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UNCERTAINTIES AND PDFsS
UNCERTAINTIES:

_HIGGS IN GLUON FUSION
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(HL-LHC Higgs WG report, 2019)

e PDF ESPRESS THE LIKELIHOOD OF A QUARK OR GLUONS (PARTONS)
TO ENTER A COLLISION

e THEIR KNOWLEDGE IS A DOMINANT SOURCE OF UNCERTAINTY



A PORTRAIT OF THE PROTON
AS SEEN FROM A HIGGS BOSON
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PARTON DISTRIBUTIONS: MOMENTUM FRACTION DISTRIBUTIONS FOR EACH
TYPE OF QUARK, ANTIQUARK & THE GLUON

EXTRACTED FROM DATA, COMPARING PDF-DEPENDENT PREDICTION &
INVERTING

MUST DETERMINE A PROBABILITY DISTRIBUTION OF FUNCTIONS FROM A
DISCRETE SET OF DATA

TYPICAL UNCERTAINTIES (PDF4LHC15): 3-5%



PDF UNCERTAINTIES: NOW
NNPDF3.1 NNLO (2017)
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e TYPICAL UNCERTAINTIES IN DATA REGION ~ 1 — 3%
e SWEET SPOT: VALENCE Q - G; 1% OR BELOW

CT18 (Dec 2019): SOMEWHAT SMALLER DATASET, RATHER LARGER UNCERTAINTIES
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DATASET WIDENING
NNPDF3.0 vs NNPDF3.1 (CT14 vs. CT18: SIMILAR)

Kinematic coverage
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NEW DATA: (BLACK EDGE)

e HERA COMBINED FY

e DO W LEPTON ASYMMETRY

e ATLAS W,Z 2011, HIGH
& Low MASS DY 2011;

CMS W* RAPIDITY S8TEV
LHCB W, Z 7TEV & 8TEV

o ATLAS 7TEV JETS 2011,
CMS 2.76TEV JETS

e ATLAS & CMS TOP
DIFFERENTIAL RAPIDITY

e ATLAS 7 pr DIFFERENTIAL

RAPIDITY & INVARIANT MASS
S8TEV,
CMS Z pr DIFFERENTIAL

RAPIDITY 8TEV



DATASET WIDENING
NNPDF4.0 SUMMARY (EXPECTED IN 2020)

1. OLD DATASETS WITH IMPROVED TREATMENT
® ASSORTED DEBUGGING
® CORRELATIONS IN ATLAS TOP DISTRIBUTIONS AT 8 TEV
® CHOICE OF SCALE AND CORRELATION MODELS FOR SINGLE-JET DATA
® MASSIVE CORRECTIONS TO NEUTRINO DIS DIMUON CROSS SECTIONS AT NNLO
® NUCLEAR UNCERTAINTIES IN FIXED-TARGET DIS AND DY

2. NEW DATASETS FOR OLD PROCESSES
e DIS ¢ AND b PRODUCTION (HERA COMBINED)

® SINGLE JET PRODUCTION (ATLAS, CMS)

TOP PAIR PRODUCTION (ATLAS, CMS)

® COLLIDER DY/INCLUSIVE VECTOR BOSON PRODUCTION (ATLAS, CMS, LHCB)
® COLLIDER VECTOR BOSON PRODUCTION IS ASSOCIATION WITH CHARM ( CMS)

3. NEW DATASETS FOR NEW PROCESSES
® I[SOLATED PHOTON PRODUCTION (ATLAS)

® SINGLE TOP PRODUCTION (ATLAS, CMS)

COLLIDER DIJET PRODUCTION (ATLAS, CMS)

DIS+JET(S) PRODUCTION (H1, ZEUS)

COLLIDER VECTOR BOSON PRODUCTION IS ASSOCIATION WITH JETS (ATLAS, CMS)

O(50) NEW/REVISED DATASETS

TOWARDS SUBPERCENT UNCERTAINTIES??!!



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

0 4 3 " -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:

UNCERTAINTY REDUCTION?

CT18 vs. CT14:PARTON LUMINOSITY UNCERTAINTIES
GLUON-GLUON

QUARK-QUARK
Lgq 3 Eqy=14.0TeV, 90%CL, <50

NN [ 1CT18NNLO
777 CT14HERA2NNLO
= CT18ZNNLO

Error Bands
Error Bands
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MORE DATA = BIGGER UNCERTAINTIES (?!)
PARTON PARAMETRIZATIONS

e CTEQ5 2002: zg(x, Q2) = Aoz (1 — x)?2(1 + Azx”4)

e MRST-HERALHC 2005: zg(z, Q%) = Agz®9 (1 — 2)"9 (1 + €,a°5 + yy2) + A 129" (1 — )"’
e CT18: g(z,Q = Qo) = xal_l(l — :U)a2 [a3(1 — y)3 + a43y(1l — y)2 + a53y2(1 —y) + y3];
y =+, a5 = (34 2a1)/3.
BIAS?



THE PROBLEM OF LARGE-x INTERPOLATION

% Difference
B

e DISCREPANCY BETWEEN QCD CALCULATION
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AND CDF JET DATA (1995) )

e EVIDENCE FOR QUARK COMPOSITENESS? ’

e RESULT STRONGLY DEPENDS Y U< 00 0 0 O
ON GLUON AT z > 0.1 L -

e PDF MUST VANISH AT x = 0, ’ = M T 8%

BUT (THEN) NO DATA FOR z > 0.05! // il ////////// %
///////////////////////////////////////////////////// /
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DISCREPANCY REMOVED IF JET DATA USED FOR GLUON DETERMINATION
HISTORICAL COMPILATION OF GLUON PDFs
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W.K.Tung, DIS 2004
NOW: NO DATA FOR z > 0.5 = DISCOVERY (THRESHOLD) REGION!



THE PROBLEM OF SMALL-x EXTRAPOLATION

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

£ Q=15 Q=25 @*=35 Q=5 Q*=6.5
15¢ { - :
1 1 g t, oy HISTORICAL COMPILATION OF GLUON PDFs
05 \§+ ;*" ) L K L T T T T T T
# $ooenes~ LR Koy, 2 i
0 b st o ot s sond s o s s Gloun D1str1but10n at Q = 10 GeV' — EHLQ84 -
Q*=8.5 Q=12 DuOws84 7]
15} » 25 — MoTu90 _]
i : KMRS90 A
i CTQ2M
0.5t &Q i MRSA95 |
. < o — GRV94 -
O S e — CTQiM -~ 7
15t L L - . < — MRS981 ]
* L \ C6.1M g
1t » s » . 1.5 < — MRSTOI —
o5 | i | I i / — Alekhin ]
0 sosseed vomd om0 M cod 3l il e ;o e el sl unl: i a B
Q%= 150 Q*= 200 Q*= 250 Q*= 350 Q*= 500 S
1.5 - L - - =
1 b L L b
os | 05 pre-Hera
0 v ool oo sl o M el toed o el s cvod 3vond dsied 2 s o s ssod o s ) ool gl s el coued 00 |
@*= 650 Q*= 800 Q*= 1200 Q= 2000 Q*= 5000 L
1.5+ r o - ® Hi = 1 1
] | | | O BcDMS 10'4 10’3 10'2 0 05 0 l 2 3 4 5 6 7 8
O NMC X (Scale is linear in xm)
0.5t - b -
0 u.-du..?d sonnl o ooy viund sosomd svund v oomd vovduid 2 oesd sl v sel oo el 3ooued oot soued 1ol o siomd sied » ~ -K-Tung, DIS 2004
1fodofo” 10fototo” 10f0T0f0 10foToTo™ 10foToto™

X

A. de Roeck, Cracow epiphany conf. 1996

e RISE OF F5 AT HERA CAME = SURPRIZE
e HINTED BY PRE-HERA DATA; VETOED BY THEORETICAL BIAS



THE PROBLEM OF MISSING HIGHER ORDERS
THE GLUON FUSION HIGGS CROSS SECTION: APPROXIMATE N3LO (LHC 13)

fe) _
2 = ggF inclusive cross section, s =13 TeV, My =my
s 60 Uncertainty band: lar le-var deviation f inal
S - Yy : gest scale-var deviation from nomina
© - 3 . . .
—  Arrows: N"LO approximation uncertainty
55—
C Run 1 HXSWG
N recommendation
o T o
50— g ) 2 I f
- . . o @
1
— o
- O 1 o 1 I l
45=5-0-4-4- I % & -
[ 1 1
: 1 1
40— be---- .
E my=125GeV s =13TeV
35— No EW correction
C MSTW2008nnlo68cl, a = 0.1171
30 :_NNLO NNLO NNLO NNLO  approx. N°LO approx. N°LO approx. N°LO part. N°LO
- FO. , NNLL |, NNLL , FO. , FO. , FO. N°LL | FO
baseline dFG ABNY STWZ dFMMV BBFMR BBFMR  ADDFGHLM

(ALMOST) EXACT N°LO (Anastasiou et al, 2016): 48.58 4+ 1.4PB (MHO) (HXSWG, 2017)
EXACT N°LO+N3LL+LLz: 48.9 + 1.9PB (HL-LC AND HL-LHC YR, 2019)
SCALE VARIATION? ENVELOPE? RESUMMATION? BIAS?



BIAS?
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OVERCOMING BIAS:
PDFs FROM Al



PROTON STRUCTURE AS AN Al PROBLEM:
NNPDF

Gaussian process extrapolation
Succesful future test of N3FIT

Fitrst PDF sets with MF.OU

NNPDF F2p
proton structure function

single neural net backpropagation NNPDF3.0 NNPDF3.1
several LHC data full LHC runl

NNPDF1.0 NNPDF2.0 NNPDF2.3

First structure function
with neural networks

DIS-only PDFs global NLO PDFs first LHC data
five neural nets seven neural nets nodal mutation GA

NNPDF2.3QED

NNPDF nonsinglet NNPDF2.1
quark PDF heavy quark mass photon PDF incl.

single neural net GA

NNPDF1.2
strange PDF added

closure test validation

charm parametrized

architecture independence eight neural nets

2020

NNPDF3.1luxQED First K-folding fit
NLO QED+photon

First Tensorflow PDF fit
hyperparameter tuning




Al FOR PDFS: THE NNPDF APPROACH
THE FUNCTIONAL MONTE CARLO

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

»

\ 4

»

A
\ 4

A
\ 4
FINAL PDF SET: f( @) (z,1);

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



ARTIFICIAL INTELLIGENCE
NEURAL NETWORKS

ARCHITECTURE PARAMETERS

e WEIGHTS w;;
e THRESHOLDS 0;

output layer

input layer
hidden layer 1 hidden layer 2 (Z)

=20 S Y
ACTIVATION FUNCTION Fout (Zin) = F E :ww Ty, — 0
J

0.6 f SIMPLEST EXAMPLE
/[/ 1-2-1
.2 1
| | fz) = ®) ©)

Lo 5 5 Lo 9(3)_ wll . OJ12
1 (2) (1) 0(2) (1)

—TY11 14e’2 ~T¥21

1+e 1+691

NNPDF: 2 -5 -3 —1 NN FOR EACH PDF: 37 x 8 = 296 PARAMETERS



SUPERVISED LEARNING

GENETIC ALGORITHMS

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

Genetic o
Algorithms |

Initial population Mutations
(random sampling) and Cross-over

\ Goodness-of-fit

(2 estimator)
Fit parameters: weights and
thresholds of the ANNs l

Stopping criterion?

} =

best-fit parameters

No

Generation 1 Generation 2 Generation 3

Generation 4 Generation 5 Generation 6




NEURAL LEARNING

e COMPLEXITY INCREASES AS THE FITTING PROCEEDS
e UNTIL LEARNING NOISE

e WHEN SHOULD ONE STOP?
UNDERLEARNING

Under Learning y*=2
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NEURAL LEARNING

e COMPLEXITY INCREASES AS THE FITTING PROCEEDS
e UNTIL LEARNING NOISE

e WHEN SHOULD ONE STOP?
PROPER LEARNING

Proper Learning y*=1

0.08
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0.05 asionas

0.04 ssEne
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- Data
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# Points
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NEURAL LEARNING

e COMPLEXITY INCREASES AS THE FITTING PROCEEDS
e UNTIL LEARNING NOISE

e WHEN SHOULD ONE STOP?
OVERLEARNING

Over Learning y*~0
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OPTIMAL FIT: CROSS-VALIDATION

GENETIC MINIMIZATION:
AT EACH GENERATION, X2 EITHER UNCHANGED OR DECREASING

e DIVIDE THE DATA IN TWO SETS: TRAINING AND
e MINIMIZE THE X2 OF THE DATA IN THE TRAINING SET

e AT EACH ITERATION, COMPUTE THE FOR THE DATA IN THE SET
(NOT USED FOR FITTING)

e WHEN THE STOPS DECREASING, STOP THE FIT

FNS (x’ QZ}
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OPTIMAL FIT: CROSS-VALIDATION

GENETIC MINIMIZATION:
AT EACH GENERATION, X2 EITHER UNCHANGED OR DECREASING

e DIVIDE THE DATA IN TWO SETS: TRAINING AND
e MINIMIZE THE X2 OF THE DATA IN THE TRAINING SET

e AT EACH ITERATION, COMPUTE THE FOR THE DATA IN THE SET
(NOT USED FOR FITTING)

e WHEN THE STOPS DECREASING, STOP THE FIT
GO!
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OPTIMAL FIT: CROSS-VALIDATION

GENETIC MINIMIZATION:
AT EACH GENERATION, X2 EITHER UNCHANGED OR DECREASING

e DIVIDE THE DATA IN TWO SETS: TRAINING AND
e MINIMIZE THE X2 OF THE DATA IN THE TRAINING SET

e AT EACH ITERATION, COMPUTE THE FOR THE DATA IN THE SET
(NOT USED FOR FITTING)
e WHEN THE STOPS DECREASING, STOP THE FIT
STOP!
[ 2 ]
10¢ 0.08
o 0.07F- [
8- -
E n.lmsE I
6 0.05;— !
5= 0.0a l 1
45_ 0.03 f
1= =
= 0.02 *
2:— =
= 0.01= t
n:I | I 11 1 | 111 I 111 | 1 D: | | 1 ‘ |

L1 I 11 | | I I 11 I 11 I 11
20 40 60 80 100 120 140 160 180 200 1
Generations X

2



OPTIMAL FIT: CROSS-VALIDATION

GENETIC MINIMIZATION:
AT EACH GENERATION, X2 EITHER UNCHANGED OR DECREASING

e DIVIDE THE DATA IN TWO SETS: TRAINING AND
e MINIMIZE THE X2 OF THE DATA IN THE TRAINING SET

e AT EACH ITERATION, COMPUTE THE FOR THE DATA IN THE SET
(NOT USED FOR FITTING)
e WHEN THE STOPS DECREASING, STOP THE FIT
TOO LATE!
2 ]
105 0.081
ot 0.07F [
8- -
, E_ 0.06 E_ I
6 0.05;— o I
si 0.04F { %
4;_ 0.033—
3F- -
ZE— 0.02:_
15_ T D.O'li_ ;
D:I PR [T T T T T T T S T T T N A IO D: L L 1 ‘ !

60 80 100 120 140 160 180 200
Generations X

=
<




HOW DO WE KNOW THAT WE GOT THE RIGHT ANSWER?

CLOSURE TEST
— Define Underlying Law
— Generate pseudo-data
— Perform Training

Fails ' : OK
Validate results by comparing to law



FIRST CLOSURE TEST (NNPDF3.0; 2014)

THE GLUON: RESULT/”TRUTH”
Ratio of Closure Test g to MSTW2008

e THE METHODOLOGY IS FAITHFUL

200

180

160

140
§ 120
£ 100
L

N &~ O
== ==

NORMALIZED DISTRIBUTION OF DEVIATIONS
Distribution of single replica fits in level 2 uncertainties

II‘IIII|II\\|IIII|II
m Replica distribution

Gaussian distribution

Difference to theory (a)

1 o: 70% (should be 68%)



LEARNING THE METHODOLOGY



CLOSURE TEST: A CLOSER LOOK (NNPDF3.1)

ONE o: ACTUAL/PREDICTED
FOR DATA, BY EXPERIMENT

NNPDF3.1 ratio

ONE o VALUE

experiment FOR PDFS, Vs x

NMC 0.882828 Plot of &1, as function of x

SLAC 0.767063 T oo i T,
BCDMS 0.730569 094 °

CHORUS 0.698907 . ..
NTVDMN 0.991090 0.8 1 . o« o
HERACOMB 0.847359 _ . o %
HERAF2CHARM 1.867597 352 07‘. ................... SR SRR TR
F2BOTTOM 1.124157 v 0.6 o, .

DYERS&6 0.655955

DYEG605 0.585725 0571 o NNPDF3.1: £,=0.74

CDF 0.961652 | s 1 sigma

DO 0.881199 047 - 2 sigma

ATLAS 0.904127 10~ 10~ 10~ 102 101 10°
CMS 1.090241 x

LHCb 1.092194

Total 0.842168

e UNCERTAINTIES OVERESTIMATED

e 1 0>68% AT VERY SMALL AND VERY LARGE z;
1 0 <68% AT INTERMEDIATE

CAN WE DO BETTER?



;»/{

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



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



FITTING THE METHODOLOGY
THE OVERFITTING PROBLEM
DOWN QUARK: HYPEROPTIMIZED VS. STANDARD

dat 1.7 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

0.0

_Ul_

_Uz_

0.2 0.4 0.6 0.8

e NNPDF3.1: WIGGLES: FINITE SIZE = WILL GO AWAY AS NV, rep GROWS

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



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



FITTING THE METHODOLOGY
THE OVERFITTING PROBLEM
DOWN QUARK: HYPEROPTIMIZED VS. STANDARD

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

0.0 1

_Ul_

_Uz_

0.2 0.4 0.6 0.8

e NNPDF3.1: WIGGLES: FINITE SIZE = WILL GO AWAY AS Nyep GROWS

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

e CORRELATIONS BETWEEN TRAINING AND VALIDATION DATA



MACHINE LEARNING

THE SOLUTION

TUNED HYPEROPTIMIZATION

Target

PDF fit optimization ——— low x?

train

Quality | control

I [
| Quality control i E

(
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
| Y
|

|

COMPARE TO A A TEST SET (NEW SET OF DATA PREVIOUSLY NOT USED AT AL)
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

N3 OVERFIT vs NNPDF3.1 N3FIT vs NNPDF3.1
dat 1.7 GeV dat 1.7 GeV
0-51 n3fit DIS overlearning model n3fit DIS only
NNPDF 3.1 DIS only NNPDF 3.1 DIS only
0.4+ 0.4+
3 0.31
. 0.2+ _
> >
T T 02
X 0.14 x
0.0 0.11
—0.1
0.0+
—0.2
0.2 04 0.6 0.8 0.2 0.4 0.6 0.8




THE TEST SET METHOD

N3FIT vs NNPDF3.1

DOWN PDF
ARCLENGTH
dat 1.7 GeV C G S
n3fit DIS only 1.8 n3fit global
NNPDF 3.1 DIS only NNPDF 3.1 global
0.4 4 1.7
>
S 16
0.3 - —
Q15
—_ —
> Il |
5 0.2- ol4
> e
o 1.3
C
K}
0.1 v 1.2 1
<
1.1
0.0 -
1.0 1
0.2 0.4 0.6 0.8 ° . d 9 d ! s ¢

NO OVERFITTING

COMPARED TO NNPDF3.1

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



ONE o: ACTUAL/PREDICTED
FOR DATA, BY EXPERIMENT

CLOSURE TESTS AGAIN

NNPDF3.1 ratio n3fit ratio
experiment
NMC 0.882828 0.843427
SLAC 0.767063 0.690118
BCDMS 0.730569 0.770704
CHORUS 0.698907 0.734656
NTVDMN 0.991090 0.797017
HERACOMB 0.847359 1.326333
HERAF2CHARM 1.867597 3.566076
F2BOTTOM 1.124157 1.532634
DYES86 0.655955 0.857915
DYE605 0.585725 0.870151
CDF 0.961652 0.779424
DO 0.881199 1.015202
ATLAS 0.904127 1.132229
CMS 1.090241 1.017136
LHCb 1.092194 0.993525
Total 0.842168 0.940737

ONE o VALUE
FOR PDFS, Vs x

Plot of &1, as function of x

NNPDF3.1: §16=0.74 ... ..ciiiiiiiiiiieiiiaaennen

n3fit: £1,=0.60
1 sigma
2 sigma

1073

e UNCERTAINTIES WELL ESTIMATED ON AVERAGE;

BUT SIZABLE FLUCTUATIONS
e ONE o PERFECT IN DATA REGION;

BUT UNDERESTIMATED IN EXTRAPOLATION

1074

1073 1072

1071

10°




THE “FUTURE TEST”
COULD WE “PREDICT” THE RISE OF F5 AT HERA?

ONLY PRE-HERA DATA USED
PREDICTION COMPARED TO DATA

HERA F5

HERA I+1l inclusive NC e *p 920 GeV Q (GeV) = 2.550

16 ] & Data
PREDICTED VS TRUE GLUON S —
1.4
gat 1.7 Gev 121
Current Fit (68 cl.+1a) Saod e
1.2 1 Reference Fit (68 c.|.+10) ‘;‘
0.8 1
10 0.6 1
0.4
0.8 e ' '
5 10-4 10-3 10~
2 0.6
CMS ToP
0.4 CMS tt rapidity yi u(GeV) = 173.3
0.2 1 0.4
0.0 1 E 0.3
0.0 0.2 0.4 0.6 0.8 ii 0.2
X s
0.1

=2.0 -1.5 -1.0 -0.5 0.0 0.5 1.0 1:5 2.0
yo
.png .pdf

e N3FIT METHDOLOGY APPLIED AND HYPEROPTIMIZED TO PRE-HERA DATASET
e RESULTS WITH PDF UNCERTAINTY COMPARED TO FUTURE DATA

o 2 /dat=1.1 ON FULL PREDICTED CURRENT DATASET
(ABOUT 200 DATAPOINTS)

SUCCESS!



REMOVING BIAS



ANY BIAS LEFT?
OPEN PROBLEMS

e IN N3FIT, WHO PICKS THE TEST SET?

e IN FUTURE TEST, EXTRAPOLATION BASED ON NNPDF PREPROCESSING

METHODOLOGY
F(z) =z%(1 — )’ NN (x),

«, 3 RANDOMLY VARIED WITH UNIFORM DISTRIBUTION IN

SELF-CONSISTENTLY DETERMINED RANGE

e WHAT ABOUT MISSING HIGHER ORDER CORRECTIONS?



AUTOMATIC GENERALIZATION

K-FOLDINGS
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
= n VALUES OF 2 .

e HYPEROPTIMIZE ON MEAN AND STANDARD DEVIATION OF Xz ;
— GOOD & STABLE GENERALIZATION

FOLDED PDFSs
DOWN QUARK
N3FIT vs NNPDF3.1 N3FIT-K vs. N3FIT

dat 1.7 GeV dat 1.7 GeV

n3fit DIS only
NNPDF 3.1 DIS only

0.4 7 0.4

0.3 1 03]

xd(x)

T 0.2
>
0.11 0.11

0.0 0.0

0.2 0.4 0.6 0.8 0.2 0.4 0.6



PREPROCESSING AND SMALL/LARGE » BEHAVIOUR

THE INTERPOLATION/EXTRAPOLATION PROBLEM

NEURAL NETS ARE “PREPROCESSED”: f(z) = 2“(1 — )’ NN (x)

EXPONENTS RANDOMLY VARIED IN RANGE REPLICA BY REPLICA

RANGE OF PREPROCESSING EXPONENTS SELF-CONSISTENTLY DETERMINED V

FIT “SATURATES” = PREPROCESSING REPRODUCED X

IF PREPROCESSING REMOVED, ALL PDFS HAVE THE SAME BEHAVIOUR

GLUON PREPROCESSING

Gluon alpha effective exponent

E== 170120-007, 68% o,
------------ 170120-007, 2x68% c.l.
SN 161208-r-003, 68% c.l.
------------ 161208-r-003, 2x68% c.l.

SINGLET & GLUON

PREPROCESSING VS NO PREPROCESSING:

I at 1.7 GeV 30+ g at 1.7 GeV
3.251 ] )% * (1-x)"beta (6 )
aaaaaaaaaaaaaaaaaaaaaaaaaaaaaaa )

3.00 25
2.75 1
2501 = 201

x
2.25 2

1.5
2.00 1
1.75 1 1.01
(%) (x)/x * (1-x)
L.50 0.5 TREE R N DP” | PN3 Giobhal nonfittedprepro (68 c1.+1o
106 10-5 10-4 102 10-2 101 10° 10-6 105 104 10 102 10 10°



PREPROCESSING AND SMALL/LARGE » BEHAVIOUR
TOWARDS A SOLUTION: THE GAUSSIAN PROCESS

e DETERMINE CORRELATION LENGTH BETWEEN POINTS USING A KERNEL
o PROPAGATE A PRIOR GAUSSIAN INTO EXTRAPOLATION
e GENERATE GAUSSIAN PSEUDODATA TO BE ADDED TO FIT

PSEUDODATA

g
o

o
-]

ER
[}
2
]
= 0.4
0.2 —— Prediction
® Experiment
Pseudodata
0.0 mm 95% confidence interval
68% confidence interval
1077 10-% 1073 1074 1073 1072

X

e NO PREPROCESSING NEEDED
e Inxz, x INPUT REPLACED BY SCALED INPUT

Fa(x, Q%)

1.2+
1.1+
1.0
0.9 1
0.8 1
0.7 1 Ud
0.6 1
0.5 1

FIT TO PSEUDODATA VS STANDARD
Small-x extrapolation Q (GeV) = 1.871

m Data
W 250320-03-rs-extrapolation
PN3_DIS_130519

a
Q(GeV)=1871

107=



THEORY _UNCERTAINTIES
MISSING HIGHER ORDERS FROM ASYMPTOTICS

e HIGHER ORDERS KNOWN IN VARIOUS KINEMATIC LIMITS FROM RESUMMATION

e USED IN THE PAST TO CONSTRUCT ANALYTIC APPROXIMATION TO FULL MHO: E.G.
HIGGS IN GLUON FUSION AT N3LO

e MACHINE LEARNING MHO?

(7, pr) RESUMMATION REGIONS NNLO N-SPACE GGHIGGS
ANALYTIC APPROX VS. EXACT

Higgs partonic gg. Order asz Mellin transform

my, = 125 GeV

exact

soft

high energy — —
approx — - - |

exact(N)

Z\

c@Ny/c®@,

o o

© ©
—ZT

0 20 40 60 80 100
pr [GeV]

N
N
w
IN
o+
o
~
™



THEORY UNCERTAINTIES

NAIVE IDEA: GAUSSIAN PROCESS AGAIN

e PROPAGATE ASYPTOTICS INTO “CENTRAL” REGION USING (GAUSSIAN
PROCESS

° I(—:IXE%IS{OPTIMIZE KERNEL CHOICE AND PARAMETERS BASED ON KNOWN

NNLO N-SPACE GGHIGGS: GAUSSIAN KERNEL INTERPOLATIONS

600

600 600
500 500 4 500
400 400 400
s 2
= 300 5 3007 5 300
% © ki
200 2001 200
100 A 100 1 100
0 - 0 T 0 :
10 15 2.0 2.5 3.0 35 0 1.0 1.5 2.0 25 3.0 35 4.0 10 15 2.0 2.5 3.0 35 4.0
2 L2 2
i i i
s 14 = 1 = 11
3 g S
° ! 01 0 15 2.0 25 30 35 4.0 0 § i ! ' ¥
10 15 2.0 2.5 3.0 35 4.0 . : - - - - - 10 15 2.0 2.5 3.0 35 4.0
N N

e TOO FEW DATA = RESULTS UNSTABLE, DEPEND ON CHOICE OF KERNEL



THEORY UNCERTAINTIES

TRANSFER LEARNING?
THE BASIC IDEA:

e PERTURBATIVE DEPENDENCE KNOWN UP TO NNLO FOR MANY PROCESSES

e LEARN PERTURBATIVE DEPENDENCE FROM KNOWN CASES

e ADD FINAL LAYER WHICH EXTRAPOLATES FROM ASYMPTOTICS
....STAY TUNED!
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