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Inverse Problems in Gamma- and Neutrino Astronomy The Dortmund Spectrum Estimation Algorithm - DSEA

Obtaining spectra of incident particles, such as gamma-rays or neutrinos is a N
common challenge in Air-Cherenkov and neutrino-astronomy. 1. Discretize f(x) — f(x) = (f1, ..., fim)- (Initialize)
2. Train Model A subset of n examples (4, W,L) = {(d,w,)q; ...; (d,w, )}

The energy of the primaries c tb d directly, but . . .
9y primail annot b atLiessed directly, bu IS used to train a model M(A, W, L). Each example consists of a label [, a

E has to be inferred from other observables, e.g. energy losses . . -

RN of secondary particles. Mathematically, this corresponds to a weightw and h attributes d = (a, ..., a,’l)' _ _
- Fredholm integral equation of the first kind: 3. Apply Mod~el Thﬁe Moijel M(A,W,L) is applied to a set off nunlabelfd
b , examples 4 = (@, ..., d;) yielding a confidence ¢;; = g(M(4,W,L),a;)
B g(y) = fA(E y)f(E)dE for the i-th example to belong to the j-th bin in f(x).
) J 4. Reconstruct Spectrum For the k-th iteration, the bin content f; ; of the
— - Several algorithms for the solution of this problem exist, j-thbinis es_timated as fik = Li=1 “ij- L
< which are, however, somewhat limited e.g. in the number of 5. Update weights The examplg weights for the (k + 1)-th iteration are
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input vquables, or in the sense, that information on individual updated according to w; ,,; = —*. (Continue with Step 2)
events is lost. "
The Dortmund Spectrum Estimation Algorithm (DSEA)
e aims at overcoming these limitations by using state of the art fi= = + Lo + ...
data mining techniques.
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