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DATA DOMAIN ASTRONOMY*™

e \We are entering In golden age for big surveys and new data.

e New facilities and surveys observing periodically a great portion
0f the Sky will generate substantial archives of data.
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e [IFand LSST will observe
1~40 billion objects.
Irilfions of measurements
for these objects.

o |SST Will produce 10
lerabytes of data each
night!

e 500 petabytes generated by
Rubin data processing in 10
years.
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HOW DO WE OVERGOME THIS?




MAGHINE LEARNING AS A SOLUTION

Whnat 1S machine learning?

A Subfield of computing science
focused on building algorithms that
can “learn” from aata.

https://atriainnovation.com/blog/el-machine-learning-en-la-

Industria/




Types of machine
learning
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Regression
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reduction
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SUPERVISED LEARNING

UNKNOWN

https://hshan0103.medium.com/what-is-supervised-semi-supervised-and-unsupervised-learning-12cd8160f99a

e The data used to train the model Is labeled. We know both Iinput and outputs.

e TNe algorithm learns how to map between the e The downside IS that having a big set of data
Input and correct outputs. labeled IS complicated.


https://www.enjoyalgorithms.com/blogs/supervised-unsupervised-and-semisupervised-learning

SUPERVISED LEARNING
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https://www.enjoyalgorithms.com/blogs/supervised-unsupervised-and-semisupervised-learning

MANY WORKS
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Automatic Learning for the
Rapid Classification of Events
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Figure 2. Taxonomy tree used in the current version of the ALeRCE light curve classifier.




RANDOM FOREST

e (0al: Learn a mapping between the Input
(ata and the prediction output.

o Build many different decision trees and m
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o Each tree is trained on a random subset and [ =
features of the data (bootstrap sampling).

o Each tree makes a classification — the
forest outputs the majority vote.

https://datahacker.rs/012-machine-learning-introduction-to-random-
forest/
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10 MUCH TALKING LETS DO THE FUN PART!
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