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m [ntroduction: role of CUS8 in Gaia
m Support vector classifiers

m Application to Gala data

= A note about unbalanced datasets
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CU8 will classify all Gala sources into broad
astrophysical classeand find the maimstrophysical
parametergor them. It will also search for unusual
sources (novelty detection).
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Mean plus/minus 1 sigma for all classes
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m around 1 billion stars

m a million unresolved galaxies

m around half a million quasars

®m nhumerous solar system objects
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Several algorithms considered.

Most successful are Neural network and Support Vector
Machine (Svm)

Main classification algorithm is the Svm.
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The following slides are loosely based on;
'Support Vector Machines: Hype or Hallelujah?”’
Bennett and Campbell 2000

See also:

Cortes & Vapnik, 1995, 'Machine Learning’ Vol 20 no. 3
or Wikipedia

Svm implementation is available in R (library e1071)
and in weka

We use libSvm (Chang & Lin)
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min £ ||lc — d||?
C’d:Zi ;X
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For a new poink, the decision boundary is;
| = Z ;YiX;.S + b,

f>0. |s—classl
f <0. |s— class2.
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f — Z QG YiX;.S 1 b7

replace dot products with Kernel function.
Most commonly radial basis function

exp (—yllzi — s°)
need to tune fofy.
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Svm’s are used for
m object classification (DSC)
m stellar parameterization in Gsp-Phot
m outlier detection
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m classify pairwise (star vs. binary, star vs. quasar etc.)

m Can combine all pairwise probabilities to unigue set
of P(C,,)

(Wu et al. 2004,Journal of Machine learning research)
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Currently works with 7 distinct classes. We consider 4.

G=18.5
Stars 81.90 15.70 1.90 0.50
Binaries 10.15 89.80 0.00 0.05
Quasars 5.45 0.55 91.60 2.40
Galaxies 155 0.05 0.10 98.30
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Classification performance
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Can simply append to BP/RP spectrum.
With probability, can also classify separately and
combine
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so far, all classifications performed on flat class
distributions, 1. Ngtars = Nquasars = Ngalazies 1N reality,

stars far outnumber quasars. Further, it is required that

Dsc provides clean QSO sample for the reference frame.
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If have large probability from classifier that object is of
type A

but class A Is rare

it is more likely a misclassification than that the object
truly is class A
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correct for the imbalance in the test set to obtain better
estimates of quasar purity in real cases.

Eliminate continuum quasars from the training set.

obtain better estimates of the quasar output sample purit
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m Svm Is a good candidate for the main Dsc classifier.
Is robust, easy to use, needs only two parameters to
be tuned

m Can estimate probabilities based on decision value,
but this is not ideal.

m Can use knowledge of the quasar prior in different
parts of the sky to correct the 'nominal’ model and
estimate thresholds for pure quasar samples
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