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PDF DETERMINATION

DATA — PARTON DISTRIBUTIONS
Experimental data in NNPDF4.0
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ISSUES:

e PROBABILITY IN THE SPACE OF FUNCTIONS: HOW TO REPRESENT IT?
e UNCERTAINTY ON FUNCTIONS: HOW TO AVOID POLYNOMIAL REGRESSION?



INVERSE PROBLEMS



BAYESIAN INFERENCE

inverse problems

data space model space

Bayes theorem

p(flA) < p(Alf)p(f)

OBSERVE DATA z (E.G. Z CROSS-SECTION), WITH UNCERTAINTIES = COVMAT C',

DATA DEPEND ON MODEL (E.G. GLUON PDF) f THROUGH FUNCTION G( f), WITH PRIOR
PROBABILITY IN SPACE OF MODELS = COVMAT C;

THEORY PREDICTIONS ¢t = G(f), POSSIBLY SHIFTED BY THEORY ERROR => COVMAT C}

LINEARIZATION AND SAMPLING: f = f;; t; = gz’j fj



GAUSSIAN REGRESSION

PRIOR PROBABILITIES

(PRIOR) PROBABILITY OF DATA TRUE VALUES 2z VS. OBSERVED VALUES 2z
0 1 2
70 (2]20,C:) ox exp (—1 (12 — 2012, )

(PRIOR) PROBABILITY OF TRUTH MODEL f VS CENTRAL ANSATZ fo
70 (f1f0,Cy) < exp (= (1f = fol?, )
(PRIOR) PROBABILITY OF TRUTH PREDICTION ¢ VS PREDICTION FROM TRUTH MODEL G( f):
mO(HG (1), Cr) o exp (=5 (It = G()IZ,)

MARGINALIZING THEORY UNCERTAINTIES
TRUE DATA = TRUE THEORY PREDICTION: §(t — 2)

PROBABILITY OF OBSERVED DATA z VS AVAILABLE THEORY PREDICTIONS g(f)
7(20|G(f), Crot) = [ dNtdN 26(t — 2)70 (2|20, Cz)ﬂ'g (t|G(f),Ct) x

exp (—% |ZO — Q(f)|2cz+ct)

THEORY AND EXP COVARIANCE MATRICES ADD: Ciot = C, + C}
NATURE IS IGNORANT OF PHYSICISTS' ERRORS

POSTERIOR MODEL PROBABILITY
PROBABILITY OF MODEL f VS OBSERVED DATA Zg

n(f) < exp (=4 20 = G(NIZ,,, = 31 = fol?,)



MAP ESTIMATION

e MAXIMUM A POSTERIORI PROBABILITY

1

1
f* = argmin (_5 |ZO - g(f)|20tot o 5 |f - f0|20f>

e FOR A LINEAR MAP z; = G;; f; = f+ GAUSSIANLY DISTRIBUTED

— WITH COVMAT C ™! = (QTCglg + Cf_1> & UNCERTAINTY
— CENTERED AT f =C (QTC; t20+CF Y fo) & BEST-FIT MODEL
PROBLEMS:

e MINIMIZATION? => NUMERICAL/ALGORITHMIC
e UNCERTAINTIES??



MONTE CARLO UNCERTAINTIES



THE MONTECARLO METHOD TO THE RESCUE

MONTECARLO COMPUTATION OF 7

0.4



MONTE CARLO COMBINATION
TWO DATA WITH UNCERTAINTY z; = p; & o5

2
SAMPLE OF DATA REPLICAS p'®) — 1y = <M§k)>2 oF = <(u§.k) — M) ).

MAP COMBINATION p{*), 1u$®) — (%)

u("“) REPLICA SAMPLE => REPRESENTATION OF MAP PROBABILITY i = &
2
= (a®); 5% = (B9 = 5)").

/J4i 64 9 T GZ '-9 /:‘ + ©
AN

1

AV
Q)

/- [T

(e) (2) - (o)

e rrTT 7

(m) - (m
% foo ==



MONTE CARLO REGRESSION
PROOF FOR GAUSSIAN CASE
MC REPLICAS

GENERATE REPLICAS z*) = 2y 4+ n'*), 7 DRAWN FROM GAUSSIAN CENTERED AT

ZERO WITH COVMAT C,
SO PROBABILITY OF DATA REPLICAS z VS OBSERVED DATA zg

70 (2120, C:) ox exp (— 1 |2 — 20/, )
MODEL REPLICAS
DETERMINE MAP SOLUTION ON A REPLICA-BY-REPLICA BASIS
k T ~—1,-\"1 T ~—1 T ~—1_(k
for® = (gTC1g) " (GTCT 20 + GTCT D)

DISTRIBUTION OF MC REPLICAS GAUSSIAN WITH THE SAME MEAN AND COVARIANCE
AS PREVIOUS MAP SOLUTION

~ covMAT C~' = (G"C;'G) < UNCERTAINTY
~ CENTERED AT f = C (G"C;'20) < BEST-FIT MODEL

COINCIDES WITH MAP ESTIMATE FOR FLAT PRIOR



MONTE CARLO REGRESSION
CHOOSE THE REGRESSOR (NEURAL NETWORKS)

MONTE CARLO REPRESENTATION

»

\ 4

»

A
\ 4

A
\ 4




MONTE CARLO REPRESENTATION
IMPORTANCE SAMPLING

PROBABILITY DISTRIBUTION SAMPLED DIRECTLY N
= ALL INSTANCES EQUALLY WEIGHTED (f) = + > ;. fi

CONTRAST TO A MODEL DEPENDING ON PARAMETERS 6; WITH
KNOWN PROBABILITY p(6;):

<f> — % Zi\;l f (Hi)p(‘gi) — % Zi\il f (9?1:?);
07 sampled with probability p(6;)
— IF p(6;) SMALL FOR SOME 6; = INEFFICIENCY
~ REDEFINE (f) = % .0, f(6:) Bg5q(0:) = & 212, f (6F) ZEZZ;
0 sampled with probability ¢(6;)
— OPTIMIZE CHOICE OF ¢(6;)

EQUAL WEIGHTING = OPTIMAL CHOICE



MONTE CARLO REPRESENTATION
REWEIGHTING

NEW INFORMATION FROM DATA Znew CAN BE ADDED USING BAYES' THEOREM:
P(f|znew) o< P(znew|f)P(f)

MONTECARLO SAMPLING BOTH SIDES = fiew = [fiowWk
Wy, SAMPLING OF P(znew|f)

WEIGHTS wi CAN BE COMPUTED FROM LIKELIHOOD OF DATA Zpew GIVEN OLD

MODEL ) L 5
(x3)2 Ve 2%k

WE — 1 .2 -
L —-1) — 2%
LN (x2)z2(""Dem 32X

EFFICIENCY LOSS: SHANNON ENTROPY = EFFECTIVE # OF REPLICAS
N
Ner = exp { % S0, we In(N/w) |



NEURAL NETWORKS



NN MODELING
THE PDFS

LOG SCALE LINEAR SCALE
gat 1.7 GeV gat 1.7 GeV
3.0 NNPDF4.0 1000 replicas (68 cl.+1ag) NNPDF4.0 1000 replicas (68 cl.+1a)
NNPDF4.0 (68 c.|.+1o0) 1.2 1 NNPDF4.0 (68 c.l.+1a)
2.5+
1.0
2.0+
0.8 1
% %
Q 1.5 1 a 0.6
1.0+ 0.4 A
05 0.2
0.0 1
10-° 10-4 10-3 1072 107! 10° 0.2 0.4 0.6 0.8
X X

e PDF POWERLIKE IN Inx; AS  — 1 = POWERLIKE IN 1 — x
e ALL PDFS DETERMINED AT ONCE



NEURAL NETWORKS
ARCHITECTURE

e HOW MANY INPUTS?

e HOW MANY INDEPENDENT NNS?

=2

sigmoid n®=5
sigmoid n®=3
linear n® =1

xg(x, Qp)

ONE NN PER PDF

sigmoid

sigmoid

linear

xZ(x, Q)

nh=2

n®=5
n® =3
n® =1

ONE SINGLE NN
X

ST

Inx

AN

n® =2

n® =38

ng 0,0y XZ(x,Qp)  xV(x,Qy)  xV3(x, Q)  xVy(x,Qp) xT3(x, Q)  xTy(x,Qp)  xTys(x, QoD

(xg(x, Q)

xu(x, Qp)

xit(x, Qp)

xd(x, Qp)

xd(x, Q)

xs(x, Qp)

x5(x, Qp)

xct(x, Q)




NEURAL NETWORKS
ACTIVATION FUNCTION

e LINEAR ACTIVATION = MULTILINEAR REGRESSION

e + NONLINEAR PROFILE = UNIVERSAL INTERPOL.

— sigmoid F(z) = 1+i—x

FSQ (&) = F (Z Wi, — 91) — arctan F(z) = 5 + L arctanz
j

0; =<0
x;, x>0

Lo sig mo id " ReLU

N o(z) :1_'_16_: . R(z) =maz(0, z)

~ RELU F(z) {

0.6

0.4

0.2

0.0
-10




PREPROCESSING
ACTIVATION FUNCTION BOUNDED — NO DIVERGENCE
LEADING BEHAVIOR DIVIDED OUT = FASTER CONVERGENCE
f(z) = 2*(1 — 2)’ NN(2)
EXPONENTS VARIED RANDOMLY FOR EACH REPLICA,
UNIFORM DISTRIBUTION IN FIXED RANGE
RANGE DETERMINED SELF-CONSISTENTLY

QUARK SINGLET EFFECTIVE EXPONENT df /dIn(1/x)
o for Z at 1.65 Gev

1.100 - MMPDF4.0 1000 replicas (68 cl.+1ag)

prev (NNPDF4.0 1000 replicas)
next (NNPDF4.0 1000 replicas)

1.095+ NNPDF4.0 (68 c.|.+ 1)
prev (NNPDF4.0)
1.090 - next (NNPDF4.0)

10°° 10~> 104 10~3
X

INEFFICIENT: NEED ITERATION,; POTENTIAL BIAS



FEATURE SCALING

INPUT NODE DISTRIBUTION

x DISTN In x DISTN ECDF DISTN
é 800 3 600 g 80
2 8 500 g
600 ]
% £ 400 g *0
"; 400 :'( 300 :
e ° o 401
é 2200 £
5 200 £ £ 201
g €100 g
0 0 0

0.0 0.2 0.4 0.6 0.8 1.0 -14 -12 -10 -8 -6 -4 -2 0 00 0.2 0.4 0.6 0.8 1.0
X log(x) eCDF(x)

RESCALE = UNIFORMLY DISTRIBUTED INPUT (ECDF+INTERPOLATION)
ECDF(z¢): FRACTION OF INPUT POINTS WITH =z < xg

— NO NEED FOR PREPROCESSING
— NO NEED FOR DOUBLE INPUT (LINEAR/LOG)

THE GLUON
DEFAULT (PREPROCESSED) VS FEATURE
DEFAULT (TWO INPUTS) VS. ONLY LINEAR SCALING
g at 1.651 GeV g at 1.65 GeV
3.0 L 3.0 9 1277 NNPDF4.0 (68% c.l.+10) oy
,’,/ ':\\ . Feature Scaling (68% c.l.+10) 4 = <I\
2.5 1 \‘\ta 4 \\\\\\\
Q-\Q.;\ \\‘Q
\ \
% 2.0 ‘-.‘ A \
on x
x >
1.5 1 x
el A \ \\
/' NNPDF4.0 (68% c.l.+10) \
) ' NNPDF4.0 w/o (x,logx) (68% c.l.+1a) \
0.5 r a T - ] L ! \
1073 10~¢ 103 102 1071 10°
X 10-2 10-1 100




NEURAL NETWORK TRAINING



GENETIC ALGORITHMS
e BASIC IDEA: RANDOM MUTATION OF THE NN PARAMETER
e SELECTION OF THE FITTEST

Genetic
Selection =
Algori_th]]‘ls l Generation 1 Generation 2 Generation 3
Initial population Mutations

(random sampling) and Cross-over

\ Goodness-of-fit

2 estimator)
Fit parameters: weights and l

Generation 4 Generation 5 Generation 6

thresholds of the ANNs

Stopping criterion? —

J

best-fit parameters



GRADIENT DESCENT

e BASIC IDEA: COMPUTE GRADIENT OF LOSS W.R. TO PARAMETERS
e SELECT DIRECTION OF DESCENT

i'l' ﬂ”‘l P - .!-1:"" s ety
by s g *r,jﬂm

I-



MINIMIZATION ALGORITHMS: DESIDERATA

FAST CONVERGENCE
DO NOT STOP ON LOCAL MINIMA
EXPLORE SPACE OF MINIMA (DEGENERATE CASE)

GENETIC ALGORITHMS

DIFFERENT EPOCHS; VARIABLE MUTATION RATE
REWEIGHTING DIFFERENT DATA CONTRIBUTIONS TO LOSS
NODAL MUTATION

COVARIANCE MATRIX ADAPTATION (CMA)

GRADIENT DESCENT
GLOROT NORMAL/UNIFORM INITALIZATION
ADAPTIVE GRADIENT / ADAPTIVE MOMENT
STOCHASTIC GD

BATCH GD
NAIVE GA vs. CMA GA (NAIVE) VS GD (ADADELTA)
d at 1.65 GeV d at 1.65 GeV
0.60 MMPOF40 OMAES {65% cL+1a) 0.60
577 MMPDFA0 NGA 8% cL+10)
0.55 0.55-
0.50 0.50-
ﬁ 0.45 % 0.45
0.40 0.404
0.35 0.35-

Fd NNPDF4.0 5G0 (6E% c.|.+1a)
HHNPDF4.0 NGA (BE% c.|.+1a)

103 i 103 102 10! 107 10-5 10-% 10-3 10-2 10-!

10°



THEORY



THEORY PREDICTIONS:

TASKS
SOLVE EVOLUTION EQUATIONS
CONVOLUTE WITH HARD CROSS-SECTIONS
ENFORCE (SUM RULES, INTEGRABILITY, POSITIVITY)

DESIDERATA
FAST EVALUATION
ANALYTIC GRADIENTS
= GRID-BASED APPROACH



THE THEORY PIPELINE

mg5

Vrap

/Instructions/

i v

/" Theory

/ Runcard

e

/ exp. data /;

Fitting Code

PrOgram

e PINEFARM: GRID INTERFACE TO MATRIX ELEMENT CODES

e EKO: EVOLUTION GRIDS

e PINEKO = FK TABLE: GRID FROM PDF TO OBSERVABLES
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