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Can we (approximately) fill-in the missing entries?
(i.e., recommend movies to users)
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Winning team
won $1 million

Competition in  
2006-2009

• Winning team used 
complex combination 
of methods 

• Simple technique 
gets within 3% of top 
score in RMSE:

Low-rank matrix 
completion
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Is there an efficient algorithm to recover X?

Model: We are given random observations
Xi,j for all (i, j) 2 ⌦ (observation set)
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Successful Applications of LRMC

• Recommender systems (“Netflix prize”)
• Imaging: denoising, reconstruction in medical,

hyperspectral imaging.
• Anomaly detection in network flows
• Source localization and target tracking in radar and sonar
• Computer vision: background subtraction, object tracking,

and to represent a single scene under varying illuminations
• Environmental monitoring of soil and crop conditions, water

contamination, and air pollution, also sensor calibration
• Seismological activity and modal estimation in materials

and manmade structures

...and so on
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n⇥n
LRMC Sampling Complexity
Degrees of freedom (DoF) of an n ⇥ s rank r matrix:

Implies we need O(nr) samples for LRMC to even be possible.

State-of-the-art algorithms 1 provably complete low-rank
matrices from O(nr polylog(n)) random samples.

1e.g., Nuclear norm minimization [?] ,
Normalized iterative hard thresholding [?]

4
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Today will we talk about one algorithm: 
Nuclear norm minimization

⇡ 2nr
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2r ⌧ n
if low-rank:



What is the nuclear norm of a 1x1 matrix x?

A) x
B) Heaviside(x)
C) |x|
D) max(0,x)
E) x2

scalar / 1x1 matrix
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What is the nuclear norm of a 1x1 matrix x?

A) x
B) Heaviside(x)
C) |x|
D) max(0,x)
E) x2

scalar / 1x1 matrix
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⇤ = |x|

non-smooth at origin

x

|x|



What went wrong with the ISTA algorithm?

A) Nothing. The algorithm found a low-rank solution.
B) Bug in the implementation of SVT.
C) Bad initialization.
D) Algorithm has not converged—run more iterations.
E) Ran too many iterations.
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