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Unfolding practical Mikael Kuusela

The code in RooUnfoldExercise.cxx produces toy data for an unfolding scenario, where the true events
are drawn from the distribution

pX(x) = 0.3 · N (x| − 2, 12) + 0.5 · N (x|2, 12) + 0.2 ·Unif(x)

on the interval x ∈ [−7, 7]. These data are smeared by additive Gaussian noise drawn from N (0, σ2s),
where σs > 0 is the standard deviation of the detector response. The total number of true observations
is Poisson distributed with mean 20 000.

By default, the code produces for σs = 0.2 three plots containing:

1. The response matrix K

2. The true mean λ, the true observations x, the smeared mean µ and the smeared observations y

3. The true mean λ and the unfolded histogram λ̂ obtained by inverting the response matrix K

In this practical, we use this setup to study the properties of unfolding methods implemented in RooUn-
fold.

a) If you have not yet installed RooUnfold, download the source code from

http://hepunx.rl.ac.uk/~adye/software/unfold/RooUnfold.html

and compile it following the instructions in the website. Test your setup by running
RooUnfoldExample.cxx as instructed on the website.

b) Put RooUnfoldExercise.cxx to the main directory of your RooUnfold installation. Make sure that
it runs by typing .x RooUnfoldExercise.cxx on ROOT command line. Examine the code to get
a feeling of what each part does. Examine the plots that are produced. Does the matrix inversion
produce an adequate solution?

c) Modify the code so that it also produces the estimator λ̂ using D’Agostini iteration. Run the algorithm
for 5 iterations and compare the solution to the one obtained from matrix inversion. Which one seems
better? Now run D’Agostini for 1 000 iterations and compare with matrix inversion. What do you
observe? Explain your results.

d) Let us make the problem more difficult by changing σs to 0.5. Produce the estimators for matrix in-
version and D’Agostini with 5, 1 000 and 10 000 iterations. Compare matrix inversion and D’Agostini.
Do you observe the same as in point c)?

e) Use RooUnfold to also produce Tikhonov regularized solutions corresponding to SVD unfolding and
TUnfold. Use the 2nd derivative penalty in TUnfold. To make the computations faster, you can
set the number of toys in the SVD error computation to 100 instead of the default 1 000. Compare
the solutions obtained with D’Agostini, SVD and TUnfold for various choices of the regularization
parameter.



f) The RooUnfoldResponse object KAlt is produced with a Monte Carlo spectrum where the true events
are drawn from the distribution

pX(x) = 0.3 · N (x| − 4, 12) + 0.5 · N (x|4, 12) + 0.2 ·Unif(x),

where the location of the Gaussian peaks is different from actual distribution producing the obser-
vations. Use the same observations as above but replace K by KAlt in the 3 algorithms studied in
point e). Compare the results for various choices of the regularization parameter. What do you
observe?

g) The function chi2smeared computes the χ2 test statistic between the smeared observations y and
the estimated smeared mean µ̂ = Kλ̂. Use this statistic to find the optimal regularization parameter
in D’Agostini, SVD and TUnfold as described on the lecture slide 45. You may either write code that
automatically finds the optimal value or simply try different values by hand. To simulate imperfect a
priori knowledge of the true spectrum, keep using KAlt to unfold the data produced using K, but to
make the situation more realistic, you may produce KAlt using

pX(x) = 0.3 · N (x| − 1.9, 1.12) + 0.5 · N (x|2.1, 0.92) + 0.2 ·Unif(x).

Plot the optimal unfolded spectra and compare the results.
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