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Introduction

Parton Distribution Functions

@ Factorization Theorem (Q% > Ajcp):

doy

@ DGLAP equations:

d (q) _ as (P
dt \g) 27 \Pg

. dGap
X = azb:/ dxidxafa(x1, pr ) fo(x2, pr)®@ X

Pqg
Peg

()

PDFs and their associated uncertainties will

play a crucial role in the full exploitation of
the LHC physics potential.
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Introduction

Parton Distribution Functions

W and Z total cross sections at the LHC

W* and W total cross sections at the LHC
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James Stirling ArXiv:0812.2341

@ For some standard candle processes at LHC the uncertainty on PDFs is the

dominant one.

8 (2% at LHC: doppc ~ 2-3%, d0pert ~ 1%
) O’(W+’7) at LHC: doppa ~ 3-4%
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@ Given a set of data points we must determine a set of functions with errors.

@ We need an error band in the space of functions, i.e. a probability density 7[f(x)] in
the space of PDFs, f(x). For an observable F depending on PDFs :

(FIFD = / [DF] FIf C)IPIF(x)]
Standard approach
@ Choose a specific functional form: the cc-dimensional space of function reduces to a
finite-dimensional space of parameters.

qi(x, @) = Ax"(1 = x)5(1+...)

© Determine best-fit values of parameters which define the functions.

@ Errors determined via gaussian linear error propagation and large tolerance

AP >1
o ) ]
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Introduction

Issues in standard PDF determinations

PDF4LHC meetings

@ The error associated to the choice of is difficult to assess. How can we

know that it is flexible enough and does not introduce a theoretical bias?

Q Non trivial propagation of errors when in presence of and
data.
Q Large T = \/Ax? means that error on experimental measurements and on

PDFs themselves is blown up by a factor

S = /Bx2/21.

ScTeEqQ ~ 6; SMsTw ~ 4.5: is that factor mandatory?

@ Both parametrization and statistical treatment (Ax?) need to be tuned to exp. data
No predictivity in extrapolation region and for future experiments.

@ Benchmark partons do not agree with global partons . incompatible

experiments, not enough flexibility in the parametrization or both?
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Monte Carlo representation of
the probability measure in the
space of functions

@ Structure functions [hep-ph/0501067]

@ Non-singlet PDF ¢~ = u+4 d — (i + d) [hep-ph/0701127]
@ DIS global analysis: NNPDF1.0 [arXiv:0808.1231]

@ Determination of the strange content: NNPDF1.2 [arXiv:0906.1958]
@ Global (DIS+DY+JET) analysis: NNPDF2.0 [arXiv:1002.4407]

All sets are available in the LHAPDF interface

(=] = = =

z 9ac
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Motivation
What's nice about NNPDF #1

@ Importance sampling: find PDF ensemble {f;} such that

1 N
(OIf]) ~ 5 2_ Olfi]

n=1
@ OI[f] can be xsec, variance, correlation...

@ Generate ensemble in the space of data: N pseudo—data reproduce the probability distribution of the
original experimental data; uncertainty scales as the size of the sample.

Monte Carlo behaves in a statistically consistent way

NNPDF1.2 - Central values NNPDF1.2 - Errors
100 100 T T T T
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Motivation

What's nice about NNPDF #2

[Zcteqss
MRST2001E

ESJAleknino2
NNPDF1.0

Results are statistically independent of the
choice of the parametrization

J

10° 107 10"
x

10° 10*
Gluon PDF.
4
3|
2
&
2
2
0
-1
10 10"

Maria Ubiali (University of Edinburgh & Université Ca'

First global NNPDF analysis

Data Extrapolation
T (x, @3) 5107 < x<0.1 10 °<x<10 %
@) 0.62 088
(d[o]) 0.87 0.95
E g(x; QF) 5107 < x<0.1 10 °<x<10 %
@) 107 087
(d[o]) 0.86 078
T3(x, Q) 0.05 < x < 0.75 10-3 < x < 102
GG 100 i1
(d[o]) 124 161
V(x, @) 01<x<06 31003 <x<310 2
(d[f]) 130 0.90
(d[o]) 0.90 078
As(x, @) 01<x<06 31003 <x<310 2
iGN 084 T02
(d[o]) 1.02 112
37 pars —
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Motivation
What's nice about NNPDF #2

MRST2001E

[ choice of the parametrization

NNPDF1.0
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Motivation
What's nice about NNPDF #3

PDFs are even stable upon the addition of independent
PDFs parametrizations J

@ NNPDF1.0: flavor assumptions, symmetric strange sea proportional to non strange
sea according to Cs ~ 0.5 suggested by neutrino DIS data.

(=50 50 = Z(@6) + A00)

@ NNPDF1.1: independent parametrization of the strange content of the nucleon.
Total strangeness : s*(x) = (s(x) +5(x))/2 > NN(54)(x) 2-5-3-1 37 pars

Strangeness valence : s~ (x) = (s(x) — 5(x))/2— NN(_)(x) 2-5-3-1 37 pars

@ Added two unconstrained PDFs.

— parameters J

@ Only strange (and X) affected. Gluon and statistical features remain unchanged.

Maria Ubiali (University of Edinburgh & Université Ca' First global NNPDF analysis University of Manchester 12 /75



J

PDFs behave as expected upon the addition of new data

HERA-LHC benchmark: DIS data
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HERA-LHC benchmark: DIS data

PDFs behave as expected upon the addition of new data J

1.2
: NNPDF1.0
1: [//7) NNPDF1.0 [bench*]
1 MRST2001E
osll XY MRsT bench
e [
S L
X 06—
z L
S L
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X

Comparison between collaborations and between benchmark/global partons.
u(x, @ = 2GeV?): Data region
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PDFs behave as expected upon the addition of new data
HERA-LHC benchmark: DIS data

J
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Comparison between collaborations and between benchmark/global partons.
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precision studies at the same time

Control on PDFs uncertainties: NuteV anomaly solved AN DJ

@ Define second momentum of PDFs f: [F] = fol dx x f(x, Q?).

@ Discrepancy > 30 between indirect and direct determination from NuTeV measurement

assuming [S™] = 0 and isospin symmetry.

sin? Oy = 0.2223 + 0.0002 J

o
Sssin? Oy ~ —0.240%

s sin Oy = —0.0005+0.0006" "+ sys

sin? 0y, = 0.2276 + 0.0014 J

Determinations of the weak mixing angle sin6,,,

NuTeVOl  NuTeVOl  Global EW fit
+NNPDFL2[S]

sin%0y,

ST = = z ©ac
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Motivation
What's nice about NNPDF #5

Control on PDFs uncertainties: NuteV anomaly solved AND
precision studies at the same time J

NNPDF1.2, Ny, = 500, [V4l=0.2256
62 Parabolie 1 (3 poing) — = - 4

PG / Ves = 0.97334 4 0.00023, AV, ~ 0.02%

Vesl : Ves = 1.0440.06, AVi ~ 6% D/B decays
Ves > 059 DIS fit

NNPDF1.2, Nrgp, = 500, [V|=0.97334
0 i\ Farable i G baimg) ~ NNPDF1.2 analysis
58 i

" Ves = 0.97 +0.07, AVes ~ 6%

021 022 023 024 025 026 027 028
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NNPDF approach

General scheme

‘ Experimental Data

. < -

‘ MC generation ’{

TRAINING

[ [
EVOLUTION

NN parametrization

{

=] F = = £ DA
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data points

Generate a Nrep Monte Carlo sets of artificial data, or " pseudo-data” of the original Ngat,

FEW (e, @)= Fa® i = 1,.., Naata
k = 1,.., Neep
Multi-gaussian distribution centered on each data point
Nsys
Fi(;rt)(k) S(k) Fee (14 r(k) S ,(’Z) z?;s
j=1
If two points have correlated systematic uncertainties
9 =
Tp.j P
Correlations are properly taken into account.
o <5
Maria Ubiali (University of Edinburgh & Université Ca First global NNPDF analysis
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Nrep

FICD = 5=

O FIf(x)] \/ FIFPR) — (FIF(D?

xg(x.Qp)
x9(x,Q0)

-2
1e-05 0.0001 0.001 0.01 01 1

Even though individual replicas may fluctuate significantly, average quantities such as
central values and error bands are smooth inasmuch as stability is reached due to the

dimension of the ensemble increasing.

= [ = = oMY
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NNPDF approach

Ingredient §2: Neural Network as unbiased parametrization

Each independent PDF at the initial scale Q3 = 2GeV? is parameterized by an individual
NN.

Each neuron receives input from neurons in
preceding layer.

-
4 i"> Output

b Activation determined by weights and
Hidden thresholds according to a non linear function:
, e
@ @ o
In a simple case (1-2-1) we have, ...Just a convenient functional form
which provides a redundant and flex-
B = 1 ible parametrization.
1 e RE) _
0 - — o o e o - -
1+e 149 T8 W 1P T8 e We want the best fit to be indepen-

dent of any assumption made on the

7 parameters parametrization.

Maria Ubiali (University of Edinburgh & Université Ca' First global NNPDF analysis University of Manchester 22 /75



Basis set: Q3 = 2 GeV?

Singlet : X(x) — NNz (x)
Gluon : g(x) — NNg(x)
Total valence : V(x) = uv(x) + dv(x) — NNy(x)
Non-singlet triplet : T3(x) — NN73(x)
Sea asymmetry : As(x) = d(x) — b(x) — NNa(x)

2-5-3-1 37 pars
2-5-3-1 37 pars
2-5-3-1 37 pars
2-5-3-1 37 pars
2-5-3-1 37 pars

Total strangeness : s*(x) = (s(x) +3(x))/2  +> NN(4)(x) 2-5-3-1 37 pars
Strangeness valence : s~ (x) = (s(x) — 5(x))/2 — NN(_)(x) 2-5-3-1 37 pars

259 parameters
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NNPDF approach

Ingredient #3: Training and dynamical stopping

Our fitting strategy is very different from that used by other collaborations: instead of a
set of basis functions with a small number of parameters, we have an unbiased basis of
functions parameterized by a very large and redundant set of parameters.

O(20) parm J 0(200) parm J

T — Ingredients of fitting procedure

A redundant parametrization might O Flexible and redundant

adapt not only to physical behavior but R R

also to random statistical fluctuations of Q Genetic Algorithm minimization
data.

© Dynamical stopping criterion

=] F = £ DA
Maria Ubiali (University of Edif gh & Uni: ité Ca First global NNPDF analysis University of Manchester 24 /75




NNPDF approach

Ingredient §3: Dynamical stopping

* GA is 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
and validation. . Il *Elvr
- - Sval
* Random division for each replica —Buage
N
(f =1, =0.5).
* Minimisation is performed only on 29
the training set. The validation x2 ,
for the set is computed. e ————
* When the training x? still decreases =
. . . 2 C
while the validation x“ stops 5-5006' T6003 15003 25000 5508 56000 54003 46085 4506 55000

GA generations

decreasing —
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@ DIS data are insufficient to determine accurately PDFs.
@ Flavor decomposition of quark—antiquark sea and large—x gluon distribution.

do? /dM? dxg _
R = 2 L= 1+d/a
doP JdMZdxe (1+d/a)
AV dol, /dy — doy, /dy ud — do

= X =
do,/dy — do, /dy ud + du

0.1y
[ZAcTEQES HActeqss
10 MRST2001E MRST2001E
E 9 Alekhino2 0.08 ESJ Alekhinoz
E 8 weprL0 B nveDFLO
1
e F
£ N
=101 \\
E \\
L \
10° E \§
£ N
10° 0.1 0.2 0.3 0.4 05 0.6 0.7 0.8 0.9 0 0.1 0.2 03 04 05 0.6 0.7 08 0.9
x B
@ NNPDF2.0 includes most of the available hadronic data.
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New features

Summary

Q@ Included fixed target Drell-Yan, Tevatron jets and weak bosons data.

Q Improvements in training/stopping

o Target Weighted Training

@ Improved stopping

© Improved treatment of normalization errors (t, method)
o For details see [arXiv:0912.2276]

Q Fast DGLAP evolution based on higher-order interpolating polynomials

Fast computation of Drell-Yan observables based on higher-order interpolating
polynomials. Full NLO computation.

Q Enforced positivity constraints

Maria Ubiali (University of Edinburgh & Université Ca' First global NNPDF analysis University of Manchester 28 /75



New features
Data sets

NNPDF2.0 dataset

6 Lx NMC-pd
10 E| *x nmc
E| + stac
F| + Bcoms
5L HERAI-AV
10 E CHORUS
E| e FLH08
o | ® NTVDMN
S . 4L x zeushz
© 10°E] * Dvesos
o F| © Dvesss
— [| * coFwasy
~+
CDFZRAP
=%
108 DOZRAP
o E| * CcOFRkT
= F DOR2CON
T 2
C10°E
E o .
= 2
|- o ..
10E .
F “ X
1 R TR L
-5 -4 -3 -2 -1
10 10 10 10 10 1

X

3477 data points
For comparison MSTWO08 includes 2699 data points

Maria Ubiali (University of Edinburgh & Université Ca' First global NNPDF analysis

OBS Data sets
4 NMC,SLAC,BDCMS
s SLAC,BCDMS
GG NMC-pd
NG HERA-I AV, ZEUS-H2
o HERA-1 AV, ZEUS-H2
Fl HI
50,0 CHORUS
dimuon prod. NuTeV
doDY /a2 dy E605
doPY /dMPdxg E886
W asymmetry CDF
Z rap. distr. CDF,DO
incl. ot DO(cone) Run Il
incl. o(°t) CDF(k7) Run II

@ Kinematical cuts on DIS data

Q% >2 GeV?
W2 = Q*(1 — x)/x >12.5 GeV?

@ No cuts on hadronic data

University of Manchester




New Features

FastKernel

@ The NLO computation of hadronic observables too slow for parton global fits.

@ Often higher order corrections are included as (local) K factors rescaling the LO
cross section

@ K-factor depends on PDFs and it is not always a good approximation.

NNPDF2.0 includes full NLO calculation of hadronic observables.
Use available fastNLO interface for jet inclusive cross-sections.

Built up our own FastKernel computation of DY observables.

@ Both PDFs evolution and double convolution are sped up by:

@ Use of high-orders polynomial interpolation
@ Pre—computing all Green Functions

N,
1 1 ab - 1 1 (a,B) ab
dxy dx fa(x))f () C™7 (x1, x0) = D falxt,a)fb(x2,8) dxy dxy T (x1, %) C77(x1, x2)
X0,1 0,2 Bl x0,1 x0,2
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New Features
FastKernel

@ New strategy to solve DGLAP
evolution equation

@ Implementation benchmarked against
the Les Houches tables

@ Gain in speed by a factor 30 (for a fit
to 3000 datapoints)

0.1

0.00001

Maria Ubiali (University of Edinburgh & Université Ca'

FastKernel METHOD

. bezats .
P P R L
W FR g g XX pex
EEE0E LI i
JEREELe B
A WX ook XX
. rox Xy xx
+ MR x X
R SR .
+‘.** AR L x
L + . x M *
* * E886p
- O Wasy
1 1 1 1 1 2pp
0 0.5 1 15 2 25
y

A truly NLO analysis

First global NNPDF analysis

[ xGopts) [ erarluv) | erel (X) [ erel (8) ]
1107 21-10% [ 27-10°° | 47-10°°
1.107° 89-107° | 3.0.107° | 2.1.1072
1-107° 9.3.107° | 2.3.107° | 2.0.1072
1.1074 45.107° | 44.107% | 42.1072
1.1073 3.0-107°% | 4.0.1075 | 35.1072
1.1072 7.9-107° | 45.107° | 5.8.107>
11071 1.7-10% | 1.6-107% | 3.9.107°
3.107 1 91-107% | 1.1.107% | 1.9.1077
5.1071 24-107°% | 22.107% | 2.2.107°
7.1071 9.1-107° | 7.8-1072 1.2-1074
9.10! 1.0.1073 | 8.0-107% | 2.8.1073

@ Drell-Yan fast computation exploits
linear interpolation

@ Accuracy below 1% for all points
included in the fit

@ Increasing number of points in the grid
one can improve accuracy;

University of Manchester 31/75



New Features

Positivity constraints

@ We want the fitting procedure to explore only the subspace of acceptable physical
solutions.

@ We want

e F; positive.
@ Dimuon cross—section positive.
@ Momentum and valence sum rules.

@ Modify the training function witha ddition of a Lagrangian multiplier:

N,

dat,pos

EW 5 B0 xpoy 3 @ (Fm0) plreti®

I1=1

@ Ndas,pos : Number of pseudodata points used to implement positivity constraints.
@ Mpos @ associated Lagrangian multiplier (10'°)

Maria Ubiali (University of Edinburgh & Université Ca' First global NNPDF analysis University of Manchester 32/75



Results
Statistical features: global x?

E, distribution for MC replicas x*" distribution for MC replicas

° o ° °
N w S @
R R R

°

Distribution of training lenghts

b oot 1.21

(E) £ o 2.32 £0.10
e (Eval) £ OE, a1 2.29+ 0.11
0z (Eval) £ 0k, 2.35+ 0.12
015; <TL> + OTL 16175 + 6275
o [CEET 1.29+ 0.09
ons; <0-((exp))>dat(%) 114

L net 0,

3 50‘00 10000 15000 20000 25(‘)00 30000 <0— >da‘t( A)) 60

Training lenght [GA generations]
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Results

Statistical features: individual experiments

[ Distribution of x?for sets

18
1.6

14
12

0.8
0.6
0.4

=
RARRREANE LANRARERA

0.2

Yy
S

I

d © R P R S R S ¢
s*@ ‘““\630 V ‘{? 0&\, 0 Qei EF QZQ 6:) 25 0\‘ 0\‘ o
QV & Qg? A € <“

i
P EEFES

@ NuTeV does not provide covariance matrix

@ HERAL: larger x? for more precise NC data. Same pattern as HERA analysis.
@ Poor compatibility of W-asymmetry data.

@ Z rapidity distribution: same x? if fitted off-line. No much info added.
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( Data - Theory ) / Error

F (x, Q%15 GeV?)
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I NNPDF20
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B NNPDF2.0
[ CTEQ6 S
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%)

xg (x, Q

@

s

= NNPDF2.0

3
2|
1
10° 10* 10° L 107 10*
4
E ~—— NNPDF2.0
.5 - CTEQ6.6
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= NNPDF2.0

@ Reduction of uncertainties with respect
to older NNPDF sets (consistency).

@ Uncertainties competitive with results
from other groups.

@ Smaller for some PDFs, larger when
parametrization is too rigid.
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PDF Luminosities at the LHC - NNPDF2.0
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@ A quantitative assessment is possible

< ({a)q) — (qj>(2)):>
oilal + o3la]l /,

part

@ Comparisons performed in NNPDF2.0 analysis

Q@ Start from NNPDF1.2

Q NNPDF1.2 vs. NNPDF1.2 + minimization/training improvements

Q Improved NNPDF1.2 vs. Improved NNPDF1.2 + to-method

Q Fit to DIS dataset with H1/ZEUS data vs. Fit with HERA-I combined
@ Fit to DIS dataset vs. Fit to DIS+JET

Q Fit to DIS+JET vs. NNPDF2.0 final

o 5 = = =

University of Manchester
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Impact of modifications
HERA-I combined dataset

| Fit [ NNPDFL.2 | NNPDFL2+IGA | NNPDFL2+IGATf | 2.0 DIS | 2.0 DISTJET | NNPDF2.0 |
ot 132 116 112 1.20 118 121
(E) 2.79 241 2.24 231 228 2.32
(Etr) 2.75 2.39 2.20 2.28 2.24 2.29
(Eyal) 2.80 2.46 227 234 232 2.35
(x2F)y 1.60 1.28 121 1.29 1.27 1.29
NMC-pd 148 0.97 0.87 0.85 0.86 0.99
NMC 1.68 172 1.65 1.60 1.66 1.60
SLAC 120 142 133 137 131 134
BCDMS 150 133 125 1.6 127 107
HERAI 1.05 0.98 0.96 113 113 114
CHORUS 139 113 112 113 111 118
FLH108 170 153 153 151 149 1.49
NTVDMN 0.64 081 0.71 0.71 0.75 0.67
ZEUS-H2 152 151 1.49 150 1.49 151
DYE605 11.19 22.89 521 7.32 10.35 0.8
DYES66 53.20 4381 2.46 2.24 259 108
CDFWASY 26.76 28.02 20.32 13.06 14.13 1.8
CDFZRAP 165 461 313 312 331 2.02
DOZRAP 0.56 0.50 0.65 0.65 0.68 0.47
CDFR2KT 1.10 0.95 0.78 0.91 0.79 0.80
DOR2CON 118 1.07 0.94 7.00 0.93 0.93

Maria Ubiali (University of Edinburgh & Université Ca'

First global NNPDF analysis
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Impact of modifications
HERA-I combined dataset

@ HERA-I combined more 5
precise:cross-calibration
x2=112vs x2=1.21

@ Quality of other data unchanged

@ Overall fit quality to the whole dataset
is good (x? = 1.13)

[E] NNPDE20 DIS(HERAOID)

° af\}c dataset has relatively high

2
)
o

5 To® 10° w0 10" 1
x-~1.3
@ 0 dataset has very low x2 ~ 0.55 8 U e
s
, N
@ Same x“-pattern observed in the 4 Ei |

HERAPDF1.0 analysis

X2 (x, Q

@ Impact on PDFs, mainly Singlet and =
Gluon at small-x

I " " "
10° 10 00 a0t 10" 1
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Impact of modifications

Tevatron inclusive Jet data

| Fit [ NNPDFL.2 | NNPDFL2+IGA | NNPDFL2+IGATf | 2.0 DIS | 2.0 DISTJET | NNPDF2.0 |
ot 132 116 112 1.20 118 121
(E) 2.79 241 2.24 231 2.28 2.32
(Etr) 2.75 2.39 2.20 2.28 2.24 2.29
(Eyal) 2.80 2.46 227 234 2.32 2.35
(x2F)y 1.60 1.28 121 1.29 1.27 1.29
NMC-pd 148 0.97 0.87 0.85 0.86 0.99
NMC 1.68 172 1.65 1.60 1.66 1.60
SLAC 120 142 133 137 131 134
BCDMS 150 133 125 1.6 127 107
HERAI 1.05 0.98 0.96 113 113 114
CHORUS 139 113 112 113 111 118
FLH108 170 153 153 151 149 1.49
NTVDMN 0.64 081 0.71 0.71 0.75 0.67
ZEUS-H2 152 151 1.49 150 1.49 151
DYE605 11.19 22.89 521 7.32 10.35 0.8
DYES66 53.20 4381 2.46 2.24 259 108
CDFWASY 26.76 28.02 20.32 13.06 14.13 1.8
CDFZRAP 165 461 313 312 331 2.02
DOZRAP 0.56 0.50 0.65 0.65 0.68 0.47
CDFR2KT 1.10 0.95 0.78 0.91 0.79 0.80
DOR2CON 118 1.07 0.94 7.00 0.93 0.93

Maria Ubiali (University of Edinburgh & Université Ca'

First global NNPDF analysis

University of Manchester
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@ We include Tevatron Run-Il inclusive
jet data

@ They provide a valuable constrain on
large-x gluon

@ Run-I data not included but
compatibility with the outcome of the

fit has been checked. x? close to
CTEQ66.

—
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Impact of modifications

Drell-Yan and Vector Boson production data

| Fit [ NNPDFL.2 | NNPDFL2+IGA | NNPDFL2+IGATf | 2.0 DIS | 2.0 DISTJET | NNPDF2.0 |
ot 132 116 112 1.20 118 121
(E) 2.79 241 2.24 231 228 2.32
(Etr) 2.75 2.39 2.20 2.28 2.24 2.29
(Eyal) 2.80 2.46 227 234 232 2.35
(T 1.60 1.28 121 1.29 1.27 1.29
NMC-pd 148 0.97 0.87 0.85 0.86 0.99
NMC 1.68 172 1.65 1.60 1.66 1.60
SLAC 120 142 133 137 131 134
BCDMS 150 133 125 1.6 127 107
HERAI 1.05 0.98 0.96 113 113 114
CHORUS 139 113 112 113 111 118
FLH108 170 153 153 151 149 1.49
NTVDMN 0.64 081 0.71 0.71 0.75 0.67
ZEUS-H2 152 151 1.49 150 1.49 151
DYE605 11.19 22.89 521 7.32 10.35 0.88
DYEB66 53.20 4381 2.46 2.24 259 108
CDFWASY 26.76 28.02 20.32 13.06 14.13 1.8
CDFZRAP 165 461 313 312 331 2.02
DOZRAP 0.56 0.50 0.65 0.65 0.68 0.47
CDFR2KT 1.10 0.95 0.78 0.91 0.79 0.80
DOR2CON 118 1.07 0.94 7.00 0.93 0.93

Maria Ubiali (University of Edinburgh & Université Ca'

First global NNPDF analysis

University of Manchester
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Impact of modifications

Drell-Yan and Vector Boson production data

@ Good description of fixed target
Drell-Yan data (E605 proton and E886
proton and p/d ratio)

POF20

@ Vector boson production at colliders
(CDF W-asymmetry and Z rapidity
distribution) harder to fit o102 0304 65 08 0T 08 08

@ All valence-type PDF combinations are 12
affected by these data

@ Sizable reduction in the uncertainty of £ oo
the strange valence (possible impact on 04
NuTeV anomaly)

Maria Ubiali (University of Edinburgh & Université Ca' First global NNPDF analysis University of Manchester 49 / 75



Impact of modifications

Drell-Yan and Vector Boson production data

@ Good description of fixed target
Drell-Yan data (E605 proton and E886
proton and p/d ratio)

@ Vector boson production at colliders
(CDF W-asymmetry and Z rapidity
distribution) harder to fit

@ All valence-type PDF combinations are
affected by these data

@ Sizable reduction in the uncertainty of 3
the strange valence (possible impact on ok
NuTeV anomaly) oo

°
5
T T T T
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* Precise HERA data
— Small x gluon & singlet

* Tevatron W asymmetry data
— Small x flavor separation

* Fixed Target DIS data, Drell-Yan, neutrino inclusive

— Small x flavor separation
* Neutrino dimuon

— Strangeness
* Tevatron jets

— Large x gluon

No signs of tension between datasets included in the analysis!!!
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o dependence in NNPDF2.0

1
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x

o Greater sensitivity to as than NNPDF1.2

@ Greater NLO corrections for Drell-Yan observables.
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NNPDF12, Q=20 GeV2 N = 1000

NNPDF2.0, Q* =20 GeVZ, N, = 1000 |

0.18|
0.16|

2
RN RRRN AR RAAR RS LARM AR RARR RARR Y

0.08|
0.06|
0.04]
0.02]
o 0 0. 1 2
Ke=[S']1/[U+D]
Determinations of the weak mixing angle sinzew
0.245
NuTev0l  NuTeVOl NuTevol  EWfit
+NNPDF1.2 [S] + NNPDF2.0 [S]
0.24
0.235
f\; 0.23
0.225 ik
X :
0.22
0.215

012f~

0.1;

o.os;

0.05;

0.04;

o.oz;

0

Ks = {mnt%}flsta” + 0.265YSt (NNPDF1.2)
0.503 + 0.0755%2t; (NNPDF2.0)

Rs = {04006 + o.o4ss:a: +0.0105Y5t (NNPDF1.2)
0.019 + 0.0085ta (NNPDF2.0)

@ Uncertainty reduced by addiction of
DY data

@ Striking agreement with EW fits
«4O0)>» «Fr «=Z» « =) = o>



W8, [nb]

o) [pb]

W Cross Section at the LHC [MCFM]

2° Cross Section at the LHC [MCFM]

W’ Cross Section at the LHC [MCFM]
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@ Generate LHeC pseudo-data.
@ Add them to the data set.
@ Fit them (or reweight)

LHeC Linac(150 GeV)-Ring, Scenario E |

N

PR

Q@? >g:,evz)

=

S

=
e

[T wworiz. e smanxran e

10° 10° 10?
X

@ Same settings: no tuning

@ High predictivity.
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0 Introduction
@ Standard Approach
o NNPDF

© NNPDF method
@ Monte Carlo Determination of Errors
@ Neural Network as unbiased and redundant parametrization
@ Dynamical Stopping Criterion

© NNPDF2.0: a global fit
@ New Features
@ Results
@ Impact of modifications

© Conclusions and outlook
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Conclusion and outlook

@ Monte Carlo ensemble

Any statistical property of PDFs can be calculated using standard statistical methods.
No need of any tolerance criterion.

@ The parametrization

Small uncertainties come from an underlying physical law, not from par bias.
Inconsistent data or underestimated uncertainties do not require a separate treatment
and are automatically signalled by a larger value of the x2.

@ The NNPDF2.0 is the fist unbiased global NLO fit [FastKernel]

@ Same consistent statistical behaviour under addition of hadronic data. No
incompatibilities.

@ Available on the common LHAPDF interface (http://projects.hepforge.org/Ihapdf)

@ The NNPDF2.X with FONLL (see Ref. ) inclusion of HQ mass effects
soon available.

@ The NNPDF2.Y NNLO fit is a work in progress.

Maria Ubiali (University of Edinburgh & Université Ca' First global NNPDF analysis University of Manchester 59 /75
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Pseudodata

Experiment [ r[F] | (c®®)gar (%) | (08 )aat (%) | rlo] | (o
NMC-pd | 1.000 1.78 1.72 0.999
NMC 1.000 291 289 0.998
SLAC 1.000 420 216 0.999
BCDMS | 1.000 5.73 5.70 0.999
[ Lm0 HERAI-FAV | 1.000 752 753 1.000
<<j(gen)>>dat((;$ e CHORUS | 1.000 14.83 14.02 0.999
(o (aen 099906 FLH108 1.000 71.90 70.78 1.000
oI oT7 NTVDMN | 1.000 21.22 21.10 0.998
(pleen)y 0179 ZEUS-H2 | 1.000 13.79 13.56 1.000
r [oleen T 0.99676 DYEG605 1.000 22.60 23.11 1.000
DYES866 | 1.000 20.76 20.73 1.000
CDFWASY | 1.000 5.90 6.06 0.999
CDFZRAP | 1.000 1151 11.52 1.000
DOZRAP | 1.000 10.23 10.50 0.999
CDFR2KT | 1.000 22.97 22.02 1.000
DOR2CON | 1.000 16.82 17.18 1.000

Maria Ubiali (University of Edinburgh & Université Ca'

First global NNPDF analysis

University of Manchester
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* To train NN we need to evolve from Q¢ to the experimental scales.

fi(x, Q%) = D Tii(x, as, ) @ fi(x, Q)
J

* QObservables are a convolution over x of PDFs and Coefficient Functions.
Fi(x, @) = 3~ Cilx, as) @ fi(x, Q%) =
j

37 Cilx, as) ® Tielx, s, a2) ® filx, Q)
Jok
We want: Mellin space evolution

J

Ki(N, as,ad) = >~ Cj(N, as) Ti (N, as, a?)
We do not want: Complex Neural Networks

Ki(y, as,a?)

1 _
—./dNy N Ky (N, as, 02)
27i Je

Ld
@) = 3 [ L kulyonad) (5. 05)
k X
=

University of Manchester
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F, proton structure function

1
Ff = x{Kr2x ® Lo+ Kr2,g ® g0 + Kr2,+ ® <T3,0 + 5(-,-8’0 _ -,-15,0))}

In Mellin space

5 1

Kiox = Gl + 35 GallS — T3 + () Gl
5 1

KFQ,g = 1_8C2,qrgg + %Cz’q(r§4,g _ r?éS,g) + <62>C2’grgg
1

Kr2,+ = 6 Cz,,,FﬁS

«O>» «F»r <
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i
!
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o
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Schematically, take

Z 2
ij=1
Define an interpolation grid

/x: = /2 = fi(n)fi(y2) € (1, y2)

Xmin =x1 < X2 < ... < X1 < Xy =1
Around each of these grid points let us define a set of interpolating functions ()
T (xg) = 1

T (x5) =0

ST (y)=1,vy
Nx
fily) =
Therefore, like in FastNLO we get
Nq

a=1
S k) T(y)
a=1

Nx

ihj=1 = «a,p=1

S S ) / L2 / 2 10 ()T () € v2) = S A V(L )can (31, %)

with ¢jjo s and evolution precomputed (analogously)

Nx
= (xVF(xP Ve
U J
a,B=1
«O)>r «F»r < > > A

!
a
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FastKernel METHOD

1073

107
+ E605

E886

P |

O  Wasy
| Zrap ]
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* Distances between two probability distributions

Quark {f,f) = £ (x;, Qg)}

(dIf]) = <_(<f"><1> - <ﬁ><2>)2>

?[f ] + 0[]
* With:

e

rep

o] =

—
2

(1) 2
T 0 fa” — ()
NBWE -1 ; (= o)
* For statistically equivalent PDF sets: (d[f]) ~

(dlo]) ~1
* 1o distance when: (d[f]) ~ (d[of]) ~ 10

m] = = =
Maria Ubiali (University of Edinburgh & Université Ca First global NNPDF analysis
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Distance between central values Distance between central values
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@ Improved quality of fixed—target DIS experiments (NMC, BCDMS, CHORUS)
@ Impact on valence PDFs especially.
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Impact of modifications

Improved minimization

| Fit [ NNPDFL.2 | NNPDFL2+IGA | NNPDFL2+IGATf | 2.0 DIS | 2.0 DISTJET | NNPDF2.0 |
ot 132 116 112 1.20 118 121
(E) 2.79 2.41 2.24 231 228 2.32
(Etr) 2.75 2.39 2.20 2.28 2.24 2.29
(Eyal) 2.80 2.46 227 234 232 2.35
(x2F)y 1.60 1.28 121 1.29 1.27 1.29
NMC-pd 148 0.97 0.87 0.85 0.86 0.99
NMC 1.68 172 1.65 1.60 1.66 1.60
SLAC 120 142 133 137 131 134
BCDMS 150 133 125 1.6 127 107
HERAI 1.05 0.98 0.96 113 113 114
CHORUS 139 113 112 113 111 118
FLH108 170 153 153 151 149 1.49
NTVDMN 0.64 081 0.71 0.71 0.75 0.67
ZEUS-H2 152 151 1.49 150 1.49 151
DYE605 11.19 22.89 521 7.32 10.35 0.8
DYES66 53.20 4381 2.46 2.24 259 108
CDFWASY 26.76 28.02 20.32 13.06 14.13 1.8
CDFZRAP 165 461 313 312 331 2.02
DOZRAP 0.56 0.50 0.65 0.65 0.68 0.47
CDFR2KT 1.10 0.95 0.78 0.91 0.79 0.80
DOR2CON 118 1.07 0.94 7.00 0.93 0.93

Maria Ubiali (University of Edinburgh & Université Ca'

First global NNPDF analysis

University of Manchester

68 / 75



Experiment | X2 | (E) | (0©)aque(%) | 0 Daat(%) | 0= am | 0" )aar
NMC-pd 0.99 | 2.05 1.8 0.5 0.03 0.36
NMC 1.69 | 2.79 4.9 1.7 0.16 0.77
SLAC 1.34 | 2.42 4.2 1.9 0.31 0.84
BCDMS 1.27 | 2.40 5.7 2.6 0.47 0.55
HERAI-AV | 1.14 | 2.25 7.5 1.3 0.06 0.44
CHORUS 1.18 | 2.32 14.8 12.8 0.09 0.38
FLH108 1.49 | 251 71.9 3.3 0.65 0.68
NTVDMN | 0.67 | 1.90 21.1 14.6 0.03 0.63
ZEUS-H2 1.51 | 2.66 13.6 1.2 0.29 0.58
DYEG605 0.88 | 1.85 22.6 8.3 0.47 0.75
DYEB866 1.28 | 2.35 20.8 9.1 0.20 0.45
CDFWASY | 1.85 | 3.09 6.0 4.3 0.52 0.72
CDFZRAP | 2.02 | 2.96 115 3.5 0.83 0.65
DOZRAP 0.57 | 1.65 10.2 3.0 0.53 0.69
CDFR2KT | 0.80 | 2.22 23.0 5.2 0.78 0.67
DOR2CON | 0.93 | 1.92 16.2 6.0 0.78 0.64
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Distance between central values

Distance between central values
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z I
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@ DIS fixed—target experiment have larger normalization uncertainties.

@ Impact on valence PDFs especially.
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@ Many independent data sets with a different overall normalization uncertainty.

HERA

E605
Onorm ~ 0.5% Onoem ~ 15%

@ Methods in common use (penalty trick) lead to systematic biases.
@ Introduce the t0 prescription [ArXiv:0912.2276]

Ne

N, N,
s 2 0) =(0
(covio)y = | D oriosi+0uots | FiFs+ [ D 010050+ 01,0040 F,( )FJ()

I=1 n=1 n=1

@ F; : measured central values for a give observable.

° F,(O) : corresponding observables computed recursively from previous fit.

(=] = = =

University of Manchester
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Impact of modifications

t0 prescription

| Fit [ NNPDFL.2 | NNPDFL2+IGA | NNPDFL2+IGATf | 2.0 DIS | 2.0 DISTJET | NNPDF2.0 |
ot 132 116 112 1.20 118 121
(E) 2.79 241 2.24 231 228 2.32
(Etr) 2.75 2.39 2.20 2.28 2.24 2.29
(Eyal) 2.80 2.46 227 234 232 2.35
(x2F)y 1.60 1.28 1.21 1.29 1.27 1.29
NMC-pd 148 0.97 0.87 0.85 0.86 0.99
NMC 1.68 172 1.65 1.60 1.66 1.60
SLAC 120 142 133 137 131 134
BCDMS 150 133 105 1.6 127 107
HERAI 1.05 0.98 0.96 113 113 114
CHORUS 139 113 112 113 111 118
FLH108 170 153 153 151 149 1.49
NTVDMN 0.64 081 0.71 0.71 0.75 0.67
ZEUS-H2 152 151 1.49 150 1.49 151
DYE605 11.19 22.89 521 7.32 10.35 0.8
DYES66 53.20 4381 2.46 2.04 259 108
CDFWASY 26.76 28.02 20.32 13.06 14.13 1.8
CDFZRAP 165 461 313 312 331 2.02
DOZRAP 0.56 0.50 0.65 0.65 0.68 0.47
CDFR2KT 1.10 0.95 0.78 0.91 0.79 0.80
DOR2CON 118 1.07 0.94 7.00 0.93 0.93
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First global NNPDF analysis

University of Manchester

72 /75



NNPDF 2.0
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PDFs are stable upon the addition of new independent PDFs
parametrizations

CTEQ66
MRST2001E

NNPDFLO

I NNPDF1.1

@ Larger in extrapolation region due to
more flexibility (+ 60 pars).

@ Same x? and statistical features of the
fit. Same gluon shape and error band.

xg (x, Q)

Il
10"

0.
CTEQ66 CTEQ66

uRsTIODIE 015 MRST2001E
I NNPDFLL

=] & = = £ DA
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ecWHBr (W = 1t) [ oW B (W™ = 1Pwy) | o(29Br (2° > 1H17)
NNPDF1.2 11.99 £ 0.34 nb 8.47 £ 0.21 nb 1.94 £ 0.04 nb
NNPDF2.0 11.57 £ 0.19 nb 8.52 4+ 0.14 nb 1.93 £ 0.03 nb
CTEQ6.6 12.41 £ 0.28 nb 9.11 £ 0.22 nb 2.07 = 0.05 nb
MSTWO08 12.03 £ 0.22 nb 9.09 £ 0.17 nb 2.03 £+ 0.04 nb

o(tt) o(H, my = 120 GeV)
NNPDF1.2 | 901 % 21 pb 36.6 £ 1.2 pb
NNPDF2.0 | 913 £ 17 pb 37.3 £ 0.4 pb
CTEQ6.6 844 £+ 17 pb 36.3 £ 0.9 pb
MSTWO08 905 + 18 pb 38.4 £ 0.5 pb
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