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Regression Problems in Astronomy 4
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solving
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Improvements

new / improved algorithms
feature / metric selection

~ domain shift
missing / censored features
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Uncertainties

model uncertainty
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Evaluation Tools >

simplification / just use the mean
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Evaluation Tools

stacking PDFs

Model One Model Two Model Three
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Proper Evaluation Tools / CRPS b%%

continuous rank probability score

N
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CRPS = N Z crps(CDFy,zy),
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Proper Evaluation Tools / PIT %

" N HiTs

probability integral transform

a.) underdispersed b.) overdispersed

relative frequency
relative frequency
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c.) biased d.) well calibrated
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relative frequency
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Results

i ] HITS
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Multi-Modalities
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Multi-Modalities

HITS
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Multi-Modalities
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Results

Nearest Neighbors

Gaussian Mixture Model M=

Random Forest

Gaussian Mixture Model M =5

Mixture Density Network
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Forward Selection %

apply greedy forward selection

error diagram k=7 prediction guality k=7
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Forward Selection

resulting features:

October 24, 2016
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Lessons Learned
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DCN meet MDN -
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Healpix / HIPS / IVOA
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Results

DCN+MDN

Random Forest
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Mixture Density Network
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Conclusion

uncertainty

. Isvery

|mp_0|'tant to further
improve

the “science quality

we must start to use

proper

tools " to

evaluate the performance
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