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Setup




Voronol tessellation

Vi={p:d(xi,p) <d(x;,p),Vj #i} peER









Algorithm (Lloyd)

Initialization x; = rand(S)

v

Tessellation| FIXED X;

* * COMPUTE S,

Update | FIXED S}

UPDATE X;



CVT




Metric

Isotropic CVT 0 Isotropic metric

generalize *

Anisotropic CV 0 Anisotropic metric




|sotropic metric

d(x,p)* = (x — p)'M(x — p)



Anisotropic metric

d(x,p)* = (x — p)'M(x — p)
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Anisotropic metric

d(x,p)* = (x — p)'M(x — p)
M=pr'" 'R I



Anisotropic metric

d(x,p)* = (x — p)'M(x — p)




Anisotropic metric

d(x,p)* = (x — p)'M(x — p)

M=K 2 K




Anisotropic CVT
Minimize;
F(xg,...,Xg_1,Mp,...,Mp_1) =

Z /s (p—x:) ' M;(p — x;) dp

Problem: trivial solutions
M, =0
Solution: add constraint
'IM;| = 1 (other constraints possible)



Mahalanobis CVT

Minimize:

L(X(), - . ,Xk_l,M(), “ . 7Mk—1) —

Z _/S.(p_xi)TMi(P—Xz')dP + A (|M;] —1)_

Lagrange multiplier

CVT energy constraining M



Mahalanobis CVT

Z /S.(P—Xi)TMi(p—Xi)dp + )\(|1\/[i‘_1)_

* < EW sz’ pdp independent of M
Z Jg, 1dp (as for isotropic CVT)
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Mahalanobis CVT

/S.(P—Xi)TMz‘(P—Xi)dp + A (|M;| —1)

v v

; /S P-x)p-x)Tdp | AM| (M)

— C,; covariance matrix

T

mP . M| (M) =0 M M = (G C7



Mahalanobis distance

d(x;,p)* = (x; — p) ' M;(x; — p)

Mahalanobis distance (squared)



Algorithm (Lloyd)

Initialization x; = rand(S)

v

Tessellation| FIXED X;

* * COMPUTE S,

Update | FIXED S}

UPDATE X;



Algorithm

Initialization x; = rand(S)

4

Tessellation| FIXED x;,|M;

* * COMPUTE S;

Update | FIXED S,

UPDATE X;
UPDATE M,



Mahalanobis CVT
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|sotropic vs. Mahalanobis
CVT

Isotropic ©

Mahalanobis
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Degeneracy

C invertible: C singular:

%Mzmm C-1 C \:?



Degeneracy

C invertible: C singular:

%Mzmm : C \:?
modify C:
\ X O

(1 —€)C + eXgl  (Cis psd, symmetric)



Control Anisotropy




Algorithm

Initialization x; = rand(S)

' M; =1

Tessellation| FIXED x;, M

* * COMPUTE S *

Update | FIXED S,

UPDATE X;
UPDATE M,



lessellation
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Mesh lessellation

bisection on edges
subdivide mesh
assign faces
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Relationsnhip

e (Gaussian Mixture Models (GMM) with
Expectation Maximization (EM)

e Variational Shape Approximation (VSA)
[Cohen-Steiner, Alliez, Desbrun, 2004]



Algorithm / EM

Initialization|  x; = rand(S5) GMM parameters ;

Tessellation| FIXED x;, M; 0 Expectation

* * COMPUTE S + *

Update | FIXED S, &) Vaximization

UPDATE X;
UPDATE M,



INnitialization

v

Tessellation

v 4

Update

Algorithm / VSA

X; = rand(S) “oroxies” :

FIXED x;,M; | <§sp| Flooding

COMPUTE S * *

FIXED S, . = | Proxy fitting
UPDATE X; |
UPDATE M,

s.t. determinant s.t. operator norm
of Miis 1 - of Miis 1



summary

* kKey messages:
* Introduce metric per cell as variable

e constraining determinant of metric yields
Mahalanobis distance

* framework show connections to other
approaches such as GMM and VSA
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