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Forward folding: log-likelihood minimization

Efficiency Response matrix/function Event counts distribution
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Forward folding: MCMC

Efficiency Response matrix/function Event counts distribution
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Standard calibration
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Calibration with Hierarchical MCMC
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Calibration with Hierarchical MCMC
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Parametrization
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Bias (mean diff) / Resolution (std diff)

Test: full resolution reconstruct
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Bias and resolution vs true energy
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Test: Gaussian, no energy

Gauss(Erp | Eirue, 0FD)

Ecalib = fcalib (Etrue)

Ga.uss(EsL) | Eirue, USD)

fealib = az?+bx+c

Bias (mean diff) / Resolution (std diff)

-0.21

Nsample = 1100
a_true = 0

b_true = 0.1

c_true = 0.05
mu_resid = 0.2
sigma_resid = 0.3
sigma_fd _frac = 0.2

Bias and resolution vs true energy

0.6

0.4 1

0.2

—&— Posterior mean
#— logE_sd

—i— logE_fd

—=—- Zero bias

dependence

- 0047
a = -0.004%5%7
T wean-no0s
-2 00a

b= 0116398

mdan=0.116
thue=0.100

.039+0.036

0036

nean=0.030
I, riie=0.050

0.00 0.25

0.50

0.75 1.00 1.25
True log_E

1.50 175

<
2
ko]
g8
w
-3
e
]
3 044
k=
021 —8— 68% interval
| == 95% interval
—=- Nominal 68%
=== Nominal 95%
0.0
0.00 0.25 0.50 0.75 1.00 125 1.50 175
True log_E

13



MCMC vs least square minimization (LSQ)
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MCMC vs least square minimization (LSQ)
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Conclusions

e (Calibration of the resolution function is required to correctly perform forward folding

® Auger used log-likelihood calibration on hybrid data; early work by Hans Dembinski
showed that least-squares fits are biased

e MCMC is a powerful analog of the log-likelihood approach, as it does not require
explicit multidimensional integration

e Bayesian MCMC calibration allows a natural extension of the MCMC forward folding
method
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