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Predictions 1n High-Enerqy Physics
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Predictions 1n High-Enerqy Physics

Hard scattering 6,: encodes short-
range interactions; computed from
first principles.
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Predictions 1n High-Enerqy Physics

Hard scattering 6,: encodes short-
range interactions; computed from
first principles.

~ 96 MeV

~1/3
"3

strange

Parton Distribution Functions
(PDFs): encodes long-range non-

perturbative interactions; cannot be
Experiments measure an Observable

computed from first principle and
O (cross-section, decay rates, etc.):

have to be determined from

experimental Data.
O = 2 0y ® PDF PDFs are Universal




Three Pillars of pQCD Predictions

PRECISE & ACCURATE pQCD
Predictions

PDF extractions incorporate all of them
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Why PDFs are still relevant?

PDFs are becoming a bottleneck for LHC precision n:

calculations with the largest uncertainties < (Could
be Hiding New Physics
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1. Global PDF Extractions in a Nutshell




Anatomy of PDF Extraction

{: Input param. at Qg J Perturbative Part: MC Simulations & HPC

Theoretical predictions are computed analytically
and numerically

The Q2—dependence 1s captured via an Evolution

[DGLAP evolution to Qk} [ Data at Qy Eq:
J; (Xa» Qk) = Lijiap (Qk < Qo)ﬁ <Xﬁ> Qo)
The Evolution Operators satisfy the
% 3 Renormalisation Group Equation (RGE).:
i)
: [ Theory at Qr J Tmo & 0°) = E(x, 0*)F(x, 0°)
© n
g Fast Interpolations b comgare 05 dﬂz
o theory vs. data E (Qk - Q()) _ @exp . qu I‘(,u2)
® Qz
e k
= 1 Where I' is a N X N matrix and & a normalisation.
[ Calculate x? }
Non-Perturbative Part: Data-Driven
( NEnimizats J Uses DNNs for parametrisation and SGD for
Inimization _ L. ;
L Minimisation




[ |
|_L syosejelep Jo JoqunN
~ (@) () o () () () o o
0 N o ~ © N = ™ ~N
Q [~ ]
|
1
L
o
- N L
al o
=
=
0
1 j—
= S
N
x
LL_ = =g
Il o
mm N
Vp)
== [ e\ N 1 o-
€y
C m - Qos\\_\
Q N
Q BV 1.
N C.
- 5 R SR
O .Wb\
% S I Y 4 N
YQ,
QD - = L TTTTTTT o M
o Q C.
M 15 ~ RPN S «Qos\
= - Y0y,
—i - - mw« Yy
ro = I IS TR T T TR TR R R #w&&“
I—L L ©o o o o o o o o o
o o o () o ) o - o
(@) < (@ () 00) (o) << N (@)
C S < <~ < ®m ®m ®m m®m m
e sjulod ejep Jo JaquinpN
pr
o
Q
al
LL]




107

106

10°

Q* (GeV?)

103

102

101

Experimental Measurements
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Snapshot of the Experimental

Datasets

+ O(5000) datapoints that span a
wide range of Kkinematic regions
and probe various channels —
Large space of functional forms

+ Precision of the data reach the
percent 1level accuracy; mostly
from correlated systematic
uncertainties

+ Significant amount of the datasets
(O(500) datapoints) were
introduced 1n the NNPDF4.0 release
(LHC Run II data)



Parametrisation: Different Approaches

- NNPDF4.0 MSHT20 ABMP16

Sept 2021.

Dec 2020: Dec 2019: Jan 2017:

Released LRAPDF grids + | | APDF grids ~ LHAPDF grids ~ LHAPDF grids
fitting code
.. Neural networks  Functional form Functional form + _
Parametrisation . . Functional form
(hyperoptimised) + Chebyshev Bernstein
Monte Carlo Hessian Hessian (dynamic .
: . Hessian (no
el - I (closure + future (dynamic tolerance) + tolerance)
tested) tolerance) Lagrange mult.
T ory settings N':'/';?\l QCDN’L%M' NNLO QCD NNLO QCD NNLO QCD,
y Sefing (+ GM-VFN GM-VFN FFN

electroweak)
aN3LO0 aN3Lo0
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PDFs are usually extracted
Momentum Sum Rules

Bas

inimisers

In x

NNPDF relies on DNNs to parametrise the PDFs using
Stochastic Gradient Descent (SGD) as M
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X§(xa QO)
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xc?(x, QO)
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xu(x, Qp)

(xg(x, Q)




The NN fitting Procedures g

1T1f1, D] = : v D,) C;' (T D
G \ T2 == (T1f1-D) ;' (7,1f1- D))
—>[Compute xzj = 1,J
oD | (o e
—[Optimisationj
[ Experimental Data | > Positivity & Integrablllty constraints:

N J\
Yot ~ Ytot +2Ak2 <fk (% Q%) >
k=

Neural Net f; (azgk)) >Q® —> | FK|, |=> O | X2, ]
/ \ |
(k) (k) L. Tr/V1
{zn }\ [fg (T )) {normahzatmn} ) X g { split }




Uncertainty Propagation (1)

Problem: Given a set of dataset D, determine p(f,D) in the space: [: [0,1] = R

Approach: Approximate p(f,D) with its projection in the space parameters p(@|D)
xf; (x,Q5) = Ax(1 — xY)'F (x, 0)
Determine p(@|D) ~ p(D|0)p(0) as 6* = argmax p(f | D)

0
N, dat - N, COR

_ _ UNC) 2 COR <1~ COR
T{0] - D;|, cov; =&, (DNC)" + Z SDEORSDC

i.j ' ' k=1
Two prescriptions exist to compute the expected value and the associated uncertainties

E[0] = J@f@(f DO V6] = j@f@(f | D)6() — E[O]]

W P(f | D) — f
0

A=y 200 E[O] ~ O (f)
Vo1~ 3 [0 (1) - Blo1]° V[O] ~ Hessian




Uncertainty Propagation (2)

Monte Carlo Representation

Experimental uncertainties are propagated into the proton
PDF fit by fluctuating the central data w.r.t. the
uncertainties coming from the experimental inputs

_ (0) "'

Instances of such samplings are called “Pseudodata
Replicas”. Each of the pseudodata replica is then fitted to
a NN with different training/validation random seeds.

The final output - which defines the PDF distribution - is
an ensemble of PDF replicas.

Datasets

Generate

Replicas of the
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Parametrisation Basis Independence

Ratio to NNPDF4.0

Ratio to NNPDF4.0

1.15 -

1.10 -

1.05 -

1.00 -

0.95 -

0.90 -

0.85

1.15 -

1.10 -

1.05 -

1.00 -

0.95 -

0.90 -

0.85

s at 100 GeV
71" NNPDF4.0 (68 c.l.+10)
' NNPDF4.0 (flavor basis) (68 c.I.+10)
10~4 103 102 101 109
X
c at 100 GeV
7" NNPDF4.0 (68 c.l.+10)
. NNPDF4.0 (flavor basis) (68 c.l.+10)
104 1073 1072 101 109

X

Ratio to NNPDF4.0

Ratio to NNPDF4.0

1.15 -

1.10 -

1.05 A
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0.95

0.90 -

0.85

1.15 -
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1.05 A
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0.95

0.90 -

0.85 +—

S at 100 GeV

. NNPDF4.0 (flavor basis) (68 c.l.+10)

10~4 103 102 101 109
X
g at 100 GeV
;;;; /" NNPDF4.0 (68 c.l.+10)
! NNPDF4.0 (flavor basis) (68 c.l.+10)
104 1073 1072 101 100

12 X

+ Practically, we

do not
expect the two basis to be

trivially 1dentical:
completely different
methodology (e.g. flavour
basis do not have small-x
pPreprocessing exponents,
etc.)

Due to 1ts complexity

(especially regarding Regge
behaviour at small-x),

flavour basis require much
bigger architecture

The two basis are 1in
excellent agreement, with
differences fully
compatible with the
uncertainties



2. Hyperparameter Optimisation (HPO)& Distributed
Training on High-Performance Computers (HPCs)




HPO Interlude (1)

500 tt+QqQ

One of the main reasons to resort to Neural Network ’3‘ "-":"'""""""""""G'N'N""'
(NN) was to .r'educe biases 1in defining a functional o - Mean and stddev of 10 trainings :
form, however: 175 ||  Final GNN:8.3+0.4 — GNN-HPO _
o F |} Final GNN-HPO:5.51+0.06 TE -

: O R Final TF:10.10+0.10 ]

— - || _

X The hyperparameters @ that define the NN have to - " |} Final TE-HPO:7.88+0.10 TE-HPO -
be chosen S 15.0F | -
X Random and/or Manual selection of hyperparameters S - Al :
@ are tedious and not guaranteed = B AR |
(qv) 12 . 5 B \\\\ C | —

- > T S Transformer :
Perform an automated scan of the search space by © o ‘3\‘“~-~AATNM * -
running fits with thousands of hyperparameter lc_: 10.0 " s ' I _
combinations using a suitable metric !! i 1
250 Run 3 (14 TeV), tt, QCD with PU50 50 Run 3 (14 TeV), tt, QCD with PU50 7.5 :_ _:
5 25| ——— Validation loss 55| —— Validation loss : :
5.0 o -
1.75| Mwmmm 75i Finl validtion 055 0873 +1:0,08 - Pata, J., Wulff, E., Mokhtar, F. et al. Improved particle-flow -
£ 1.50] | so| . event reconstruction with scalable neural networks for ]
1.25) 2.5 current and future particle detectors. Commun Phys 7,124 "
ol - (2024). https://doi.org/10.1038/s42005-024-01599-5 -
| CMS Simulation Preliminary - _
0.75¢} E{I?af:r:earr]m_)é?setgcxgglg deviation of 10 trainings O_OI l S | E—— | —— | E— I — I S | l
e N B A 0 25 50 75 100 125 150
' 0 25 50 75 E;gcohs 125 150 175 200 0 25 50 75 E;g((:)hs 125 150 175 200 EpOChS

13



HPO Interlude (2)

One of the main reasons to resort to Neural Network f(w, 0) is differentiable w.rt. w
(NN) was to reduce biases in defining a functional .
form, however:

Gradient descent
)( The hyperparameters @ +that define the NN have to 4

be chosen

X Random and/or Manual selection of hyperparameters
6@ are tedious and not guaranteed

Perform an automated scan of the search space by
running fits with thousands of hyperparameter

combinations using a suitable metric !!

f (w, 8) non-differentiable w.r.t. 6
. W,

HPO of an “Objective Function” f(w,f) happens in TWO
stages.

Black-box optimization
- Training: Optimising f w.r.t. w via Gradient * No straightforward update rule for @
Descent = Search for w* = arg minf(w, )
w

- HPO: Optimise f w.r.t. 6@ via hyperparameter scan

— h for OF = ' , 0 —
search for argmelnf(w ) 0

f(0)




HPO Interlude (3)

f(w, 0) is differentiable w.rt. w
- Problem Statement: we want to search for

0* = arg minf(w, ) by querying values of f
0
1N 3 9given hyperparameter space; but not

computing its Gradient w.r.t. @

Gradient descent

- W are the learnable weights of the DNNs

f(w)

- @ is the set of hyperparameters (HPs)

- Depending on the complexity of the Problems,

the objective function / itself can be very
expensive to evaluate

- HPO 1s extremely compute-resource intensive: f (w, 8) non-differentiable w.r.t. 6
. J

- Require efficient & smart search
algorithms

Black-box optimization

]  No straightforward update rule for 8
- Benefits 9r‘eat19 from HPC resources '8 W “P .

O w— f(0)

15



Automatic HPO - Search Algorithms

a Grid Search )
oN
0
T
Q
=
S
S
=
)
o
S~
X
_ H L/perpammeter 1 y

~

\_

Hyperparameter 2

Raondom Search

VZ

)
\/

\ 4

Hyperparameter 1

~

_/

a Bayesiam Opt?mizat?on )
N
0
T
Q
S
S
S
-
)
o
S~
X
_ Hyperpammeter 1 y

- Static Search Algorithms: Grid Search (Deterministic, Exhaustive Search on the Grid), Random
Search (Stochastic, Exhaustive search on the random points)

- Adaptive & Model-Based Search Algorithms: Evolutionary Search, Bayesian Optimisation Search
(Surrogate Model: estimates f(@) and its uncertainties given some HPs, Faster convergence)

16



Bayesian Optimisation: Tree-Parzen Estimator

First evaluate n trials to fit
surrogate model to

| Often a GP Often arggmx EI(O)
( \
6 1 f(64) -
72 -y | == (02 Ul == f5(0) == A) = 6., = R = (0 ns1)
) moae
0 n

f (6 n)
Wtoppmg criterion

Tree Parzen Estimator (TPE) Bayesian Optimisation: The g9oal of an optimisation algorithm 1is to

find the combination of hyperparameters such that 0* = arg min f(6).
0

" C(20) if f<f £(0)
{<9"’]§> }J-zl s {g@ if f 2 f3 man(El e <g<9>>

l

17 Adapted from Eric Wulff’s slides @CERN OpenLab




HPO for PDF Determination: NNPDF4.0 Approach

Perform an automated scan of the search space by
running fits with thousands of hyperparameter {GenerateneWhyperparameterconﬁguration}

combinations using a suitable metric !!

“ ) {Fit to subset of folds}
When a measure becomes a target, 1t ceases to be a3

good measure” Goodhart's law [:hyperopt] [ T | ]
The choice of figure of merit 1s crucial in obtaining i [ﬁﬂdleLS} {fbkmiuzA{] [ﬁﬂdslﬁL4} [iﬁﬂd32;L4J
a "“Good Fit” (smoothness of the PDFs, generalisation
power to future experimental data, time/iterations 1t , , , ,
takes to complete a fit, etc.) [ X1 J [: X3 J [: X2 J [: X1 J
In NNPDF4.0, the figqure of merit 1s defined 1in terms l
of k-fold cross validation method. For each e 1 D
hyperparameter configuration, we run 4 fits to the _L::;LEE:XQ
central experimental data, and in each of these fits, 4k_1 g
the n-th fold is left out. ) — <

The metric 1s then defined as THE MODEL that yields
the “BEST” k-fold Loss

Is this the Best we can do?

18



The need for HP(Cs?

+ Monte Carlo (MC) PDF fits require hundreds to
thousands of i1ndependent replica trainings

+ Each fit 1s computationally expensive: theory
evaluations,)(2 minimisation, NN training

+ HPOs multiplies the total number of required runs Model

+ Replica fits are naturally parallel and 1ideal for
distributed computing

+ GPUs accelerate training, while HPC systems scale
3across many nodes/devices

+ Faster turnaround enables rapid methodology
development and validation studies

+ Precision PDF physics 1increasingly depends on
advanced computing infrastructure

19



Distributive HPO Workflows

Driver:

e Define the hyperparameter
space to evaluate f

e Generates
confiqurations

e Launches, tracks,
model trials

- Hyperparameter trials:

e Sets uUp

e Perform the actual Neural Network

training

hyperparameter

model +trials
hyperparameter configurations

search

trial

and terminates

and

e Reports metric back to “Driver”

20

Driver
s T T T T ~7 \\ /- T= \
{ Search ! l’ Search [ Scheduling :
I space : : algorithm : | algorithm :
I I | |
| Definesthe 1 What HPs : : Keep ;
! distribution | ! should we | training, or :
. HPsare |1 trynext? !'| terminate |
1 drawn from | : ! ' and launch ;
X K '\ ) | new trials? )
Launch trual%\\
Trial $\\ \ \
Trial l \ \ \
Trial L \ \
Trial N
" _______ I’ _______ \ I’ _————— - \
i Setupand |1 Optimize |1  Report
' modeland 1 model I validation 1
! HPs | ! weights |1 metrics |
| ,’ N e e e e e e e w / I\ ________ /

Adapted from Eric Wulff’s slides @CERN OpenLab

Worker 1

=




Distributed Training

- What 1s Distributive Training?
e Training models across multiple devices/cluster nodes
e Enables scaling to larger models & hyperparameter space
- Why 1t 1s Relevant?
e Faster training times & Scanning of the HP space
e Overcome the memory constraints
For PDF determination using MC approach, there are two levels or parallelisation:

Hyperparameter Driver
Optimisation - /
(HPO)
[ Trial 1 J [ Trial 2 J Trial N
\ /A\ A 4 \ N\ /A\ j
e ) VAR NN ) VAR NN . ) VAN I
Worker 1 [ Worker 2 J Worker 1 Worker 2 Worker 1 [ Worker 2
Monte Carlo - 7T X - 7 T\ " nmmm 7
Replicas Training [ Worker M J Worker M [ Worker M ]
\_ J
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Snapshot of Distributed HPO on HPC Systems

b b

i

- HPO Jobs are submitted through a Driver
Scheduler (e.g. SLURM) by a user Compute o mmm e pmmm——-- N .
| search 1! Search |l Scheduling '
- Head node generates hyperparameter nodes | emce ! algorithm | lgorithm |
trial configurations : x X :
_ i i L q E @ : Defines the : : What HPs | : Keep :
- Nodes +train the model trials 1n :E-EI: Q distribution 1! shouldwe |1 training, or !
—~ = : HPs are I trynext? ' terminate
parallel T q E ' drawn from ! : | ' and launch :
! k \ : | new trials? )
q q ------------ R ___________

Trial \
________ N\ f__-__-_\ /-__-__-\

111 J@ J@ | Setup : | Optimize : | Report :
- EI - -~ H| i modeland 1~ model 1 validation |
- = HP [ ioht [ . [
- _/@ _/@ i : S ’I : welgnts ,| : metrics ’I
il Ir\\YIlAIlr\\YY! | Vamcaceceae=e?® Ve » |

¥ (O LzoNARDO
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3.HPO for PDF Ensemble




HPO Metric for PDF Ensemble

(NNPDF4)24/peropt \

{Generate new hyperparameter conﬁguration}

eThe full dataset 1is partitioned in different

{Fit to subset of foldsJ folds Full log-
{ } likelihood
hyperopt

. T S N — eFigqure of merit 1s defined as thQA{}'
folds 1,2,3 folds 1,2,4 folds 1,3,4 folds 2,3,4 of the excluded folds
eMinimise the fiqure of merit and seleect—the
- ’ -bestHPs—econfrourations
4 l
Full log-likelihood >
—2log p,

Select an ensemble of
samples maximising the

likelihood
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Log-11kelihood Metric Definition

_ 1 - —1 _ T_
- [V -TY©) (P4 ER@) (v -TY0)

Central values of fold k Experimental covmat for fold k

Theory prediction for fold K,
computed using a fit which does
not i1nclude fold k 1itself
PDF error for fold k, computed
using a fit which does not
Normalisation of the 1nclude fold k itself

li1kelihood
(1) (1)
\/det 27 <Cy + CPDF («9))
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HPO on PDF Ensemble using GPUs

netherlands Parallel Fit

aSciencde:= 1

Significant improvements on two main fronts, namely the
hyperparameter optimisation procedure and at the 1level
of the fits themselves.

+ Simultaneous fit of multiple replicas:
-Tensorflow allows the exact same codebase to be used
for both CPU and GPU
-Redesign of the framework in order to share memory-
heavy objects across all the replicas
-Resort to single PDF neural network model

—> Running ~150 replicas at once on a A100 Nvidia GPU
1S Nnow as fast as a fit of one single replica.

+ Distributed asynchronous Hyperparameter Optimisation-:
-Evaluate trials 1in parallel across many different
GPUs
-Each instance of the worker shares the same database
(MongoDB)
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Scaling of MC replicas training on a GPU

trained models / hour

175 A

150 -

125 -

100 -

~
Ul
1

Ul
o
1

25

—&— GPU original

—0— GPU optimised

sequential

Number of replicas

4/. 17.5 1 W GPU original
I GPU optimised

15.0 -
)

O 12.5 -
w
(@)
A

5 10.0 A
-
O
&

O 7.5
&
-
(a

© 5.0-

2.5

T T T T OO -

40 60 80 100 20 40 60
Number of replicas
MACHINE
# Replicas 10 50 100 Science and Technology
Energy reduction 78% 87% 91%
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Average wall-clock time per trial (hours)

Scaling of trials across multiple GPUs

1 mongo-wk per gpu 2 mongo-wks per gpu

== = sequential hyperopt (50 replicas)
—@= parallel hyperopt (50 replicas)

== s sequential hyperopt (100 replicas)
=&— parallel hyperopt (100 replicas)

2 3 4 5 6 7 8
# of hyperopt mongo workers
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HPO Evolution

Ik 5.0 1 O

~1.570 - 4.5 7

4.0 -

*
—1.575 - 3.5 -

w TN

<

—1.580 - 2.5 - = O [

—E[log p(8)lsamples
X2
W
o
O

\ 2.0 - . s o O
iy 15 - _:’
T T T T T 1'0 1
0 200 40 600 800 1000 200 400 600 800 1000
nimber of trials number of trials

—1.585 -

. i‘“}!"i’ e

Thermalisation Transition
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Highlights of Best Trials

Trial Architecture  Activation Optimizer Learning rate Clipnorm Epochs
925  [15, 16, 19, 8] tanh Adam 0.00618  5.98¢-7 18704 Despite completely different
590 :13, 16, 18, 8: tanh Adam 0.00816 4.67e-7 20089 archltecture, OPtlmlsers ; etc. ) the best
870  [15, 16, 18, 8] tanh Adam 0.00785  6.06e-7 19298 i i ) i i
760  [22, 16, 16, 8] tanh Adam 0.00763  8.96e-7 17993 trials yield PDF distributions that are
859 ;15, 17,17, 8] tanh Adam 0.00850 4.97e-7 19303 1N excellent agreement With the
463  [12, 16,19, 8] tanh Adam 0.00979  1.93e-6 18683 ) N S
729  [19, 17,17, 8] tanh Adam 0.00695 6.21e-7 18880 differences well within the uncertainties
666  [12, 12, 17, 8] tanh Adam 0.00491  8.02e-7 22204
898 24,15, 19, 8] tanh Adam 0.00891 4.65e-7 19564
438 [14, 15,19, 8] sigmoid  Adam 0.01000  1.95e-6 19737
g at 1.65 GeV g at 1.65 GeV
1.3
| 1.6 A
1.2
1.4 - /
1.1 trial 1 (68% c.l.+10)
- % trial 2 (68% c.l.+10)
= 9 o T T T T — 1.2 1 7 trial 3 (68% c.l.+10)
.g T |1\ pant .g 1 trial 4 (68% c.l.+10)
+ ra % cl+lo + s o2 - sl i W “ . trial 5 (68% c.l.+10
S 0-9 [ trial 2 (68% c.l.+10) S 1.0F= ; -~ trial6§68% c.I.+10;
20s8- [ trial 3 (68% c.l.+10) 2 / trial 7 (68% c.l.+10)
© (R trial 4 (68% c.l.+10) g 0.8 - < trial 8 (68% c.l.+10)
o 0.7 trial 5 (68% c.l.+10) oc R PO LAr g
’ RAdi trial 6 (68% c.h+lo) 0.6 - trial 10 (68% c.l.+10)
7 trial 7 (68% c.l.+10)
0.6 5., trial 8 (68% c.l.+10)
== trial 9 (68% c.l.+10) 0.4 A
0.5 ", trial 10 (68% c.l.+10)
107 104 10°3 1072 101 10° 0.2 0.4 0.6 0.8

X 28 X



Results at the level of PDF Distributions

g at 1.65 GeV

1.4 -
(@) 1.2 7
S
©
o
C
C 10 -
8
0
©
< 0.8
0.6 - ‘", nnpdf40 (68% c.l.+10)
combination (68% c.l.+10)
107> 104 1073 1072 1071 100
X
uat 1.65 GeV
1.06 A
1.04
3 1.02
©
3
c 1.00
S
RS
£ 0.98
(a
0.96
"7 nnpdf40 (68% c.l.+10)
0.94 combination (68% c.l.+10)
107> 1074 103 1072 1071 10°
X

+ Samples

g at 1.65 GeV
1.8 4 #1 nnpdf40 (68% c.l.+10)
| combination (68% c.l.+10)
1.6 -
o 1.4
N
2 1.2-
C
C
S 1.0
O
© 0.8
o
0.6
0.4
0.2 0.4 0.6 0.8
X
uat 1.65 GeV
77 nnpdf40 (68% c.l.+10)
' combination (68% c.l.+10)
2.0 -
(@)
S 1.5 1
©
o
C
cC
S
o 1.0 -
)
(0]
o
0.5

0.2 0.4 0.6 0.8
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from the best
tri1als are used to
construct a combined PDF
distribution

The combined results are
consistent with the
published baseline NNPDF4.0
but with slightly 1larger
uncertainties (in the
extrapolation regions)



HPO 1n the Flavour Basis?

—1.54 -

—1.55 -

—1.56 -

—1.57 -

—1.58 -

—1.59 -

—E[log p(0) lsamples

—1.60 -

—1.61 -

0 200 400 600 800 1000 0 200 400 600 800
number of trials number of trials

Training in the flavour basis shows a larger fraction of non-convergent trials, 1indicating a more
challenging optimisation 1landscape and motivating further +tuning of architectures and training
strateqgies
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Ratio to evolution basis

Ratio to evolution basis

1.05 -

1.00 -

0.95 -

0.90 -

0.85 -
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Distributions from Flavour Basis Fits

d at 1.65 GeV
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1.00 A

0.95 ~

0.90 A

0.85 A

0.80 A

d at 1.65 GeV

777, evolution basis (68% c.l.+10)
. flavor basis (68% c.l.+10)

+ Flavour basis fits exhibait
much larger uncertainties

0.2 0.4 0.6
X

V at 1.65 GeV

;1 evolution basis (68% c.l.+10)
flavor basis (68% c.l.+10)

0.8

0.2 0.4 0.6

40

+ Central values can differ
by more than one-sigma even
1n the data regions
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3.Uncertainty Validations




Future Tests (1)

Fit Data to specific kinematic regions, and then checks the generalisation (extrapolation) to
unseen experimental data:

1 e datasets pre HERA uat 1.65 GeV
107'5 v datasets pre LHC 0.8 -
|+ NNPDF40 datasets /! pre-HERA (68 c.l.+10)
105 - 0-79 =+ pre-LHC (68 c.l.+10)
064 ! NNPDF4.0 (68 c.l.+10)
10° 4
< 0.5
() 104 —~
- = 0.4
103 1 8
- 0.3 - |
102 - 024 S
101_: 0.1 B
WYYy
10 103 102 10-* 10° 10~ 10-3 102 10~ 10°
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Future Tests (1)

Fit Data to specific kinematic regions, and then checks the generalisation (extrapolation) to
unseen experimental data:

x2: FITTED VS EXTRAPOLATED: WITHOUT/WITH PDF UNC.

PROCESS PRE-HERA PRE-LHC NNPDF4.0
FT DIS (NC) 1.05 1.18 1.23
FT DIS (CC) 0.80 0.85 0.87
FT DY 0.92 1.27 1.59
HERA 27.20/1.23 1.22 1.20
CoLL. DY (TEv.) 5.52/1.02 0.99 1.11
CoLL. DY (LHC) 18.91/1.31 2.63/1.58 1.53
TOP QUARK 20.01/1.06 1.30/0.87 1.01
JETS 2.69/0.98 2.12/1.10 1.26

TOTAL OUT OF SAMPLE 19.48/1.16 2.10/1.15 -
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Future Tests (2)

Ax? for datasets

ZEUS Difet-—2@ %7 cMS da —~ CT18
dqg?d(pr)
o o — MSHT20
ZEUS Jet s T CMS - — . NNPDF4.0
i - PDF4LHC21
d?o |
ZEUS Jet 722 ./\,

H1 Dijet zd( =

: d%o
Al Dljetdqzdwr)

d’c
H1 jet—dqzde

d%c
H1 '/et—dqzdpr

CMS Jet dpd dflfyl

ATLAS DIJet .
Jldl |

ATLAS Jet 22

R tl cMs L 1 do

Gdmg

1 do 1_d%
CMS o-dlyl CMS 1 dO' CMS odmttdl)/ttl

ATLAS I+] 3570

-Relative change in the total y? due to a

change in the input PDF

2(1) 2
ATLAS had: 22 )( Xp-l—th )( 6Xp+th df
. p S

ASYZO)::
ATLAS had: m 2
X exp+th
pdfs
ATLAS had: 372 Whepe
pdfs
2 20
ATLAS I+ 322 2%xp+ﬂ1 Xp+ﬂ1
pdfs Rydfs i—1

ATLAS I+ 5%

ATLAS |+] é%

il

-No systematic outlier seen 1n the data

description despite noticeable differences
at the level of PDF

-As anticipated, PDF4LHC21

represents the
average (with Ay? ~ 0)
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Closure Tests

Generate ““toy data” based on some known PDF and check a posteriori that the true underlying law &
1s reproduced within errors. Fit replicas to pseudodata in the standard way according to:

Y =F +n+e, where n ~ N(0,C) and € ~ N(0,C)

If the uncertainty associated to the PDF replicas 1is faithfully reproduced, then the bias-to-
variance ratio should be unity, ie.%, = \/En[ bias ]/En[ variance | = 1.

g at 1.65 GeV 2 at 1.65 GeV
O\ [7Z] Closure input PDF
2.5 - 3.01 N 1 Full replica ensemble (68% c.l.)
2.5 - ’

2.0 -
= 1.5- < | ~—
> X < 1.5

1.04. 1.0 -

0.5 1 1 Closure input PDF 0.5 -

&1 Full replica ensemble (68% c.l.)
10> 10~4 103 102 101 10° 10> 10~4 10-3 102 10°1 10°
X X

33



Closure Tests

Generate ““toy data” based on some known PDF and check a posteriori that the true underlying law &
1s reproduced within errors. Fit replicas to pseudodata in the standard way according to:

Y =F +n+e, where n ~ N(0,C) and € ~ N(0,C)

If the uncertainty associated to the PDF replicas 1is faithfully reproduced, then the bias-to-

variance ratio should be unity, ie.%, = \/En[ bias ]/En[ variance | = 1.

\/bias/variance %iata)
Dataset
DY 0.99+0.08 0.69 £ 0.02
Top-pair 0.75+0.06 0.75=+0.03
Jets 1.14 £0.05 0.63 = 0.03
Dijets 0.99+0.07 0.70 £ 0.03
Direct photon 0.71 =20.06 0.81 £0.03
Single top 0.87 =0.07 0.69 £ 0.04
Total 1.03£0.05 0.68 4 0.02
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Open Source

(Search docs
() Test conda package |passing Cetting started
Fitting code: n3fit
NNPDF: An open-source machine learning framework for Sp——
global analyses of parton distributions . 71 Geta and feory predicions

Chi square figures of merit
The NNPDF collaboration determines the structure of the proton using Machine Learning methods. This is the

main repository of the fitting and analysis frameworks. In particular it contains all the necessary tools to reproduce
the NNPDF4.0 PDF determinations.

Contributing guidelines and tools

Releases and compatibility policy

Continuous integration and deployment

o Servers
Documentation
External codes
. . . . © Tutorials
The documentation is available at https://docs.nnpdf.science/
L11a AACMITLIALITSAIALT 19 SASHARIA af +/ Running fits

-+ Analysing results
+) Closure tests
-+ Special PDF sets

+ Miscellaneous

Github: https:/github.com/NNPDEnnpdf
Documentation: https:/docs.nnpdf.science/
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Tutorials

This section contains tutorials for common things you might want to do using the code.
Adding to the Documentation and Reviewing pull requests).

Running fits

How to run a PDF fit
How to run an iterated fit
How to run a QED fit
How to run a Polarized fit

Including a general theory covariance matrix in a fit

How to include a theory covariance matrix in a fit

Analysing results

e How to compare two fits

e How to generate a report

e How to run an analysis in parallel

e Using dask without a Scheduler

e How to plot PDFs, distances and luminosities

¢ Plotting non-trivial combinations of PDFs

e How to do a data theory comparison

e Interpreting the \(\mathcal{R}_O\) overfit metric

Closure tests

e How to run a closure test
e How to analyse a closure test

Special PDF sets

e Bundle PDFs with \(\alpha_s\) replicas
e How to transform a Monte Carlo PDF set into a Hessian PDF set


https://github.com/NNPDF/nnpdf

Summary & Outlook

+ Monte Carlo (MC) PDF extractions requires 1large
ensembles of 1ndependent fits and robust
uncertainty propagation

+ HPO 1s essential to reduce methodological bias, but
further 1ncreases the computational cost

+ GPUs and HPC systems provide the parallelism and
scalability needed to make these workflows
practical

{
i
|

+ Distributed HPO and simultaneous replica training
significantly reduce time-to-solution

+ Ensemble-based model selection offers a promising

direction to better capture methodological
uncertainties

36 “Wanderer above the Sea of Fog” by Caspar David Friedrich



