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LWrap up

= Monday’s lecture about the foundation

v Parametrisation of the proton in terms of structure functions
v Parton model picture

v QCD - Improved parton mode|

v DGLAP evolution equations

v Collinear Factorisation Theorem

= Tuesday'’s lecture mostly focussed on experimental data

v Constraints for light quarks
v lIsospin and charge conjugation symmetries

v The gluon PDFs



tThe name of the game

® Choose experimental data to fit and include all info on correlations

® Theory settings: perturbative order, heavy quark mass scheme, EW corrections,
intrinsic heavy quarks, as, quark masses value and scheme

® Choose a starting scale Qg where pQCD applies

® Parametrise independent quarks and gluon distributions at the starting scale

<+

® Solve DGLAP equations from initial scale to scales of experimental data

and build up observables

® Fit PDFs to data

® Provide PDF error sets to compute PDF uncertainties

<+
<



Photon and EW corrections




tE\ectroweak corrections

® Because a(Mz) ~ as(Mz)/10 = NLO EW corrections ~ NNLO QCD corrections
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Real corrections - photon initiated




tE\ectroweak corrections

® Because a(Mz) ~ as(Mz)/10 = NLO EW corrections ~ NNLO QCD corrections
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* NLO EW corrections become large in the large pT region of lepton but partially
compensated by photon-initiated real corrections

pr.i/GeV 25-00 50-00 100-0¢ 200-0¢ 500-0C 1000—0¢
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Sva/% || £0.071(1) | +5.24(1) | +13.10(1) | +16.44(2) | +14.30(1) | +11.89(1)

Dittmaier, Kramer



tE\ectroweak corrections

® Because a(Mz) ~ as(Mz)/10 = NLO EW corrections ~ NNLO QCD corrections
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( Moditied DGLAP

* How are PDFs modified by inclusion of initial photon PDF?

Q*= ng(x L0D) = ) Pealx, @5(0%) @ fulx, Q%) + Pgy(x, a(0%) @ ¥(x, 0P),
9.9.8

0’5 4609 = Y P, 0s(0M) ® ful, 0°) + Py (x,0,(0D) © ¥(x, OP),

Q 9.9.8
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» DGLAP splitting functions expanded in powers of as and a
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LI\/Iodiﬂed DGLAP

QED corrections to PDFs, Q° = 1000 GeV?
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Ball et al, Nucl.Phys. B877 (2013) 290-320



QED corrections to PDFs, Q° = 1000 GeV?

® Quark and gluon 0.2 .
PDFs change up to - -
1% at large x ] PRI 1 -

* How do we : -

. -0.2— —
determine the photon i R
PDF? S

* Two ways in the next = - 9 L
slides: from data or 08 - u 'I
from theory i - d -

* In the best possible -0'8:_ - g ‘;
world: theory input 0 N RN B il R
and data input 10° 107 10° 107 107 1

together

Ball et al, Nucl.Phys. B877 (2013) 290-320



tPhoton PDFs

* Largest correlations between photon PDFs and pp cross sections are for Drell-Yan
processes, but also for top pair production and VV production

Q) = 100 GeV

Comelation batween photcn PDF anc croee eaciore
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tPhoton PDFs

Data-driven knowledge

Photon PDF at Q? = 2.0 GeV?
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tPhoton PDFs

* Data-driven approach associated

with a large uncertainty on photon
PDF

* Theory breakthrough: LUX PDF

[Manohar, Nason, Salam, Zanderighi,

1607.04266]
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tPhoton PDFs

« QED is perturbative down to low scales = The photon must be computable is

the input mark substructure is known
» Manohar et al: write the cross section for a chosen BSM process, e.g. production
of heavy supersymmetric lepton L in ep collision (Drees, Zeppenfeld 1989)
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Manohar et al 1607.04266 Theory-driven knowledge



tPhoton PDFs

« QED is perturbative down to low scales = The photon must be computable is

the input mark substructure is known

* Manohar et al: write the cross section for a chosen BSM process, e.g. production
of heavy supersymmetric lepton L in ep collision (Drees, Zeppenfeld 1989)

- Equate the two expressions and find analytically the PDF of the photon

= PDFs expressed in terms of the structure functions integrated over all scales,

including elastic form factors (in the x =1 region)

mf-y/p(ma 11'2) -
2

1 dz JL_Z d )2 2
271'(:!(;42)‘[ J 2m2 Q2 ra (Q)

1—2z
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Theory-driven knowledge



LPhoton PDFs

(Data+Theory)-driven knowledge

LHC 13 TeV, NNLO ppott@ Vs=13TeV
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tWhat happens at very high energy?

* What happens at scales much above the EWK scale (100 GeV)?
SU(3) x SU(2) x U(1) unbroken!

QY ioumon | < .
Flwup) = o [S2 20 (p] Oy 5 (p)lp)

21 - 42: 8 quark PDFs and 4
dy _.o.-. (; Y lepton PDFs for each
filz,p) = = f 5 €Y (p 0 (y) # o (~y)[p) B e
- 1 gluon PDF
( I 0% C%V S%V CWSW B \
fz | = Sy Cly  —Cwsw fws 3 V PDFs (mixed BW)
\f,rz —2CWSW 2CW SW C%‘V — .5‘24; fBW’/

dy —t 2z
fru(z) = a:/% e RV (p| 2 (y)2(—y)|p) 4 PDFs for the Higgs

Bauer et al,1703.08562



LWhat happens at very high energy?

first generation
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Beyond Collinear

Factorisation




LBeyond DGLAP

* In DGLAP formalism there is an implicit approximation: the transverse
momentum of the emitted partons in the initial state is much smaller than hard

scale
* It works well for inclusive processes with one hard scale and for not-too-small x

safe region,

Q|
Qz > Acut XA

Possible effects beyond DGLAP

(i) Leading-twist small-x perturbative
resummation

(ii) Non-linear evolution and saturation

(iii) Higher twist effects

unsafe region Q>




LBeyond DGLAP

* In DGLAP formalism there is an implicit approximation: the transverse
momentum of the emitted partons in the initial state is much smaller than hard

scale
* It works well for inclusive processes with one hard scale and for not-too-small x

safe region,

Q|
Qz > Acut XA

Possible effects beyond DGLAP
-> (i) Leading-twist small-x perturbative
resummation
(ii) Non-linear evolution and saturation
(iii) Higher twist effects

unsafe region Q>




t(i) Small-x resummation

* In DGLAP formalism there is an implicit approximation: the transverse
momentum of the emitted partons in the initial state is much smaller than hard
scale

* It works well for inclusive processes with one hard scale and for not-too-small x

* If s >> M2 (the high-energy limit or small-x limit) then there are enhanced small-x
logarithms in the DGLAP Pgg and Pgg splitting functions that spoil the
perturbative expansion in as

* These large logs are resumed by BFKL evolution equations

& dz X
DGLAP
Evolution in Q2 dln Qz fix, Qz) - . ( » X (Qz))f(z Qz)
BFKL " a? [ 0?
Evolution in x oln1/x filx QZ) = Jo 71( <— a (QZ))ﬂ-(x, v?)

Valid only at small-x

* There are way of combining DGLAP & BFKL - what are the effects?

Balitsky Fadin Kuraev Lipatov 1978, Lipatov Fadin 1998



(

1) Small-x resummation

» Small-x resummation stabilises splitting function behaviour at small x

x Pyg(x)
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Small-x resummation

P
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» Large corrections at small Q2 and small-x
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Small-x resummation

F

Ratio

» Large corrections at small Q2 and small-x, especially for FL
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L(i) Small-x resummation

Kinematic coverage
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t(i) Small-x resummation

» Will this be enough when we will reach even smaller values of x?

Kinematics of a 100 TeV FCC

Plot by J. Rojo, Dec 2013
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) Non-linear evolution

—
!

X 4
Low Energy High Energy - BN
1]
P
Xo>> X !
»
parton
many new
Proton smaller partons Proton
(xg, Q%) are produced (x, Q?)

“Color Glass Condensate”

and saturation

saturation

S

Q) Q2 @SA

Important
for ion-ion
collisions

new parton is emitted as energy increases

it could be emitted off anyone of the N partons

= =

N partons

d
Yy

Number of parton pairs ~ N2

any two partons can reccombine into one

— N(z,k7) = oy Kprrr © N(a,kT) — oy [N (2, k7))

|. Balitsky ' 96 (effective Lagrangian)
Yu. K. "99 (large N, QCD)
JIMWLK ‘98-'01 (beyond large-N.)




tBeyond DGLAP: TMDs

» Much less mature field (universality and factorisation not well established but
lots of interesting developments)

Transverse-Momentum Distributions

[z, k 1) \T
J dimensional ! - Qmemum

Longitudinal moementum

kt = apPt

A. Bacchetta, talk at DIS2017



LOut\ine

e First lecture (Monday)

* Motivation: the big picture

« Parton Model and QCD

« Collinear Factorisation and definition of PDFs
* Second lecture (Tuesday)

e Experimental Data

* Disentangling proton’s components Statistics and methOdO|Ogy

« Heavy quarks and photons ' . .
Parametrisation issues

* Third lecture (today)

Error propagation

 Fourth lecture (Thursday) State-of-the-art PDFs

* New frontiers and challenges



Methodological issues




A quite complicated game

= A'single quantity: 1o error
= Multiple quantities: 1o contours
* Functions: 1o “error band” in the space of functions

= find the probability density in the space of functions f(x)
Expectation values are functional integrals

Not as simple as it may look...
O{f})) = / D OHPHSN

* Given a finite number of experimental data points want a set of functions
* Want to find a infinite-dimensional object from a finite number of
information



Atoy model

A toy-model:

1) Imagine that we have a set of uncorrelated measurements of a quantity f(x) at
different x. The underlying law that Nature established for this quantity is a
sinusoidal, but we don't know anything about that and try to guess it with a fit.
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o * Fit
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Atoy model

A toy-model:

2) Choose a parametrisation for f(x) and perform a fit by minimising a function, a

figure of merit, like the 2

1.2 - l

f(x)

¥ Dataset

* Fit

A

Naata ' g
2 (D; — T;)
X = Z o2
1

3

x2/d.o.f. » 1

We are not quite there...
under-learning




(A toy model

A toy-model:
2) Choose a parametrisation for f(x) and perform a fit by minimising a function, a
figure of merit, like the x2
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Atoy model

A toy-model:
2) Choose a parametrisation for f(x) and perform a fit by minimising a function, a
figure of merit, like the x2

1.2
B u " Dataset
= T * Fit ‘
B "V ata s
; l'iTT§i ngif(pf—fz)z
0.8__ o _ o i1 03
. ‘ :
0.6 — - + . '
x [" ._ .
ry- !
: 1 . x2/d.o.f. = 0
— [m) .
0.2 { " : We went too far...
- IEEERREED .
- ] over-learning
0__ o i
_l | - I | I I | I - I I | l 111 l | I I | I I | | I 141 1 I 11 Start fitting the

0% 01 02 03 04 05 06 07 08 09 1
X

statistical noise



Atoy model

A toy-model:

3) Determine the error of our fit, which corresponds to the lack of information
that the data provide. In the limit of infinite and infinitely-precise and
compatible data, the error band tends to 0
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tThe actual game

f(x)

-0 llllllll ll‘ lllllllllllllll‘lll ll 'll'\lllllll
zll c1 02 03 04 05 06 0.7 08 059 1

1.2

- ! " Dataset The actual games is more

't i { ! | . complicated since we have
0.8 i b % 6+6+1 functions (actually
o ol { ‘ i 3+3+1) and errors to determine
B . .

% "k | 1= which are not directly measured.
il They enter in the measured

observables according to
different combinations. But still...
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v Need to choose a clever and flexible parametrisation

v Need a way to stop the fit before over-learning sets in to avoid fitting statistical
noise

v Need a reliable error estimate



Parametrisation




LChoice of parametrisation

Usually one parametrises independently the gluon, light
quarks and anti-quarks, strange and anti-strange (not
everybody), while heavy quarks are generated perturbatively
from light quarks and gluons*

The ideal parametrisation

= Too rigid
Global fit might not have flexibility to describe data or inadequate small
uncertainties where there are no data

= Too flexible
Difficult minimisation and it might develop artefacts driven by statistical
fluctuations of the data



tSum rules

= From baryon number conservation = Valence Sum Rules
1
| doul @)~ a.@?) =2
0
1
| do @, @) - d, @) =1
0

1
[ de(s.Q) ~ s(2.@%) =0
0
* From momentum conservation = Momentum Sum Rule

/O de (+5(x, Q) + xg(z, Q%)) = 1



tTraditiona\ (parametrical) approacn

= Introduce a simple functional form with enough free parameters

fi(z. ch)) —apgx" (1 — )" P(x, a3, a4,...)

= Typically about 20-25 free parameters for 7 independent functions

2, (2, Q%) = Auz™ (1 — 2)™ (1 + €u VT + Yo 2). 20 free parameters
zd, (7, Q%) = Azz™(1 — )" (1 + €4 /T + i 1),
£S(x,Q5) = As xS (1 — 2)™ (1 + gz |+ v5 ),
tA(z,Q3) = Aaz™ (1 — z)""2(1 | yax | 04 z%),
19(2, Q%) = A, 2% (1 —2)" (1 + e, /T + v, 7) + Ay 2% (1 — 1),
w(s | 8)(x,Q8) = Aca® (1 2)" (1 + cgvz | v5),
2(s—3)(z, Q%) = A 2°-(1 —x)" (1 — z/x),

MSTW2008



LTraditiona\ (parametrical) approach

* Possible issues:
What is the error associated to a given functional form?

2.0 B BELEALLL BERALL B R 2.0
' d (= 2GeV) ' u (i = 2GeV) Pink and red

. . | curves give same
§ : S good
@ @ W T s description of
o o .
£ 10 £ 10 ..... data but outside
,3 - / E error bar
307 /! 207

. /s .

\\—/ : F

0.5 0.5
3 1074 1009 107 107! 109  f074 1073 107% 107! 100
X X

J. Pumplin ArXiv:0909.0268



tTraditiona\ (parametrical) approacn

* Possible issues:

If functional form not flexible enough PDFs may present unrealistically small errors
where data do not constrain PDF uncertainties

NNPDF1.0 [_InnPDF2.0
2008 []cTEQ6S 2010 [ Jerio
MRST2001E - msTw2n08
) & o :
: : g
E \é ';;zf.:;:: \\
o A,




tTraditiona\ (parametrical) approacn

* Possible issues:
If functional form not flexible enough PDFs may be not able to adapt to new data
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) Data-driven progress

For (d — a)(z, Q3) by default use 4 parameters,

(d—u)(x, Q3) = A(1 — z)Teea220(1 4 v + Ax?),

_ 1
Extend to (d — @) (z, Q2) = A(l — z)%eat225(1 4 5% 0, Ty(1 — 222)),

S0 6 free parameters. Easily allows multiple turning points. Improves fit
by > 10 points - eases ATLAS W, Z and DY ratio tension.

x(d —u) (NNLO), Q2= 10%GeV?

004l MMHT —— )
' MMHT + ATLAS WZ —— .

MMHT + ATLAS W7 (New par.) _._._h:_/--_"_ s

(.03 }

R. Thorne, talk
last week at
EW-LHC
precision
working group



Artificial neural networks are computer
systems inspired by the biological
neural networks in the brain

Data communication pattern
Currently state-of-the-art for several
Machine Learning Applications

Y Ko 4 Node of g J= &
Wl 7 ! Ranvier “ L
«,_{\}I’J %Pﬁ]v/f 5oma ,|//-,g,
v \\I'\.‘.:. ';.. -// /{'}:E -#(.! \j;;,
|| ] " - Axon 47 e
}-\;-’"‘ 'F.‘-.'_J —_— /O_(
/ ) \( T REIxTe 7

< '_"-(\\3’

Logical Unit

At last — a computer )r(;:nmlml
-an beat & champion Go player rasce

ALL SYS TEMS GO

\()\(}{Rll\ \\Hl. \H \\Il\(.~‘-l\
ALACART FRANSPARENCY GOT'SELFSH!
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tNeura\ networks and ML

Example of Machine Learning in
S theoretical High Energy Physics

@ Decision Tree

@ K-Nearest Neighbors . .
Interpretability A e Supervised learning:
angaom ror
_ e The structure of the proton at the LHC
@ Support Vector Machines

e parton distribution functions
@ Neural Nets _ L o
e Theoretical prediction and combination

e Monte Carlo reweighting techniques

® neural network Sudakov
e BSM searches and exclusion limits
e Unsupervised learning;:

e Clustering and compression

e PDF4LHC15 recommendation
e Density estimation and anomaly detection

P

¢ 3PDF

Machine Learning ¢« PDFs » QCD

N

e Monte Carlo sampling

S. Carrazza, Colloquium, S. Paolo, N3PDF



tNeura\ network parametrisation

Fully connected multi-layer
perceptron

S9N o 0p) = A (1 — 2 2(x)

(2)
5

For a 1-2-1 feedforward neural network
can write explicitly functional form

—i

3 1
&) = ——————

* Neural Networks: all
independent PDFs are
associated to an unbiased and
flexible parametrisation: O(300)
parameters versus O(30) in
polynomial parametrisation

« 2-5-3-1 Neural network
associated to each
independent PDF (gluon, up,
anti-up, down, anti-down,
strange, anti-strange and
charm)

=g wi&—0;
J

B 1
14 e T

g(x)



LNeura\ network training

Fully connected multi-layer

perceptron Minimise the cost function:
& 806, @) = Ax™%(1 = 2y D) N
2 —1
N X = E (D; — T’i)(COV)z’j (D; —1T})
4 & i,j=1
X flm
o N * Di experimental measurement for
) the point i
Inl/x fg 0 . . . .
E * Titheoretical prediction for the point
fgzl §§3)

i(depending on PDF parameters oy =
012 ® fi ® (f2) )
(2

’ * (cov)ij is the covariance matrix
between point i and j with corrections
for normalisation uncertainties

* Supplemented by additional penalty
for positive observables

How do we train the 7(8)
independent NN?



tNeura\ network training

Error Function

| woo | 1 e vor * Large parameter space: need an
e Neo ol lo/ TNa o algorithm that is able to explore it
or’ " of ““\\\‘ / ‘ . . .
o o e without getting trapped in local
[ ] o minima such as genetic algorithm
D . | 0 1
Ny L. :
| | §_.;¢\_ v * Redundant parametrization: risk of
Y N NS over-fitting. Cross-validation
N\ P Y necessary.
-] -1} b\/l \ y
. . |
0 I 0 > |
258
E \
2.55:" \\
: \ '
- 3 \\ |over-leammg ‘
i N
ras]- L
i, E' "\\<\|\‘\‘
E Traning . . . . —
25 vwesos | ynder-learning ‘ Optimal stopping point | ~de L\“\kﬂ
%0 T o o

number of iterations

J. Rojo, arXiv: 1809.4392



E.g. the NuTeV anomaly

£ OF =20 G

Determinations of the weak mixing angle sin2(-)w

Total strangeness | Strange valence |
0.245 NuTeV01 NuTeV01 Global EW fit
R ' + NNPDF1.2 [S]
T 0.235 |
% o
o 0.23 b e e e s e e
N }
- o 0.225 | b 4
.22 . : .
aml . D.22 |eevemiamiiianies ceiemciecniecineies
001 - b :"1 = - - ‘1 om . . ‘:101 . - —t ...ﬂl1 A o AL A.‘| 0.215 .
sin? = 0.2223 | 0.0002 J sin By = 0.2276 + 0.0014 J (F] fl dse x £ (x, Q7)
— XTX
0 ’ '
sin? aw' —sin? 8 = 0.0053 J
NuTeV W
« >3¢ discrepancy between EW fits 5. sin? By ~ —0.240 [57]
5 —U.240 ==
and NuTeV measurements [Q~]
* Unbiased parametrisation of 85 sin® By = —0.0005+0.0096" 7" “ +sys
strangeness (2010) solved NuTeV
anomaly

Ball et al, 0906.1958



Error propagation




tError propagation

O1{f}) = / D] OUNIPULY

* Given a finite number of experimental data points want a set of functions
* Want to find a infinite-dimensional object from a finite number of
information

Option a) Project into a n-dimensional space of parameters which parametrise PDFs and
use linear approximation around minimum 2
Hessian

(OUSY) ~ /da1d€‘bz--.da,vp,,,.O[d’]’P[éf] Method

Option b) Choose a parametrisation and perform a Monte Carlo sampling of probability
density in functional space

Nrcp
1 Monte Carlo
O ~ Ol f;l.
(O{f}) Neen Z__E:l: [fi]. ethod



tHessian method

= Used by most PDF fitters (CTEQ/TEA, MSTW/MMHT, HERAPDF, ABM)

= Pick a functional form and project problem in the N, -dimensional space of parameters
(typically 15 - 25)

= Determine best fit values of parameters {ao}
= Shift ad— @ — g

= Determine error on PDFs and any observable depending on PDFs (all denoted by X) by propagation of
the error in the parameter space

Assuming linear prop:  y (@) = X(0) 1 2;0,X(@)|,_5
2 f \ s rr r . ..
Variance: Oy = |\COV).ij dz)i dj)& (cov),, covariance matrix in param, space
2.2 (7
um likeli (cov)sy — () — XD
Maximum likelihood: \ Jr T\ T 6.ad:a cov < Hessian at the minimum of 2
405 Q ,

a—C



LHessian method

oX

Pumplin et al, 2-dim (i.j) rendition of d-dim (~10) PDF parameter space
hep-ph/0201195 2
contours of constant olobal 5
u, eigenveclor in the l-direction | X
<

pli): paint of largest a, with tolerance T

S, global minimum

diagonalization and
>

rescaling by
the iterative method

« Ilessian eigenvector basis sets

(D)
Original parameter basis Orthonormal eigenvector basis

_ (H)w @X C%X diagonalisation 0_%{ _ ‘VX‘Z

z. eigenvectors of H with unit eigenvalues

= The total uncertainty is the sum in quadrature of the uncertainties due to each

parameter

= Ay?= ) 72 the surfaces of constant x2 are spheres in the z space of radius \/Ay?



LHessian method

XA

e

P. Nadolsky, CTEQ summer school 2009

= According to textbook statistics, the 1o
contour in parameter space is given by

Ax? =1

= Projection of the radius one sphere would
give the uncertainty on parameters and on
the PDFs, observables...

= The textbook statistics should work in case
of perfectly compatible Gaussian errors

= But in practice, for global fits a tolerance is
introduced

= NB: introducing a tolerance corresponds
to blow up uncertainties by a factor /Ax?



tHessian method

The actual 2 function displays

= A well pronounced global minimum 2

= Some tensions between datasets in the vicinity
of the minimum

= Some dependence on assumptions about flat
directions (= unconstrained combinations of
PDF parameters)

The likelihood is approximately described by a
quadratic x2 with a revised tolerance condition

P. Nadolsky, CTEQ summer school 2009



LHessian method

CTEQG® tolerance criterion

= Acceptable values of PDF parameters must agree at ~ 90% C.L. with all
experiments included in the fit, for a plausible range of assumptions about the
PDF parametrisation, scale dependence, systematic uncertainty

= Can be crudely approximated by assuming T ~ 10 for all PDF parameters

Egenvecor Elgenvector 18
a1 40
30 e
; A = p A ; ; 3= ¥ 2 2z :
- = 4 2 = 2 £ L3 B2 122 % 344 % 5 8 2§
e — - - . 4 ) . o : e e > . :
- :1*. I N o = g _ % R :T. SUN 4 T ¢ 5 v = =24
10 ¢ 10 — )y
] ! + 2 I l I T +
5 uf ‘ T Ps | L J
= ’ ’ ? ° |
=20 ¢ =20 ‘
=30 =30




essian method

tH

MSTWOS8 tolerance criterion

MSTW 2008 NLO PDF fit
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Eigenvector number

A dynamical tolerance, which varies according to the considered parameter



LI\/Ionte Carlo method

= First idea by Giele Keller Kosover (hep-ph/0104052)
= Monte Carlo in parameter space

X(a)

(X) = / da X [d)P|a]

P probability of parameter values

MC sampling in parameter space
Problem

rep

How many replicas are needed? < Z X

Three bins per parameter = 3Nrarbins rep
i=1

0% = (X?) — (X)?

E.g. for 23 parameters need more than

1011 replicas!!!



tl\/lonte Carlo method

= Forte, J. | Latorre, Piccione (hep-ph/0701127)
= First applied to structure functions then to PDFs

X(a)

(X) = / da X [d)P|a]

P probability of parameter values

MC sampling in data space
Idea
1 Nrep

Choose parameters along VX < S

- 0 (X) ~ = > X(@)
Choose replicas of the data, i.e. work Nrep “
in the space of data and project back ) ) 1=1 )
into PDF space O~x = <X > — <X>

How many replicas does one need? 1-dim average of N, converges to true
average with standard deviation o/{/N

E.g. 10 replicas are enough for getting “true” central value with /3 accuracy



tl\/lonte Carlo method

= Generate artificial data according to distribution
Ne

Frt)®) — g8 plese) (1 4 3 rop + 1oy,
[=1

= I, are univariate Gaussian random numbers such that if two points have correlated

systematic uncertainties, they oscillate in the same directions
= S normalisation factors
= Validate Monte Carlo replicas against experimental data

Proton

Central values Enors Comelahons

ep T

= Convergence rate increases with N,
= Correlations reproduced to % accuracy with 1000 reps



tl\/lonte Carlo method l
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tl\/lonte Carlo method

— NNPDF2.0 - 6§% CL
~— NNPDF2.0 - 1-0
Individual Replicas

———

= o

- = —
.:‘,"—_“L,-_— =
8

" -4~;“ 1

o«

=

-~

N

FRLEFF Y T
o A - -

2
R

xg (x, Q°

AW(yv MWQ)

1 ]){Trcp N
_ (k) | N \,
Vol = N, 227 AWFD) = 77— Y. ALY
k=1 TP k=1

ok = (X?) —(X)*

Individual replicas may fluctuate significantly, average quantities such as central values and 1o
error bands are smooth inasmuch as stability is reached due to the dimension of the ensemble

Increasing



LThe NNPDF solution

Monte Carlo sampling Neural Network

N Nammm"?
- mom om g
- s m

'--~

; Nl

. '.A,'>
WL o

http://nnpdf.m
g f' e e e

* Fit of structure function

(2005)

* DIS-only fit of PDFs
(2008)

 First NNPDF global fit
(2010)

* First fit including LHC
data (2013)

* Closure test (2016)
* Fitted charm (2018)



tThe NNPDF solution

xg(X, Qz) The N(eural)N(etwork)PDFs:
7Tﬁ,‘;"«"‘:w'} | w“ I R | AL [ T [ R I A
- f\ J ’\”,-“ | ’ \ NNPDF2.3 NLO ranlcas -
65_'. R 4 Rk NNPDF2.3 NLO meen valve |3 * Monte Carlo techniques:
5F f‘ A ,s NNPDF2.3 NLO 1o error banc | ling th babilit
= {‘{;':_ L NNPDF2.3 NLO 66% CLband |- sampling the probabiiity
AR A — measure in PDF functional
3 ;_ h = space
o BT E * Neural Networks: all
= = independent PDFs are
Eaalrai - associated to an unbiased and
OF-. ~ flexible parametrization: O(300)
B — parameters versus O(30) in
2B % 1 | l c polynomial parametrization
o - 3 .2 PR *Genetic algorithm and cross-
10° 10 10° , 10° 10" J

validation methods

V Precise error estimate not driven by theoretical prejudice
v'No need to add new parameters when new data are included
/ Statistical interpretation of uncertainty bands

v Possibility to include data via re-weighting: no need to refit




Summary for the user l

Hessian method (CTEQ/TEA, MSTW, ABKM, HERAPDF)

Nset/2 1/2
ess 1 2
e = 2 ( > (FU™ VN - FHq™N) )
k=1
Monte Carlo method (NNPDF)
N.
1 set
F) = Flg"
(F) N ("]




Key issue: methodology

1.4

1.3

1.2

g(x, Qz) [new] /g ( x, Qz) [ref]

0.8

B wwPoF30.

. NNPDF2.3

ll 1 I‘Ill'l

-
(=]
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— - .d
- (34 N
lllllllllll[llll]ll_‘

9 (%, Q%) [new] / g (x, @) [ref]
o .
O

10

Llllllllll

. Global Fit

: 2.3 Datasst

o
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N\

N
NN

vy
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104 10° 10"

10*

- NNPDF3.0 (NNPDF223 dataset)
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10"
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AL lllll

10°

~ NNPDF2.3 -> NNPDF3.0: included many
new data (LHC and combined HERA) &
change in fitting methodology (genetic
algorithm and stopping criterion)

© Main changes in the gluon are due to the
change in methodology

~ How to make sure that we have a “perfect”
methodology?



tStatistica\ validation

Closure test: the ultimate check of PDF fitting

* Assume PDFs known: generate fake experimental data with them and th predictions
» Can decide data uncertainty (zero uncertainty - level 1-2, or as in real data - level 3)
* Fit PDFs to fake data
* Check whether fit reproduces the underlying “truth”
= Check whether true values are
gaussianly distributed about

th e .[_'I_t New Fitﬂlﬁmlom’

= Check whether uncertainties IR —T
. ie input PDFs from MSTWO0S, CTI0, NNPDF2.3...
are faltth| o B \ > Now you can fit
. real exp data!
= Trace different sources of
. Generate random pseudo-data for the NNPDF3.0 dataset
uncertai nty from info of experimental uncertainties and correlations /
\

Closure Test

Parform (NN)PDF fit successful!

~~

Validate resulting PDF set:
M Reproduce input PDFs
H Both central values and uncertainties
M Expected values of x? are determined by pseudo-data
1 PDF reweighting equal to refitting (Bayesian inference)




| Statistical validation

Level-0: if pseudo-data are identical to the input theory, then agreement with theory should be
arbitrarily good, i.e. X2 =0 but PDF uncertainty =0 only in the region where there are enough
data

Level-1: add uncertainty to pseudo data equal to actually experimental uncertainties: replicas
fit same data over and over again, then x2 =1 and test equivalent minima (parametrisation A)
Level-2: generate Monte Carlo replicas of pseudo-data with fluctuations, then y?2 =2 (data A)

Effectiveness of Genetic Algorithm in Leval 0 Closure Tests Ratios of d at different closure test levels
I I 1 1 ] L B I' w E2 3 I ll. la] I l.t;] 1 I 1_5 [ T T T I T T T I T L T l i
_ —— .3) genelic algorithm . H
107 e J — 144 B -'I0 Closure Fit |
; : .
C —>»&— New genetic algorithm - ' Bl -1 Closure Fit |
- _ . F ] _vi2 Closure Fit |
= - 1.2 ;
102 = .1 :
= = ] 1 '
: - i :
B NN 7 0.9¢ ;
‘IO'3 — X\\‘\ — 0.8 ; E
g Rl E B : :
= e 0.7k NNPDF 14 :
i NNPDF 14 i i i
s 1 0.6 :
'0-4 | 1 1 L R | 1 1 1 L o1 aal X | , ) E

1 1
0.2 0{4 0.6e 0.8 1
X

parametrisation uncertainty

10° 10*
Number of 8enerations

3 As comparable in data region data uncertainty extrapolation uncertainty



tHessian < Monte Carlo

» To convert Hessian into Monte Carlo,
generate multi-gaussian replicas in

the fitted parameters space

" Accurate when the number of replicas _,

similar to that that reproduces the

data

NNPDF3.0 NLO, ¢,,=0.118 @ Q* = 2 GeV*

I

L} T 1"'] '] T
= Monte Carlo

LT .
S Hessian

xg(x,Q)

S N W A OO O ~

N

| 1 ]

1 lllllllllll | I 1101 11

10° 10 1032 . 107% 10~

Carrazza et al 1505.06736

- il FERRRSRE oL AN EE

Generated with APFEL 3.0.0 Web

At input scale Q: =1 GeV?

-6 MSTW 2008 NLO (Ax? =1)
e 40 individual MC replicas

-8 - - - - MC average and s.d.
RN BT BT I
-5 -4 -3 -2 41

10 10 10 10 10 1

Thorne, Watt, 1205.4024 X

» To convert Monte Carlo into Hessian, sample the
replicas f(x) at discrete set of points and construct
the ensuing covariance matrix

» Eigenvectors of the covariance matrix as a basis in
the vector space spanned by the replicas by the
singular-value decomposition

» Number of dominant eigenvectors similar to
numbers of replicas for accurate representation



tHessian < Monte Carlo

d( x=0.20, Q=100 GeV )

C NNPDF3.0
0.5:_— CT14
- e » Using Monte Carlo conversion of
0“_ ------ ussian . . .
5 | = Hessian sets, can combine different PDF
&8 |
Pl : sets, combining MC replicas into a single
8 L —
£ ozl — set
& I~ .‘— N . .
N3 i ': » Useful for conservative estimate
F [l —c » Combined set approximatively Gaussian
O%S026 0026 003 0002 0034 0005 0008 0L 0.042 0O 0046
xPDF(x.Q) NNLO, & =0.118, Q = 100 GeV
PDF4LHC15 recipe "“FBm CMCPDFN, =30
» Monte Carlo combination of most recent global i B 2_';_‘::40':3-0
PDF sets [Forte, Watt] 1] e MMH'[I)'M /
» Each replica receives the same weight: uncertainty & 11y /
smaller than in the envelope, as in the latter outliers !ilm
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= PDF determination: Hessian Method
- Simple linear error propagation
- Tolerance required for realistic uncertainties
- Parametrisation bias possible

= PDF determination: Monte Carlo method
- Two-step procedure: data MC -> PDF MC
- Very general parametrisation allowed
- Need optimal fit determination method (cross-validation)

= PDF representation: Hessian vs Monte Carlo
- Conversion possible either way
- Compression method available either way
- MC very flexible, Hessian very efficient

= PDF validation: the closure test
- Performed in the MC approach (so far)
- Interpolation and functional uncertainties significant



