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Motivation

The accurate determination of unpolarized parton distributions (PDFs) is
a crucial ingredient of the LHC program

In the recent years a new approach, the NNPDF approach, has been
developed that bypasses all the problems present in the standard approach
to PDF determination: bias due to restrictive input functional forms,
gaussian/linear approximations, lack of rigorous statistical interpretation of
uncertainties ...

While in this talk we will present results (mostly) about unpolarized
NNPDFs, the methodology generalizes straightforwardly to other cases:
fragmentation functions, TMDs, nuclear PDFs,...

For example, see the NNPDF-inspired determination of Generalized Parton
Distributions in K. Kumericki and D. Mueller, arXiv:1008.2762



The NNPDF approach t
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Determination of
the probability density

Monte Carlo errors

Non-gaussian errors and non triv-
ial error propagation.

Avoid bias from a restrictive fixed

functional form.
—

Dynamical Stopping

No looking for absolute minimum

but learning from data.
—

Bayesian reweighting

Include new experimental infor-
mation without refitting

N. B.: The general strategy holds also for

polarized PDFs, fragmentation functions,

nuclear PDFs, ...
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Monte Carlo sample

Generate a Nyep Monte Carlo sets of artificial data, or " pseudo-data” of the
original Nya, data points

FE 06, Q)= FEOW = 1, .., Naata

k = 1,..., Neep
Multi-gaussian distribution centered on each data point:
Nsys

Fig?® = SINEST (140003 + 3 nloy
Jj=1

If two points have correlated systematic uncertainties

PR — k)

PaJ P ¥

Correlations are properly taken into account.

No need of linear, gaussian assumptions (unlike Hessian approach), exact error
propagation
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Monte Carlo Errors

For each replica () of the experimen-
tal data we fit a set of independent
PDFs

Uncertainties, central values, correlations ... of PDFs and functions of them
evaluated using textbook statistical methods.

Rigorous statistics, no need of arbitrary tolerances T = Ax? > 1

Nrep
FIFN = S ARG
TeP p—1

orr = FIFCR) — (FIF)?

2 e (B0, @), @) — (falx1, Q) (fe(x2, Q2))
p[f:a(xl, Ql)’ fb(X27 Q2 )] - Ua(Xl, Ql2)a'b(x27 022)
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Avoid bias from a restrictive fixed
functional form.

Recall: in the standard approach,

restrictive input shape for PDFs
based on theoretical prejudices
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What are neural networks?

Each independent PDF at the initial scale parameterized by an individual NN.

Each neuron receives input from neurons in
preceding layer.

Activation determined by weights and

) Hidden thresholds according to a non linear function:
/ b,
@7 ,/\‘) Input
In a simple case (1-2-1) we have, ...Just a convenient functional form
which provides a redundant and flex-
£3) _ ) 1 5 ible parametrization
2 2
(3) b “12
0. —
14+e PPl o) — M) We want the best fit to be indepen-
dent of any assumption made on the
7 parameters parametrization.




Fit vs HIPDF2000, Q = 4. GeV?
T T T

=
o

XG(x)

©

2 = 4.Gev?)

xg(x Q

10* 10° 10% 10" 1
X

PDFs parametrized with simple functional forms — May result in systematic
underestimation of PDF uncertainties

The use of an universal interpolant like Artificial Neural Networks avoids any theoretical bias
from choice of input PDF functional form
Compare O(300) parms in NNPDF with O(10-25) parms in CTEQ,MSTW, DSSV, ...
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Dynamical Stopping

No looking for absolute minimum
but learning from data.




We need to train to avoid under-learning ...
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. until we arrive to proper learning ....
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.. but be careful to avoid overlearning!
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Bayesian reweighting

Include new experimental infor-
mation without refitting




9 Given the probability distribution of the PDFs represented by Nicp
instances, {PDF;}, i =1, Nycp

@ Given a set of (or simulated pseudo-data)
y={y2, s yn}

@ Given a general functional of the PDFs, O [{PDF}|

The impact of the new data y on the PDFs can be determined using Bayesian
inference without : PDF

Nrep N
1
O =3 7Ol = (O)ey = > wOlfi]
k=1 P k=1

r n/2—1 _—132(y,f,

W= N3y, )7/t B0,

’(v, f) — x* of new data for the prediction of PDF

No need of any I Applications to the JLAB12 program later .
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9 Given the probability distribution of the PDFs represented by N:ep
instances, {PDF;}, i =1, Nyep

@ Given a set of new experimental data (or simulated pseudo-data)
Yy = {ylayZa"' ,}’n}

@ Given a general functional of the PDFs, O [{PDF}]

The impact of the new data y on the PDFs can be determined using
without : PDF

k=1

N
\ 1,
(O)oa = Z N O] — ) ew Z wi O[fi]
rep =
Wy =, \ ( (y '())/7; Ie %\(vf)

(v, i) — x° of new data for the prediction of PDF,
No need of any I Applications to the JLAB12 program later
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9 Given the probability distribution of the PDFs represented by N:ep
instances, {PDF;}, i =1, Nyep

@ Given a set of new experimental data (or simulated pseudo-data)
y = {y17y27"' ,yn}

@ Given a general functional of the PDFs, O [{PDF}]

The impact of the new data y on the PDFs can be determined using
without : PDF

1 N

ZN Olfi] — . Z wi O[fi]
rep

k=1 k=1

r n/2 1320y £)
wie = Ny (O3 (y, £)2 e B0,
’(v, f) — x* of new data for the prediction of PDF
No need of any I Applications to the JLAB12 program later ...
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9 Given the probability distribution of the PDFs represented by N:ep
instances, {PDF;}, i =1, Nyep

@ Given a set of new experimental data (or simulated pseudo-data)
y = {y17y27"' ,yn}

@ Given a general functional of the PDFs, O [{PDF}]

The impact of the new data y on the PDFs can be determined using
without : PDF

1 N

ZN Olfi] — . Z wi O[fi]
rep

k=1 k=1

r n/2 1320y £)
wie = Ny (O3 (y, £)2 e B0,
’(v, f) — x* of new data for the prediction of PDF
No need of any I Applications to the JLAB12 program later ...
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Bayesian reweighting

9 Given the probability distribution of the PDFs represented by N:ep
instances, {PDF;}, i =1, Nyep

@ Given a set of new experimental data (or simulated pseudo-data)
y=A{yi,y2 yn}
@ Given a general functional of the PDFs, O [{PDF}]

The impact of the new data y on the PDFs can be determined using Bayesian
inference without refitting : PDF reweighting

Nrep

old N - new Z Wik O[fk

= Ny (P (y, fi))"/? L™ E0h),

X*(y, fi) — x? of new data for the prediction of PDF},
No need of any refitting! Applications to the JLAB12 program later ...
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Unpolarized NNPDF: Status of the Art

@ NNPDF2.1 includes all relevant datasets from DIS, Drell-Yan, vector-boson
production and inclusive jet production

@ Only red true NLO global fit: consistent use of NLO pQCD (FastKernel,
FastNLO), no K-factor approximations

@ NNPDF2.1 improves on any existing NLO PDF set

NNPDF2.1 dataset
108 L X e
E| x wc
E| © sl [Zcreqss
[| * reraray MSTW2008nl0
El NNPDF20
B NNPDF2.1 (pre)

%)

kx0x0+%0

CoFRZKT
oorzcon

xg (x, Q

=
S
=
=)
=
o,
=
1)
.
Q
-

u]
8]
I
il
it
5
o
Pl
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@ The strange PDF is the less constrained of all light quark PDFs

@ Experimental constraints: neutrino charm production and partly Drell-Yan

@ Much larger uncertainties than u,d PDFs

Absolute PDF uncertainties from modern PDF sets:

0.0¢ 0.1
— NNPDF2.0 F —— NNPDF2.0
- CTEQ6.6 r -sees CTEQG.6
005 s MSTW 2008 008 s MSTW 2008
004} L
> .06/ —
o ¢ L
20.03 3 =
2k Zo0d
0.02 \ R
0.01) 0.02]
L L -
06 0.7 0.8 0.9 0.1 02 0.3 0.4 05 06 0.9

u]
v
a
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Strange PDF s*(x, @?)

@ The strange PDF is the less constrained of all light quark PDFs
@ Experimental constraints: neutrino charm production and partly Drell-Yan
@ Much larger uncertainties than u,d PDFs

Absolute PDF uncertainties from modern PDF sets:

= NNPDF2.0
- CTEQ6.6
““““““ MSTW 2008

= NNPDF2.0
=
““““““ MSTW 2008

xs” (x, Q

o

8
T

Note functional form biases in CTEQ6.6/MSTWO08: no experimental constraints
on xs* for x < 1072
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@ No theoretical constraints on s~ (x, Qg) apart from valence sum rule

@ At least one crossing required by sum rule, but some replicas have two crossings

@ Compare with more restrictive parametrizations

Xmstw = A-x2 (1= %)= (1 = x/x0)

0.03

0.02

< 001
>

[}

]

o

N 0
o

94

X

2 -001

-0.02

-0.03




@ No theoretical constraints on s~ (x, Qg) apart from valence sum rule

@ At least one crossing required by sum rule, but some replicas have two crossings

@ Compare with more restrictive parametrizations

Xmstw = A-x2 (1= %)= (1 = x/x0)

0.03

0.02

xs'(%,Q?=20 GeV?)

-0.01 /\\/
-0.02

-0.03

0.01 0.1
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Impact on NuTeV anomaly

Accurate determination of xs~ — Important phenomenological implications:

NuTeV anomaly: Discrepancy (> 30) between indirect (global fit)and direct (NuTeV
neutrino scattering) determinations of sin® 6y

sin? Oy = 0.2223 + 0.0003 J

0.245

0.24

0.235

0.23

sin%6y,

0.225

0.22

0.215

Determinations of the weak mixing angle sin2€lW

sin? 0y, = 0.2277 + 0.0017 J

NuTeVO01l

NuTeVO1l NuTeV01l
+NNPDF1.2 [S] + NNPDF2.0 [S']

EW fit

sinffy = 0.2263 =+
0.0017¢*P 4 0.0107FPFs

sinffy = 0.22314 +
0.00251

v
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Polarized NNPDF: Status of the Art

@ Unbiased NNPDF analysis crucial for pPDFs, with much less experimental

constraints than in unpolarized
@ Inclusive polarized structure func-

tion data g1(x, Q?) on proton, deuteron and neutron targets from spin asymmetries

gi(x, @) = Ai(x, Q%)

F(x, Q%) 2 2 _ AMXE
2x(1 + R(x, Q%)) (1+27) . o=

QZ

NNPDFpol1.0 dataset
10°F
Er= ewc
C| x smc
[| + ews *
L] + e *¥
E155 *
B COMPASS M X,
L| * werves ¥ x
cLas %
—~ ¥ x +
< +
> t A
3 10— ¥ X # *
e E X X ¥ x L
o E X g
> F ¥ % * P
L %
x ok Ay X
L s
* * 0+ *
L % o+ *
o
x %
* +
Ltk
» *
*
« ) oK ¥ %
*
o
| ol L

Theoretical constraints:

Sum rules

2 1 2
[aT3(@d)] ;/0 dx AT3(x, Q) = a3 ,

[ATS(QS)] = /01 dx ATg(x, Q8) = ag ,

Positivity of polarized PDFs — Constraints on polarized
SFs: |g1(x, Qz)\ < Fi(x, Q2) for all targets

o Flp, F{j, F{ computed consistently from NNPDF1.0
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@ The polarized gluon Ag(x) is essentially unconstrained from inclusive
polarized DIS only

9 Polarized strangeness (in ATg) poorly constrained, info from ag sum rule
in inclusive DIS fit, large uncertainties

@ More work required for quantitative phenomenology
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The JLAB12 upgrade offers a rich program on the polarized and
unpolarized proton structure at large-x

Relevant both for our understanding of QCD but also for their implications
to

Bayesian reweighting specially suitable to study impact of projected data
onto PDFs without refitting

Unbiased PDFs are crucial to faithfully assess impact of new data in
extrapolation regions (non functional bias)

Here we will discuss only two applications:

from
F3/F} data and using kaon-tagged SIDIS
N. B.: Not an expert in JLAB physics — excuse inaccuracies ...
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The JLAB12 upgrade offers a rich program on the polarized and
unpolarized proton structure at large-x

Relevant both for our understanding of QCD but also for their implications
to precision LHC physics

Bayesian reweighting specially suitable to study impact of projected data
onto PDFs without refitting

Unbiased PDFs are crucial to faithfully assess impact of new data in
extrapolation regions (non functional bias)

Here we will discuss only two applications:

from
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@ The JLAB12 upgrade offers a rich program on the polarized and
unpolarized proton structure at large-x

@ Relevant both for our understanding of QCD but also for their implications
to precision LHC physics

@ Bayesian reweighting specially suitable to study impact of projected data
onto PDFs without refitting

N. B.: Not an expert in JLAB physics — excuse inaccuracies ...
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NNPDF and the JLAB12 program

@ The JLAB12 upgrade offers a rich program on the polarized and
unpolarized proton structure at large-x

@ Relevant both for our understanding of QCD but also for their implications
to precision LHC physics

@ Bayesian reweighting specially suitable to study impact of projected data
onto PDFs without refitting

9 Unbiased PDFs are crucial to faithfully assess impact of new data in
extrapolation regions (non functional bias)

N. B.: Not an expert in JLAB physics — excuse inaccuracies ...
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NNPDF and the JLAB12 program

@ The JLAB12 upgrade offers a rich program on the polarized and
unpolarized proton structure at large-x

@ Relevant both for our understanding of QCD but also for their implications
to precision LHC physics

@ Bayesian reweighting specially suitable to study impact of projected data
onto PDFs without refitting

@ Unbiased PDFs are crucial to faithfully assess impact of new data in
extrapolation regions (non functional bias)

@ Here we will discuss only two applications: constraining the d/u ratio from
F3/F} data and constraining strangeness using kaon-tagged SIDIS

N. B.: Not an expert in JLAB physics — excuse inaccuracies ...
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The d/u ratio at large-x

@ Large-x PDFs affected by large uncertainties from lack of experimental

constraints

@ The d/u ratio on top might suffer from deuterium nuclear uncertainties

@ Both problems solved by an accurate measurement of FJ' at large-x

@ Relevant for non-perturbative QCD, but also for LHC physics

D(e,e'ps)x atE=11GeV =l
Eoa
Fos
v Naive SU(E) Quark Model —~
. du=1r2 For ~
= T o
oy 3 i Fos X
y s =
T, ¥ fos & >
1 Q=4 LI L =
Y 1 /'—uA e
I c2=s-15 5 pacD
du=15 Fog3
SLAC
* (Fermi cor) >
1-gluon exchange "3 oz
v F&S du=0
Fo.1
)
A A A LA AR A AL SR A RRARA KA
0 01 02 03 04 05 06 07 08 09

X
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NNPDF2.0r ——
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The d/u ratio at large-x

d/u(x Q%)

o

¢

Assess impact of pseudo-data from BONUS12 F;'/F} measurements using
PDF reweighting (data from E. Bueltmann)
Tsyst = 2% assumed, W > 2 GeV, £ =2-10%*cm 257!

BONUS F;'/FY — Huge reduction of PDF uncertainties in d/u ratio!
Implications for LHC physics to be explored

0.8 T T T T T T v T i 2 _ 2
N NNPDF2.0; — Q*=2GeV
07 NNPDF2.0 + 'BONUS12 F2n/F2p! ——= ——
- v ! 10 NNPDF2.0 ——
S NNPDF2.0 + 'BONUS12 F2n/F2p’ ——
0.6 2
£
05 i~
= 1
0.4 g
@
8
0.3 g
H ]
0.2 £
o
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Unpolarized strangeness via SIDIS

@ HERMES has published measurements of kaon production in SIDIS

(PLB 666(2008)446)

9 At LO, knowledge of fragmentation functions leads to strangeness

determination

@ As a playground for JLAB12, assume HERMES kinematics and
uncertainties for the SIDIS strangeness measurements

_. CTEQ6L

= ———— — F‘it
04 -
—. x(u(x)+d(x))

xs (% Q%)

-0.02

Q?=25GeV?

0.14
0.12

0.1
0.08
0.06
0.04
0.02

NNPDF2.0 —— -
Accuracy HERMES data (stat+sys) ——+—
Accuracy HERMES data (stat) —— -

0.02
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Unpolarized strangeness via SIDIS

¢

¢

xs(x Q%)

Include “xs” pseudo-data in NNPDF2.0 via reweighting

Crude approximations (missing NLO corrections, assumes DK, DSK)
analysis should be improved for realistic estimates

Potential for sizable reductions of unpolarized strangeness from fixed
target SIDIS data. Impact on LHC physics? Non-perturbative nucleon
models? Polarized strangeness?

Redo with JLAB12 realistic pseudo-data

Q?=25GeV? Q?=25GeV?
T 1 T T
0.14 NNPDF2.0 —— NNPDF2.0 ——
NNPDF2.0 + 'HERMES Xs' NNPDF2.0 + 'HERMES Xs'
0.12 NNPDF2.0 + 'HERMES xs (stat) —— 2 o8 NNPDF2.0 + HERMES xs (staty —— |
01 <
0.08 5 06 1
0.06 8
5 o4
0.04 B
g
0.02 3 oo |
0
-0.02 0
0.02 01 05 0.02 0.1
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Conclusions

@ The NNPDF approach provides an unbiased, statistically rigorous
methodology to determine PDFs from global analysis

9 Unpolarized NNPDFs fully competitive, essential ingredient of LHC
physics (PDF4LHC recommendation)

@ Ongoing work on polarized NNPDFs. NNPDF fragmentation functions,
nuclear PDFs, Generealized PDFs, ... — medium-long term projects

@ Bayesian reweighting allows to determine impact of new data on PDFs
without refitting

9 JLABI12 program — Potential to substantially improve our knowledge of
unpolarized and polarized proton structure
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@ JLABI12 program — Potential to improve substantially our knowledge of

unpolarized and polarized proton structure

This potential can be quantified using PDF reweighting

(Both for unpolarized and polarized PDFs)

Relative uncertainty in xs

0.8

0.6

0.4

0.2

Q?=25GeV?

NNPDF2.0 ——

NNPDF2.0 + 'HERMES xs'
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0.02

Relative uncertainty in d/u

10

Q%=2GeV?
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@ JLABI12 program — Potential to improve substantially our knowledge of
unpolarized and polarized proton structure
This potential can be quantified using PDF reweighting

Relative uncertainty in xs

Q%=25GeV? Q%=2GeV?

NNPDF2.0 —— 0 NNPDF2.0' ———

NNPDF2.0 + 'HERMES x§' —— NNPDF2.0 + 'BONUS12 F2n/F2p ——
08 NNPDF2.0 + 'HERMES xs (stat) —— 2
c
2
0.6 £
g
Q
2
0.4 5
2
=
0.2 5

0
0.02 0.1 0 01 02 03 04 05 06 0.7 08 09
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Thanks for your attention!
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@ Easy to determine arbitrary confidence levels on PDFs and physical observables
@ CLs can be very different from gaussian 1-sigma errors

xg (x, Q%)

— NNPDF2.0 - 68% CL
— NNPDF2.0 - 1-¢
~—— Individual Replicas

102

107
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xg (x, QF)

— NNPDF2.0 - 68% CL
— NNPDF2.0 - 1-0
Individual Replicas

10? 10?
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Monte Carlo vs. Hessian PDF uncertainties
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Fit vs HLPDF2000, Q° = 4. GeV?

10

10°

10~

HERA-LHC 2009 PDF
benchmarks

@ H1PDF2000 fit done with
Hessian method and with
Monte Carlo method

@ The standard deviation of
the 100 PDF replicas - MC
method - in perfect
agreement with Hessian
errors with Ax?> =1

@ The Monte Carlo method to
estimate PDF uncertainties
reproduces Hessian result
when global \? is quadratic
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Genetic Algorithm

9 Set neural network parameters randomly.
@ Make clones of the parameter vector and mutate them.
9 Evaluate the for each clone:

Error function

Ndat 1
2(k art)(k net)(k —(k art)(k net)(k
EO] = 3 (Fer0 _ pluen ))<(COV( ) )__(F,-( W pluen))
i ij
cov(®) defined from an experimental covariance matrix which to include normal-
ization errors with the t; method (arXiv:0912.2276)

Nsys
Covfjfo) _ UI_Stat,2 ,:f(cxp)2 + Z O?ys,kajys,k,:i(cxp),:j(cxp) + U,NU,N F,-(O)Fj(o),
k

9 Select the best ones and iterate the procedure until a stability is reached.
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Dynamical Stopping Criterion

* Genetic Algorithms are monotonically decreasing by construction.
* The best fit is not given by the absolute minimum.

* The best fit is given by an optimal training beyond which the figure of
merit improves only because we are fitting statistical noise of the data.

Cross-validation method

* Divide data in two sets: training el e pIo003
and validation. i h
* Random division for each replica *5 l —Ey
(f. = f, = 0.5). T e
* Minimization is performed only on a8
the training set. The validation x2 £ o)
for the set is computzed. 3.5 “\’\MWA .
* When the training x* still decreases F e
] ] 3 2 m
while the validation x“ stops S R S R S
deCreaSlng — ) #iterations
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Dynamical Stopping Criterion

* Genetic Algorithms are monotonically decreasing by construction.
* The best fit is not given by the absolute minimum.

* The best fit is given by an optimal training beyond which the figure of
merit improves only because we are fitting statistical noise of the data.

Cross-validation method

* Divide data in two sets: training
. . 3.3
and validation. S
* Random division for each replica a2sf e
(f =f, =0.5). 3245
o o0 o o o 3.22¢ _E
* Minimization is performed only on 32k E:,r
the training set. The validation 2 a8} LAl
for the set is computed. 316
.. o 3.4
* When the training x” still decreases 1ok
. . . 2 E
while the validation x~ stops sl i R R e
decreasmg — . # iterations

53 /59



CKM global fit

NNPDFL.2, Ny, = 500, |V4|=0.2256 Ves = 0.9733440.00023, AV,s ~ 0.02%

‘ ‘ NuTeV Dimuon W ‘ ‘
62 1 Parabolic fit (5 points) — — = }#
6 Parabolic fit (3 points) - - - / Direct determination-D and B decays
L S
7
. !.\ /] Ves = 1.04+0.06,  AVes ~ 6%
o X\ /
56 s 7 J
N y
s5a | ‘\\\\. e i Direct det from v—DIS (CCFR)
~}~\ /l
Se==-u
52 | ‘ ‘ ‘ ‘ ‘ r Ves > 074 (90%CL)
08 085 09 095 1 105 11
Vsl

[PDG, Amsler et al, Phys. Lett. B67(2008) 1.]
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Direct det from v—DIS (CCFR)

NNPDFL.2, Nygp = 500, [V4|=0.2256 Ves > 0.74  (90%CL)
62 | ‘ ‘ NuTeV Dimuon B ‘ |
Parabolic fit (5 points) — — =
o0 Parabolic fit (3 points) - - - / Direct determination-D and B decays
I S

7

AVes ~ 6%

Ves = 1.04 = 0.06,

>< \ ,/
56 s ,
\s\ /‘
54 | AN /s | Direct det NNPDF1.2
~ e
~}~\\ /a

52 | Te=—a 1 _ o

. . . . . . . Ves = 0.96 +0.07, AVeq ~ 7%

0.8 0.85 0.9 0.95 1 1.05 11

Vsl

[PDG, Amsler et al, Phys. Lett. B67(2008) 1.]
9 |Ves| determination from neutrino DIS affected by s (x) uncertainties

9 Unbiased parametrizations for PDFs allow to discriminate variations in s (x)

from variations in CKM matrix elements o S

>» «E» = DA™



NNPDF releases available based on reduced datasets

[ [ Global | DIS | DIS+DY | DIStJET
[ NNPDF | Y [ Y [ Y ] Y ]
cT Y N N N
MSTW Y N N N
ABKM N N v N
HERAPDF N Y N N

Only differ in data set, all other settings identical

Available in LHAPDF: NNPDF20_dis_100.LHgrid, NNPDF20_dis+dy-100.LHgrid, ...
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NNPDF2.0
FastKernel
@ NLO computation of hadronic observables NNPDF2.0 includes full NLO
too slow for parton global fits. calculation of hadronic observables.
@ MSTWO08 and CTEQ include Drell-Yan Use available fastNLO interface for jet

NLO as (local) K-factors rescaling the LO
cross section

inclusive cross-sections.

Built up our own FastKernel
computation of DY observables.

FastKernel METHOD

@ Both PDFs evolution and double
convolution sped up

. . .
et e @ Use high-orders polynomial interpolation
10 e M +oeos ] .
@ Precompute all Green Functions
Py
o v
0.00001 1 1 1 1 1 Zp0
o o5 T is 2 25
N
1 1 X 1 1
b 9 b
/ dxl/ i fa(x1)fp(2) € (xg, 30) = S fa(xlya)fb(xzyﬁ)/ dxl/ oo T8 B (1, %) (x115 x2)
x0,1 x0,2 a.B=1 x0,1 x0,2
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Input PDF basis

Polarized PDFs are parametrized at Q2 = 1 GeV? in the basis:
@ Singlet AX(x) = >, (Aqi(x) + Agi(x)),
o Triplet ATs(x) = (Au(x) + Al(x)) — (Ad(x) + Ad(x)),
@ Octet

ATs(x) = (Au(x) + At(x)) + (Ad(x) + Ad(x)) — 2(As(x) + A5(x)),

@ Gluon Ag(x).

PDFs are parametrized with Artificial Neural Networks

AY(x, Q) = (1-x)™*x""*NNag(x) ,
ATs(x, Q ) = Aars(1—x)"Tx "2 T3NNa7y(x) ,
ATg(x, QO) = Aaty(1—x)"Tex""2TeNNaT1,(x) ,

Ag(x, Q) = (1—x)™ex "% NNa,(x) .

Preprocessing makes learning more efficient
AaTy, AaT, determined from sum rules
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Fitting Strategy

NNPDF strategy is very different from the standard approach
(CTEQ/MSTW... polarized, DSSV/LSS/... polarized)

Instead of a set of basis functions with a small number of parameters —
unbiased basis of functions parameterized by a very large and redundant set of

parameters

O(10-20) parm (pol)
O(20-30) parm (unpol)

Not trivial because ...

A redundant parametrization might
adapt not only to physical behavior but
also to random statistical fluctuations of
data.

Ingredients of fitting procedure

Q Flexible and redundant
parametrization

Q Genetic Algorithm minimization

© Dynamical stopping criterion
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