First Neural-Network Extraction of Unpolarized
Transverse-Momentum-Dependent Distributions

Matteo Cerutti

[
MAP Collaboration, PRL 135 2025 CQa I r f u

October 14, 2025 Resummation, Evolution, Factorization (REF) 2025 - Milan




Transverse-Momentum Distributions (T'MDs)

3-dimensional map of the
internal structure of the nucleon

Non-collinear framework




Transverse-Momentum Distributions (T'MDs)

3-dimensional map of the
internal structure of the nucleon

Non-collinear framework




Nucleon Pol.

Transverse-Momentum Distributions (T'MDs)

3-dimensional map of the
internal structure of the nucleon

Non-collinear framework

Quark Polarization

U L T
v h hy
] g1 | hiy

Time-reversal odd

Time-reversal even




Nucleon Pol.

Transverse-Momentum Distributions (T'MDs)

3-dimensional map of the
internal structure of the nucleon

Non-collinear framework

Quark Polarization

U L T
@
] g1 | hiy
T fir | T hlth

Time-reversal odd Time-reversal even

TMD PDFs

F(x, k5,1, C)




Transverse-Momentum Distributions (1M Ds)

Fraction of
longitudinal momentum

TMDs map the distribution of partons inside the
nucleon in 3D in momentum space.

0.05

They can be extracted through global fits
There are attempts to calculate them in lattice QCD

-0.20
1.0

0.5

0.0 Ky (GeV)

- =1.0
1.0

_o 5 0.0 0-5
-1.0 '
kx (GeV)

.

Transverse momentum



Transverse-Momentum Distributions (1M Ds)

Fraction of
longitudinal momentum

TMDs map the distribution of partons inside the
nucleon in 3D in momentum space.

0.05

They can be extracted through global fits
There are attempts to calculate them in lattice QCD

0.20
1.0

o;, K, (GeV) Are TMDs universal?
- Do they depend on x?
- -1.0
0.5 1.0
-1.0 -O.Skxo(.geV) Do they depend

?

on the quark flavor

.

Transverse momentum



TMD factorization: Universality



TMD factorization: Universality

If g7 < Q7

—+ 00
Four (»T, 2 |QT|7 Q) ~ / d|bT|\bT\JO(\bTHqTfo(% bi2r; 2 CA)D(iHh(Za bQT§ Ly CB)
0



TMD factorization: Universality

Drell-Yan

antilepton

antiquark
kA

............ nucleon
proton

Py

If g7 < Q7

+ 00
FUU,T(x727|qT|7Q) N/ d|bTHbT“]0(‘bTHqT|) {l(xvb’%;:uagA)Dil_)h(zab%;:u7CB)
0

+ o0
Fyy(za,zB,lgr|,Q) N/ d|br||br|Jo(|br||gr|) (x4, b7 p, Ca) fi (x5, T 1, CB)
0



TMD factorization: Universality

Drell-Yan

antilepton

~zk,
- ,
)
antiquark
kA
............ nucleon
proton
P A
Same functions

If g7 < Q7

h(zab s [y CB)

+ 00
FUU,T(va>|QT|7Q) N/ d|bTHbTUO(\bTHqT| ffl(iﬁab%r;MaCA)(il
0
400
Féu(wA,wB,IqTI,Q)N/ dbr||br|Jo (Ibr||gr| ) fi (za, 075, CANT (28, b7 14, (B
0



TMD factorization: Universality

Drell-Yan

P B
)
antiquark
kA
............ nucleon
P A
Same functions

If g7 < Q7

h(zab s [y CB)

+ 00
FUU,T(va>|QT|7Q) N/ d|bTHbTUO(\bTHqT| ffl(iﬁab%r;MaCA)(il
0
400
Féu(wA,wB,IqTI,Q)N/ dbr||br|Jo (Ibr||gr| ) fi (za, 075, CANT (28, b7 14, (B
0

GLOBAL FITs



Structure of a TMD

TMD in Fourier space
- d’k
Pla by ¢) = [ 505

(2)?

e’k F(z, kT 5 1, €)

J. Collins, “Foundation of Perturbative QCD” 5



Structure of a TMD

TMD in Fourier space

. Pk,
F(x,b%;u,C)zf(%;;ebT “LF (@, kY5 0, Q)

fi(a, 0750, C) =Y Coys(@,bus o, - i) @ f1 (2, )

J

J. Collins, “Foundation of Perturbative QCD” 5



Structure of a TMD

TMD in Fourier space

. Pk,
F(x,b%;u,C)zf(%;;ebT “LF (@, kY5 0, Q)

b,-prescription

R 5 ) .
fi (@, b p, ¢) = ZCq/j(fEab*;Mb*aMb*) ® fi(w, o, ) L A
J
Perturbative TMD at the initial scale

J. Collins, “Foundation of Perturbative QCD” 5



Structure of a TMD

TMD in Fourier space

Pk, .
F(‘/B bT?M?C) — / (QW)JéebT kLF(xakivua C)

b,-prescription

f{](xab%;ﬂa Z Q/J L b*?ﬂb*alul%*)@fi?(xaﬂb*) A

Perturbative TMD at the initial scale
Hod
xexp{K(b*;,ub ln—-l—/ 'LL [F—’YKID\,L/L—/Z]} : B
Kb,

Evolution to final scale (of the process)

J. Collins, “Foundation of Perturbative QCD” 5



Structure of a TMD

TMD in Fourier space

Pk, .
F(‘/B bT?M?C) — / (QW)JéebT kLF(xakivua C)

b,-prescription

f{](xab%;ﬂa Z Q/J L b*;/lb*,ﬂ%*)@ff(af,/ﬁb*) A

Perturbative TMD at the initial scale
Hod
xeXp{K(b*;,ub ln—-l—/ 'LL |:F—’YKID\’L/L—/Z:|} : B
Kb,

Evolution to final scale (of the process)

% fvp(x, b2) exp {QK(”?F) " %}

Non-perturbative part of the TMD

J. Collins, “Foundation of Perturbative QCD” 5



Structure of a TMD

TMD in Fourier space

Pk, .
F(‘/B bT?M?C) — / (QW)JéebT kLF(xakivua C)

b,-prescription

f{](xﬂb%;:u7 C) — Zcq/j(xab*;:ub*nu%*) X f{(wnub*) A

J
Wtive TMD at the initial scale

Hod
Perturbative X €XPp {K(b*7 Mb 1D — -|— / 'LL { .ln —} } ' B
Wb,

Evolution to final scale (of the process)

% fvp(x, b2) exp {QK(”?F) " %}

Non-perturbative part of the TMD

J. Collins, “Foundation of Perturbative QCD” 5



Structure of a TMD

TMD in Fourier space

F(x bTa:u?C) — / (27T)26 bT kLF(xakQJMa ¢) Collinear extractions

/ b,-prescription
f{](ﬂf,b?p,u,(:):Zcq/](af,b*,/ib*,ﬂg*)@ A

J
Wtive TMD at the initial scale

Hod
Perturbative X €XP {K(b*7 Mb Tl — ‘|‘ / 'LL { .ln —} } ' B
.

Evolution to final scale (of the process)

% fvp(x, b2) exp {QK(”?F) " %}

Non-perturbative part of the TMD

J. Collins, “Foundation of Perturbative QCD” 5



Structure of a TMD

TMD in Fourier space

F(x bTa:u?C) — / (27T)26 bT kLF(xakQJMa ¢) Collinear extractions

/ b,-prescription
f{](ﬂf,b?p,u,(:):Zcq/](af,b*,/ib*,ﬂg*)@ A

J
Wtive TMD at the initial scale

v d,u
Perturbative X exp {K(b*7 Mb Tl — —|— / { ln —} } ‘B
iy, . .

Evolution to final scale (of the process)
b2 b2 ] \/Z

Non-perturbative part of tthe TMD Parameterization

J. Collins, “Foundation of Perturbative QCD”

5



Structure of a TMD

TMD in Fourier space

F(x bTa:u?C) — / (27T)26 bT kLF(xakQJMa ¢) Collinear extractions

/ b,-prescription
f{](ﬂf,b?p,u,(:):Zcq/](af,b*,/ib*,ﬂg*)@ A

J
Wtive TMD at the initial scale

Hod
Perturbative X €XPp {K(b*7 Mb 1D — -|— / 'LL { .ln —} } ' B
Wb,

Evolution to final scale (of the process)

X\fnp(x, by )jexp {gK(b%) In %}

Non-perturbative part of the TMD Parameterization
GLOBAL FITs

J. Collins, “Foundation of Perturbative QCD”

5



Available Global Fits

Moos, Scimemi, et al.,
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[s this approach applicable to this complex task?
Do they offer advantages in the description of the exp. data
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T™MD fitting framework

Nan g aP arb at https.://github.com/MapCollaboration/NangaParbat

README.md V4

Nanga Parbat is a fitting framework aimed at the determination of the non-perturbative component of TMD
distributions.

Download

You can obtain NangaParbat directly from the github repository:
https://github.com/MapCollaboration/NangaParbat

For the last development branch you can clone the master code:

git clone git@github.com:MapCollaboration/NangaParbat.git
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Closure Tests - level 0

Generation of pseudo data from a known model

1. central value compute with DWS model
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Validation of the methodology

Closure Tests - level 0
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Parameterization: MAP22

Bacchetta, Gamberg, Goldstein, et al., PLB 659 (2008)
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Fitting procedure

Splitting the dataset into training/validation subsets
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Fitting procedure

Error propagation: generation of Monte Carlo replicas

a fitruns in ~15 mins
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Results of the analysis
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Results of the analysis

Extracted TMDs
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Results of the analysis
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https://arxiv.org/abs/2504.04625
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b.-prescription
bnax = 2 'E

26_'7E
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Collins, Soper, Sterman, Nucl. Phys. B250 (1985)
Collins, Gamberg, et al., PRD (2016)
Bacchetta, Echevarria, Mulders, et al., JHEP 11 (2015)
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Theory/data agreement

" 2
Decomposition of the y experimental data
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Results of the analysis

Data/Theory comparison
without systematic shifts
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The error bands comes directly from the uncertainty
of the extracted TMDs



