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About Parton Distribution Functions (PDFs)
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About Parton Di

Deep Inelastic Scattering (DIS)
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»  AtLO fi(x, ,uz) is the probability density of finding the parton i inside the
proton, carrying a fraction x of the proton’s longitudinal momentum (in

the Breit frame) when we look at it with scale ,uz.

> Beyond LO the probabilistic interpretation is no longer clear.
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The PDFs can’t be computed from first principles in pQCD.

We do know how they evolve with the scale, via the DGLAP evolution

equations.
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The PDFs can’t be computed from first principles in pQCD.

We do know how they evolve with the scale, via the DGLAP evolution

equations.

To obtain the PDFs we do global fits to data.

We have one PDF per light flavour (up, down, strange), their anti-particles

and the gluon.

In DIS, by measuring the outgoing electron we know everything about the

kinematics.

But we need more observables.
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Ex. Drell-Yan
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Ex. Drell-Yan
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At LO x;, x, = \/ M?/s e®. Beyond LO this is no longer true.
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Ex. Drell-Yan

t q(p, = x\Py)
p(P) ny
Y (p1 + p2)
p(P) 4(py = x,P)) a

At LO x;, x, = \/ M?/s e®. Beyond LO this is no longer true.

Possible impact in:

» p+A collisions (QGP benchmarking).
> polarised collisions (spin).

» BSM searches.
3/9



Accessing the kinematics using Ml Renteria-Estrada et al.,

arXiv:2112.05043 [hep-ph]

»  Welooked at one particular process: p+p —> a7 +7y

»  Reconstructed x;, X, and z from the momenta of 7™, y

4 For RHIC kinematics, so we could compare with previous results.

D. de Florian and G. Sborlini,
Phys.Rev.D 83 (2011) 074022

4/9



AcceSSing the |1=' Renteria-Estrada et al.,

arXiv:2112.05043 [hep-ph]

> We looked at one particular process: p+p—o>at+y

»  Reconstructed x;, X, and z from the momenta of 7™, y

> For RHIC kinematics, so we could compare with previous results.

D. de Florian and G. Sborlini,
Phys.Rev.D 83 (2011) 074022

> This type of calculation is done with Vegas.

) Full check of kinematic dependences.
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Second: check correlations
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Second: check correlations

NLO Kinematics

o o p% *r =+
LOKinematics X, =—— (e" + e y)
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Kinematics: LO X5 =—= (ei"” + ei’”)

Kinematics: NLO Xy =7
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Kinematics: LO x4 = (@i”” + ei"’y)

Kinematics: NLO Xy =7

pre*!” — cos(§” — ¢p")pe*”

Vs

rec.

»  Experimental collaborations used X2 =
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4
Kinematics: LO xee = 21 (@i”” + ei"y)

Kinematics: NLO Xy =7

. . rec. p%einﬂ — COS(gbﬂ — ¢y)p%eiﬂy
) Experimental collaborations used Xy = \/_
\)
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At NLO we have real (2 — 3) and virtual (2 — 2) contributions and

counterterms (2 — 2).

Cancellations can only happen in the MC integration when histograming.
{PT,[aj;, i’, 1", CoS(p” — be)} S WEXP

(P1)jmax (PT)imax
oo e =y [ o [dndinde do
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We weight the momentum fractions from the MC with the per-bin cross-
section

(x)); = 2 <x1> (pj, (x1),)

With this we search for the mapping

Xirec: Vxe = Xigear = ()}
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Let us start with LO and use linear regression:
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Let us start with LO and use linear regression:
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> Basis: Bro=
Vs Vs s s
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‘\’R EAL | x 10 i )

Let us start with LO and use linear regression:
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At NLO we created three bases
and tried to reconstruct x.

We also tried RBF with the
elements of the bases.
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XREAL ( X 10_2)
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For LO the complexity of the NN greatly surpasses the complexity of the

problem.
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Neural ne
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4 For NLO NN provide very good reconstruction.
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