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So, what did we do?

kyk2



So, my robot can classify a 
few animals. Cool. So what?

kyk2



Here is why the big fuzz about 
Machine Learning



Which one has Alzheimer?
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When will a flare hit the earth?
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Recommender Systems

Textbook Example
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We want to find this Subspace!
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One of our main results
[10] Pimentel, Boston, Nowak, 2016

Determines Exactly: 
Which entries you need to observe 

to find a subspace

Suppose X contains r + 1 disjoint matrices {X⌧}r+1
⌧=1

observed in the right entries. Then S?
is the only

r-dimensional subspace that agrees with X.
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Original Video Our Work
[3] Pimentel et. al (2017)
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Thank you!

pimentel@gsu.edu


