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» Define W using Intervening
Contour
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» Normalized Cuts
[Shi & Malik 1997]
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» Split into A, B disjoint, AUB =V

cut(A, B) = Z w(u, v)

ueA,veB

assoc(A, V) = Z w(u, v)
ueAveV
Neut(A, B) = —<tA-B)

N cut(A, B)
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» General case: partition using smallest eigenvectors of

(D— W)z = \Dz

where D,',' = ZJ Wi
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Angular Embedding: Grouping with Ordering
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Angular Embedding: Grouping with Ordering

» Previously: absolute position does not matter

approximately equivalent to

= ) eeeeeesssss () e—) m—) m—
» Now: define ordering direction in embedding space

o o ) ee——) O
min

maxXx
[Yu, PAMI 2012]
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Angular Embedding: Grouping with Ordering

» Relative ordering relationships O(-, -)
» Confidence on relationships C(-,-)
Subject to:

» Linear constraints on embedding solution in columns of
Define:

D = Diag(C1,)

W = C e exp(i©)
Solve generalized eigenproblem QPQz = \z

P=DtW

:/_D—l ( TD—l )—1 T
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Single Scale Unconstrained Problem
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Multigrid Solver

W

[Chennubhotla and Jepson, NIPS 2005]

[Brezina et al., Num. Linear Alg. w/App., 2008]
[Kushnir, Galun, and Brandt, PAMI 2010]
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Multigrid Solver

(W)
W

[Chennubhotla and Jepson, NIPS 2005]
[Brezina et al., Num. Linear Alg. w/App., 2008]
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Multirange Problem

P AN

[Cour, Benezit, and Shi, CVPR 2005]
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Multigrid and Multiscale

multigrid: efficient solver computation
multiscale: efficient problem representation
use both!

multiscale structure shapes multigrid strategy
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Algorithm Overview

W2 O O Zz
w=1|0 W o0 —[0 | 7=z
0] WQ ZO
» Solve unconstrained problem: (11, 0) for Z,
» Look at constraint: /X [Zy; Z1] =0
» Rewrite as: [L/;

" [Ze; Z1] =0
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Algorithm Overview

W, 0 0
W=1|0 W, 0 =0 | Z=
0 W

Solve unconstrained problem: (1//,0) for Z,
Look at constraint: V% [Zy; Z1] =0
Rewrite as: [[1; L]* [Z2 Z1] =0
Least-squares interpolate:
Zi= U0 0) (-0 2)
Use [Zy; Zi] as initial guess for solving:
(Diag(Ws, W4),[0 (1)) for [Zs; Zi]



Implementation



Implementation

» Work with m eigenvectors simultaneously



Implementation

W : : : !

» Work with n x 2m intermediate representation
n = # nodes

m = # eigenvectors



Implementation
W . . . !
» Work with n x 2m intermediate representation
n = # nodes

m = # eigenvectors

» n increases coarse-to-fine



Implementation
W . . . !
» Work with n x 2m intermediate representation
n = # nodes

m = # eigenvectors

» n increases coarse-to-fine
» Randomized Matrix Approximation

[Halko, Martinsson, and Tropp, SIREV, 2011]



\{

v

Implementation

W : : : I

Work with n x 2m intermediate representation:
n = # nodes
m = # eigenvectors

n increases coarse-to-fine

Randomized Matrix Approximation

[Halko, Martinsson, and Tropp, SIREV, 2011]
Randomized algorithms for linear algebra problems
Exponentially small failure probability

Simple implementation

Same computational complexity

Better hardware parallelization properties

vV vV vV VvV VY
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Randomized Matrix Approximation

» Fixed Rank Problem
Given: n x n sparse matrix M
Find: n x | dense matrix A, where | =2m < n
Such that: range of A approximates range of M
» Randomized Subspace lteration
Draw draw n x | Gaussian matrix
Y + (MM*)IMQ

A <~ QR-ORTHONORMALIZE(Y)
» Eigensolver
B +— A*MA

(V,N) < E1as(B, m)
Z +— AV

I X | matrix
small eigenproblem



Matrix Approximation + Interpolation
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M=0PF

l r l r

d | mvd |
Apply M (Fine)
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Matrix Approximation + Interpolation

M = QPO

Converge A

«O» «F>» «E» «E>» = Q>
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Eigenvector Convergence Comparison
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