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HEP Analysis ZFit
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HEP Analysis ZFit
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«FItting»

«statistical inference»

_ o model/PDF
Variety of possibilities

Focus on likelihood based
(as is very common in HEP)

“likelihood”/cost

16 May 2024 Model fitting in Python with zfit and Scikit-HEP



Historic landscape

Analyses transition from C++ to Python
Many, non-monolithic packages
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Historic landscape Z?Itb

Analyses transition from C++ to Python HEP fitting libraries still in C++
Many, non-monolithic packages /\ Strong libraries, but mediocre
Talk by Eduardo Scikit bindings, not «pythonic»

NilZ
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Historic landscape Z?Itb

Analyses transition from C++ to Python HEP fitting libraries still in C++
Many, non-monolithic packages /‘\ Strong libraries, but mediocre
Talk by Eduardo Scikit bindings, not «pythonic»

Why even move to Python?

16 May 2024 Model fitting in Python with zfit and Scikit-HEP



Historic landscape

Analyses transition from C++ to Python HEP fitting libraries still in C++

Many, non-monolithic packages /\ Strong libraries, but mediocre
Talk by Eduardo Scikit bindings, not «pythonic»

e I e R W T

EUROPEAN ORGANIZATION FOR NUCLEAR RESEARCH

CERN-DD /39 18 Zanella [32] has said ” If HEP wishes to keep to its level of achievement, credi-

MRS bility and excellence, then it needs an injection of bright young computer-wise scien-

The Comparison and Selection of Proprassing LEgEReE tists and engineers.” This means that HEP cannot become “an island.” HEP applica-
tions must be able to utilize “state of the art” facilities in all areas of applicability
including data processing. HEP must be able to take advantage of the technological
advancements in other arenas of science and engineering. Many of these advance-
Data Handiing Divsion, CERN ments are occurring in fields which are presently not software compatible with
. — HEP. Much of the work being done in embedded systems with Ada or telecommuni-

for High Energy Physics Applications

Bebo White

10.1016/0010-4655(89)90283-X
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Historic landscape

Analyses transition from C++ to Python
Many, non-monolithic packages <R

Talk by Eduardo Scikit7)

b

------------------------

Python packages TensorProb

- no advanced features
- «Python too slow»

TensorFlow Analysis

o= E D = mE B =D E B ==

probfit

------------------------

HEP Python

-emeEmm W EEmmom

HEP fitting libraries still in C++
Strong libraries, but mediocre
bindings, not «pythonic»

scipy

~--------’

----------------------------

Non-HEP
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HEP Model Fitting in Python

HEP

RN

advanced features
simply extendable Scalable >
Seikit large data, complex models
HEP
PythOﬂiC NumPy A pUthOﬂ

integrate into ecosystem, stable API

16 May 2024 Model fitting in Python with zfit and Scikit-HEP
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scalable pythonic fitting

™ Jonas Eschle

jonas.eschle@cern.ch

U™ University of
‘g Zurich™

. In collaboration with
A. Puig, R. S. Coutinho, N. Serra

A\

Swiss NATIONAL SCIENCE FOUNDATION ‘| / /g

16 May 2024



History -4
5 years ago
first presentation .
HSF/WLCG
Workshop _Summary Z f 1 t

scalable pythonic fitting

» Beta stage, I (already used in LHCb analyses)
- Not feature complete, but API stabilizing

» Contributions in form of feedback and criticism very welcome
- API, use-cases, bugs,...
- Any crazy idea!

It’s about a reliable library

not about

«we need to get it working fast»

16 May 2024



Different kind of fits

* Binned (vs histfactory) vs unbinned

- Refers to data, cost/loss/likelihood and PDF
- Unbinned data: product of probabilities
- Binned data: «counting experiments»

PyHEP.dev 2023 fitting tools - zfit
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Different kind of fits

* Binned (vs histfactory) vs unbinned

- Refers to data, cost/loss/likelihood and PDF

- Unbinned data: product of probabilities

- Binned data: «counting experiments»
 Template vs analytic

- Shape from (simulation) sample vs
closed-form function

PyHEP.dev 2023 fitting tools - zfit
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Different kind of fits

* Binned (vs histfactory) vs unbinned

- Refers to data, cost/loss/likelihood and PDF
- Unbinned data: product of probabilities
- Binned data: «counting experiments»

 Template vs analytic

- Shape from (simulation) sample vs
closed-form function

* Analytical vs numerical normalization

— Bin or closed-form integral vs nhumerical

PyHEP.dev 2023 fitting tools - zfit
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Different kind of fits

* Binned (vs histfactory) vs unbinned

- Refers to data, cost/loss/likelihood and PDF
- Unbinned data: product of probabilities
- Binned data: «counting experiments»

 Template vs analytic

- Shape from (simulation) sample vs
closed-form function

* Analytical vs numerical normalization

— Bin or closed-form integral vs nhumerical

PyHEP.dev 2023 fitting tools - zfit
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Different kind of fits ATI\L

# Events
®

* Binned (vs histfactory) vs unbinned

7000 -

- Refers to data, cost/loss/likelihood and PDF

5000

- Unbinned data: product of probabilities |
- Binned data: «counting experiments» -

* Template vs analytic T

T T T { T
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o w
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* Analytical vs numerical nhormalization Double Crystalball

— Bin or closed-form integral vs nhumerical

PyHEP.dev 2023 fitting tools - zfit
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Different kind of fits

* Binned (vs histfactory) vs unbinned

- Refers to data, cost/loss/likelihood and PDF

- Unbinned data: product of probabilities

- Binned data: «counting experiments»

 Template vs analytic

- Shape from (simulation) sample vs

closed-form function

* Analytical vs numerical normalization

— Bin or closed-form integral vs nhumerical

PyHEP.dev 2023 fitting tools - zfit
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Different kind of fits

* Binned (vs histfactory) vs unbinned

- Refers to data, cost/loss/likelihood and PDF
- Unbinned data: product of probabilities
- Binned data: «counting experiments»

 Template vs analytic

— Shape from (simulation) sample vs
closed-form function

* Analytical vs numerical normalization

— Bin or closed-form integral vs numerical

PyHEP.dev 2023 fitting tools - zfit

Stacked histograms PDFs
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pyhf-like models

* One extreme: HistFactory model (pyhf)

- Template, binned, analytic normalization
- Assumption: Bins «free-standing», not next to each other

e «Closed-world» fitter

- Limited scope, specialized on 80%+ use-case in CMS/ATLAS
- extremely powerful/tested, serializable

PyHEP.dev 2023 fitting tools - zfit
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Different kind of fits

* Binned (vs histfactory) vs unbinned

- Refers to data, cost/loss/likelihood and PDF

— Unbinned data: product of PDFs
- Binned data: «counting experiments»

 Template vs analytic

- Shape from (simulation) sample vs
closed-form function

* Analytical vs numerical normalization

— Bin or closed-form integral vs numerical

PyHEP.dev 2023 fitting tools - zfit
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25

3.0

Amplitude (partial wave) analysis

Angular analysis
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Partial wave analysis Z"

* The other extreme: amplitude analysis (ComPWA, ...)

- Unbinned, analytic, numerical normalisation
— Description of observable based on amplitude, can be 1k + lines

* Fitting Is also hard

- Fitting time (~100 parameters): hours/days, up to weeks (one fit)
- Bottleneck: evaluation of PDF

PyHEP.dev 2023 fitting tools - zfit
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Statistical inference landscape Z?Itb

Closed-world
HistFactory-like p f

Yikelihoods

Open-world i “likelihood”/cost
Binnied, modzl/PDF

unbinned,
mixed

= heps_
\ Iminuit

PyHEP.dev 2023 fitting tools - zfit 24



Statistical inference landscape Z?Itb

B: Cﬂbiﬂ@try Steers large fits & analysis

Closed-world
HistFactory-like p f

Yikelihoods

Open-world
Binned,
unbinned,
mixed

Boos

istogram Z
i \ T~ imintit

tiproot ComPWA

TF-PWA, AmpiTF

PyHEP.dev 2023 fitting tools - zfit
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