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10. Unfolding

Matrix inversion

400

400 |

200

Fig. 2: Atftempt to unfold using matrix inversion: (a) the “true histogram’, (b) the observed histogram n (dashed) and corre-
sponding expectation values v (solid), (c) the estimators fi based on equation (8).
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10. Unfolding
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Fig 4: Unfolded distributions using Tikhonov regulanzation shown as pomts with the true distribution shown as a lustogram
(lett) and the estumated biases (right). The regularization parameter i was determined m (a) by the nunmimum mean squared

error, and 1n (b) using vi = M (see text).
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10. Unfolding ctd...
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Fig. 5: Unfolded distributions using MaxEnt regularization shown as points with the true distribution shown as a histogram
(left) and the estimated biases (right). The regularization parameter o was determuned mn (a) by the munimum mean squared
error, and i (b) using vi = M (see text).
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10. Unfolding

variance + bias of regularized unfolding
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10. Unfolding Resources

A recent workshop on Unfolding:

http://www.terascale.de/schools and workshops/unfolding2010/

Tikhonov regularisation (and simple correction factors)
TUnfold() in root
http://www.desy.de/~sschmitt/

Alternative unfolding methods (iterative Bayes, single value decompostion):.
http://hepunx.rl.ac.uk/~adye/software/unfold/RooUnfold.html

K. Desch — Statistical methods of data analysis SS10



http://www.terascale.de/schools_and_workshops/unfolding2010/
http://www.desy.de/~sschmitt/
http://hepunx.rl.ac.uk/~adye/software/unfold/RooUnfold.html

	Foliennummer 1
	Foliennummer 2
	Foliennummer 3
	Foliennummer 4
	Foliennummer 5
	Foliennummer 6
	Foliennummer 7
	Foliennummer 8
	Foliennummer 9
	Foliennummer 10
	Foliennummer 11
	Foliennummer 12
	Foliennummer 13
	Foliennummer 14
	Foliennummer 15

