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THE PROBLEM
GENERALIZATION
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Generalization [edit]
The difference between optimization and machine learning arises from the goal of generalization: while optimization algorithms can minimize the loss on a
training set, machine learning is concerned with minimizing the loss on unseen samples. Characterizing the generalization of various learning algorithms is

an active topic of current research, especially for deep learning algorithms.

e CAN WE TEST IT? = VALIDATION
e CAN WE UNDERSTAND IT? = EXPLANATION (XIML)



PDF/NNPDF RECAP SEQUENCE



THE FUNCTIONAL MONTE CARLO

REPLICA SAMPLE OF FUNCTIONS <= PROBABILITY DENSITY IN FUNCTION SPACE
KNOWLEDGE OF LIKELIHHOD SHAPE (FUNCTIONAL FORM) NOT NECESSARY
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FINAL PDF SET; fz.(“) (2, 1);

i =up, antiup, down, antidown, strange, antistrange, charm, gluon; 5 =1,2,... Ny¢p
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MINIMIZATION AND CROSS-VALIDATION

NEURAL NET PARAMETERS DETERMINED BY X2 MINIMIZATION THROUGH GRADIENT DESCENT

RANDOM TRAINING-VALIDATION SPLIT, X2 TO TRAINING DATA REPLICAS MINIMIZED

TRAINING STOPS IF VALIDATION x? GROWS FOR A WHILE (PATIENCE)

LOWEST VALIDATION X2 = OPTIMAL FIT
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FITTING THE METHODOLOGY

HYPEROPTIMIZATION

5
4
e o | Il Sl e e o s 3 ; :
3 ° : :
SRS
1Adam RMSprop Adadelta 103 1072 10! glorot_uniform glorot_normal 10000 20000 30000 40000 0.1 0.2 0.3 0.4 1.00 1.05 1.10 1 2 3 sigmoid tanh
optimizer learning rate initializer epochs stopping patience positivity multiplier number of layers activation function
HYPEROPT PARAMETERS
NEURAL NETWORK FIT OPTIONS
NUMBER OF LAYERS (¥) OPTIMIZER (¥)
SIZE OF EACH LAYER INITIAL LEARNING RATE (¥)
DROPOUT MAXIMUM NUMBER OF EPOCHS (*)
ACTIVATION FUNCTIONS (*) STOPPING PATIENCE (*)
INITIALIZATION FUNCTIONS (*) POSITIVITY MULTIPLIER (*)

e SCAN PARAMETER SPACE
e OPTIMIZE FIGURE OF MERIT: K-FOLDING LOSS




K-FOLDING

LGenem‘ce new hyperparameter configuration

|
‘ Fit to subset of folds

I
hyperopt l T ) l

folds 1,2,3 folds 1,2,4 folds 1,3,4 ’ folds 2,3,4
| | | |
X X3 X3 xi

e EACH FOLD REPRODUCES
FEATURES OF FULL DATASET

e LOSS: AVERAGE X2 OF NON-FITTED FOLDS

e OVERFITTING REMOVED =
CORRECT GENERALIZATION

0.08 -

0.06 -

0.02 -

0.00 1

Fold 1

CHORUS 0¥,

HERA I+1II inc NC etp 920 GeV

BCDMS p

LHCb Z 940 pb

ATLAS W, Z 7 TeV 2010

CMS Z pr 8 TeV (plf..yn)

DY E605 o}y

CMS Drell-Yan 2D 7 TeV 2011

CMS 3D dijets 8 TeV

ATLAS single-f y (normalised)

ATLAS single top Ry 7 TeV

CMIS 11 rapidity y¢;

CMS single top Ry 8 TeV,

Fold 2

HERA I+Il inc CC e™p

HERA I+II inc NC e*p 460 GeV

HERA comb. zr;‘id

NMC p

NuTeV o7

LHCb Z —ee 2 fb

CMS W asymmetry 840 pb

ATLAS Z pr 8 TeV (pll, My)

DO W — jw asymmetry

DY ES86 o}y

ATLAS direct photon 13 TeV'

ATLAS dijets 7 TeV, R=0.6

ATLAS single antitop y CMS oot CMS single top o7 + o7 7 TeV.
(normalised)
Fold 3
HERA I+11 inc CC ¢*p HERA T+ inc NC etp 575 GeV NMC d/p
NuTeV ¥ LHCb W, Z — i 7 TeV LHCb Z — e
ATLAS W, Z 7 TeV 2011 Central ATLAS W et 8 TeV ATLAS HM DY 7 TeV
selection
CMS W asymmetry 4.7 fb DYE 866 o}y, /oby CDF Z rapidity (new)
ATLAS o" ATLAS single top y (normalised) CMS off" 5 TeV

CMS ¢ double diff. (mg, yr)

Fold 4

CHORUS 0%

HERA I+IT inc NC e7p 820 GeV

LHCb — 11 8 TeV.

LHCb Z — upt

ATLAS W, Z 7 TeV 2011 Fwd

ATLAS W~ +jet 8 TeV

ATLAS low-mass DY 2011

ATLAS Z pr 8 TeV (p, yu)

CMS W rapidity 8 TeV

DO Z rapidity

CMS dijets 7 TeV’

ATLAS single top y, (normalised)

ATLAS single top Re 13 TeV

CMS single top R 13 TeV

sat 1.7 GeV

K-FOLDING VS NO K-FOLDING

all hyperparameters optimized
poor clipnorm
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UNCERTAINTIES 2016

GLUON SINGLET FLAVORS
Relative uncertainty for gg-luminosity Relative uncertainty for gqg-luminosity Relative uncertainty for ud-luminosity
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e TYPICAL UNCERTAINTIES IN DATA REGION: SINGLET ~ 3%, NONSINGLET ~ 5%

e DATA REGION: 10 < Mx <103 TEV, —2 Sy <2



UNCERTAINTIES 2022

Relative uncertainty for gg-luminosity Relative uncertainty for qg-luminosity Relative uncertainty for ud-luminosity
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e TYPICAL UNCERTAINTIES IN DATA REGION: SINGLET ~ 1%, NONSINGLET ~ 2 — 3%

e DATA REGION: 10 S Mx <3-10° TEV, -4 Sy <4



ONLINE VALIDATION.
OVERFITTING METRIC
RECOMPUTE VALIDATION X2, FOR ALL DATA REPLICAS

— KEEPING SAME TRAINING-VALIDATION SPLIT
— BUT DIFFERENT FLUCTUATED VALIDATION DATA

COMPUTE AVERAGE OVER REPLICAS <X2 ) &

val’

DETERMINE DIFFERENCE TO STANDARD VALIDATION X\2/al

OVERFITNESS: Ro = X2, — (x2./)

A%

NEGATIVE OVERFITNESS Ko = OVERFIT

CHARM PDF
OVERFIT (NO CLIPNORM) PROPER FIT (NNPDF4.0)
c at 1.65 GeV ¢ at 1.65 Gev
chipronm bugged Ik (65% cL+10] 0.0201 i NNPOFAD (68% c.| +10)
0.10
0.015 -
0.081 0.010 1
- D61 % 0.005
= —
o %
" 004 0.000 -
0.02 - —0.005 -
0.00 - —0.010 -
Y 7.1 I A —— -0.015 : ! . . .
10-% 10-* 10-2 10-2 10-1 100 107° 107 1073 1072 107t 10°

Ro = —0.024 £+ 0.012

X

Ro = —0.001 +0.013



0.40
0.35 1
0.30 1
0.25 1
0.20 A
0.15 A
0.10 1

0.05 A

0.00

OFFLINE VALIDATION:
CLOSURE TESTS

FAITHFUL UNCERTAINTIES IN DATA REGION?

ASSUME “TRUE” UNDERLYING PDF = E.G. SOME RANDOM PDF REPLICA

GENERATE DATA DISTRIBUTED ACCORDING TO EXPERIMENTAL COVARIANCE MATRIX

RUN WHOLE METHDOLOGY ON THESE DATA

DO STATISTICS ON “RUNS OF THE UNIVERSE”, POSSIBLE THANKS TO EFFICIENT METHDOLOGY:

COMPARE TO TRUE VALUES OF OBSERVABLES (NOT FITTED)

— BIAS/VARIANCE: MEAN SQUARE DEVIATION WR TO TRUTH VS UNCERTAINTY

— IS TRUTH WITHIN ONE SIGMA 68% OF TIMES?

RESULTS
deviation from truth

ST R \/bias/variance gio™)

Dataset
DY 0.994+0.08 0.69 £0.02
Top-pair 0.75£0.06 0.7540.03
Jets 1.14 +£0.05 0.63 £ 0.03
Dijets 0.99 £0.07 0.70£0.03
Direct photon 0.71 £0.06 0.8140.03
| | | | | Single top 0.87+£0.07 0.69 £0.04
- 2 0 2 ‘ Total 1.03+0.05 0.68 £ 0.02

Difference to underlying prediction




UNCERTAINTIES: TYPE AND SIZE
CLOSURE TEST RESULTS (NNPDF4.0)

LEVEL O %2 VS TRAINING

n3fit: chi2 vs epoch number

e LEVEL O (TRUTH DATA) = x? ~ 0, YET UNCERTAINTY

NONZERO

—> NEURAL NETS < MANY FUNCTIONAL FORMS o

e LEVEL 1 (RUNS OF UNIVERSE) = REPLICAS ALL FITTED TO
SAME DATA,

YET UNCERTAINTY NONZERO

=> DITTO
e LEVEL O, 1 AND 2 UNCERTAINTIES COMPARABLE IN SIZE

LEVEL O/1/2 UNCERTAINTIES

ANTIDOWN GLUON
dbar at 1.65 GeV

1.20 - g at 1.65 GeV

1.20

1.15 1.15 4

1.10 A 1.10 -

1.054 - 1.05 4

1.00 { 1.00 -

0.95 A 0.95 4

0.90 - 0.90 1

0.85 0.85 1

0.80 -

0.80 T T T 1 .
10~ 107 1073 1072 107t 10°



THE MC DISTRIBUTION:
UNCERTAINTIES



DISTRIBUTION QF RESULTS
HOW DOES IT LOOK LIKE?

e PLOT RESULTS IN (0f,0z) PREDICTION SPACE =- GAUSSIAN!
e DISTRIBUTION OF REPLICAS = OPTIMAL IMPORTANCE SAMPLING

1020 .
10151
10101

= 1005

2

£1000;

995

990

985

980-

32,50 32.75 33.00 33.25 33.50 33.75 34.00 34.25
oy [pbl

- NNPDF4.0

DISTRIBUTION OF REPLICAS DRIVEN BY
e DATA UNCERTAINTIES — DATA REPLICA FLUCTUATION

o INTERPOLATION, EXTRAPOLATION AND FUNCTIONAL UNCERTAINTIES
— BEST FIT DEGENERACY



EXPLANATION
THE REPLICA DISTRIBUTION

e REPLICA FLUCTUATION = DATA UNCERTAINTIES

e NO REPLICA FLUCTUATION = FIT DEGENERACY

10201 .
1010
N
© 1000
990-
980l . . . . . . | |
32.50 32.75 33.00 33.25 33.50 33.75 34.00 34.25
OH
« NNPDF4.0

« fits to central data
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9901

9851, ‘ ‘ ‘ ‘ ‘ ‘ ‘
32.6 32.8 33.0 33.2 33.4 33.6 33.8 34.0

EXPLANATION

THE REPLICA DISTRIBUTION

ARE ALL FITS EQUALLY GOOD?

training 2"

\gs..«w .,;-:,

%&?

oy [pb]

2.45
2.40
2.35

2.30

2.25%,

2.20
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2.05

validation x2"
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e COMPARE TRAINING AND VALIDATION X2 FOR EACH REPLICA

e NO CORRELATION BETWEEN FIT QUALITY AND POSITION IN THE (0 H,O Z) PLANE

e UNIFORM FIT QUALITY



METRICS IN REPLICA SPACE



THE REPLICA DISTRIBUTION
COMPARISON TO CENTRAL DATA

e EACH PDF REPLICA FITTED TO A DATA REPLICA
e FIT QUALITY TO CENTRAL DATA STATISTICALLY DISTRIBUTED

1000 rREPLICAS VS, 3000 REPLICAS

Distribution of x2“

175 - —— x2*“ NNPDF40, 3000 replicas

—— x2“? NNPDF40
[ NNPDF40, 3000 replicas
[ ] . NNPDF40

-
.
S
o/ I |
T
- 1

150 1

125 {

100 -

Nreplicas

75 A

[ ]

5700 5750 5800 5850 5900 5950 6000

25 1

e AVERAGE BEST FIT PDF = LOW x~*

e NOT NECESSARILY LOWEST



THE REPLICA DISTRIBUTION
COMPARISON TO CENTRAL DATA

e ARE FITS WITH HIGH %2 TO CENTRAL DATA POOR (UNDERLEARNT)?

oy 1.29

,,. NNPDF40_nnlo_as_01180_1000

- 1.28
2.6 1

2.5 L 1.27

2.4
=5 - 1.26
2.3 -

%2 N validation
n
-

2.2 = - 1.25

2.1
1.24

2.0 + T .
2.0 2.2 2.4 2.6

¥4 My . training = 193

e NO CORRELATION BETWEEN X2 TO CENTRAL DATA AND TRAINING, VALIDATION X2
e UNIFORM FIT QUALITY

e DISPERSION DUE
— DATA REPLICA FLUCTUATION — DATA UNCERTAINTIES

— BEST FIT DEGENERACY
= INTERPOLATION, EXTRAPOLATION AND FUNCTIONAL UNCERTAINTIES



1020 A
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o

1000 -

995 A

990 A

985 -

REPLICA LOSS DISTRIBUTION

CORRELATION TO FEATURES

Collection of 10 best replicas

® 220719-jcm-3000replica ®
® 10 best
Best replica (]

324 32.6 32.8 33.0 33.2 334 33.6 33.8 34.0
OH

x? TO CENTRAL DATA

e CORRELATED TO POSITION IN (0f,0,) PLANE

e CORRELATED TO A

FEATURE?

1.34

1.32

1.30

1.28

1.26

1.24

X2/Ndat



EXPLANATION
LOOKING FOR FEATURES
REPLICAS WITH LOWEST & X* TO CENTRAL DATA

THE GLUON

.;.l:l | i =l

¥ WL
2.5
Z.0

1.5

xglE)

1.0

0.5 -

0.0 4

10-* 104 10-1 10-2 10-1 10°

e REPLICAS CLOSER TO CENTRAL DATA — MORE STRUCTURE

e CORRELATED TO A FEATURE?



EXPLANATION
THE PDF KINETIC ENERGY
REPLICAS WITH LOWEST & X? TO CENTRAL DATA

d 2
2
KE = \/1 + (dlnxmf(a:,Q ))

ARCLENGTH OF THE NN OUTPUT IN TERMS OF INPUT
THE GLUON

g
1.7 - ' bl

:: i

1.6

1.5 -

1.4 1

1.3 1

v 1+ gty

1.2 1

1.1 1

1.0

102 104 10-* 10-2 10-1 10"
X

e REPLICAS CLOSER TO CENTRAL DATA = MORE STRUCTURE
e HIGHER KINETIC ENERGY



GENERALIZATION



EXPLANATION

OVERLEARNING?

e INDUCE OVERLEARING: DOUBLE TRAINING LENGTH
THE OVERFIT METRIC

DEFAULT NNPDF4.0 OVERFIT VARIANT

NNPDF4.0 Overfitted: double training length
.

04
-0.06 -0.05 -0.04 -0.03 -0.02 -0.01 0.00 0.01

Ro
g at 1.7 GeV
30 T //’
2.5 A
7
2.0
ke’
)] 7
x >
1.5] -~
U
1.0
Vi
0.5 - 4 {77 NNPDF4.0 (68% c.l.+10)
' 24 {71 Overfitted: double training length (68% c.l.+10)
107 1074 1073 1072 1071 10°
X

e LOOK AT THE OUTPUT = MORE STRUCTURE IN GLUON



EXPLANATION
A PARADOX?
e BEST FIT TO CENTRAL DATA CORRELATED TO HIGH ARCLENGTH
e HIGH ARCLENGTH CORRELATED TO OVERLEARNING

e TRAINING /VALIDATION LOSS

UNCORRELATED TO QUALITY OF FIT TO CENTRAL DATA



EXPLANATION

GENERALIZATION!

e OVERFITTING CAN MEAN POOR GENERALIZATION

e KEPT IN CHECK BY K-FOLDING (NOT CROSS-VALIDATION)

e LOOK AT BEST Y” TO FITTED VS. EXCLUDED FOLDS
THE GLUON

FITTED FOLDS EXCLUDED FOLD

— Best
3.0 = — Worst

3.0

2.5

2.0

1.54

xglx)

1.0

0.5

0.0

=054 T

T T T T T T
10— 1074 107 1072 10! 10°

107 1074 103 -2 10t 10f

e BEST VS WORST REVERSED

e HIGH K.E. SOLUTIONS DO NOT GENERALIZE



THE FUTURE



WHY ML?

e MULTIDIMENSIONAL REGRESSION
e UNCERTAINTY CONTROL

o EXPLAINABILITY

o GENERALIZATION
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EIC AND MACHINE LEARNING

Artificial Intelligence for the Electron lIon Collider (AI4EIC)

C. Allaire®l, R. Ammendola®!, E.-C. Aschenauer’l, M. Balandat®/l, M.
Battaglieri®f, J. Bernauer*“S, M. Bondi”/l, N. Branson®“/l, T. Britton™/!, A.
Butter”!l, I. Chahrour”, P. Chatagnon®, E. Cisbani”, E. W. Cline", S.
Dash”S, C. Dean”l, W. Deconinck™§, A. Deshpande’', M. Diefenthaler®§l R.
Ent”l, C. Fanelli*=*#" M. Finger". M. Finger, Jr.". E. Fol’l. S. Furletov”!l Y.
Gao’, J. Giroux"7Itt N, C. Gunawardhana Waduge”, R. Harish"*, O.
Hassan**, P. L. Hegde'. R. J. Herndndez-Pinto”. A. Hiller Blin“!. T.
Horn“* J. Huang'l. D. Jayakodige=*, B. Joo"!, M. Junaid”. P. Karande®, B.
Kriesten®, R. Kunnawalkam Elayavalli“l. M. Lin’, F. Liu"l, 8. Liuti*l, G.
Matousek'”, M. McEneaney"!. D. McSpadden™t. T. Menzo*!. T. Miceli*l. V.
Mikuni®l. R. Montgomery™$. B. Nachman”§l. R. R. Nair*“, J. Niestroy”, S. A.
Ochoa Oregon”, J. Oleniacz”, J. D. Osborn®, C. Paudel”, C. Pecar*!, C.
Peng'l, G. N. Perdue$, W. Phelps" !, M. L. Purschke’, K. Rajput”Ift Y.
Ren*8l D. F. Renteria-Estrada’. D. Richford:, B. J. Roy"* D. Roy", N.
Sato”l, T. Satogata®*!, G. Sborlini**, M. Schram=%, D. Shih*/l J. Singh", R.
Singh'’, A. Siodmok®, P. Stone™, J. Stevens™, L. Suarez”, K. Suresh”, A.-N.
Tawfik”, F. Torales Acosta”!, N. Tran"!, R. Trotta"”, F. J. Twagirayezu”, R.
Tyson™, S. Volkova"!l, A. Vossen™"§, E. Walter'''!, D. Whiteson"!l, M.
Williams*/, 8. Wu” and N. Zachariou” and P. Zurita'*$

PDF's: COLLINEAR AND GPDs
MONTE CARLO EVENT GENERATORS
DETECTOR SIMULATION
CROSS-SECTION INFERENCE

HARDWARE

AND PARTICLE IDENTIFICATION

READOUT DATA AQUISITION
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QUALITATIVE BEHAVIOR: NLO vs. LO
LO INTEGRATED RESULT (HIGH MASS)

*\ cos 0™ Jga . dmyz daq
Afb(C080 )_ (14-cos2(0*)) 9s.q’ v 9A, S8 X f m,; 1 L

LO vs. NLO FOR M, = 5TeV

A,5(myz, 1)

CROSS-SECTION

FORWARD-BACKWARD ASYMMETRY

¥10-7 DY @ 14 TeV with m,; > 5 TeV DY @ 14 TeV with M,; > 5TeV
I ‘ : : 090 : : : :
S~ 1o — LO
NL NL ——
1.00 © ] 0151 0 ——
= — N —
= = > = —
- 0.75 L € 0.10 =
%‘é — i = —
< 0.50 o e = —
- - 0.05 =
0.25 - - -
0.00F
2.0 ‘ 2.0
3 3
&15 . &15
=< 1.0 | | | | | = 1.0 P — | | | | -
Y10 —0.5 0.0 05 1.0 ' 0.0 0.2 0.4 0.6 0.8 1.0

cos 6* cos 0*

e AT LO, A, o cos6, EFFECTIVE COUPLING DETERMINED BY PDF LUMINOSITY

e NLO K-FACTOR ALMOST O-INDEPENDENT




QUALITATIVE BEHAVIOR:

A, x La,q = fq(w1) fq(x2,) — fq(x2)fq(x1) = 5 (fq_(flfl)f;r(fvz) — fq_(xz)f;(l‘l,))

ff = fq £ fg: f~ — VALENCE: ft — SEA
TOY PDFS
off =27t (1 - @) £ (1 - 2)"]

CROSS-SECTION FORWARD-BACKWARD ASYMMETRY
<105 LO DY @ 14 TeV with my; > 5TeV LO DY @ 14 TeV with m,; > 5TeV
71 _bq:b,j:?) 1 0-3’_bq:bq:3
by =3,b="5 by =3,b5=>5
6 0.2 wevvees by = 5,b; = 3
— b5F . 0.1r
E %
2 41 §/ 0.0
@v <
3t —0.1F
| . . ] =02
1 S T o 1 _03 T T T s Racerreesrees
-1.0 —-0.5 0.0 0.5 1.0 0.0 0.2 0.4 0.6 0.8 1.0
cos 6* cos 0*

TOY: SIGN OF ASYM < SIGN OF VALENCE

GENERAL: SIGN OF ASYM < DROP OF VALENCE VS. SEA

fha) £ [fe(za)  fa(z)
fj(fm) N fq_(wl)} — sieh [fq(:cl) - fq(xl)], r1 > X2

sign [L 4 4] = sign

VALENCE DROPS FASTER = NEGATIVE ASYM

CANNOT HAVE NEGATIVE VALENCE, BUT FAST-DROPPING VALENCE ALLOWED



QUALITATIVE BEHAVIOR:
EXISTING PDF SETS

e DOMINANT CONTRIBUTION = up AND down QUARKS, ANTIQUARKS
e AS Z' MASS CHANGES, x RANGE CHANGES: ziz2 = %
BUT PDFS (LARGE x) CHANGE VERY LITTLE

x RANGES & PDF SETS
UP DOWN ANTIUP ANTIDOWN
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16
.20 0201 ABMP16 020
H == CT18
— P I T R ] MSHT20 —
20051 2015+ 20151
5 5 5
=010+ =010 = 0.10F
= = =
0.05 0.05 0.05
0.00F i . . . 000 i : 0.00
01 02 03 04 05 06 07 08 03 04 05 06 07 08 01 02 03 04 05 06 07 08 0.1 02 03 04 05 06 07 08
18 16 1.6
\
1.6 o LA
[
{ 12
14 [
5 \\ Z 10
Es 12+ — S5
= |-
t_ = 0.8
5510 — ook
08 = 0.8 E 04
7 02
0.6 B 0.6F T 2 E
Il Il Il Il L L Il Il Il Il 1 0.0
01 02 03 04 05 06 07 08 01 02 03 04 05 06 07 08
05
0.14 —— NNPDF4.0
e
0.12 04k ABMP16
— = CTI8 5
05+ 4
o~ = e MSHT20
= S 03F Soab i
=< 0.08 >~ =0
b = = osk &
= 0.06 S 02 = o
0.04 0.2 7
0.1
0.02 01F 4
0.00 L y y : Y 00T y y L x 0.0 v 0.0
01 02 03 04 05 06 07 08 01 02 03 05 06 07 08 01 02 03 04 05 06 07 08 0.8
r x T X

e M < 3 TEV = DATA REGION, ALL PDF SETS AGREE

o M Z 5 TEV = EXTRAPOLATION, NNPDF DISAGREES
— DIFFERENT CENTRAL VALUE
— LARGER UNCERTAINTY



CT, MSHT, ABMP PARAMETRIZATION: f(z) = (1 — x)” g(x); NNPDF NEURAL NETWORK

DEFINE EFFECTIVE EXPONENT [(x)

UpP

B4 for u at 5000 GeV

PDF BEHAVIOR:

WHAT’S GOING ON?

_ Oln|zf(z)|
Oln(l1—x)

EFFECTIVE EXPONENTS

DOWN

B, for d at 5000 GeV

7277 NNPDF4.0 (68% c.l.+10)
ABMP16 (68% c.l.)
CT18 (68% c.l.)
MSHT20 (68% c.l.)

101 10 1
{777 NNPDF4.0 (68% c.l.+10) T
ABMP16 (68% c.l.)
CT18 (68% c.l.)
8 MSHT20 (68% c.l.) 8
6 6
=1 el
& &
& &
4 B
24 2
0 . . . . : 0
0.2 0.3 0.4 0.5 0.6 0.7 0.2
X
B, for U at 5000 GeV
20.0 20.0
7771 NNPDF4.0 (68% c.l.+10) —
175 ABMP16 (68% c.l.) 175
CT18 (68% c.l.)
0,
15.0 MSHT20 (68% c.l.) 150

0.3 0.4 0.5 0.6 0.7
X

ANTIDOWN

B, for d at 5000 GeV

i NNPDF4.0 (68% c.l.+10)
ABMP16 (68% c.l.)
CT18 (68% c.l.)

MSHT20 (68% c.l.)

CT, MSHT, ABMP: LARGE x (3 APPROX.

CONSTANT

NNPDF: B NOT FIXED BY PARAMETRIZATION

03 0.4 05 06 07



WHAT’S GOING ON?
THE EFFECTIVE COUPLING

£\ cos 0* gA .
RECALL Ag,(cos0*) = (TTcos2(07)) 95 ¢/
COUPLING
< 10 R T T ————
] RS S T s
2
A
= 05 - .
= B
< =
= =
@ 00... NNPDF4O ..............................................
l ~== ABMPI16
o= IRt 1
S| = MSHT20
I I | | |
1 2 3 4 5

mZ—nin) (TeV)

e AS SCALE INCREASES, LARGER x PROBED

dm,; d
07 dxq _
ga,s o [ oy La,s(myz,x1)
ABSOLUTE UNCERTAINTY
—— NNPDF4.0
0-207 ___ ABMPI6 |
—.— (CT18
015 === MSHT?20 A
0.10
0.05
| | | |
0.00 5 . T
(mi%) (Te)

e CT, MSHT, ABMP: COUPLING APPROX. SCALE INDEP.

e NNPDF: COUPLING DEPENDS ON SCALE, LARGER UNCERTAINTY



PDF uncertainty [%)

Pull [o]

THE FORWARD-BACKWARD ASYMMETRY

ANGULAR DISTRIBUTION

Mz > 3 TEV

FORWARD-BACKWARD ASYMMETRY
DY @ 14 TeV with m,; > 3000 GeV

«10~5 DY @ 14 TeV with m,; > 3000 GeV
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_ 04}
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Mz > 3 TEV: DATA REGION, ALL PDF SETS AGREE



THE FORWARD-BACKWARD ASYMMETRY

My > 5TEV
ANGULAR DISTRIBUTION FORWARD-BACKWARD ASYMMETRY
«10~7 DY @ 14TeV with m,; > 5000 GeV DY @ 14TeV with m,; > 5000 GeV
2+ . ;
7 =
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o My > 3 TEV: DATA REGION, ALL PDF SETS AGREE

o M YA Z 5 TEV
— CT, MSHT, ABMP = ASYMMETRY UNCHANGED WITH INCREASING SCALE
— NNPDF = ASYMMETRY DISAPPEARS AS SCALE INCREASES



PDFs: THE STATE OF THE ART (NNPDF4.0, 2021)
NNPDF4.0 NNLO Q= 3.2 GeV

21 9/10
Sy
dy
=t S
0.6 A ole: u
~~ d
/! C

1.0 -

0.8 -

0.4

0.2 1

e A SET OF PROBABILITY DISTRIBUTIONS OF PROBABILITY DISTRIBUTIONS
e FULL (INFINITE DIMENSIONAL) COVARIANCE MATRIX
e MUST BE DETERMINED FROM FINITE SET OF DISCRETE DATA



UNCERTAINTIES: STATE OF THE ART (NNPDF4.0, 2021)

Relative uncertainty for gg-luminosity Relative uncertainty for qg-luminosity Relative uncertainty for ud-luminosity
NNPDF4.0 (NNLO) - v's = 14000.0 GeV NNPDF4.0 (NNLO) - v's = 14000.0 GeV NNPDF4.0 (NNLO) - V'S =14000.0 GeV
10% 4 50 10% 4 50 50
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s 5 o = 5 o = 5 9]
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10t 1 1
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y y y
Relative uncertainty for gg-luminosity Relative uncertainty for qg-luminosity Relative uncertainty for da-luminosity
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e TYPICAL UNCERTAINTIES IN DATA REGION: SINGLET ~ 1%, NONSINGLET ~ 2 — 3%

e DATA REGION: 10 S Mx <3-10° TEV, -4 Sy <4



UNCERTAINTIES: STATE OF THE ART (NNPDF4.0, 2021)

Higgs, W, Z production

| LHC 14 TeV, 20

Precision PDFs (Snowmass 21 WP) [2203.13923Vv2]

& NNPDF3.1
©ABMP16 | 5607
& ATLASpdf21 | [
¢ PDFALHC15 | 540~
% PDFALHC21 | [

o CT18
I © MSHT20
620~ & NNPDFEF3.1
[ < ABMP16
| # ATLASpdf21
600- <€ PDF4LHCI15
'—EJ # PDFALHC21
o 3 ¢ NNPDF4.0
bE 580? '

640? wwwwwwwwwwwwwwwwwwwwwwwwwwwwwwwww L

Tevatron 1.96 TeV, 20 |

© NNPDF4.0

750

800

oz [pb]

850 900

45

oz [pb]

46 47 48

DATA REGION: NNPDF4.0 UNCERTAINTIES = SMALLER

THAN OTHER PDF SETS

BACKWARD CONSISTENT WITH NNPDF3.1



UNCERTAINTIES: STATE OF THE ART (NNPDF4.0, 2021)

Z’ production

RAPIDITY DISTRIBUTION

6 i i

X 10_7.

DY @ 14 TeV with M,; > 5TeV

PDF uncertainty [%]

Pull [0]
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PDF uncertainty [%)
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EXTRAPOLATION REGION: NNPDF4.0 UNCERTAINTIES = LARGER

THAN OTHER PDF SETS
UNBIASED PDF BEHAVIOR



UNCERTAINTY ESTIMATION



THE PDF UNCERTAINTY PROBLEM:
THE HERA-LHC BENCHMARK (2005)

e RESTRICTED AND VERY CONSISTENT DATASET USED
e RESULTS COMPARED TO THEN-BEST RESULT FROM FULL DATASET

BENCHMARK VS DEFAULT GLUON

25

MRSTbench

MRST2001

xg(x,Q’=20) 5

L
4 3 2 -1
10 10 10 X10

“...the partons extracted using a very limited data set are completely incompatible, even
allowing for the uncertainties, with those obtained from a global fit with an identical
treatment of errors... The comparison illustrates the problems in determining the true
uncertainty on parton distributions.” (R.Thorne, HERALHC, 2005)



THE PDF UNCERTAINTY PROBLEM:
THE PRE-ML APPROACH
CT18 vs. CT14:pPARTON LUMINOSITY UNCERTAINTIES

GLUON-GLUON QUARK-QUARK
1 ng at Ecm=I14,0TeV, 90%C.L., !y|<5,0 12— qu at Ecm=I14.OTeV, 90%C.L., I|y|<5.0
1 CT18NNLO DN 1 CT18NNLO
L2 2 CT14HERA2NNLO

" CTI4HERA2NNLO /i
== CT18ZNNLO A3

=y CT18ZNNLO

Error Bands
[EEN
o

Error Bands
[N
o

0.9

08 1 . > L 3 08 1 1
10 10 10 e 2 3
Mx [GeV] 10 10% 1x (Gev] 10

MORE DATA = BIGGER UNCERTAINTIES (?!)
PARTON PARAMETRIZATIONS

e CTEQ5 2002: zg(z, Q%) = Apgz?1(1 — x)?2(1 + Azz™4)
e MRST-HERALHC 2005: zg(z, Q%) = Ayx°9 (1 — x)"9 (1 + €,2°5 + vy 2) + Ag/xég’ (1 —x)"9

e CTI8: g(z,Q = Qo) = 1711 — 2)*% [a3(1 — y)® + aa3y(1 — v)? + a53y(1 — y) + ¥°];
Yy = \/E; as = (3—|—2a1)/3.



PDF UNCERTAINTIES AND NEW PHYSICS

I
2

e DISCREPANCY BETWEEN QCD CALCULATION  £=|! -
AND CDF JET DATA (1995) Sk PN T Vou

e EVIDENCE FOR QUARK COMPOSITENESS? R |

e RESULT STRONGLY DEPENDS +M ,,,,,,,,,,,
ON GLUON AT z > 0.1 R SRR -

e PDF MUST VANISH AT = = 0, I - 1
BUT (THEN) NO DATA FOR z > 0.05! y/ ) ////////// /

/////////////////////////////////////////////////////// /

0 100 150 200 250 300 350 400 450
Jet Transverse Energy (GeV)

DISCREPANCY REMOVED IF JET DATA USED FOR GLUON DETERMINATION
NEW CTEQ GLUON (1998)

| Comparison of CDF and DO inclusive jet do / dpt
14 | Data / NLO-QCD (CTEQ5HJ)

1.2_— l
: i{ I l I
| PR T {

08 1" ©  CDF*1.04
A Do *1.08

0.6 i (8 - 30 % systematic error not shown)
L l L L L L | L L s L | L L L L 1 L L L
100 200 300 400
P (GeV)

NOW: NO DATA FOR z > 0.5 = DISCOVERY (THRESHOLD) REGION!



EXTRAPOLATION AND THEORY BIAS

1995: THE RISE OF STRUCTURE FUNCTIONS AT HERA
FIRST HERA DATA VS OLDER DATA

&, Q=15 =25 @=35 Q=5 Q*=6.5
1.5 3 3 -
1 1 e -y, " HISTORICAL COMPILATION OF GLUON PDFs
0.5 \ii"#i . fﬂ'.‘ L \‘ L L 3 [ T T T T > T T 2 T T T T T
0 o vt cam o ond sl omt s o s o i s s s ok o - Gloun Distribution at Q" =10 GeV"  — EHLQ84 -
=85 =15 99 DuOw84 |
1.5 25 — MoTu90 _|
/l : KMRS90 -
8 CTQ2M
0.5 3 QQ L MRSA95
< oL — GRV94
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X

A. de Roeck, Cracow epiphany conf. 1996
e RISE OF F3 AT HERA CAME => SURPRIZE

e HINTED BY PRE-HERA DATA; VETOED BY THEORETICAL BIAS



THE NNPDF METHODOLOGY



PROTON STRUCTURE AS AN Al PROBLEM:

NNPDF F2p
proton structure function
single neural net backpropagation

NNPDF1.0
DIS-only PDFs
five neural nets

First structure fun
with neural networl

NNPDF nonsinglet
quark PDF
single neural net GA

NNPDF

NMNPDF2.0
global NLO PDFs
seven neural nets

NMNPDF2.3
first LHC data
nodal mutation GA

NMNFDF2.1
heavy quark mass

NNPDF2.3QED

NNPDF1.2
strange PDF added
six neural nets

photon PDF incl.

NNPDFE3.1
full LHC runl
charm parametrized

ht neural nets First Determination of Intrinsic C

NNPDF3.0

several LHC data

closure test validation
architecture independence

Succesful future test of N3FIT

First PDF sets with MHOU

2020

NNPDF3.1luxQED First K-folding fit
NLO QED+photon
NMNPDF4.0 ML PDFs
First Tensorflow PDF fit
hyperparameter tuning



THE FUNCTIONAL MONTE CARLO

REPLICA SAMPLE OF FUNCTIONS <= PROBABILITY DENSITY IN FUNCTION SPACE
KNOWLEDGE OF LIKELIHHOD SHAPE (FUNCTIONAL FORM) NOT NECESSARY

»

\ 4

»

A
4
FINAL PDF SET; fz.(“) (2, 1);

i =up, antiup, down, antidown, strange, antistrange, charm, gluon; 5 =1,2,... Ny¢p



OLD NNPDF (up TO 2021)

NEURAL NETWORKS
fi(x, Qg) =% (1 — 90)'873 NN (x,Inx)
Inx X Inx

x
N

n® =2

sigmoid n®=5 sigmoid

sigmoid n®=3 sigmoid

linear ‘ n® =1 linear ‘ n® =1

xg(x, Qo) x2(x, Q)

37 PARAMETERS x 8 PDFs

PREPROCESSING EXPONENTS RANDOMIZED REPLICA PER REPLICA,
RANGE DETERMINED SELF-CONSISTENTLY

GENETIC MINIMIZATION
NODAL MUTATION REPLACED POINT MUTATION
SINGLE EPOCH WITH NO REWEIGHTING UNLIKE PREVIOUS

OPTIMAL FIT
CROSS-VALIDATION WITH 50-50 TRAINING & VALIDATION FRACTIONS
LOOKBACK STOPPING REPLACED THRESHOLD ON DERIVATIVE



MACHINE LEARNING PDFs



;»/{

LEARNING THE METHODOLOGY
3PDF

THE NSFIT PROJECT MachmeLearnlng PDFs » QCD

HOW DO WE KNOW THAT THE METHODOLOGY IS THE BEST?
“ACCUMULATED WISDOM” INEFFICIENT AND SLOW

CHANGE OF PHILOSOPHY = DETERMINISTIC MINIMIZATION (GRADIENT DESCENT)
GO FOR THE ABSOLUTE MINIMUM, AND (HYPER)OPTIMIZE

Convolution

xgrid; >~

NN
| R Aty
xgridy > \ o | pdfi>FK; b O Xie
t
a / Tr/V1
; ﬁtbasw ﬂOl"m e T [ | split
/ N ™
X ridn O dfn" FKn > On \2;
8 /h‘l Preproc n P o

Integration

Xgrjdint
e PYTHON-BASED KERAS + TENSORFLOW FRAMEWORK

e EACH BLOCK INDEPENDENT LAYER

e CAN VARY ALL ASPECTS OF METHODOLOGY



THE NNPDF CODE STRUCTURE

e MODULAR PYTHON-BASED CODE

e HIGH DEGREE PARALLELIZATION & HARDWARE ACCELERATION

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 INCPU | NNPDF40 CODEBASE IN GPU

TIME

| 15.2 H.

38 £ 5 MIN. | 6.6 MIN.

RAM USE

| 1.5 GB |

6.1 GB

| NA

[ FK Tables

[ Hyperopt

[ Experimental Data

L

—P[ Compute x? J

Sto

p? )

el

| Optimisation

.| APFEL post-fit LHAPDF
| evolution selection grid



MINIMIZATION AND CROSS-VALIDATION

DATA REPLICAS = PDF REPLICAS
EACH PDF REPLICA: PREPROCESSED NEURAL NET
NEURAL NET = OBSERVABLES

RANDOM TRAINING-VALIDATION SPLIT, X2 TO TRAINING DATA REPLICAS MINIMIZED
TRAINING STOPS IF VALIDATION X2 GROWS FOR A WHILE (PATIENCE)

LOWEST VALIDATION X2 = OPTIMAL FIT

[ . J

{2y [f ;“n (z) )Jé[normalization] ] ® S

v (128 ) > 0 —| 7, | >0,

|

next training step ]

[cou.nter ++] [ counter > max END J

No

positivity fulfilled? J

Yes

N

3

X2 < best x?

Yes

4[ reset counter — best x% = Xim}




Loss

FITTING THE METHODOLOGY

L

1

HYPEROPTIMIZATION SCANS

.
. : .

. F
« ¢ 3

* & * 5 & s I

s s 2 % s
I

] -
£ 2 od s
¢ ¢ ¢ ¢ ¢ 2 3

§

Adam RMSprop  Adadelta 103 1072 107!  glorot_uniform glorot_normal 10000 20000 30000 40000

optimizer learning rate initializer epochs

HYPEROPT PARAMETERS

0.1 0.2 0.3 0.4

stopping patience

positivity multiplier number of layers

NEURAL NETWORK

FIT OPTIONS

NUMBER OF LAYERS (¥)
SIZE OF EACH LAYER
DROPOUT
ACTIVATION FUNCTIONS (*)
INITIALIZATION FUNCTIONS (¥*)

OPTIMIZER (¥)
INITIAL LEARNING RATE (*)
MAXIMUM NUMBER OF EPOCHS (*)
STOPPING PATIENCE (*)
POSITIVITY MULTIPLIER (*)

e SCAN PARAMETER SPACE

e OPTIMIZE FIGURE OF MERIT: VALIDATION X2

e BAYESIAN UPDATING

tanh

activation function



HYPEROPTIMIZATION: OVERFITTING
DOWN QUARK: HYPEROPTIMIZED VS. HAND-PICKED

datl.7 GeV
0.5 A

n3fit DIS overlearning maodel
MMNPDF 3.1 DIS only

0.4 7
0.3 1

0.2 1

xd(x)

0.1 7

0.0

_Ul_

_Uz_

0.2 0.4 0.6 0.8

® NOT HYPEROPTIMIZED: WIGGLES: FINITE SIZE =- WILL GO AWAY AS NV, rep GROWS

e N3FIT: WIGGLY PDFS < OVERFITTING = WILL NOT GO AWAY (xZ ..., < xZ.iq IV



WHAT HAPPENED?

OPTIMIZATION

—_— = e— e— e— e— e— e— e e = e e e e e e e e e e e e e e e e— — — — — — .

PDF fit optimization > low x

Quality control

\4

stable Xsm

CROSS-VALIDATION SELECTS THE OPTIMAL MINIMUM



WHAT HAPPENED?

HYPEROPTIMIZATION

Target
PDF fit optimization —— low y2, ..

Quality control

\

stable x2,

WE ARE MISSING A SELECTION CRITERION



HYPEROPTIMIZATION: OVERFITTING
DOWN QUARK: HYPEROPTIMIZED VS. HANDPICKED

datl.7 GeV
0.5 A

n3fit DIS overlearning model
NNPDF 3.1 DIS only

0.4 1
0.3 1

0.2 1

xd(x)

0.1 1

0.0 1

_Gl_

_Uz_

0.2 0.4 0.6 0.8

® HANDPICKED: WIGGLES: FINITE SIZE = WILL GO AWAY AS [V, rep GROWS

e N3FIT: WIGGLY PDFS < OVERFITTING = WILL NOT GO AWAY (xZ,., < XZ.5q IV

e CORRELATIONS BETWEEN TRAINING AND VALIDATION DATA



THE SOLUTION

TUNED HYPEROPTIMIZATION

Target

Quality | control

(
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

COMPARE TO A A TEST SET (NEW SET OF DATA PREVIOUSLY NOT USED AT ALL)
TESTS GENERALIZATION POWER



THE TEST SET METHOD

e COMPLETELY UNCORRELATED TEST SET
e OPTIMIZE ON WEIGHTED AVERAGE OF VALIDATION AND TEST

— NO OVERLEARNING

HYPEROPTIMIZED PDFS
DOWN QUARK

OVERFIT VS HANDPICKED

dat 1.7 GeV
0.5 1

0.4
0.3

0.2

xd(x)

0.17

0.0+

—0.1

—0.2 1

n3fit 0IS overlearning maodel
NNPDF 3.1 DIS only

0.2 0.4 0.6

e NO OVERFITTING
e COMPARED TO HANDPICKED

0.8

xd(x)

0.4 1

0.3 1

0.1 1

0.0 1

HYPEROPT VS HANDPICKED
dat 1.7 GeV

n3fit DIS only
NNPDF 3.1 DIS only

0.2

0.4

0.6

0.8

— MUCH GREATER STABILITY = FEWER REPLICAS FOR EQUAL ACCURACY
— UNCERTAINTIES SOMEWHAT REDUCED



K-FOLDING
THE BASIC IDEA:

e DIVIDE THE DATA INTO n REPRESENTATIVE SUBSETS
EACH CONTAINING PROCESS TYPES, KINEMATIC RANGE OF FULL SET

e FIT n — 1 SETS AND USE n-TH SET AS TEST
= 1 VALUES OF X{og. i

e HYPEROPTIMIZE ON NON FITTED X2, ;
— GOOD & STABLE GENERALIZATION

FOLDED PDFs

DOWN QUARK
TEST-SET HYPER VS HANDPICKED K-FOLD HYPER VS. TEST-SET HYPER
dat 1.7 GeV dat 1.7 GeV

n3fit DIS only Curren t Fit
NNPDF 3.1 DIS only Reference Fit

0.4+ 0.4 -

0.37 0.3

d(
=)
N
xd(x)
o
N

0.1 1

0.0 1

0.2 0.4 0.6 0.8 0.2 0.4 0.6 0.8



K-FOLDING IMPLEMENTATION

\I

| Generate new hyperparameter configuration

|
Fit to subset of folds

hyperopt l

| |

!

folds 1,2,3

folds 1,2,4 folds 1,3,4

folds 2,3,4 ’

Xi

X3

e EACH FOLD REPRODUCES FEATURES OF FULL DATASET
e DIFFERENT CHOICES POSSIBLE FOR LOSS (NON-FITTED)

— BEST WORST
— BEST AVERAGE

e RESULTS STABLE

Fold 1

CHORUS 0¥

HERA I+II inc NC etp 920 GeV

BCDMS p

LHCb Z 940 pb

ATLAS W, Z 7 TeV 2010

CMS Z pr 8 TeV (%, yu)

DY E605 o}y

CMS Drell-Yan 2D 7 TeV 2011

CMS 3D dijets 8 TeV/

ATLAS single-Z y (normalised)

ATLAS single top R 7 TeV

CMS ¢F rapidity y,z

CMS single top R; 8 TeV

Fold 2

HERA I+IT inc CC e p

HERA T+ inc NC e*p 460 GeV

7 red
HERA comb. o}

NMC p

NuTeV ¥

LHCb Z — ee 2 fb

CMS W asymmetry 840 pb

ATLAS Z pr 8 TeV (pl, My)

DO W — p asymmetry

DY E886 ob,

ATLAS direct photon 13 TeV

ATLAS dijets 7 TeV, R=0.6

ATLAS single antitop y
(normalised)

CMS otot

CMS single top o¢ + o7 7 TeV

Fold 3

HERA I+11 inc CC e*p

HERA I+1I inc NC etp 575 GeV

NMC d/p

NuTeV ¥

LHCb W, Z — pu 7 TeV.

LHCb Z — ee

ATLAS W, Z 7 TeV 2011 Central
selection

ATLAS W+ +jet 8 TeV

ATLAS HM DY 7 TeV,

CMS W asymmetry 4.7 fb

DYE 866 off /b

CDF Z rapidity (new)

ATLAS 01"

ATLAS single top y¢ (normalised)

CMS 0" 5 TeV

CMS tE double diff. (my7, ye)

Fold 4

CHORUS 0%,

HERA I+I1 inc NC e™p 820 GeV.

LHCb W, Z — pu 8 TeV.

LHCb Z — pp

ATLAS W, Z 7 TeV 2011 Fwd

ATLAS W™ +jet 8 TeV,

ATLAS low-mass DY 2011

ATLAS Z pp 8 TeV (plk, yu)

CMS W rapidity 8 TeV

DO Z rapidity

CMS dijets 7 TeV

ATLAS single top y; (normalised)

ATLAS single top Ry 13 TeV

CMS single top Ry 13 TeV'

xs(x)

xg(x)

NO K-FOLDING

sat 1.7 GeV
all hyperparameters optimized
0.08 poor clipnorm
0.06
0.04
0.02
0.00
0.2 0.4 0.6 0.8

K-FOLDING VARIATION

gat1l.7 GeV
average (68 c.+10)
i max (68 c.+10)

2.5
2.0
15
1.0
0.5

1075 1074 1073 1072 107! 10°




THE ML METHODOLOGY

HYPEROPTIMIZED PARAMETERS

Parameter NNPDF4.0 L asin Eq. (3.21) | Flavour basis Eq. (3.2)
Architecture 25-20-8 70-50-8 7-26-27-8

Activation function hyperbolic tangent | hyperbolic tangent | sigmoid

Initializer glorot_normal glorot_uniform glorot normal
Optimizer Nadam Adadelta Nadam

Clipnorm 6.0x1076 52x1072 2.3%x107°

Learning rate 2.6x1073 2.5%1071 2.6x1073

Maximum # epochs 17x103 45x10° 45%10°

Stopping patience
Initial positivity APos)

Initial integrability A1)

10% of max epochs
185
10

12% of max epochs
106
10

16% of max epochs
2
10

i

NN ARCHITECTURE

x Inx nh =2
e o
n® =25
n® =20
n® =38

TN

(0. Q)

XZ(x, Qp) xV(x,Qp)  xV3(x,Qp)  xVi(x,Qp) xT3(x,Qp) xTy(x,0Qp)  xT5(x, QO))

(g(x, Q)

xu(x,Qy)  xi(x, Qy) xd(x,Qp)  xd(x, Qp  xs(x,Qp)  x5(x, Qp) xct(x, QOD

e HYPEROPT ADAPTS TO EXTERNAL CHOICES (E.G. PARAMETRIZATION BASIS)

e SIMILAR RESULTS CAN BE OBTAINED WITH RATHER DIFFERENT SETTINGS
e ~ 800 FREE PARAMETERS



VALIDATION
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0.35 A

0.30 1
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0.15 A
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0.00

CLOSURE TESTS

FAITHFUL UNCERTAINTIES IN DATA REGION?

ASSUME “TRUE” UNDERLYING PDF = E.G. SOME RANDOM PDF REPLICA

GENERATE DATA DISTRIBUTED ACCORDING TO EXPERIMENTAL COVARIANCE MATRIX

RUN WHOLE METHDOLOGY ON THESE DATA

DO STATISTICS ON “RUNS OF THE UNIVERSE”, POSSIBLE THANKS TO EFFICIENT METHDOLOGY:

COMPARE TO TRUE PDFS, OR TO TRUE VALUES OF OBSERVABLES (NOT FITTED)
— BIAS/VARIANCE: MEAN SQUARE DEVIATION WR TO TRUTH VS UNCERTAINTY

— IS TRUTH WITHIN ONE SIGMA 68% OF TIMES?

RESULTS
deviation from truth

= e \/bias/variance joat)

Dataset
DY 0.99+£0.08 0.69=+0.02
Top-pair 0.75£0.06 0.7540.03
Jets 1.14 £0.05 0.63 +£0.03
Dijets 0.99+0.07 0.70 £ 0.03
Direct photon 0.71£0.06 0.8140.03
| | | | | Single top 0.874+0.07 0.69£0.04
- 2 0 2 N Total 1.03 £0.05 0.68 £0.02

Difference to underlying prediction




FUTURE TESTS
FAITHFUL UNCERTAINTIES IN EXTRAPOLATION?

e DETERMINE PDFS FROM A SUBSET OF CURRENT DATA: “PRE-HERA”, “PRE-LHC”,. ..

e COMPUTE X2 TO THE FULL CURRENT DATASET:

— WITHOUT PDF UNCERTAINTIES => IF > 1, MISSING INFORMATION
— WITH PDF UNCERTAINTY = IF ~ 1, MISSING INFO REPRODUCED BY UNCERTAINTY

x2 wiTHoOUT/wITH PDF UNC.

VALENCE: PRE-HERA VS

PRE-LHC vs NNPDF4.0 PROCESS | PRE-HERA | PRE-LHC | 3.1-LKE | 4.0-GLOB
FT DIS (NC) | 1.04 | 1.17 | 1.17 | 1.26
O . | FTDIS (CC) | o8 | o8 | 08 | 090
\‘\,
Lok RN 4| FTDY | 0.93 | 1.27 | 1.43 | 1.59
= s
o ARG HERA | 24.01/1.12 | 122 | 121 | 121
10 S
S\ ~— =Tl CoLL. DY (TEv.) | 5.31/1.08 | 096 | 0.95 | 113
0.8 ‘I CoLL. DY (LHC) | 15.50/1.37 | 2.64/1.54 | 1.39 | 154
!L TOP QUARK | 23.35/1.08 | 1.29/0.86 | 0.82 | 098
0.6 :
11 | IIIII| I 11 I\I\II 1 I 1 \IIIII 11 | IIIH| 11 | I\Ill JE’IS | 6-18/1.21 | 3.66/1029 | 2.07/1.37 | 1.26
10-° 10~ 1073 102 107!
TOTAL | 9.70 | 1.44 | 1.22 | 117




e SUBSTANTIAL REDUCTION IN UNCERTAINTY

XZ(x)

Xu(x)

3.251
3.00
2.75 1
2.50 1
2.25 1
2.00 1
1.75 |

1.50

1.25

NNPDF4.0 vs. NNPDF3.1
e FULL BACKWARD COMPATIBILITY

SINGLET
Zat1.7 GeV

NNPDF3.1-like (68 c.l.+10)
< NNPDF4.0 (68 c.l.+10)

107>

0.7 1
0.6 1
0.51
0.4 1
0.31
0.2

0.14

0.0

10~ 10-3 102 10 10
X
up
uat 1.7 GeV

NNPDF3.1-like (68 c.l.+10)
“; NNPDF4.0 (68 c.l.+10)

02 0.4 0.6 0.8

GLUON
gat 1.7 GeV

NNPDF3.1-like (68 c.l.+10)
'\ NNPDF4.0 (68 c.l.+10)

0.16 1
0.14
0.12
0.10

X 0.081

% 0.06
0.04
0.02

0.00

02 0.4 0.6 0.8
X
ANTIDOWN
d at 1.7 GeV

7 NNPDF3.1-like (68 c.l.+10)
X NNPDF4.0 (68 c.l.+10)

02 0.4 0.6 0.8



DELIVERY



MONTECARLO COMPRESSION

CAN WE REDUCE THE NUMBER OF REPLICAS?
START WITH LARGE REPLICA SAMPLE

SELECT BY GENETIC ALGORITHM SUBSET OF REPLICAS = STATISTICAL FEATURES OPTIMIZED
TO PRIOR

MINIMIZE LOSS: DIFFERENCE OF MOMENTS, KLL DIVERGENCE, . ..
50 COMPRESSED REPLICA REPRODUCE 1000 REPLICA SET TO PRECENT ACCURACY

Correlations for NNPDF3.0 NLO Correlations for NNPDF3.0 NLO
Prior N, ,=1000 @ ¢=100 GeV Compressed N,..=50 @ @=100 GeV
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GAN ENHANCEMENT

CAN WE FURTHER REDUCE THE NUMBER OF COMPRESSED REPLICAS WITHOUT LOSS OF
INFORMATION? GENERATIVE ADVERSARIAL NETWORKS

I

TRUE PDF DISCRIMINATOR

(al,0%, - am) Vok 3 {log[D(a)] + logl1 — D(G(=))]} ﬁ

GENERATED
PDF

PREDICTED
LABELS

RANDOM GENERATOR
e Vom X logll — D(G())]
=

{21,22,"',Zm}

TUNING

e TRAIN A NETWORK TO SIMULATE THE TRUE DISTRIBUTION (GENERATOR)

e TRAIN A NETWORK TO DISCRIMINATE TRUTH FROM SIMULATION (DISCRIMINATOR)
e TRAIN THE GENERATOR TO TRICK THE DISCRIMINATOR



GAN ENHANCEMENT

e ENHANCE THE STARTING PDF SET BY ADDING GAN-PDFS TO IT
e PERFORM COMPRESSION OF THE ENHANCED SET
PERFORMANCE

0.19 COMPressor vs. pyCompressor performance
. 1

— Standard ERFs
—— Synth. Nc=70
Synth. Nc=90

0.18 Synth. Nc=100

0.17

I
I
I
1
I
1
I
I
I
|
I
| \
w |
o 1
L 1
1
0.16 :
I
I
I
0.15 : .
1
1
1
I
0.14 '
60 80 100 120 140 160 180 200

Size of Compressed Set

ENHANCED: NUMBER OF REPLICAS CUT IN HALF FOR SAME TARGET ACCURACY



NEW IDEAS



PREPROCESSING

PDF EQUAL TO PREPROCESSED NN: f; = 2%i (1 — 2)? NN (i, z, In x)

e PREPROCESSING EXPONENTS «;, ; VARIED RANDOMLY REPLICA BY REPLICA
RANGE OF VARIATION DETERMINED SELF-CONSISTENTLY

e PDF TAKES z, In & AS INPUTS

QUARK SINGLET EFFECTIVE o
o for Z at 1.65 Gev

1.125 1
1.120 -
1.115 1
(PN
E 1.110 4
g 1.105-
1.100 - MMPDF4.0 1000 replicas (68 c.l.+1a)
prev (NNPDF4.0 1000 replicas)
next (NNPDF4.0 1000 replicas)
1.0951 NNPDF4.0 (68 c.|.+10)
prev (NNPDF4.0)
1.090 4 next (NNPDF4.0)
10-° 10-> 10—4 10-3

e NEED TO ITERATE FITS

e POSSIBLE SOURCE OF BIAS?



FEATURE SCALING

INPUT NODE DISTRIBUTION

x DISTN In x DISTN ECDF DISTN
$ 800 m 600 g 80
3 8 500 3
%600 §400 _‘§GO~
S 400 % 300 5 401
€ 200 £2%0 €01
< € 100 2
0- 0 0
0.0 0.2 0.4 0.6 0.8 1.0 -14 -12 -10 -8 -6 -4 -2 0 0.0 0.2 0.4 0.6 0.8 1.0
X log(x) eCDF(x)
e RESCALE = UNIFORMLY DISTRIBUTED INPUT (ECDF+INTERPOLATION)
e RERUN HYPEROPT
e ONLY ONE INPUT NEEDED
STANDARD VS. FEATURE SCALING
UP GLUON
u at 1.65 GeV g at 1.65 GeV
| 777 NNPDF4.0 (68% c.l.+10) 3.0 1 1777 NNPDF4.0 (68% c.l.+10) o
0.70 7 Feature Scaling (68% c.l.+10) L-/','j Feature Scaling (68% c.I.+10) =
2.5 A &
AN
/y ’/ /
. 20 T //«/’ 4 //
X /, 4 4
1.5 - e o/
> Y/ /
I —l 4
s /l
1.0 4 S
| . . . . os{ & i . i i
10-5 1074 1073 102 1071 10° 1075 1074 103 1072 1071 10°
X X



OVERFITTING IN HYPEROPT

e HYPEROPT =- OVERFITTING?

e WHAT IS A “NATURAL” PDF?

CHARM PDF
OVERFIT (NO CLIPNORM) PROPER FIT (NNPDF4.0)
cat 1.65 GeV c at 1.65 GeV
chgnonm bugged 1k |68% < Lvln) 0.020 A i NNPOFAQ {RE% 1.+ 1)

0.10 Coss

0.08 0010

= %] X 0.005

% o0s) ) 0.000

0.02 0,005 J

0.00 —0.010
~0.02 1 , , -0.015

10-5 10 102 10-2 10 10° 1075 107 1072 1072 10t 10°



OVERFITTING METRIC

e RECOMPUTE VALIDATION X2
— SAME TRAINING-VALIDATION SPLIT
— DIFFERENT FLUCTUATED VALIDATION DATA

e COMPUTE AVERAGE x? & DETERMINE DIFFERENCE TO VALIDATION Ro = (x2,; — x2, /)

OVERFITNESS

e NEGATIVE OVERFITNESS R = OVERFIT

CHARM PDF
OVERFIT (NO CLIPNORM) PROPER FIT (NNPDF4.0)
¢ at 1.65 GeV ¢ at 1.65 Gev
. chipnorm bugged 1k (68% cL+lo) 0.020 1 i NNPDF4.D (68% c.|+ 1o}
0.10
0.015
0.08 1 0.010
_ 006 % 0.005 ]
E] g
0.0 0.000
0.02 1 =0.005 A
0.00 - —0.010
—0.02 4 ——t ——rrr —— ——rrrt ——rrr -=0.015 T T : : .
10-% 104 10-2 10-2 101 100 107° 1074 1073 1072 107t 10°

X

Ro = —0.024 £ 0.012 Ro = —0.001 +0.013



FOOD FOR THOUGHT
OPTIMIZED FOLDS
OVERFITTING AND UNDERFITTING METRICS IN HYPEROPT
HYPEROPT ON FUTURE TESTS
BEYOND NEURAL NETS



AN OPEN SOURCE CODE!
THE FULL NNPDF CODE IS PUBLIC!
INCLUDING HYPEROPTIMIZATION, EVOLUTION, THEORY, FITTING, VISUALIZATION
FULLY DOCUMENTED CODE

LINKS TO CODE (GITHUB), DOCUMENENTATION, INSTALLATION BINARY PACKAGES
AVAILABLE FROM
http://nnpdf .mi.infn.it/nnpdf-open-source-code/

Experimental data:
buildmaster

https://arxiv.org/abs/2109.02671

An open-source machine learning framework for
global analyses of parton distributions

Postfit selection

The NNPDF Collaboration: Richard D. Ball - Stefano Carrazza -
Juan Cruz-Martinez - Luigi Del Debbio - Stefano Forte -

Tommaso Giani + Shayan Iranipour - Zahari Kassabov . Jose e
I. Latorre - Emanuele R. Nocera : Rosalyn L. Pearson - Juan Biz
Rojo - Roy Stegeman - Christopher Schwan - Maria Ubiali -

Cameron Voisey - Michael Wilson Fit analysis:
validphys

Fig. 2.1. Workflow for an NNPDF fit



