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scalable pythonic fitting

zfit: general likelihnood model fitting in python
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. Afew years ago: analyses transition from C++ to Python in HEP
- Scikit-HEP was created
- Change of philosophy: non-monolithic packages

. Fitting packages still in in C++

- Many scattered, specialized packages

- Speed crucial aspect (and non-trivial in python)



A lot of projects are around

—Reof#
—HEPPyhen
—Nor-HER

No real model fitting ecosystem/library for HEP
that is well integrated into Python
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«
What's new? Getting started Tutorials AP reference Project More ~ Search iod

cert e
Complete overhaul of it with a focus on usability and a variety of new pdfs!

2 On this page
Major Features and Improvements e

0.20.2 (16 Apr 2024)

« Parameter behavior has changed, multiple parameters with the same name can now coexist! 0.20.1 (14 Apr 2024)
The has been ly (vay!). The only | 0.20.0 (12 Apr 2024)
enforces that names and matching parameters within a function/PDF/loss are unique, as Major Features and
otherwise inconsistent expectations appear (for the full discussion on this, see here). Improvements

« 'space and limits have a complete overhaul in front of them, in short, these overcomplicated Breaking changes
objects get simplified and the limits become more usable, in terms of dimensions. The full Deprecations
discussion and changes can be found here Bug fixes and smal changes

+ add an unbinned Sampler  to the public namespace under zfit.data.Sampler : this object is Experimental
retumed in the create_sampler method and allows to resample from a function without Requirement changes
recreating the compiled function, i.e. loss. It has an additional method update data to update Thanks
the data without recompiling the loss and can be created from a sample only. Useful to have a 0.18.2 (13 Mar 2024)
custom dataset in toys. 0.18.1 (22 Feb 2024)

« allow to use pandas DataFrame as input where Zfit Data objects are expected 0.18.0 (29 Jan 2024)

« Methods of PDFs and loss functiong that depend gn parameters take now the value of a 0.17.0 (29 Jan 2024)
parameter explicitly as al\gumenla%O} i a r name) to value. 0.16.0 (26 July 2023)

« Python 3.12 support 0.15.5 (26 July 2023)

0.3.6

Stable design, .

add Generalizedcs PDF whichi
deviations for the left and right side.

Added functor for PDF caching CachedPDF : pdf , i
ow

add faddeeva_hunlicek function under the zfit.z]

rto the Doub1ecE®PDF but with different standard 0.15.2 (20 July 2023)

(13 July 2023)

egrate PDF methods can be cacheatfp (1 July 2023)
I 0.14.0 (22 June 2023)

unpy namespace. This is an CHAZ(IE: Jue2022),

Ran to V2

” §ording o Humlicek (JOSRT, 179) and Humicek (ISR, 1982). I 0.13.0 (19 April 2023) I
CO rre Ct n Ot l l S a e add Voigt profle PDF which is Jution of a Gaussian and a Cauchy ; 0412.1 (1 Apri 2023)
) # add Truncatedpor  thatal e or muliple ranges (replaces “MultpleLimits™ 0.12.0(13 March 2023)
and "MuliSpace”) backinkp 0.11.1 20 Nov 2022)

first «working»
version

ags
add Loghormal| PDF,a Iﬂgmt‘j"snahborl Ttyi the logarithm of 0.11.0 (29 Nov 2022)

irst presentation
SF workshop
spring 2019

>
CHEP 2024
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Fitting with zfit



ete fit

normal_np = np.random.normal(2., 3., size=10_000)

obs = zFit.Spaese("x", limits=(-2, 3))

mu = zfit.Parameter("mu", 1.2, -4, 6)

sigma = zfit.Parameter("sigma", 1.3, 0.5, 10)

gauss = zfit.pdf.Gauss(mu=mu, sigma=sigma, obs=obs)
data = zfit.Data.from_numpy(obs=obs, array=normal_np)

nll = zfit.loss.UnbinnedNLL(model=gauss, data=data)

minimizer = zfit.minimize.Minuit()
result = minimizer.minimize(n1l)

param_errors = result.hesse()
param_errors_asymmetric, new_result = result.errors()

Minimize

Errors




ete fit: Model

normal_np = np.random.normal(2., 3., size=10_000)

obs = zfit.Spase("x"™, lamits=(-2, 3))

mu = zfit.Parameter("mu", 1.2, -4, 6)

sigma = zfit.Parameter("sigma", 1.3, 0.5, 10)

gauss = zfit.pdf.Gauss(mu=mu, sigma=sigma, obs=obs)
data = zfit.Data.from_numpy(obs=obs, array=normal_np)

nll = zfit.loss.UnbinnedNLL(model=gauss, data=data)

minimizer = zfit.minimize.Minuit()
result = minimizer.minimize(n1l)

param_errors = result.hesse()
param_errors_asymmetric, new_result = result.errors()

Minimize

Errors




-Usability 7 it

Things should not be easy or hard, A
but consistent

Difficulty / it

Code lines # code lines

- 5 or 10: irrelevant
- 90 or 300: matters Complexity of fit
Cover all use cases out of the box is impossible

>

- Convenient base classes, allow full control

- Modular structure; provide all elements (e.g. shapes)
14



els

. Sum, Product, (Convolution)
. Gauss, (double) Crystalball,...
. Exponential, Polynomials,...

. Histograms, Splinelnterpolation,...

lambd = zfit.Parameter("lambda"™, -0.06, -1, -0.01)
frac = zfit.Parameter("fraction", 0.3, 0, 1)

gauss = zfit.pdf.Gauss(mu=mu, sigma=sigma, obs=o0bs)
exponential = zfit.pdf.Exponential(lambd, obs=obs)

model = zfit.pdf.SumPDF([gauss, exponential], fracs=frac)

300 4

250 A

N

150 A

100 A

ZARNY

00 A

= Sum - Model
- = Gauss - Signal
- = Exponential - Background

-10.0

—Z.D -5.0 =2:5 0.0 2.5 5.0 7.5 10.0
Physical observable
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Available models

Sum, Product, (Convolution)

Gauss, (double) Crystalball,... | — sonwods
. . =0 . { > :: E:::fme-ntlig:‘?Background
Exponential, Polynomials, ... LTI A
: : _ L
Histograms, Splinelnterpolation,... o .'J

A lot of new PDFs (also in zfit-physics)

Voigt, GeneralizedCB, GaussExpTail, Bernstein, CMSShape,

LogNormal, Cruijff, TruncatedPDF, Novosibirsk, Gamma,...




stom PDF

The simple way

While the same works for functions, an example with a PDF is shown here.

import numpy as np
import zfit
from zfit import z

The first way is the most simple and should only be used for the trivial cases, i.e. if you're not familiar with

Python classes (especially not with the | __init__ method).

class MyGauss(zfit.pdf.ZPDF):
_N OBS =1 # dimension, can be omitted
_PARAMS = ['mean', 'std'] # the name of the parameters

@zfit.supports()
def _unnormalized_pdf(self, x, params):
x0 = x[0] # using the @th axis
mean = params|['mean’]
std = params['std']
return z.exp(- ((x@ - mean) / std) *x 2)

Done. Now we can use our pdf already!

The slightly more general way involves overwritting the |__init__| and gives you all the possible flexibility: to

use custom parameters, to preprocess them etc.

Here we inherit from | BasePDF

class MyGauss(zfit.pdf.BasePDF)

def __init_ (self, mean, std, obs, extended=None, norm=None, name=None, label=None):

params = {'mean': mean, # 'mean' is the name as it will be named in the PDF, mean

'std': std

super().__init__ (obs=obs, params=params, extended=extended, norm=norm,
name=name, label=label)

@zfit.supports()
def _unnormalized_pdf(self, x, params):
x0 = x[0] # using the @th axis
mean = params|['mean’']
std = params['std']
return z.exp(- ((x0 - mean) / std) *x 2)

Can also override:

. integrate — _integrate
. pdf — _pdf

. sample — sample

Or register integral

17



tom PDF

We could improve our PDF by registering an integral
obs = zfit.Space('obsl', -3, 6)

data_np = np.random.random(size=1000)

SRl = o TR AGEE, T, ChEele) def gauss_integral_from_any_to_any(limits, params, model):

lower, upper = limits.v1l.limits

mean = params['mean']

std = params|['std']

# write your integral here

return 42. # dummy integral, must be a scalar!

Create two parameters and an instance of your own pdf

mean = zfit.Parameter("mean", 1.)
std = zfit.Parameter("std", 1.)
my_gauss = MyGauss(obs=obs, mean=mean, std=std)

limits = zfit.Space(axes=0, lower=zfit.Space.ANY_LOWER, upper=zfit.Space.ANY_UPPER)
MyGauss.register_analytic_integral(func=gauss_integral_from_any_to_any, limits=1limits)
probs = my_gauss.pdf(data)

print(probs[:20])

tf.Tensor(
[0.44462038 0.56276035 0.35691916 0.37072295 0.51695323 0.20865716
0.28003744 0.42683103 0.44741831 0.55557742 0.51748377 0.49276503

020662323 0.363397761, shapen(20,), dtype=tisatod) Can also override:

. integrate — _integrate
. pdf — _pdf

. sample — sample

Or register integral .



ZARNY

pdf_syst = zfit.pdf.BinwiseScaleModifier(pdf, modifiers=True)

Shape modifier

Comparison of unbinned gauss to binned to interpolated
i & el Unbinned — binned — interpolated
350 « interpolated

I process 5
s process 4
B process 3
N process 2
B process 1

pdfs = [zfit.pdf.HistogramPDF(h) for h in histos]
alpha = zfit.Parameter('alpha', 0, -5, 5)
morph = SplineMorphingPDF(alpha=alpha, hists=pdfs)

=3 -2 =1 0 1 2

pdfs = [zfit.pdf.HistogramPDF(h) for h in histos]

sumpdf = zfit.pdf.BinnedSumPDF(pdfs) 19



PDFs YA RNY

mu = zfit.Parameter("mu", 1.2, -4, 6)
sigma = zfit.Parameter("sigma", 1.3, 0.5, 10)

Going binned

gauss = zfit.pdf.Gauss(mu=mu, sigma=sigma, obs=obs)
obs_binned = obs.with_binning(30)
gauss_binned = gauss.to_binned(obs_binned)

data = zfit.Data.from_numpy(obs=obs, array=normal_np)
data_binned = data.to_binned(obs_binned)

nll = zfit.loss.BinnedNLL(model=gauss_binned, data=data_binned)

minimizer = zfit.minimize.Minuit() w -
result = minimizer.minimize(n1l) Minimize

param_errors = result.hesse() Errors
param_errors_asymmetric, new_result = result.errors()

20



lete fit; Data

normal_np = np.random.normal(2., 3., size=10_000)

obs = zFit.Spaee("x", Timits=(-2, 3))

mu = zfit.Parameter("mu", 1.2, -4, 6)

sigma = zfit.Parameter("sigma", 1.3, 0.5, 10)

gauss = zfit.pdf.Gauss(mu=mu, sigma=sigma, obs=obs)
data = zfit.Data.from_numpy(obs=obs, array=normal_np)

nll = zfit.loss.UnbinnedNLL(model=gauss, data=data)

minimizer = zfit.minimize.Minuit()
result = minimizer.minimize(n1l)

param_errors = result.hesse()
param_errors_asymmetric, new_result = result.errors()

Minimize

Errors




From different sources Use the HEP/Python
- Hist, numpy, Pandas, ROOT, ... ecosystem for preprocessing

Sampled from a model (toy studies)

data = model.create sampler(n sample, limits=obs)

22



ete fit: Loss

normal_np = np.random.normal(2., 3., size=10_000)

obs = zFit.Spaee("x", Timits=(-2, 3))

mu = zfit.Parameter("mu", 1.2, -4, 6)

sigma = zfit.Parameter("sigma", 1.3, 0.5, 10)

gauss = zfit.pdf.Gauss(mu=mu, sigma=sigma, obs=obs)
data = zfit.Data.from_numpy(obs=obs, array=normal_np)

nll = zfit.loss.UnbinnedNLL(model=gauss, data=data)

minimizer = zfit.minimize.Minuit()
result = minimizer.minimize(n1l)

param_errors = result.hesse()
param_errors_asymmetric, new_result = result.errors()

Minimize

Errors




ZARNY

mu_shared = zfit.Parameter("mu_shared", 1., -4, 6) 3

sigmal = zfit.Parameter("sigma_one", 1., 0.1, 10)

sigma2 = zfit.Parameter("sigma_two", 1., 0.1, 10) \ Shared parameters
gaussl = zfit.pdf.Gauss(mu=mu_shared, sigma=sigmal, obs=o0bs)

gauss2 = zfit.pdf.Gauss(mu=mu_shared, sigma=sigma2, obs=obs)

nll_simultaneous = zfit.loss.UnbinnedNLL(model=[gaussl, gauss2?],

data=[datal, data2])
nlll = zfit.loss.UnbinnedNLL(model=gaussl, data=datal) EC]UIValent
nll2 = zfit.loss.UnbinnedNLL (model=gauss2, data=data2)
nll _simultaneous2 = nlll + nll2

(arbitrary) constraints supported, added to loss

constr = GaussianConstraint(params=params, observation=observed, uncertainty=sigma)

nll = zfit.loss.BinnedNLL(model=model, data=data, constraint=constr) 24



lete fit: Minimization 7 it

normal_np = np.random.normal(2., 3., size=10_000)

obs = zFit.Spaee("x", Timits=(-2, 3))

mu = zfit.Parameter("mu", 1.2, -4, 6)

sigma = zfit.Parameter("sigma", 1.3, 0.5, 10)

gauss = zfit.pdf.Gauss(mu=mu, sigma=sigma, obs=obs)
data = zfit.Data.from_numpy(obs=obs, array=normal_np)

nll = zfit.loss.UnbinnedNLL(model=gauss, data=data)

minimizer = zfit.minimize.Minuit()
result = minimizer.minimize(n1l)

Minimize

param_errors = result.hesse() Errors
param_errors_asymmetric, new_result = result.errors()




ZARNY

. Problem: many, non-unified minimizer APIs
- SciPy inferface "a bit messy", different convergence criterion, etc...
. Unified API: zfit minimizers, simply switch

minimizer = zfit.minimize.IpyoptV1()

minimizer = zfit.minimize.Minuit()

minimizer = zfit.minimize.ScipyTrustConstrVi()
minimizer = zfit.minimize.NLoptLBFGSV1()

. Can use zfit loss, but also pure Python function

result = minimizer.minimize(func, params)
26



ete fit: Result

normal_np = np.random.normal(2., 3., size=10_000)

obs = zFit.Spaee("x", Timits=(-2, 3))

mu = zfit.Parameter("mu", 1.2, -4, 6)

sigma = zfit.Parameter("sigma", 1.3, 0.5, 10)

gauss = zfit.pdf.Gauss(mu=mu, sigma=sigma, obs=obs)
data = zfit.Data.from_numpy(obs=obs, array=normal_np)

nll = zfit.loss.UnbinnedNLL(model=gauss, data=data)

minimizer = zfit.minimize.Minuit()
result = minimizer.minimize(n1l)

param_errors = result.hesse()
param_errors_asymmetric, new_result = result.errors()

Minimize

Errors




. Inference library for hypothesis tests /‘\
: Scikit
. Takes model, data, loss from zfit @P

. sWeights, CI, limits, ...

. asymptotic or toys calculator

—e— Observed CLs
----- Observed CLs+p
—e— Observed CLyp
--- Expected CLs — Median
mmm Expected CLs + 10
Expected CLs + 20

calculator = AsymptoticCalculator(loss, minimizer)
poinull = POIarray(Nsig, np.linspace(0.0, 25, 20))
poialt = POI(Nsig, 0) 0.4
ul = UpperLimit(calculator, poinull, poialt)
ul.upperlimit(alpha=0.05, CLs=True)

0.6

p-value

0.2

0.0 : : . . ey |

cosystem: hepstats Z%

28



How to preserve this?



. Longstanding goal: preserve and restore information

Massimo Corradi

L] Q u eStI O n : h OW? W h I C h fo rm at? It seems to me that there is a general consensus that what is really meaningful for an experiment

is likelihood, and almost everybody would agree on the prescription that experiments should give their
likelihood function for these kinds of results. Does everybody agree on this statement, to publish likeli-

- Human-readable vs binary, ... e

Louis Lyons

Any disagreement ? Carried unanimously. That’s actually quite an achievement for this Workshop.

(1st Workshop on Confidence Limits, CERN, 2000)

. zfit: Pickle dump/load objects (PDF, etc)

30



ation

ZARNY

HEP Statistics Serialization Standard
Human-readable & preservable format for HEP statistics

By RooFit, zfit, pyhf, bat.jl, ... developing stage

- Explore and define common ground

zfit: Can dump/load
(some) PDFs HS>-like

"pdfs': {'SumPDF': {'pdfs': [{'extended': 'n_sig',
'mu': 'mu',
'sigma': 'sigma',
'type': 'Gauss',
Uyl Ly},
{'extended': 'n_bkg"',
'lam': 'lambda',
"type': 'Exponential',
A o
"type': 'SumPDF'}},

'variables': {'lambda': {'max': -0.009999999776482582,

'min': -1.0,
'name': 'lambda',
'step_size': 0.001,

'value': -0.06294756382703781},

31



Backend & Tensorflow



-end: TensorFlow Z%

By Google, highly popular (190k“’, top 17 on O) f

Consists of "two parts":

- High level API for building neural networks (NOT used!)
- Low level APl with Numpy-style syntax

tf.sqrt, tf.random.uniform,... or tnp.sqrt, tnp.array, tnp.linspace
Two modes:

~

- numpy-like (full Python flexibility) | GPU/Multi CPU support
Automatic Gradient

- JIT compiled (very performant)

o

33



-racing and autograd

Tracing (JIT compilation)

execute Python once, remember (algebraic) computation
Autograd

"analytic" gradient of function

Recent rise of big data industry created libraries that support this

Includes GPU support, optimizations, caching,...

JAX in the future for zfit2

34



'/_PT l

There is no free lunch

- Initial overhead, flat increase A
- TensorFlow (JAX, ...) backend
- JIT compiled, CPU or GPU  time Zfit

other
Single, simple fit "slow" >
Complexity / data size / # toys

- 0.01 or 1 sec not relevant
- 1 or 10 hours relevant
Same-ish order of magnitude as RooFit 3



. zfit has matured enough to provide a stable fitting package within
the pythonic HEP ecosystem.

Extensive feature set for model building, data loading, minimization
and getting results.

. Can serialize objects and save/load them to/from disk.

Robust backend that supports jit compilation, automatic
differentiation, GPU support and scales well

Where to find it:

. . fit it
. Good usability scaling. Zfitphysics reposiory

zfit documentation

Zfit tutorials

hepstats repository

hepstats documentation 36


https://github.com/zfit/zfit
https://github.com/zfit/zfit-physics
https://zfit.readthedocs.io/en/stable/
https://zfit-tutorials.readthedocs.io/en/latest/
https://github.com/scikit-hep/hepstats
https://scikit-hep.org/hepstats/

Backup Slides



: I
Inference landscape Z:Fl\t

_ :
8 Cametry Steers large fits & analysis

Closed-world

HistFactory-like p_x;,,f

Zikelihoods

Open-world lIKETMToTe=iaQst

Binned, . roael/PDF .— ‘ ‘ interval
unbinned, \

mixed Ir Py SO A\ B POint estifiiate N

H | pandas
uproot

Build compllcated physics models 38



Extended fits, Chi2, binned, unbinned, mixed

PDFs convertable binned < unbinned (including to hist), mixed
Multidimensional

Any backend supported (numpy-like), optimal with TF currently
Sample from PDF

Arbitrary constraints (custom made)

Custom PDF: define shape — auto normalized, sampling etc.
Automatic/numerical gradient

Different minimizers, optimized API

JIT/eager support

39



