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Motivation

e Deep-inelastic scattering of leptons from nucle1 cannot be
described by free nucleon formalism (EMC effect), e.g.

DIS structure functions: Fy* # ZFP 4+ (A — Z)FY

e Parton structure 1s modified in bound systems [
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¢ Mechanisms that originate nuclear effects not well understood



For a recent review see
nPDFs from Global QCD Analyses ;& nocera [arXiv:2001.07722]

Empirical determination of in-medium modifications to parton structure

Relevant for interpretation of heavy 1on collisions at RHIC and LHC

Relies on collinear factorization formalism analogous to free proton fits
do? (z, Q) Z /

Scattering from nuclei treated incoherently from single bound nucleon

Ma/M
d_ng £ Qo€ Q)

do?(z, Q%) ~ ZdoP + (A — Z)do™4

a4, = 3 / TP QNd (€. @)

nPDFs are parameterized and fitted to global lepton-nucleus and
hadron-nucleus scattering measurements



nNNPDE1.0 Analysis

e Includes all available neutral current
DIS data from CERN, SLAC, and
FNAL experiments

e Kinematic cuts:

W2 > 12.5 GeV?
Q? > 3.5 GeV?

e 45] total data points
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Experiment A /A, Ndat
SLAC E-139 ‘He/?D 3
NMC 95, re. ‘He/?D 13
NMC 95 °Li/?D 12
SLAC E-139 “Be/?D 3
NMC 96 9Be/12C 14
EMC 88, EMC 90 12C/?D 12
SLAC E-139 12C/?D 2
NMC 95, NMC 95, re. 12C/?D 26
FNAL E665 12C/?D 3
NMC 95, re. 12C/0Li 9
BCDMS 85 N/2D 9
SLAC E-139 2TA1/°D 3
NMC 96 2TA1/12C 14
SLAC E-139 90Ca/?D 2
NMC 95, re. 10Ca/?D 12
EMC 90 10Ca/?D 3
FNAL E665 10Ca/?D 3
NMC 95, re. 10Ca/CLi 9
NMC 96 0Ca/2C 23
EMC 87 5Fe /2D 58
SLAC E-139 56Fe /2D 8
NMC 96 BFe/12C 14
BCDMS 85, BCDMS 87  °6Fe/2D 16
EMC 88, EMC 93 ®“4Cu/’D 27
SLAC E-139 108Ag/’D 2
EMC 88 1961 /2D 8
NMC 96, Q% dependence '19Sn/?2C 119
FNAL E665 BIXe/?D 4
SLAC E-139 Y7Au/*D 3
FNAL E665 208phH /D 3
NMC 96 208pp /12C 14
Total 451




nNNPDE1.0 Analysis
e Single NN architecture with 3-25-3

nNNPDF1.0 &>

® Input scale: Qo= 1 GeV g(x, 0, A) =

X (M @) N
3 52 5 Ba(1 — 0 g®
e NN output multiplied by £Cs, O A) =
. (1) 3 ’ s -
preprocessing It % B (] - e
25z, Qo, A) = 27> (1 —2)% ¢ (3, 4) 4 (&0 £ Ty(x. Q0 A) =

x (1 — x)ﬂrg 5(3)
xTs(z, Qo, A) = 7 %Ts (1 — )PTs 5;3) (x, A) :
rg(z, Qo, A) = Bz~ (1 — x)ﬁg ég) (x, A) 25

1 — fol drxd(x, A)
fol dxxg(x, A)

1
e Momentum sum rule: / drx(X(z,A)+g(x,A) =1 — B, =
0

® Parameters optimized by stochastic =) ¢"=) ¢+7 Ts=u"+dt —2s*
gradient descent in TensorFlow
(open-source ML software library)



nPDFK Optimization

* Minimizing the cost function

=Y (R = B ([ f})) (covie) ! (B = RV ({ £ )

Ny
+ A Z Z(fm(xlaQ()?A)_f7gf+n)/2(xl7Q0))2

ng,E,Tg =1



nPDFK Optimization

* Minimizing the cost function

= (B - R () (covin); (B — B ()

Ny
+ A Z Z(fm(xlaQ()?A)_f7gf+n)/2(xl7Q0))2

ng,E,Tg =1

o Artificial data replicas — experimental data smeared by Gaussian



nPDFK Optimization

* Minimizing the cost function

= (RSP - BV b)) (covi,);; (B - BV ({fu)))

Ny
+ A Z Z(fm(xlaQ()?A)_f7gf+n)/2(xl7Q0))2

m:g,E,Tg =1

o Artificial data replicas — experimental data smeared by Gaussian

e Theoretical predictions (functions of parameterized PDFs)



nPDFK Optimization

Minimizing the cost function

2 _ Z (ngexp) _ Rgth)({fm})) (covto)i—jl (Rg_exp) _ R§th)({fm}))

Ny
+ A Z Z(fm(xlaQ()?A)_f£f+n)/2(xl7Q0))2

ng,E,Tg =1

Artificial data replicas — experimental data smeared by Gaussian
Theoretical predictions (functions of parameterized PDFs)

Covariance matrix — encodes all statistical and systematic errors

o Naadq
(COVto)gjxp) — (J§Stat) Rz(exp)> 5z’j 4 ( Z USO}:S’&)USZS’&)R,L(-exp)Rg-exp)

a=1

e . o
to pre.sc%‘lptloon. multlpl.y gorrelated . Zl (sysm)_(sys.m) po(th.0) p(th.0)
multiplicative uncertainties by central i
theory values from previous fit iteration



nPDFK Optimization

Minimizing the cost function

= (B - B fnd)) (eovie )yt (B - BV ({fu)))

Ny
+ A Z Z(fm(xlaQ()?A)_f7g”€+n)/2(xl7Q0))2

m:g,E,Tg =1

Artificial data replicas — experimental data smeared by Gaussian

Theoretical predictions (functions of parameterized PDFs)

Covariance matrix — encodes all statistical and systematic errors

Perform many fits to obtain representative MC sample distribution

E[0(@)] =) wpO(ar)
k

Vio@)] = > wk(O (a) — E[0])’
k



nPDFK Optimization

* Minimizing the cost function

Ndat

=Y (R = B ([ f})) (covie) ! (B = RV ({ £ )

1,7=1

Ng
+A Z Z(fm(xlaQ())A)_f?gr%,?+n)/2(xl7Q0))2

ng,Z,Tg =1

* Boundary condition (imposed in the data region)

¢ Free nucleon PDFs must be reproduced at A=1
1
f(ZC?QaA:l): 5 [fp(x7Q2)+fn(xaQ2)} ) f:Z,Tg,g

e NNPDEF3.1 proton PDFs used as baseline

e (entral values and uncertainties reproduced at minimization
level — “simultaneous” fit of proton and nuclear PDFs



NnNNPDF1.0 Results

e Uncertainties computed

3 as 90% CL range
/Q% 2:._.__:::::: _____ . . .
SR ® Only linear combination
=0 , of quark singlet and octet
B A Y A constrained by NC DIS

S=) (fi+f) =D fF
Ts =ut +dm —2s™

ZI?f(ZC, QO)

CL"f(I, QO)




NnNNPDF1.0 Results

e Uncertainties computed
as 90% CL range

® (Only linear combination
of quark singlet and octet
constrained by NC DIS

S=) (fi+f) =D fF
Ts =ut +dm —2s™

e NNPDF3.1 central

values and uncertainties
reproduced




NnNNPDF1.0 Results

e Uncertainties computed

3 oin as 90% CL range
o 2PN T Y PPN
Q) -._._::::: _______ PP AN \
R ® Only linear combination
S— Sso T - ,// .
= 0f g of quark singlet and octet

/ ©5% NNPDF3.1

RN A constrained by NC DIS
3_
— nf - nyf
S 7 = (fi+fi)=)_f"
s 1T z v
i?/ N T8:U+—|—d+—28+
—1F
- e NNPDEF3.1 central
— values and uncertainties
Eﬁ ! reproduced
= o ® [ncreasing uncertainties
oL _ O S —— with A — boundary

condition effect



NnNNPDF1.0 Results

e Distributions normalized
by respective proton
boundary conditions

e EPPS16 and nCTEQIS
show 90% CL ranges
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e Significant differences in
uncertainties
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nNNPDF1.0 Results

Can test other boundary
conditions — e.g.
NNPDF3.0+LHCb PDF
set with smaller
uncertainties at low x

Remarkable impact of
boundary condition
choice — proton PDF
constraints relevant for
low-A nPDF extraction!

—— X\ =0(NoBC)
== NNPDF3.1 BC
&= LHCb BC
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Impact of EIC 1000

* * * * |
. % EIC high '
e Analysis of EIC L e EIC low AR
pseudodata — extended | E;%MS e e e e et
: . ™~ 100 A RO
kinematic coverage = [ e FNAL R LA Y
< O NMC oot o:o 3 A*. ‘: ‘*2‘52,’
U * * * * * * *OOQOQ.*“‘ *‘,I
. , O SLAC vovo}“AAo o
. . * * ® % % & #° 3‘8 & ‘*2*° G,A%
e Two scenarios: low X 10F DR B R
. : DT e DT
energy (5 GeV) vs high L reee e e el ket AT
B o 8 o o ® 5 o
* w - * = - * *’” g* . :.é‘g o *a. ?D/ﬁt
energy (20 GeV) electron g8 et et A
1— 1 1 1 IIIIII 1 IQ? Iel I.I-Il‘..‘ I‘AIAAI II(I/I/l 1 1 1 L1 1 11
beam e = e ST 1
| , X
Scenario A E, Ex/A 2 ax Tmin | Ndat
eRHIC_5x50C 12 | 5GeV 50 GeV | 440 GeV?  0.003 50
®
eRHIC_5x75C 12 | 5GeV 75 GeV | 440 GeV2  0.002 | 57 Pscudodata constructed
eRHIC_5x100C 12 | 5GeV 100 GeV | 780 GeV®  0.001 | 64 with nNNPDF1.0 results
eRHIC_5x50Au 197 | 5GeV 50 GeV | 440 GeV?  0.003 50
eRHIC_5x75Au 197 | 5 GeV 75 GeV | 440 GeV?  0.002 57
eRHIC_5x100Au | 197 | 5 GeV 100 GeV | 780 GeV2  0.001 | 64 , , ,
eRHIC20x50C | 12 | 20 Gev 50 Gev | 780 Gev? 00008 | 75 @ Uncertainty projections
eRHIC_20x75C 12 | 20 GeV 75 GeV | 780 GeV? 0.0005 | 79 f A h
eRHIC_20x100C | 12 | 20 GeV 100 GeV | 780 GeV2Z  0.0003 | 82 rom E.C. Aschenaur et.
eRHIC_20x50Au | 197 | 20 GeV 50 GeV | 780 GeV? 0.0008 | 75 .
eRHIC_20x75Au | 197 | 20 GeV 75 GeV | 780 GeV2 0.0005 | 79 al. [aerv. 1708.0565 4]
eRHIC_20x100Au | 197 | 20 GeV 100 GeV | 780 GeV2 0.0003 | 82



Impact of EIC

= nNNPDF1.0
—— nNNPDF1.0 + EIC (low)
== nNNPDF1.0 + EIC (high)

e Significant reduction of uncertainties for high-A, low-x — particularly
for higher energy option



Towards nNNPDF1.5

e Experimental data: CC
DIS + W/Z production
at LHC

e Theoretical
improvements: new BC,
positivity, valence sum
rules

e (Closure tests
successful! — full
analysis to be
completed soon

CT Level 0 (prior =nCTEQI15)




Summary and Outlook

Machine learning + Monte Carlo methods are important for robust
extractions of nPDFs and their uncertainties

Methodology improvements in nPDF analysis

e Neural network optimized by SGD in TensorFlow

Highlights from first Monte Carlo nPDF fit

e Significant impact of A=1 boundary condition for low-A nucleil

e High energy EIC option constrains PDFs down to x~10-4
Upcoming nNNPDF1.5 analysis (completing very soon!)
e Experimental data: CC DIS + W/Z production

e Theoretical improvements: new BC, positivity, valence sum rules



