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Figure 1: Recover missing values in recommender system by subspace recovery.

Figure 2: [Vaswani et al., 2018] Foreground-background separation tasks:
(a) A video analytics application; (b) Accelerated dynamic MRI.

Figure 7: Overestimation of the subspace dimension, measured by          , for First 
Stage Algorithm under varying corruption rate     and Gaussian noise levels       .
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Table 1: A concrete example for the uniform lower spectrum across all the batches, 
for Second Stage Algorithm in the noiseless case (           ) .

Robust Subspace Recovery (RSR) Task:
Given a collection of n points in      —some of which may be 
corrupted by adversarial contamination, and all of which 
are perturbed by small noise—how can we efficiently and 
provably identify a subspace       of dimension
that nearly contains most of the uncorrupted samples? 

➢ The ambient dimension
➢ The sample size                   the clean samples are drawn from a Gaussian 

distribution                    where the covariance 
➢ An adversary randomly replaces of the clean samples with samples 

independently drawn from                         where                                     and the 
eigenvectors corresponding to nonzero eigenvalues of

➢ All nonzero eigenvalues of      are set to 1, and all nonzero eigenvalues of                  
are all set to 10.

➢ Only adversarial corruption but no Gaussian noise in this example. 

Figure 6: Runtime of RANSAC and 
RANSAC+ for different subspace 
dimensions 

Figure 3:
TME: Tyler’s M-estimator
FMS: Fast Median Subspace 
GGD: Geodesic Gradient Descent
RF: Randomized-Find
RANSAC: Classic RANSAC
RANSAC+: Our Algorithm
(See References for details)

The setting of the toy example:

Figure 4: The search dimension r for 
RANSAC is overestimated by one, while 
RANSAC+ operates without any prior 
information of 

Figure 5: An additional Gaussian noise 
with mean zero and variance            is 
added to all the samples. 
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