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Focus of this paper

e Low relative dimension (d /D)

o Outlier Pursuit [Xu et al. 10]
M = O(N) outliers

@ High relative dimension (d /D)
o REAPER [Lerman and Maunu 18]
M = O(N) outliers

o DPCP [Tsakiris 15, Zhu 18]
M = O(N?) outliers

Robust subspace learning of high relative dimension with noisy data
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DPCP problem formulation
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o outliers O are drawn uniformly random
from the unit sphere
@ noisy inliers X + £
o inliers X are drawn within the S

o add Gaussian nose &€ on the inliers
e normalize X + £ to unit norm (on sphere)

o SNRis E[[|X|r]/E[||E]lF] = 1/c
e dataset X = [X + &, O]

st |blr=1 1)
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o In the noiseless case, b* = n
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Probabilistic Analysis
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Theorem
b* has a principal angle 6 satisfies 08
sin(6) < Va/(1 - Vo) >
with probability exceeding 1 — 0(#) if 04
M<C-N. -
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e Comparison with state-of-the-art: other methods can only handle at most M = O(N)) outliers
in theory [Lerman and Maunu 18]
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Projected SubGradient Method (PSGM)

T
mblnHX bl[, st [bl2=1 Theorem

o tan(6x) has a piecewise linear convergence rate:
@ Spectral initialization:

_ Vo
~ T tan(g) < glE—KI/Kl L V2 (9
bo —arg min |[X b, 120
@ Piecewise diminishing stepsize: 10-1[ .

fu < poBLETRIKI g <

1073
o PSG update: -
~ 10>
bii1 < by — g
-7
@ Projection: 10 — :lak”(ek) -
A -9 . T
bii1 <_bk+1/ku+1H2 10 upper bound (2) 1|
0 2500 5000

iteration



Experiments on 3D Point Cloud Road Data

Task
Learn an affine plane as a model for the road from a 3D point cloud

@ Determine points that lie on the plane (inliers) / off the plane (outliers)
o Frame 328 of dataset KITTI-CITY-71, with inliers (blue) / outliers (red)

!

Contains around 10° points with approximately 50% outliers
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