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Nucleon Pol.

Transverse Momentum Distributions ([1'MDs)

3D Map of the internal
structure of the proton

Non-Collinear framework

Quark Polarization

U L T
()
] 91 | hiy

Time-reversal odd Time-reversal even

TMD PDFs

F(z,k%, p, )

see talk by A. Signori




How to get information on 'T'MDs

Cross section differential in transverse momentum
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TMD factorisation:
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Fixed Order
Collinear
Factorization

see talk by A. Signori
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The intricate expression of TMDs

see talk by A. Signori
TMD in Fourier space
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F(CU, b%"nu‘aC) — (271_; b k_LF(x kJ_nu'a C)

J. Collins, “Foundation of Perturbative QCD” 4
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TMD factorisation: universality

hadron

antiquark
kA

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

Py

FUU,T(CU, <y |qT|7 Q) ~ / d|bTHbT|JO(|bT||qT|ff($7 ‘bT|7 H, CA)ZA)%(Z7 ‘bT|7 H, CB)
0

F&U(xA7 LB, |qT|7 Q) ™~ / d’bTHbT’JOObT"QT|ff(an ‘bT|7 Ly CA)fla(xBa ‘bT|7 Ly CB)
0
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TMD frameworks

Available TMD frameworks

® https:/ /github.com/MapCollaboration /NangaParbat MAP Collab.

MAP Collaboration, PRL 135 (2025)

® https:/ /teorica.fis.ucm.es/artemide/ Madrid group

Moos, Scimemi, et al., JHEP 11 (2025)
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TMD frameworks

Available TMD frameworks

MAP Collab.

MAP Collaboration, PRL 135 (2025)

® https:/ /github.com /MapCollaboration /NangaParbat

Madrid group

Moos, Scimemi, et al., JHEP 11 (2025)

® https:/ /teorica.fis.ucm.es/artemide/

Cg%) JAM Collab.

Others... fimised al-our
UCLA group new optimised, general-purpose
| | framework is under development
Barry, Prokudin, et al, arXiv:2510.13771
Zaccheddu, Gamberg, et al, arXiv:2605.06606 and Wlll be publlcly avallable Soon
Kang, Zhang, et al, arXiv:2604.14133 Bertone, Bissolotti, Cerutti, Rodini, in preparation
Fernando, Keller, PRD 113 (2026) ‘T)M@S Form Factors

GPDs 6 p O q PDFs/FFs



Available global fits

Moos, Scimemi, et al.,
JHEP 11 (2025)

Accuracy SIDIS DY N of points X2/Naata De[gi‘cljoernce
Bac::t\ellliel?a(r?: Zal NLL V V 8059 1 55 x
JHEP 06 (2017)
Scife\n{i %Igddilm?fov NSLL- V V 1 039 1 06 x
JHEP 06 (2020)
ozl e | v | v | 2081 | 106 X
JHEP 10 (2022)
MAPTMD24 1 oL Vv Vv 2031 1.08 Vv
Bacchetta, Bertone, et al.,
JHEP 08 (2024)
ART2S NLLY | v Vv 1209 1.05 Vv




Comparison of different extractions

TMD PDFs TMD FFs

r=0.1 Q=10GeV d-quark - z=0.3 Q=10GeV u-quark at

B ART25 =5 MAP24 | 15]
B ART23 - !

B ART25 5 MAP24 -
£ MAP22

lllllllllllllllllll

oL 0
00 05 10 15 20 25 3.0 35 00 05 10 15 20 25 3.0 35
b(GeV ) b(GeV™)

Extracted TMDs from different analyses show incompatibilities

Moos, Scimemi, et al., JHEP 11 (2025)
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Why Neural Networks?

% Current extractions of TMDs show incompatibilities

* They are based on parametrisations of fyp that can differ a lot

GOAL:

Reduce the parametrisation bias

$ fit for the first time TMDs with Neural Networks

[s this approach applicable to this complexity?

Do they offer advantages in the description of the exp. data?
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The parameterisation bias

A f($,b2;[i,<) r . — OV F :
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The parameterisation bias

fl (.CU, b’_zz"a My C)

i 7b2; 9 — |2
P b O = | 5 b))

]fl(x, b (b%); 11, C) = 1 (b (67); 1, €)

How do we choose the parametrisation of fyp?

Any theory constraints?

1 br =0
el = o e 4oc

10



The parameterisation bias

2 2 fl(beal'le) A 3 2
lmbe; - 7*bT ) — beTa 1$7b* bT; 9
o i) = [P0y 07m0) = (2,53 1,0

How do we choose the parametrisation of fyp?

1 br =
Any theory constraints?  fxp(br) = { 0 b — 400

MAP Collaboration, JHEP 08 (2024) k2 k2 kﬁ_
fixe(w,b3) o F.T. of (e 7% + Apk?e™ a8 + Age ™ 71 MAP fits

Moos, Scimemi, et al., JHEP 11 (2025)

i p(z,b) =

1
cosh ((A{(l —x) + )\gzc) b)

10



The parameterisation bias

; 2. _ fl(x,b’%";”‘aC) ]A 2. _ 2. \\f b (b2.)-
e i) = |07 B b ()50 = {00810

How do we choose the parametrisation of fyp?

1 br =0
fNP(bT) — 0 bT — 100
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The parameterisation bias

r 2. . fl(x7b’§"7u‘7<.) ]A 2\. — b2, ¢ b b2 ]
fl(vaTal*l'aC) - [fl(a:,b*(b?r),u,() fl(x) b*(bT)a/‘lHC) T 1(13, *( T),N’C)

How do we choose the parametrisation of fyp?

1 b — O 7 - 7
fap(br) = { ) b; . then “by experience

Try to reduce the parametrisation bias!

NN(z, bz, {pi ' ' &
Snp (@, br; €)= NI\(I(Q;,S:{;]:}})) exp| — g3 by hl(Qi(z))

- br

_ ~

MAP Collaboration, PRL 135 (2025)
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NN-based model

MAP Collaboration, PRL 135 (2025)

fne(x, br; €)

NN(z, bz, {p:})

NN(%, O, {pz})

exp

— g3 b7 1H<Q%)
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NN-based model

MAP Collaboration, PRL 135 (2025)

fne(x, br; €)

NN(z, bz, {p:})

212
exp| — g5 b ln<—>
NN(z, 0, {pi}) BN

NN (z, by )

only one output node because
there is no flavour dependence (yet)
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— g3 b7 1H<Q%>

' NN(z, br)
/ only one output node because

MAP Collaboration, PRL 135 (2025)

NN(z, bz, {p:})
NN(%, O, {pz})

fne(z,br; () =

exp

Z

1+ |z

there is no flavour dependence (yet)

)

12



NN-based model

MAP Collaboration, PRL 135 (2025)

. . NN(J;?bTa{pz}) 22 i
el 0130 = NN o (py) O 20T 1“(@%))

' NN(z, br)

/ only one output node because
\ there is no flavour dependence (yet)
k

with activation function

/
\ / () =5 (14—
o\z) = = |
\ 2 1+ |z
: physically required constraints

- fxp — 1 for bp — 0




NN-based model

MAP Collaboration, PRL 135 (2025)

. . NN(J;?bTa{pz}) 22 i
el 0130 = NN o (py) O 20T 1“(@%))

/N 41+1 parameters

' NN(z, br)

/ only one output node because
\ there is no flavour dependence (yet)
k

with activation function

/
\ / () =5 (14—
o\z) = = |
\ 2 1+ |z
: physically required constraints

- fxp — 1 for bp — 0




Included data sets

Drell-Yan data

Fixed-target:
E288, E605, E772

Collider mode:
RHIC, Tevatron, LHC
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Included data sets

Drell-Yan data 10°
Fixed-target: 1ot L
E288, E605, E772
§£q103——

Collider mode: <
RHIC, Tevatron, LHC S 10% E— Eoos

F —— E772

| —— E288

- —— STAR

10! E_: SEF

Theory cut L CMs

e ATLASI | |
ar/Q <02 e I TE

Total number of data: 482

102

101

10°
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Validation of the methodology

Closure Tests - level 0

Generation of pseudo data from a known model

1. central value compute with DWS model

1 ¢ g1 = 0.304
DWS 2
b = S Lgoln [ ——
Np - (br, Q) = exp [ 2 (gl g2 <2Qg>> bT] g2 = 0.028

Bacchetta, Bertone, et al., JHEP 07 (2020)

2. pseudodata errors from real DY data

can we recover the

/ § _—/IJ‘WS result?

| 1

fit with NN



Validation of the methodology

Closure Tests - level 0

TMD distribution TMD distribution
T I T T T T I T T T T I T T T T I T T T T I T T T T I 1 1 1 1 I 1 1 1 1 I T T I T T T T I T T T T I T T T T I T T T T I T T T T I T T T T
0.25 ¢ CTO replicas 0.15 - CTO replicas ]
—~0.20 [ @ DWS baseline { I DWS baseline
N * - N
@ B TMD PDF of the v at Q = 2 GeV and « = 0.01 ] Q‘ 0.10 TMD PDF of the v at @ = 10 GeV and = 0.01  _]
G 0.15 | 1 <
- i 1 o~
< 0.10 [ 1 < o005 -
8 - ] 8
= ] =
«Z 0.05 41
. 8
= ] 0.00 =
0.00 [ -
1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1 I 1 1 1 1
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5 4.0
k. [GeV] ki [GeV]

x>~ 10"°

Closure test successful!
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Comparison to a traditional fit

MAP22 fit

MAP Collaboration, JHEP 08 (2024)

L2

finp (z,b3) o< F.T. of (6_91_%4 + Agkie

x-dependent Gaussian widths

il
~91B + \ce
gi(z) = Ny

2
_ k1

glC

Bacchetta, Gamberg, et al., PLB 659 (2008)
Bacchetta, Conti, Radici, PRD 78 (2008)
Pasquini, Cazzaniga, Boffi, PRD 78 (2008)
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MAP22 fit

MAP Collaboration, JHEP 08 (2024)

2 2 2
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Bacchetta, Gamberg, et al., PLB 659 (2008)
Bacchetta, Conti, Radici, PRD 78 (2008)
Pasquini, Cazzaniga, Boffi, PRD 78 (2008)

x-dependent Gaussian widths g1(z) = N1

Nonperturbative evolution exp| — g5 b> ln< ; )
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Results of the analysis

MAP Collaboration, PRL 135 (2025)

Data/Theory agreement

MC replica method to propagate experimental uncertainties

Experiment

Ndat

x> (Xp +X3)

NN

MAP22

Fixed-target 233 1.08 (0.98 + 0.10)

RHIC
Tevatron
LHCb
CMS
ATLAS

7

71
21
78
72

1.11 (1.03 + 0.07)
0.80 (0.73 4 0.06)

0.40 (0.38 + 0.02)
1.38 (1.09 + 0.29)

0.91 (0.70 + 0.21)
1.45 (1.37 + 0.08)
1.20 (1.17 + 0.04)

0.41 (0.35 + 0.06)
3.51 (3.03 + 0.49)

Total

482

(
(
(
0.98 (0.88 + 0.10)
(
(
(

0.97 (0.86 + 0.11)

(
(
(
1.25 (1.05 + 0.20)
(
(
(

1.28 (1.09 + 0.20)
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Results of the analysis

MAP Collaboration, PRL 135 (2025) n . 2 k
2 _ m; — )2
Data/Theory agreement X" = - + o
MC replica method to propagate experimental uncertainties 1=1 ¢ a=1
Experiment Ngas x> (XD +Xx5)
NN MAP22

Fixed-target 233 1.08 (0.98 + 0.10) 0.91 (0.70 + 0.21)
RHIC 7 1.11(1.03+0.07) 1.45 (1.37 + 0.08)
Tevatron 71  0.80 (0.73 + 0.06) 1.20 (1.17 + 0.04)
LHCb 21 0.98 (0.88 +0.10) 1.25 (1.05 -+ 0.20)
CMS 78  0.40 (0.38 +0.02) 0.41 (0.35 -+ 0.06)
ATLAS 72 1.38 (1.09 + 0.29) 3.51 (3.03 + 0.49)

Total 482 0.97 (0.86 +0.11) 1.28 (1.09 + 0.20)

NN provide better quality than MAP22
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Results of the analysis

MAP Collaboration, PRL 135 (2025)

n -\ 2 k
2 my; — tz )\2
Data/Theory agreement X" = p + o
MC replica method to propagate experimental uncertainties 1=1 ¢ a=1
Experiment  Ngat X: (X5 + X3) I I L L B I
NN MAP22 0.06 66 GeV < Q < 116 GeV
ly| < 2.5
o &
Fixed-target 233 1.08 (0.98+0.10) 0.91(0.70+021) T 0.05 —t—
RHIC 7 1.11(1.03+0.07) 1.45 (1.37+0.08) 5
— 0.04 =
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0

NN provide better quality than MAP22

Significant improvement for ATLAS data

MAP22 relies more on systematic shifts = large error bands




Fit results

Extracted TMDs

MAP Collaboration, PRL 135 (2025)
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Fit results

MAP Collaboration, PRL 135 (2025)
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MAP Collaboration, PRL 135 (2025)

Extracted nonperturbative evolution (Collins-Soper kernel)

Kernel of the rapidity evolution equation
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Moving towards a global fit

e Fitting framework: NangaParbat

e Perturbative accuracy: N3LL

® Dataset: DY + SIDIS
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e Perturbative accuracy: N3LL
® Dataset: DY + SIDIS
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Extending the NN-based model

o NN {p}) | .. [ C
fNP(x7bT7C) — NN(:E,O, {pz}) exp_ g5 b ID(Q(%)

: _ NN(’Z?bTa{p/}) _ 212 C -
Dyp (2,073 C) = NN(z, 0, {p;}) P __92bT " (Q_(z)>

/§ /§
by |\ y b\ y
| .
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Extending the NN-based model

L NN(z, br, {pi}) __ 27,2 < |
fNP (wy bT) C) R NN(QE, O7 {pz}) eXp_ £ bT ln( Q(Q) ) 1

. _ NN(’Z?bTa{p/}) _ C _
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Extracted TMDs
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Global fit results

Extracted TMDs
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® Uncertainty bands are smaller than NN DY-only constraints from SIDIS
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Global fit results

Extracted TMDs
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® NN Global is broader than NN DY-only effect of the tensions?
® Uncertainty bands are smaller than NN DY-only constraints from SIDIS

® But still larger than MAP22 more faithful representation of errors
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Global fit results

Collins-Soper kernel
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Global fit results

Collins-Soper kernel
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® NN Global show good compatibility with NN DY-only high-energy DY data!
[t is closer to 0 than NN DY-only and compatible with MAP22

® Description of SIDIS data requires a softer CS kernel data want it!
(Compatible with MAP literature! ART?)
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Other applications of Al to TMD fits

Nonparametric pixel-based framework (generative Al - normalizing flow)
Zaccheddu, Gamberg, et al, arXiv:2605.06606

Al-driven procedure to explore functional forms (Al-agent-driven workflow)
Kang, Zhang, et al, arXiv:2604.14133

First application of Symbolic Regression (PySR)

Granger, Bacchetta, et al., arXiv:2607.24710

i (@, br,C) = exp|~g3(br) b3 In(¢/Q3)|

chi2/ndf (experimental)

exp [hm () hp(br) + hyp(z, bT)]

Other @ Pareto front
12

10 Fit with 4 NNs (~100 params) x?/ndf = 0.941
8
; complexity-y>
Pareto front
4 &
2 el o 4 9-param. functional form Y2 /ndf = 1.040
LS L = = = = == = 00 @0'— — Li: 9@ 0 tes 2 —i2g
’ 10 20 30 40 50

Total complexity (ops)
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Conclusions

@ Extraction of unpol TMDs has reached a high degree of sophistication

\/ N3LL+ pel‘turbative accuracy Moos, Scimemi, et al., JHEP 05 (2024)
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@® Comparison of different extraction are unsatisfactory

Moos, Scimemi, et al., JHEP 05 (2024) Cerutti, Simonelli, EPJ C 86 (2026)
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Conclusions

@ Extraction of unpol TMDs has reached a high degree of sophistication

\/ N3L|_+ pel‘turbative accuracy Moos, Scimemi, et al., JHEP 05 (2024)
v/ More than 1k data from Drell-Yan and SIDIS processes

Comparison of different extraction are unsatisfactory

Moos, Scimemi, et al., JHEP 05 (2024) Cerutti, Simonelli, EPJ C 86 (2026)

O Different fit setups (collinear set, evolution path, b. prescription...)
& Parametrisation bias

O Power-suppressed corrections  nprogess

First application of Neural Networks in unpol. TMD fits
v/ The approach has been successfully tested on Drell-Yan data

v/ NN provides more reliable uncertainty bands MAP Collaboration, PRL 135 (2025)

v/ The approach has been extended to global fits  ceruti axivee0s 28218
O Robust methodology validation tests are in progress — nergress
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Parameterization: NN\

MAP Collaboration, PRL 135 (2025)

10

NN(:L‘, bT) = Z vjo(wjr x +wjebr +b5) +c 41+1 parameters
j=1

Weights of the level 2->10

/8 o
/ \ bj Bias of the 10 hidden neurons
10 /
k U;  Weight of the level 10->1
/
. % C Final bias
br
\ | activation function
‘ 1

=31 )




Fitting procedure

Splitting the dataset into training/validation subsets

T T T T T T T T | | | |
2 — Tvaining random splitting
20 - i —— Validation -
g 15 _— -
2
|
s |
s |
~ 10 —
20 dataset by dataset
€3
I I ; replica 118
5_ E | 102: T T T T T T T Ipl T T T T T
[ 1 i —— Training
I —— Validation |
0g A B R
0 200 300 400 500 S 1L |
Iteration S 10 ; ;
+~
3)
s
o
[
o
-
X best
10—1 1 1 1 1 1 11 II 11 II 1 1 1 1 1 11
10! 102 103 104

Iteration
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How can we improve global analyses

@® Improve phenomenological framework

— increase theoretical accuracy (need N3LQO) ieos. scimemi, etal. JHEP 05 (2024)

— improve control of theoretical uncertainties

- model uncertainties (Neural Networks) AP Coliaboration, PRL 135 (2025
- fit setup (dependence on collinear set, b prescription) cer, smoneii, er ¢ 6 2026)

- scale variations, power corrections, ...  nprogress

@® Add new experimental data

— LHC (low-mass DY data)
— Jefferson Lab and EIC SIDIS future measurements
— electron-positron annihilation (Belle? ALEPH? Key for TMD FFs)

We have studied the impact of pseudodata on current global analyses!

Cerutti, Chen, et al., accepted on PRC (2026)
Cerutti, D’Alesio, Gao, et al, PAC approved Jefferson Lab Run-group Experiment with E12-10-006 and E12-11-007 (2025) 29



