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Large surveys

e Goals

object classification

® identification of specific, maybe rare, objects

e discovery of new types of objects
 Characteristics

® blind, but we have prior information

e can usually build models of known objects = supervised

learning
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The Gaia Galactic survey
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Input spectra Gaia spectra
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Classification engine: SVM

® 3 class problem (star-galaxy-quasar)
e outputs are class probabilities

e train: 5000 of each class test: 60 000 of each class
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Output probabilities

Nominal
model
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0.0 0.4 0.8 0.4 0.8 0.0 0.4 0.8

P(galaxylQUASAR) P(quasarlQUASAR) P(starl QUASAR)

galaxy  quasar star
GALAXY 99.37 0.00 0.63
QUASAR 4.22 85.59 10.19
STAR 0.68 0.13 99.19

Here: assign objects to class with largest probability
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Bayesian learning

posterior likelihood prior

c S xn|cj,9 (C;16)

o P(xn|0)
class \

e.g. star, galaxy

data
(spectrum)
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Class imbalance problem

o All classification models have a prior (maybe implicit)

® Prior influenced by distribution in training data
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The modified model

e Adjust priors to reflect “class fractions” in target population

® Here, quasars are 1000 times rarer (our prior)

I = (fgalaXY7 fqua,sar, fstar) fta’r‘get o (17 00017 1)

modified posterior nominal posterior priors ratio

. Qmod)
: Hnom)

PmOd(Cj|ZI3n, Hmod) e Pnom(Cj‘$n7 Hnom)x
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Output probabilities

Nominal
model
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The effect on quasar classification

modified model on test nominal model on test
data set with f = (1,0.001, 1) data set with f = (1,0.001, I)
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The advantages of the modified model

e With quasars 1000 times rare than stars and galaxies

® zero contamination of the quasar sample with a completeness
of 62%

® simultaneously: star and galaxy sample completeness of 99%
with low contamination (0.7%)

e Can apply to any target population without retraining

e Using nominal model on a population in which quasars
really are rare gives poor results
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Model-based priors

Can calculate the model-based priors from a trained model

nN=Ntest

(C416) = Z P(Cj|zn,0) P(zx|0)

e

posterior

(model outputs) Ntest

These calculated priors agree closely with class fractions in
target sample
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Summary and Conclusions

Assign probabilities; use thresholds to build ad hoc samples
Class fractions in training data can bias classifier

e all models have a prior (may be implicit)!

Take into account priors on target population

® train model once on equal class fractions then adjust
probabilities

627% quasar sample completeness with zero contamination

e <|3 contaminants in sample of 250 000 quasars with Gaia

Bailer-Jones et al. 2008, MNRAS 391, 1838

Coryn Bailer-Jones, MPIA Heidelberg



