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LA SCOPERTA DEI BOSONI W E Z (1984)
“BIG SCIENCE” MA NON ANCORA BIG DATA
UAN 100 MEMBRI UAL: hggh. 6m, diam; 2.3m




LA SCOPERTA DEL BOSONE DI HIGGS (2012)
CMS N25OO MEMBRI g CMS: lungh 21m, diam. 15m

EVENTO: MIGLIAIA DI TRACCE
&ATLAS
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BIG DATA!

-4 -z -0 8 -6 4 2 0 2
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EXPERIMENT 2018

CIRCA 1 MILIARDO COLLISIONI/SEC; CIRCA 100 PETABYTE/ANNO



LHC: URTI PROTONI

Proton

Parton
(quark, gluon)

IL PROTONE NON E UNA PARTICELLA ELEMENTARE!



DENTRO IL PROTONE
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IL PROTONE NEL 1984...

EUROPEAN ORGANIZATION FOR NUCLEAR RESEARCH

CERN-EP/85-108 X )
11 July 1985 42 G. Altarelli et al. / Vector boson production
TABLE 2

Values (in nb) of the total cross sections for W * and Z° production

W PRODUCTION PROPERTIES AT THE CERN SPS COLLIDER

. WEEWS Wrews wriw- z0 0 g0 SWIEWT) o(WTH WD) o(WIr W)
UAI Collaboration, CERN, Geneva, Switzerland o(2°%) o(2% a(2%)
VS(Gev)  GHR Dol DO2  GHR DOl DO2 GHR Dol DO2
Aachen' - Amsterdam (NIKHEF)? - Annecy (LAPP)’ - Birmingham* - CERN -
Harvard® - Helsinki’ - Kiel® - London (Imperial College® and Queen Mary College'®)-Padua'’ - 383 :; 2; :1 ; :(3) :i : ; ;: ;;x ;i
Paris (Coll. de France)'?-Riverside!’ ~-Rome'* - Rutherford Appleton Lab."* - 1000 95 95 96 31 30 29 3 32 33
Saclay (CEN)'®-Victoria'” - Vienna'® - Wisconsin'® Collaboration 1300 125 125 129 40 39 39 31 32 33
1600 155 15.6 16.5 50 48 50 31 32 33
The corresponding experimental result for the 1984 data at Vs = 630 GeV is
(o:B)w = 0.63 £ 0.05(£0.09)nb.
This is in agreement with the theoretical expectation [14] of 0.47 *%%snb. We note that the 15%
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FIG. 25. Parton distributions of Gliick, Hoffmann, and Reya
(1982), at Q?=5 GeV: valence quark distribution
x[u,(x)+d,(x)] (dotted-dashed line), xG{x) (dashed line), and
g, (dotted line).

FIG. 27. “Soft-gluon™ (A=200 MeV) parton distributions of
Duke and Owens (1984) at Q=5 GeV?: valence quark distri-
bution x[u,(x)+d,(x}] (dotted-dashed line), xG(x) (dashed
line), and ¢,(x) (dotted line).



...E NEL 2000

DATASET CTEQ5 (1999)
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NNPDF (2002-2017)
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RAPPRESENTAZIONE MONTECARLO < DISTRIBUZIONE DI PROBABILITA



IL MONTECARLO FUNZIONALE

REPLICHE DI FUNZIONI <> PROBABILITA IN UNO SPAZIO DI FUNZIONI
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RETI NEURALI
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ALGORITMI GENETICI

e MUTAZIONE CASUALE DEI PARAMETRI DELLA RETE

e SELEZIONE DEL PIU ADATTO
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CONVALIDA INCROCIATA

e LA RETE NEURALE
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IPEROTTIMIZZAZIONE
CHI SCEGLIE LA METODOLOGIA?
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OVERFITTING

METODOLOGIA TROPPO AGGRESSIVA
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QUAL E LA METODOLOGIA OTTIMALE?
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K-FOLDING
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RISULTATI

15000 cICLI DI IPEROTTIMIZZAZIONE; 4 FOLDS
FINAL NNPDF4.0 SET-UP

AFTER HYPEROPTIMIZATION

UN’ARCHITETTURA TESTATA

tanh n® =30

sigmoid
@ —
sigmoid n' =42

sigmoid

linear o0 n® =8

%\\\

(e Q)  ¥E(rQ)  xVxQ)  xVi(x, Q) xVy(x Q) Ty(x,Qp) Ty, Q) xTis(x. Q)
(xg Q) xu(x, Q) xit(x, Q)  xd(x,Q)  xdx,Qy) ¥s(x,Qp)  x5xQp)  xc*(x,Qp))

PARAMETER VALUE
ARCHITECTURE 25-20-8

ACTIVATION HYPERBOLIC TANGENT
INITIALIZER glorot_normal
OPTIMIZER Nadam

CLIPNORM 6-10°

LEARNING RATE 2.6-103

MAX EPOCHS 17-103

STOPPING PATIENCE
INITIAL POSITIVITY A
INITIAL INTEGRABILITY \

10% OF MAX EPOCHS
185
10



xd(x)

IL PROTONE 2022

IL CODICE

AVERAGE FITTING TIME PER REPLICA AND USE OF RESOURCES
SAME DATASET FOR OLD AND NEW METHODOLOGIES IN CPU AND GPU
CPU: INTEL(R) CORE(TM) 17-4770 AT 3.40GHz; GPU: NVIDIA TITAN V

| NNPDF31 CODEBASE | NNPDF40 CODEBASE IN CPU | NNPDF40 CODEBASE IN GPU
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IMPATTO

fgf;ﬁl NNPDF Team @NNPDF Team - Apr 25
4 @gl A nice way to celebrate the 20th anniversary of the paper that started it all:
hep-phf0204232. #H2020 #EUfunded

lﬁl INSPIRE HEP @inspirehep - Apr 25
@NMNPDF Team's 2015 JHEP article
"Parton distributions for the LHC Run II"

inspirehep.net/literature/132...
reaches 3,000 citations.

H#Htopcites @SpringerPhysics
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IL "CHARM” DEL PROTONE

VECCHIA VS. NUOVA METODOLOGIA
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WHAT NEXT?

e REINFORCEMENT LEARNING
e IMPARARE LA DISTRIBUZIONE DI PROBABILITA
e ELEVATA PARALLELIZZAZIONE
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