-x gluon PDF going negative at low scales is greatly 
mitigated by including small-x (BFKL) resummation effects in PDF fits: 

relevant for quarkonium production at the LHC,  

Small-x resummation makes the DGLAP evolution less steep and thus allows 
for a larger small-x gluon PDF that behaves as a sea-like distribution.

[NNPDF, Eur.Phys.J.C 78 (2018) 4, 321] 
[xFitter, Eur.Phys.J.C 78 (2018) 8, 621]

[Lansberg, Ozcelik, Eur.Phys.J.C 81 (2021) 6, 497]

24
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Drell-Yan (both  and ) is a very important 
process in PDF determinations: 

• as opposite to DIS, Drell-Yan gives access to a 
larger variety of  quark PDF combinations: 

• this enables flavour/anti-flavour separation. 

• very wide kinematic coverage: 

• collider data, placed at higher energies can reach 
values of  x as low as , 

• fixed-target data is placed at lower scales and probes 
quark PDFs at higher values of  x. 

•  distribution gives access to the gluon PDF.

Z W

10−4

qT

Perturbative content 
Hard cross sections: Drell-Yan
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[JHEP 12 (2019) 059]

O( )α2
s O( )α

Perturbative content 
Hard cross sections: Drell-Yan

Our current understanding of the invariant mass spectrum in Drell-Yan is very good.
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Our current understanding of the invariant mass spectrum in Drell-Yan is very good.

Perturbative content 
Hard cross sections: Drell-Yan

[JHEP 03 (2022) 116]



28NNLO corrections significantly improve the agreement with data.

[Phys.Rev.D 69 (2004) 094008]
O( )α2

s

O( )αs

O( )α0
s

Perturbative content 
Hard cross sections: Drell-Yan

Also the rapidity spectrum is particularly well know.



Perturbative content 
Hard cross sections: Drell-Yan
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[JHEP 12 (2017) 059]

• NNLO + NLO EW predictions.  

• Very good data/theory agreement also in lower and higher invariant mass bins.

Also the rapidity spectrum is particularly well know.
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The fully differential NNLO (i.e. O( )) corrections to the cross section for  
was presented in [Phys. Rev. Lett. 117 (2016) 2, 022001] and [Phys.Rev.Lett. 116 (2016) 15, 152001]. These 
calculations allow us to compute the  spectrum of the Z to NNLO accuracy.

α3
s pp → Z+jet

qT

Perturbative content 
Hard cross sections: Drell-Yan

High qTLow qT

NNLO corrections improve the agreement with data all across the board:
• for qT ~ Q the agreement with data is now excellent,
• for qT  Q, NNLO partly captures the double-log behaviour and provides qualitative 

improvements in the description of the shape of the data: resummation still needed.
≪
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The  of the Z boson allows us to constraint the collinear gluon PDF: 

• collinear factorisation is reliable for . 

• In order for the Z to have a large , it needs an object to recoil against. This is 
typically a jet. As a consequence, the  relevant process is . 

• One of the leading-order partonic cross sections contributing to this process is:

qT

qT ≃ Q

qT
pp → Z + j + X

quark PDF

gluon PDF

Z with large qT

hard jet

The impact on the gluon PDF is significant.

Perturbative content 
Hard cross sections: Drell-Yan



Perturbative content 
Hard cross sections: fast interfaces

Very often, a direct “on-line” computation of  physical observables is not a 
viable option when fitting PDFs: 

computing a single distribution may take days and this needs to be iterated a large 
number (thousands) of  times during a fit. 

Fast interfaces have been devised to overcome this problem. 

As of  today, different interfaces exist: 

APPLgrid Carli et al.,[Eur.Phys.J.C 66 (2010) 503-524], 

FastNLO FastNLO Collaboration [DIS 2012, 217-221], 

APFELgrid Bertone, Carrazza, Hartland [Comput.Phys.Commun. 212 (2017) 205-209], 

aMCfast Bertone, Frederix, Frixione, Rojo, Sutton [JHEP 08 (2014) 166], 

PineAPPL Carrazza, Nocera, Schwan, Zaro [JHEP 12 (2020) 108]. 

They are all based on the same idea: interpolating PDFs.
32



Theoretical predictions

Define a fig. of merit (χ2) 
and error propagation

Adjust free parameters to 
minimise the fig. of merit 

Determine best-fit params.

Fit methodology

Perturbative content:
hard cross sections,

collinear evolution, etc.

Parameterisation:
functional form,
asymptotes, etc.

Experimental data:
processes, cuts,

uncertainties, etc.

33

The general fit strategy



Distributions are parametrised by means of  the functional form:

Fit methodologies 
Parameterisation: the “standard” approach

fi(x) = Ai x
↵i(1� x)�iPi(x)

<latexit sha1_base64="L9cQgxKdN0EmCoOECMLNHr3ySWY="></latexit><latexit sha1_base64="L9cQgxKdN0EmCoOECMLNHr3ySWY="></latexit>

Pi(x) =

8
>><

>>:

1
1 + �ix
1 + �ix+ �i

p
x

. . .
<latexit sha1_base64="tYVktl/ZAbq3M+b0GtuB4AWcu74="></latexit><latexit sha1_base64="tYVktl/ZAbq3M+b0GtuB4AWcu74="></latexit>

with:

O(3-5) free parameters for each distribution. 
Asymptotic behaviour defined by the exponents αi and βi.
Typically easy to transform analytically in Mellin space. 
Easy to handle in a fit thanks to its simplicity. 
Potential source of  bias. 

34



Each NN has a large number free parameters. 

NNs are usually augmented with constraints in the extrap. regions: 

NNs are flexible and thus limit biases but are harder to handle.

Distributions are parametrised in terms of  artificial NNs:

Fit methodologies 
Parameterisation: neural networks

⇠(j)i = g

 
(j-1)th layerX

k

⇠(j�1)
k !(j)

ki � ✓(j)i

!

<latexit sha1_base64="gRWilzZm+IrSz9wCokspzJ1fUEE=">AAACE3icbVDLSsNAFJ3UV42vqEs3g63QCpakgroRim5clQr2AW0Ik+mkHTp5MDMRS+g/uPFX3LhQxK0bd/6N0zSLWj0wcO4593LnHjdiVEjT/NZyS8srq2v5dX1jc2t7x9jda4kw5pg0cchC3nGRIIwGpCmpZKQTcYJ8l5G2O7qe+u17wgUNgzs5jojto0FAPYqRVJJjHBeLuufQ0kP5MulxH9brk7SCJ3Cutsp6segYBbNipoB/iZWRAsjQcIyvXj/EsU8CiRkSomuZkbQTxCXFjEz0XixIhPAIDUhX0QD5RNhJetMEHimlD72QqxdImKrzEwnyhRj7rur0kRyKRW8q/ud1Y+ld2AkNoliSAM8WeTGDMoTTgGCfcoIlGyuCMKfqrxAPEUdYqhh1FYK1ePJf0qpWrLPK6W21ULvK4siDA3AISsAC56AGbkADNAEGj+AZvII37Ul70d61j1lrTstm9sEvaJ8/yK+aUw==</latexit>

fi(x) = NNi(x)�NNi(1)or

Activation function
(sigmoid, tanh, ReLu, …)

<latexit sha1_base64="sVAn603o3lFBOtVHTRyrkJcqz/s=">AAACIXicbVDLSgMxFM34rONr1KWbYCu0C8tMBe1GqLpxVSrYB3TGIZNm2tDMgyQjLUN/xY2/4saFIt2JP2P6WGjrgcC559zLzT1ezKiQpvmlrayurW9sZrb07Z3dvX3j4LAhooRjUscRi3jLQ4IwGpK6pJKRVswJCjxGml7/duI3nwgXNAof5DAmToC6IfUpRlJJrlHO5XTfpflB4erapYPH1EYs7iGXjvLW2aCgao/ISZnaPI DV6mjaq+dyrpE1i+YUcJlYc5IFc9RcY2x3IpwEJJSYISHalhlLJ0VcUszISLcTQWKE+6hL2oqGKCDCSacXjuCpUjrQj7h6oYRT9fdEigIhhoGnOgMke2LRm4j/ee1E+mUnpWGcSBLi2SI/YVBGcBIX7FBOsGRDRRDmVP0V4h7iCEsVqq5CsBZPXiaNUtG6KJ7fl7KVm3kcGXAMTkAeWOASVMAdqIE6wOAZvIJ38KG9aG/apzaeta5o85kj8Afa9w/UGqF3</latexit>

fi(x) = Aix
↵i(1� x)�iNNi(x)
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A crucial aspect in the determination of  PDFs is the definition of  
the figure of  merit to be minimised/maximised. 

A popular choice is the χ2 but many variants are possible:

Fit methodologies 
Figure of  merit: the χ2 definition

No correlation, no normalisation unc.:

No correlation, with normalisation unc.:

Nuisance parameters:

Covariance matrix:

Due to the D’Agostini bias, a sound treatment of  normalisation 
uncertainties requires particular care (e.g. the t0 prescription).
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A faithful determination implies a solid estimate of  the uncertainty 
on PDFs propagating from the experimental dataset. 

1. Hessian method: the χ2 is expanded around its minimum a0:

Fit methodologies 
Error propagation

The Hessian matrix Hij is diagonalised and an uncertainty along each 
eigenvector is defined as Δχ2 = 1 (often a larger tolerance is introduced).  

2. Monte Carlo sampling: artificial replicas of  the dataset generated as:

D(k)
i = Di + r(k)i �i ,

k = 1, . . . , Nrep

i = 1, . . . , Ndat
<latexit sha1_base64="qaMzqzwSN2GrEUoCzsfBe0StdkA="></latexit><latexit sha1_base64="qaMzqzwSN2GrEUoCzsfBe0StdkA="></latexit>
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ri(k) is a normally distributed and univariate random number. A fit is performed to 
each replica to produce Nrep sets of  distributions {fk}, such that:

hOi =
1

Nrep

NrepX

k=1

O[fk] and �O =
p

hO2i � hOi2
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Simple parameterisations (O(20) free parameters) are usually 
fitted using MINUIT (or similar): 

the absolute minimum of  the χ2 is found deterministically by computing 
(numerically or analytically) the first derivative and moving downhill. 

A NN parameterisation (O(200) free parameters) generates a 
complex parameter space impossible to explore with MINUIT: 

a genetic algorithm is often used to explore the parameter space, 
this avoids getting trapped into local minima of  the χ2. 
Algorithms inspired by machine-learning techniques are being explored, 
gradient-descent based algorithms are more recently also being used. 

The extreme flexibility of  NNs may cause overfitting, i.e. statistical 
fluctuations of  the data sample may be unwillingly fitted: 

the cross-validation method allows one to overcome this problem.

Fit methodologies 
Minimisation and stopping
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Split the dataset into training and validation subsets. 
Minimise the training χ2 while monitoring the validation χ2. 
Stop the fit when the validation χ2 reaches its absolute minimum.

Fit methodologies 
Cross validation
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CTEQ collaboration: 

standard parameterisation (Bernstein polynomials), 

Hessian method (with dynamical tolerance) for error propagation. 

NNPDF collaboration: 

neural network parameterisation (feed forward NN with preprocessing), 

Monte Carlo method for error propagation. 

MSHT collaboration: 

standard parameterisation (Chebyshev polynomials), 

Hessian method (with dynamical tolerance) for error propagation. 

Other collaborations exist (e.g. ABMP, HERAPDF, CJ, JAM, etc.) but 
they are typically less inclusive in terms of  data.

Main PDF collaborations 
Unpolarised proton PDFs
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Interesting quantities are the so-called parton luminosities:
<latexit sha1_base64="zwfchhpI3xGu4dUuEOQ5TbpYiP0="></latexit>
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Relevant for invariant mass distributions of  the final state in pp 
collision processes, e.g.: 

Drell-Yan mostly sensitive to , 

Higgs and  production in gluon fusion mostly sensitive to , 

W + charm mostly sensitive to , 
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A snapshot back in 2015
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A snapshot today
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A snapshot today



Conclusions
Fitting collinear distributions requires making many choices: 

Data set. 

Perturbative content: 

DGLAP evolution, 

hard cross sections. 

Fitting methodology: 

PDF parameterisation, 

χ2 and error propagation, 

minimisation and stopping. 

Different choices may lead to different results: 

“Global” fitters have reached a nice degree of  agreement, 

even though most recent fits present a larger departure as compared to the past.
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Backup



[CTEQ, Phys.Rev.D 103 (2021) 1, 014013]

Positivity and PDFs
PDFs have to be such to guarantee the positivity of  cross sections: 

cross sections can be interpreted as probabilities  must be positive. 

Possible ways to enforce positivity are: 
1. determine PDFs enforcing that a specific set of  observables is positive: 

• does not guarantee all possible observables to be positive. 
• allows PDFs to be negative (sometimes unwanted, e.g. MC generators). 

2. Assume PDFs to be positive definite from the start: 
• does it really guarantee positivity of  the observables? 

Positivity has a strong impact of  PDFs:

⟹
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[NNPDF, JHEP 04 (2015) 040]
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Positivity and PDFs
Recently it has been proposed that PDFs in MS are positive:

[Candido, Forte, Hekhorn, JHEP 11 (2020) 129]

Define an ad hoc factorisation scheme (for DIS) 
in which PDFs are positive (POS scheme).

Find the transformation that gives MS PDFs in 
terms of  the POS ones:

The authors find that this transformation tends 
to make PDFs more positive.

If  POS PDFs are positive (by definition)   
MS are to be even more positive.

⟹
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Positivity and PDFs
More recently though Collins, Rogers, and Sato have found an opposite result: 

by direct computation of  the PDF using its operator definition focusing on the 
removal of  the UV divergence.

[Rogers, talk at QCD Evolution 2021]

The question remains open: are MS PDFs allowed to go negative? 49
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Perturbative content 
DGLAP evolution: x-space approach
O(αs4) non-singlet splitting functions in the planar limit recently computed  [Moch et al., 

arXiv:1707.08315] enabling partial N3LO evolution. Approximations available for the 
Singlet.
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Recently the SeaQuest (E906) experiment at Fermilab has released data for the 
ratio of cross sections  [Nature 590 (2021) 7847, 561-565]. 

This ratio is sensitive to the ratio of sea quark PDFs:

σpd /σpp

<latexit sha1_base64="tyeaWCufhYVCjzDS0MxPSG/pOb0="></latexit>
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Being a fixed-target experiment, large values of x are probed giving us access to 
the sea quark PDFs in a region that is presently poorly known.

Significant impact on the  and  PDFs at large x. 

Currently unresolved tension with the older NuSea (E866) data.

u d

[arXiv:2109.00677]

[arXiv:2108.05786]
Before SeaQuest After SeaQuest

Perturbative content 
Hard cross sections: Drell-Yan

https://arxiv.org/abs/2108.05786
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A snapshot today


