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Neural Network

f(z,Q,) =2 %1 —2z)’NN (z)

... and more!
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How can we systematically compare
different PDF models and benchmark
Inference methods within the same
code.framework?



Monte Carlo
replica method

f(2,Q0;6;) = Az (1 — 2)° f (2, Qu; 6;)

Hessian



f(2,Q0;6;) = Az (1 — 2)° f (2, Qu; 6;)

Monte Carlo
replica method

Hessian

Posterior disagrees
with Bayesian
statistics with
quadratic
dependence on
parameters



Posterior disagrees
with Bayesian

Monte Carlo statistics with
replica method quadratic
dependence on
parameters
f (2, Qui6:) = Az (1~ 2)"f (2, Qu; )
) Ad hoc tolerance,
Hessian

Gaussian approximation



Posterior disagrees
with Bayesian

Monte Carlo statistics with

replica method quadratic
dependence on
parameters

Ad hoc tolerance,

: _ —a Bg : i
f(@,Q;0:) = Az (1 — )" f (2, Qo; i) Hessian Gaussian approximation

Bayesian



f(2,Q0;6;) = Az (1 — 2)° f (z, Qu; 6;)

Monte Carlo
replica method

Hessian

Bayesian

Posterior disagrees
with Bayesian
statistics with
quadratic
dependence on
parameters

Ad hoc tolerance,
Gaussian approximation

Robust uncertainty
treatment BUT



f(2,Q0;6;) = Az (1 — 2)° f (z, Qu; 6;)

Monte Carlo
replica method

Hessian

Bayesian

Posterior disagrees
with Bayesian
statistics with
quadratic
dependence on
parameters

Ad hoc tolerance,
Gaussian approximation

Robust uncertainty
treatment BUT

Computationally
expensive...



Motivation

Develop a Bayesian PDF fitting tool
that allows for benchmarking fitting
methodologies and systematic model
comparison
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Colibri is an open-source PDF fitting tool where the user controls what model to fit
and with which inference method.
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uat 1.65 GeV

MC_Real_data _fit (68% c.|.+10)
NNPDF 4.0 (68% c.l.+10)

... any Neural Network
model could be implemented!
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Linear Model
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First fully Bayesian PDF fit!
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Applications Further development

1 Implement more realistic polynomial

1 Bayesian PDF fitting models

Benchmarking different 2 Implement a Bayesian Neural Network
models/fitting methods model

Simultaneous fit with SM/BSM

3 Perform weighted PDF combinations
parameters



Useful links

Repository: https://github.com/HEP-PBSP/colibri

Documentation: https://hep-pbsp.github.io/colibri/

Available models: https://hep-pbsp.github.io/colibri/available-models/index.ntml



https://github.com/HEP-PBSP/colibri
https://hep-pbsp.github.io/colibri/
https://hep-pbsp.github.io/colibri/
https://hep-pbsp.github.io/colibri/available-models/index.html
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Gaussian Processes

Vat 1l.6 GeV

1.0~ Z PDF posterior (68% c.l.+10)
Reference PDF central value (NNPDF4.0)

0.67 PDF described by an N-dimensional
X Gaussian distribution:

f~Nm,Ek)

0.2

0.0 -

10°° 1074 1073 102 10°1 10°

arXiv:2404.075/3v2, Tommaso Giani et al.



https://arxiv.org/abs/2404.07573
https://arxiv.org/abs/2404.07573
https://arxiv.org/abs/2404.07573

Les Houches P L
zfo(2, Qo) = Aga®s (1 — z)%
2, (@,Q0) = Au, o) (1 = )P (1 + €03 + Fuo)

2fa,(2,Q0) = Aa, 284 (1 - 2% (1 + €z +Gae)
zfz(z, Qo) = @l@(l ~ )8,

Sum rules:

1 1
Ag/ x> (l—a:)ﬂgda:+A2/ %% (1 —z)Pdz =1
0 0

Au, / %0 1 (1= 2)P (1 + eu, VT + Yu,z)dz = 2

Aa, / %1 (1= 2)P% (14 eg VT +7q,2)dz =1
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