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whence S = ker A  .
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dimkerAT
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?
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?

SdimkerAT

�

Good Bad

⌦⌦2 =⌦⌦2 =

D=5, R=1

Indicates coordinates 
involved in 

given projections

Encodes information of 
given projections
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Algebraic Variety 
(nonlinear)

Tensorized Subspace 
(linear)

Find Subspace, 
Find Variety!

Is it even possible that these 
produce the right entries? Yes :)
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Theorem (P.-A., Ongie, Balzano, Willett, Nowak, 2017) 

Suppose V is in general position. Suppose each column      has m samples. 

(i) If m < r, then S cannot be uniquely determined. 

(ii) There are cases with m = r and m = r+1 where S cannot be uniquely 
determined. 

(iii) If m ≥ r+2, then S can be uniquely determined (if you observe 
the right entries).

S

V

S

S

x
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the right entries

We can findX⌦2 2 SdimkerAT=

(Provable Algorithm)
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Columns lie in a 
union of subspaces!

U2
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All right, 
Here are other 
Applications…
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PLEASE TELL
ME MORE

PLEASE TELL
ME MORE

Beyond Missing Data 
How am I on time?
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LRMC RPCA
LR Matrix LR Matrix

Few 
Gross 
Errors

Know Locations 
Don’t know values

Don’t know Locations 
Know all values

Common goal: find the Subspace

(Low-Rank Matrix Completion) (Robust Principal Component Analysis)

Tons of 
Missing 
Entries
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Using our Theory
Totally different way to think about the problem
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