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Purpose and Motivation

BinnedDistributionFit.jl is a Julia package that implements likelihood-based cost

functions for user-defined functions over histogrames.
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http://binneddistributionfit.jl
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A common question:
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To do this, we must define mathematically
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Purpose and Motivation

What makes a good fit?

e Intuition: expected (model-predicted) values are close to observed values
e How to differentiate these using a quantitative metric? Likelihood

Bad fit: Good fit:




Mathematical Background (Negative Log Likelihood)

We formulate maximal likelihood as a minimization problem:

L(zy,...,zn | 0) =[] f(zi|0) = —InL(z|6)=-> Inf(z;|0)
For one PDF, BinnedDistributionFit.jl implements:

UserPdf(z;, parameters)

No serve 1 Nex ecte —Nex ecte
[ UserPdf(z, parameters)dx ~ (Nobservea In Nexpected pected)



Mathematical Background (Negative Log Likelihood)
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[ Per-bin term | [ Overall Gaussian Term )

e Minimized when the PDF shape is e Minimized when N_observed = N_expected
closest to that of the observed e Controls relative scaling of the distribution
e (Controls the shape of the distribution



Optimizing A PDF
e

Laplace (50, 20)
rand(L_dist, 50000)

f(x, ps) = pdf(Laplace(ps[1], ps[2]), x)

hist = BinnedDistributionFit.Hist1D(L_data; binedges = 0:100)
pdf_input = BinnedDistributionFit.ExtendPdf(f, (0,100))

NLL = BinnedDistributionFit.LikelihoodSpec(pdf_input, hist)

para_guess = ComponentArray(norm = [47000.], p1 = [70., 30.])
optf = OptimizationFunction(NLL, AutoForwardDiff())
prob = OptimizationProblem(

optf, para_guess;

# lower and upper bounds on the parameters

b [eps()], p1 = [eps(), eps()]),

ub [100000], p1 = [100, 507])

ComponentArray(norm

ComponentArray(norm

sol = solve(prob, Optimization.LBFGS())



Makie Extension (graphing)

fig = BinnedDistributionFit.plotpdf(NLL, sol.u)
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Extension

500
@recipe PlotPdf (LS, ps)

function Makie.plot!(input::PlotPdf)
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Optimizing Multiple PDFs

pdfi = ExtendPdf((x, -) -> x, (1,3))

pdf2 = ExtendPdf((x, -) -> x*2, (1,3))

hist = HistiD(; binedges = 1:3, bincounts = [2.0, 4.0])
NLL = LikelihoodSpec(

pdfli + pdf2, hist;
num_integrator = BinnedDistributionFit.QuadGKIntegrator()

NLL([[2.0, 0.5], [], [1])
# Output: 0.8497340452248006

NLL (ComponentArray(norms = [2.0, 0.5], p1 = [0], p2 = [0]))
# Output: 0.8497340452248006



Math for Multiple PDFs
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Nexpected - [ UserPdf;(z, parameters)dz

Individual PDF normalization

Sum of all PDFs



