NNPDF4.0

The path to reliable % uncertainties in PDF determination

Juan M. Cruz Martinez - CERN QCD Seminar, November 2022

1



1.0 A

0.8 A

0.6

0.4 -

0.2 1

0.0 A

NNPDF3.1 NNLO Q= 3.2 GeV

D «(
v

/10

Nn o, C, W O C O
< <

107>

X

4285 datapoints (~50 datasets)
15 h per replica

Private code

Constraints: positivity, sum rules

Closure tests

L | T LA L L LI L | T LA L L LI L | T L L L LI L | T L L
1074 1073 102 101

100

1.0 -

0.8 A1

0.6 A

0.4 -

0.2 -

0.0 A

The latest NNPDF: NNPDF4.0

NNPDF4.0 NNLO Q= 3.2 GeV

/10

D«
L)

Nn o, 0L O C O
< <

107>

LI | T T LA L L | T T LN LI L | T T LN LI | T T LA LI |
10~4 1073 102 101 109
X

4618 datapoints (~90 datasets, many from LHC)
Under 1 h per replica

Open source

Constraints: (+) positivity, sum rules, integrability

Closure and future tests



syaseieiep 4o Jaquin
o ~ O o o ) o o o o
o) N © ~ © ) < ) N
- S S S N NV S S SR
Q.
o
2'
o
oN
D
o)
[
0
1'
~
Q A N e (R IN.%
o) € YQ
v/
5 : 0
™~
> D I Sk
) ia IR
1S *
©
= - "%
Q (7
= S K0
K 3
AA‘ m
!
o 3=
‘AA ” — i —————— —
“ 4 ww > ~ s
“ 1 —| ~ Yo
< < L 4 2 f—
> < "> m m IIIIII — o\\?\?
MC..% “A &mv P> m WW
W T wn > > G
T3® m. > s (  e---- g 7
v O ®© P 44 3¢ WQ
s a?° 4a an Gy,
o S — S VR — W,
n on 4%
N < W"V | c — 0
2% 5 . SN - 240
£E8 LI —=ske-- o, T,
©T © < > <y
T T2 < _n_l.v - Qo\
e » « w - |%. \T\?
0
- r—rrree S - - —r — o | | | | | | | | | O§
~ © 0 <« " o — Q ©o o o o o o o o o
S 5 5% % &% % 3 = ¢ 2288 8 ¢ 8 &
- = — — — — — S < < S ™M ®m ®m @™ ™
(zA29) O sjulod ejep Jo Jaquiny
“qgpee 0 =)
edac Sedalade R {W& & RO G B RAGTBXGx: 30 n
ﬂ..."* !.unt ohﬁ n*mnoo_u % hhh 4 —
x ﬁ*t #&.h&ﬁ nnnnm**o*oo_u *.wﬁﬁ nvn [ > > P BPPPP D m m i
x * &Fx lo * 0
& *n*t "% gs nuana. & “R“%%h L= gor © Vo > sorrrrrr prp® -
x e o £a o
x **n*un#b. <ﬁmnmnnﬂ.nm.¥ &o*.«ﬁ* >V Mv > P EBEBEE B B> m
. **** * s uw«n#» 8ss m*.% v o g0k > > B BPEBBBD BRI D )
* o8 $80, A .mm.v £ v —
. **** *p, nn_.Qf anﬂm.t» Q*t**«ho ﬁ«.« > ®> > BPEPP P> P> N D
x * x *g oo 8o *otmﬁiboo.i**nu v ¢ v - O C
N *** *** 8 .nﬂo ﬁmﬁﬁ%.ﬂ:ﬂ.\»«'ﬁ gv, v **v PRy > P> F O
R fmn K 546 .Wtum> k3 : ,w.*” S 0NN 3
v
w N w, EY on.to.-mw oﬂ«wﬁ m«o< 4**ﬂ*v!v*vv"vvvvvv c
= * e vie, % 859 S A e i S ) ©
% v o.o.n_ °¢, 8 bhono w. v v 9%, o » > > (] ~ O
o,vE ®0¥ 8 o v o, g o Uddd 4 Sddids >eob |
) Lo 9o v v *u oy > > > > > e O
U ° oY ¥oy S A LA A TR L >>p Bop prrr» > E = D
= o«o.o «hnmnof« v *«***14*** " mvv wvmmwvvvwvvvvv 2
-Lu - aV v ¢ \% X * L4 *® > » -
o e Qv. v v ¥ x * > <
© T v o.m_ *v° g \% m*** *N 4* % > Wva'vvvw e 2
= 55 AR AN S P < JJ L D
o S S c " Vo YWY Vs, e F T eB S mwv-w!vwvvvv > > %
= 3 T B 5 X vov vk, Fa, *, wibBErB > > ™ o
v mmm.m.w scg v «*4 *** ¥ a m >y > .|_nU g
Sss89 £35 t«** ® B pBrB s »» F = Y]
ccc3a 882 v ¥ x & > [ ©
2 e 28w T gc * & B> >
o =
o O € m..nl.wn < " > Y=
w > 20909 8 455x 2 W @)
6 boueotEx=f228%53 >Ep >
) o 2920 a.ﬂ..a m 3 < « m 1%
en o3z zn33e Ty > > N
553 2885xc8828 v > =
M . ©  « > 0.5 a9 5 0O > w < I
+J +J ! o v v —
TR R - TR v mv R —
D=0==0 L 090 g oU v W o -
X oXoo0o+*¥ oLt L =c0lO — Y
CLOLOONFROKhOOGD o
> <AV A e x 00 [ L
T
T T T T T T T
M~ O LN < m oN —
o o o o o o o
— — — — — — —

iIn Appendix B of the NNPDF4.0 paper: link


https://arxiv.org/pdf/2109.02653.pdf
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PDF Parametrization

To ease the fit, the output is parametrized by
default in the “evolution” basis at the input

scale 0,

9=,
S=u+u+d+d+s+5+2c,

Ts=(u+u+d+d) —2(s+5),
Tis=(utu+d+d+s+3)—3(c+e),
V=(u-u)+(d—d)+(s—3),

Vs = (u—u)—(d—d),
Vs=(u—u+d—d)—2(s—3)

T3 at 1.651 GeV

PDF fit in flavour basis (68 c.l.+10)
0.35 - 7 PDF fit in evolution basis (68 c.l.+10)

102 10t 100
X

Different parametrization achieve similar results: basis independence

xV (x, QO) x NNy(x)

xV (x,Qp) o (NN, (x) — NN(x) + NN (x) — NN;(x) + NN (x) — NN(x))
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PDF fitting as a Machine learning problem
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The loss function

The 1, prescription, ¥y~ — y;

datl.7 GeV
0.55 - NNPDF4.0 after iteration (68 c.l.+10)
| .\ NNPDF4.0 before iteration (68 c.l.+10)
0.50 -
< 0.45 -
e
X
0.40 -
0.35 -
107> 104 1073 102 101 100

= 2 (O, — D)) cov™! (O;— D))
N

|

COV;; —> COV;; + LyilyS;S;

educated guess for O

The)(2 in the loss function optimized in

NNPDF fits is not the y* to the
experimental data, but a modified form to
account for multiplicative uncertainties

arXiv:0912.2276



Distance fromm NNPDF4.0 before iteration
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NNPDF4.0 after iteration Q= 1.7 GeV

The loss function

The 1, prescription, ¥y~ — y;
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|

COV;; —> COV;; + tol-tojsl-sj

educated guess for O

The)(2 in the loss function optimized in

NNPDF fits is not the y* to the
experimental data, but a modified form to
account for multiplicative uncertainties

arXiv:0912.2276



The loss function
Positivity and integrability

POSXUB

NNPDF4.0 1000 replicas
NNPDF4.0

10—1_

Observable Value

00 01 02 03 04 05 0.6 07 08 0.0
kinl

L = x5+ 400 < 0) +

0.05 -

0.00 -

Curren

T3 at 1.7 GeV

t Fit (68 c.l.+10)

1, Reference Fit (68 c.l.+10)
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Stopping algorithm

1

next training step ]

[counter ++

l

) Yes
counter > max J > END

A
lNo
| o { positivity fulfilled? }
Yes
N v
0
A { X\Q;al < best X2 ]
lYes
L]feset counter — best y? = X\Q,alJ

Distribution of training lengths

0.200 A NNPDF4.0 NNLO

0.175 -
0.150 -
0.125 -
0.100 -
0.075 -
0.050 -

0.025 -

0.000

6000 8000 10000 12000 14000 16000

Regardless of the training algorithm or
frameworks used the fitting method
consist on

1. Reducing the loss function
2. (Check the constraints are fulfilled

3. Continue until the validation metric
stops improving.
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counter > max J

[xe
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N Y
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X?/Ngat training

Regardless of the training algorithm or
frameworks used the fitting method
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1. Reducing the loss function

2. Check the constraints are fulfilled
3. Continue until the validation metric

stops improving.



Uncertainties, from data to PDF

ATLAS W, Z 7 TeV 2011 Central selection (Zpeak)

1.020 A —a— Data
T T T T T T T 1 ~# NNPDF40 nnlo_as 01180
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_8 1.0004 = " ll o " o o el
ke J J
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0.985 A
0.980 A
0.0 0.5 1.0 1.5 2.0
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3.0 === NNPDF4.0 Py NNPDF4.0 (68 c.l.+10)
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35 7/ 15] o
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X X
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x? distribution of the replicas

A common misconception is that the central PDF corresponds to the best fit to the data.

Distribution of y?

175 A

2
y~ of the c.v.
150 - —

125 -
100 -
75 A
50 A

25 A

/ 5700 5750 5800 5850 5900

The )(2 of the CV is not necessarily

o 5 11
the minimum y

5950

Bl NNPDF40, 3000 replicas
Bl NNPDF40

6000



How do the PDFs change with the number of replicas?

g at 1.65 GeV d at 1.65 GeV
3.0 A 3000 replicas (68% c.l.+10) 3000 replicas (68% c.l.+10)
1000 replicas (68% c.l.+10) 0.55 - 1000 replicas (68% c.l.+10)
100 replicas (68% c.l.+10) 100 replicas (68% c.l.+10)
2.5 -
0.50 A
2.0
X X 0.45 -
> 1.5 - o
1.0 0.40 -
0.5 - 0.35 -
107> 10~* 103 1072 1071 10° 107> 10~* 103 1072 1071 10°
X X

12



Fitting methodology summary

1. Read the target data and associated experimental uncertainties

2. Generate replicas around the central value of the data by varying each
datapoint according to the experimental covariance matrix.

3. For each replica, train a machine learning model with the minimization of the
~)(§ as the target.

4. Use the ensemble of fitted replicas as measurements from which to take
central value and uncertainty band.

13



Automatic hyperparameter selection

The usage of Neural Networks had as primary goal eliminating the biases associated with the choice
of a specific functional form.

However, there are still many choices associated with the optimization:

 Number and with of the layers

* Activation functions and initialization

e Optimization algorithm (and associated parameters)
e T[raining length, stopping patience, etc.

* Strength of lagrange multipliers (positivity, integrability)

Collectively called “hyperparameters”, usually selected manually.

In order to remove any kind of human intervention, better to do
them automatically.

14
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Automatic hyperparameter selection

Model selection

Select a model such that: * The )(2 IS minimized (so the data is well described)

» (Generalizable

Perform many fits with many different * Fast (choose the faster methodology for the same quality!)

hyperparameter choices and select the - : :
absolute best * Stable upon variations (we don’t want to redo it too often!)
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Automatic hyperparameter selection

With great power comes great responsability

g at 1.651 GeV

uatl.7 GeV
0.6 1 n3fit DIS overlearning model - Current Fit (68% c.l.+10)
n3fit DIS best model 3.0 - " Reference Fit (68% c.l.+10) )(2
0
0.5 - — = 1.08
2.5 - N
0.4 - 50 -
X &
'52 0.3 1 > 1.5 A
0.2 A 1.0 -
0.1 - 0.5
L N S a3 .. %\ 0.0
107> 104 1073 1072 101 100 A o T A T T T
y 10~> 1074 10~3 1072 1071 10°
X

Getting a)(z many units below the nominal NNPDF4.0 (~1.16) is relatively “easy”, but that doesn’t mean it is a good fit.
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Automatic hyperparameter selection

K-folding cross validation:

1. Divide data into k sets

Target . ]
- . . 2. Leave one out and fit using the union
PDF ﬁt Optlmlzatl()ﬂ —_— IOW X%rain of the k-1 sets that are still in

3. Compute a reward/loss function on
the datasets that are left out

(Quality control

1 & 7
2 —— ) 2L
stable X < (parameters) N

k l

17



Automatic hyperparameter selection

- Target
Hyperoptimization > low X\2/al
K-folding cross validation:
1. Divide data into k sets
o Target 2. Leave one out and fit us_ing the union
PDF fit optimization > low X%rain of the k-1 sets that are still in

3. Compute a reward/loss function on

Quality | control the datasets that are left out

Quality control

l 2
\ / A
Z(parameters) = — ) —
2
stable xzZ.; 2 - N,

707

17



Automatic hyperparameter selection

- Target
Hyperoptimization > low X7a)

K-folding cross validation:

1. Divide data into k sets

Target 2. Leave one out and fit using the union
PDF fit optimization > low X%rain of the k-1 sets that are still in

3. Compute a reward/loss function on
the datasets that are left out

Quality [ control |
Quality control

l 2
\ / A
Z(parameters) = — ) —
2
stable xz.; & " N,

Y
Test Set

17



Validation and testing =~ = e
0.35 A
Closure tests
0.25 -
0.20 -
1. Select some other PDF as the truth (an NNPDF replica or a fit 0.15 -
from another group) 0.10 -
2. Generate fake data according to the theoretical predictions 0.05 -
used in the fit 0.00 | | | | |
—4 -2 0 2 4
3. Generate variations of the data using the experimental Difference to underlying prediction
uncertainties
— Normal distribution
Central PDF distribution
0.5 A
_ _ _ . 0.4 -
= (Check whether the parametrization is flexible enough
= (Check whether we can reproduce the “true” PDF if it were known 03
= Do all of that in an environment in which everything is consistent 0.21
and no theoretical knowledge is missing (ho MHOU)
0.1 A
0.0 ; ; ; : .
—4 -2 0 2 4

Difference to input PDF
18



Validation and testing

Future tests

d at 1.6 GeV Going from NNPDF3.1 to 4.0, the error bands of the
PDFs have shrinked considerably, is that related only to
0.55 4 J NNPDF4.0 (68 c.l.+10) )
N7 NNPDF3.1 (68 c.l.+10) data -
Would NNPDF4.0 datasets be able to “predict” (or
0.50 - rather, accommodate) new data from future

experiments?

10> 104 103 102 101 109

19



Validation and testing

FUtU re tests fit NNPDF4.0 pre-LHC pre-HERA

dataset
___________ pre-HERA [ 106 o wov .98 o
Kinematic coverage . pre-LHC _______________________________________ 2 O 121 _________________________________________ 261 _____________________
datasets pre HERA NNPDF4.0 29 2.15 22.57
107 - datasets pre LHC 5
‘ NNPDF40 datasets y“IN
10° uatl.7 GeV
105 - 0.7 - 7| PreHera (68 c.l.+10)
f ' PreLHC (68 c.l.+10)
—— NNPDF4.0 (68 c.l.+10)
10 - 0.6 -
10° 5 —
x 0.5
>
102 - X
0.4 -
101 -
1o g s s oo 0.3
X

20
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Validation and testing

Future tests

datasets pre HERA
datasets pre LHC
NNPDF40 datasets

Kinematic coverage

10~4

10~3

1072

101

10°

21

fit NNPDF4.0 pre-LHC pre-HERA
dataset
___________ pre-HERA | il OB
_____________ pre-LHC | 18 122
NNPDF4.0 1.12 1.30 1.38
y?IN
uatl.7 GeV
0.7 - / PreHera (68 c.l.+10)
' PreLHC (68 c.l.+10)
' NNPDF4.0 (68 c.l.+10)
0.6 -
%< 0.5
-
%4
0.4 -
0.3
105 : ”]'_'(')]-4 —Z 10_3 — 10_2 —_— 10_1 — 100

X




uatl.651 GeV

0.70 - Current Fit (68% c.l.+10)
- - - ' <, Reference Fit (68% c.l.+10)
Validation and testing
0.60 -
Avoiding overfitting % 0.55-
)
8 0.50 -
In the hyperopt section we saw an obviously
overfitted PDF, what to do when it is not that 0:45°
obvious”? 0.40 -
Current Fit -
50 1 107° 10~* 103 102 10}
X
40 1

g at 1.651 GeV

o
=2

|
|
1
|
|
|
1
1
|
|
|
_-I?' \ : 3.04 Z Current Fit (68% c.l.+10)
8 : " Reference Fit (68% c.l.+10)
)
1
NI =
1
|
| 2.0 -
10 - [
| =
| S 1.5
I X
O | | | | | | , |
—-0.06 —-0.05 —-0.04 -0.03 —0.02 —0.01 0.00 0.01 10 -
Ro A .
0.5 A
Measure of the generalisation power of the fit 0.01 P s .
(negative = bad) No overfitting 107 107 107 107 10”
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NNPDF fitting framework summary

Public version under construction

Methodology:
hyperopt

Postfit selection

LHAPDF
grid

Fit analysis:
validphys

Experimental data:
buildmaster

The ingredients for a complete fit:

Theory predictions in the form of interpolation tables (plougshare,
madgraph): Fast Kernel Tables

Experimental data and uncertainties (hepdata)

Fitting framework (n3fit*) -> PDF at scale (),

DGLAP evolution for any value of O (Apfel, EKO)

Postfit selection (eliminate outliers, underlearnt or wiggly replicas and
double-check physical constraints)

Final output: LHAPDF grid

(optional) an analysis framework to facilitate creating nice plots and
presentations




Some exotic possibilities

Quantum PDFs

quantum circuit

I

\
{4} [ AR )Hnormalization] 4
/

(217) > ® =

oY I6] k 2
% (1 —x) fj(:[;g,,))-)®—> Xval ]
\
5 d u c X3
1.0
< 0.8 . .
)
O
© 0.6 1) - -
I_i \——‘\\ﬂ
[
c}o 0.4 - - X T N m
X
T o021 . .
X < LS
0.0 1 T S
1073 1071 1073 1071 1073 1071 1073 1071 1073 1071 103 1071
X X X X X X
—— No Noise torror = 0.1 torror = 0.5 —— Simulated noise for Melbourne

24




Open source

The whole NNPDF fitting framework is open source, documented
and available to be used for all your PDF fitting needs!

e Code

https://github.com/NNPDF/nnpdf
e Data

e Theory Predictions https://docs.nnpdf.science/
e Documentation

e Tutorials
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The importance of Theory Predictions
for PDF fitting and beyond

The whole fitting machinery is based on the ability to perform the following calculation extremely fast

O = 2 J'dxlde ]Cl'(xla //tF) _];-(Xz, /’tF) 81']()619 X5 HRs IMF)

)
But obviously, performing this integral ~10k times for the ~5k cross sections necessary for a fit would be impossible.

What can we do?

Since the PDF depends only on the values of x an Q: bin the cross section on the relevant variables

d4A-- rt/ :
% fastNLO  APPLprid P

dll/le//thxl dXz
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Fast Kernel Tables (FKTables)

) A
d-o;;

dx 1 dXz

The evolution on the i scales is exact (O(az)) so the grid needed during the fit can be further simplified:

X-grid

@ = Z deldxz fl:(‘xl’ ,MF) ];-(.sz, //tF) 8zj(xl9 ‘XZ’ //tR’ //tF)

]

flavours

With O(50) points we can get a good representation of most observables, i.e., for each step of the fitting process we just
need to contract the PDF with a tensor of only 4500 X 50 X 50 X 14 X 14 ~ 10” elements. Easy!

But actually, the convolution of such a big array with the luminosity takes roughly 1 second!
(and many possibilities for optimization are still available!)
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The importance of Theory Predictions
why are we interested in them?

Current frontier: N3LO
PDF Fits, however, are still struggling with implementing (already existing) NNLO corrections (only through k-factors!) or NLO EW
(but we can start thinking about N3LO DGLAP though!)

o4+ ............. ............. ............ ........ qq —— _

o
—l : : : : : : :
LS, : : : : i : :
O @ ; @ @ ; ; |
tDZ 01 e ............. ..... / ............. ............. ..... -
< | | |

NLO/LO. ~15%

"4 60 80 100 120 140 160 180 40 60 80 100 120 140 160 180

Q [GeV
Q [GeV] 28 [GeV] plots from a talk by F. Caola



Distance from NLO baseline
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- N3LO evolution

- NNLO predictions

- NLO EW corrections

- Missing High Order Uncertainties
- Beyond proton PDFs

- Different theory settings

NNLO baseline Q= 1.7 GeV
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The future of PDF fitting

Most future plans for PDF require the generation of new interpolation grids,

and generating them can take great amounts of time.

Highly desirable: some framework in which | can run the appropriate settings,

et it run in the background and get the necessary interpolation grids maybe

a month later.
> at 1.651 GeV

7 NNLO baseline (68% c.l.+10)
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Distance from NLO baseline
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- N3LO evolution

- NNLO predictions

- NLO EW corrections

- Missing High Order Uncertainties
- Beyond proton PDFs

- Different theory settings
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The future of PDF fitting

Most future plans for PDF require the generation of new interpolation grids,

and generating them can take great amounts of time.

Highly desirable: some framework in which | can run the appropriate settings,

et it run in the background and get the necessary interpolation grids maybe

a month later.
> at 1.651 GeV

NNLO baseline (68% c.l.+10)
.7 NLO w/TH uncertainties (68% c.l.+10)
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Theory pipeline

Vrap

Instructions

Kinematics

grid

eko

table

Theory
Runcard

exp. data

Fitting Code
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Theory pipeline

Prediction generators

Runcards for the generators
In a relatively standard
format

Defines completely and
consistently the theory

/

Instructions Theory
Runcard
pinefarm

Kinematics grid | | eko eKo
Defined by the pineko
experimental
measurements, | FK Generates evolution kernel operators to
the same for all \ - table evolve the grids to the fitting scale Q,,

theory settings

exp. data Fitting Code

T~

Currently nnpdf but should be irrelevant
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NNLO Grids from different providers
PineAPPL

General process, PDF-independent, gnd storage
MATRIX APPLgTid fastNLO VRAP

mg5_aMC@NLO L ‘\'
(—

P — ’
. U — - Evolution Kernel Operators
! pinecards
: 1

@ PineAPPL gnds @ operators
experimental ‘wé
data

FK-tables

PineqdAPRPPL +

I
A
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Pineappl grids

~$ pineappl convolute CMS_DY_ 7TEV_2D.pineappl.lz4 NNPDF40 nnlo_as 01180

b Mi il dsig/dyll scale uncertainty
[GeV] [] [pb] [%0]

— b — N et -

0 20 30 00.1 1.6056289e1 -19.35 17.18
1 20 300.10.2 1.6036726e1 -19.35 17.18
2 20 300.20.3 1.5990756e1 -19.33 17.16
3 20 300.30.4 1.5973514e1 -19.32 17.16
4 20 300.40.5 1.5921352e1 -19.30 17.13

import Llhapdf
import pineappl

# Load a PDF

pdf =

# Load a pineappl grid or FKTable
= pineappl.grid.Grid.read("CMS_DY_7TEV_2D.pineappl.1z4")

grid

Lhapdf.mkPDF (""NNPDF40_nnlo_as_01180",

# Convolute

result

= grid.convolute_with_one(2212, pdf.xfxQ2,)
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NLO EW on/off [%]
o

PDF uncertainty [%]

CMS double-differential Drell-Yan cross section at 7 TeV

—— 20GeV < M,; < 30 GeV
—— NLO QCD —— NLO QCD+EW 7-p. scale var | PDF uncertainty
—— NNPDF40_nnlo_as_01180 —— MSHT20nnlo_as118 CT18NNLO
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Try 1t out!

https://nnpdf.github.io/pineline

Pinefine

e o o
T Pineline
Powerful and reproducible theory predictions, by N3PDF.

Introduction = Installation = Tutorials =
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