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Introduction

Linear Algebra is one of our favorite tools.

I Because data is often well-modeled by linear structures.

I Or unions of linear structures.
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Introduction

I We want to understand how things change when data is
missing.
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Subspace Identifiability Problem

Is this even possible?

I There might be many subspaces that agree with the
projections.
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Setup

The columns of ⌦ will index the given projections.

⌦ =

2
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!1 !2
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0 1
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The Answer

Theorem (P.-A., Nowak, Boston, ISIT ’15)

For almost every S?
, with respect to the uniform measure over

Gr(r,Rd), S?
is the only subspace in S(S?,⌦) if and only if

for every matrix ⌦0
formed with a subset of the columns in ⌦,

m(⌦0) � n(⌦0) + r.
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Then we use our theorem!

I It can be used to validate the output of any LRMC algorithm!
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If bS is compatible with X⌦2 , then bS = S?.
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Thanks.


