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Automatic classification

Random Forest

Support Vector Machines
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Lightcurve Representation
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Lightcurve Representation

lightcurves Dataset of Features
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Automatic classification: Results so far
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Motivation: Observational projects take
several years to finish the lightcurves

Few years (5< Few < 12)

May be we can do something in the
meantime?




Directly calculating the features from
incomplete lightcurves seems not right

Dataset of Features
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Feature convergence
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Feature convergence
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ldea: lets calculate distributions of
features in order to model uncertainty

Dataset of distributions
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How we can obtain distributions of
featurese

Dataset of distributions
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In general we have an idea of what
follows in the incomplete lightcurves
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Gaussian Processes

i g GPj Normal

| — Distribution
> / for predictions

Sy, CY

SreX

Posterior mean
and covariance
matrix for Sy given
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Gaussian Processes
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Gaussian Processes

Gaussian Processes

— Prediction
[ 95% confidence interval
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With Gaussian Processes we can take
samples from lightcurves

|
W

With Gaussian Processes we can take
samples from lightcurves
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Having samples from lightcurves we
can obtain samples from features
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Feature Value

Having samples from lightcurves we
can obtain samples from features

Kurtosis
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Once we have the features as distributions,
how we can train a classifiere

Dataset of distributions

A Tl Model
-,

Plain decision trees:

Search for splits in the variables that
separate the data in different classes

Feature 1 vs Feature 2 1%
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Information Gain
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Measuring the quality of a split

Shannon’s Entropy H (D) = — sz' logs (i)
i=1

where pi is the probability that an arbitrary tuple in D
belongs to class i. It is estimated as:

|C’L,D | |C | Number of
s = . — samples of
p’l, |D| ? Z’D class 1in D

13



Modified decision tree:

Feature 1 vs Feature 2 5%

Probabilistic cuts:
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Expected entropy

m
= — ) pilog, p;
1=1

The way piis estimated changes

|Cz d|

pi= e (Cial = 3w [ Gy

A
J€E
We weight the importance
|D | = E (Xk‘) of each tuple by multiplying
A it by the probability that it will

get to that given node.

After learning: Probabillistic
classification

o A sample can go through
many paths when being
classified.

o The model chooses the
class with highest
probability.
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Recall

Classification accuracy so far
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F-Score
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Conclusions and Future Work

We can perform automatic classification with
“incomplete” lightcurves handling uncertain
features

For some classes, we can have good
accuracies before completing the
observational time

We are working to increase our list of features
with uncertainty
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Conclusions and Future Work

«  We expect to improve the fit of the Gaussian
Processes in order to get better accuracies

«  We will extend the uncertain decision tree to a
uncertain Random Forest

+  We willmodel the uncertainty of features with
more suitable distributions

Conclusions and Future Work

« Still a lot fo do with our models
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