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Partial Symmetries

Partial Symmetry Detection
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~ind similar parts
Decomposition into building blocks

~undamental tool in shape understanding



Partial Symmetries

Partial Symmetry Detection
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Repetetive Parts
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Partial Symmetries
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Partial Symmetry Detection
w Repetitive partP  (sufficiently largey, P S
» Transformations$, | G, f(P)P S
w Group of transformation§



Restriction
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Restriction

w Fixed group of transformations
A Rigid motions, reflections, scaling, affine maps
A Intrinsic isometries

w Need to definea prioriwhat constitutes similarity




More General Symmetries
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Symmetry Detection

Fixed Transformation groups

w Reflections
[Podolak et al. 2006[Loy et al. 200p

w Euclidean Transformations
[Bokeloh et al. 2009

w Similarity transforms
[Mitra et al. 2006, [Pauly et al. 2008

w Intrinsic isometries

[Ovsjanikov et al. 2008
[Lasowski et al. 2009 Xu et al. 200P
[Mitra et al. 201Q, [Kim et al. 201D
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Global Matching of General Shapes

Global Pairwise Matching Bl
w Topological Methods (am% gmmwm %
A [Hilga et al. 200JL BhE - 8L s
» Combinatorial Search s e

A [Zhang et al. 2008[Au et al. 201D

Learning

w [Kalogerakis et al. 20],0
[van Kaik et al. 20]11[Sunkel et al.
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Global Matching of General Shapes
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Building subspace models 73\ 18\ 74\ /}
w Local matching, user guided i\[ﬁ\{w/ﬁ\
A [Blanz et al. 1999[Allen et al. 200B LA N B B S

1\?
[Hasler et al. 2009

W
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Subspace Symmetries

No transformation groups
w (Almost) arbitrary mappings
w How to avoid spurious matches?

Key idea
w Matching functions must form low dimensional subspace
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Subspace Symmetries

Shapes ubspace (1D)
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Objective

FINC
wPartP P S
w Functiond,, ....f: P - S

Such that: Rigid Motion ~ Shape Coordinates
(Param) (Param)
a9 G
h(P)=TgP,+a /kbk(P)B
| e ] s
d <N Mean Basis function

(Model) (Model)
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Remarks

Uniqueness:

w Many aquivalent subspace
models might fit the same
data

w Symmetry breaking:
minimize bending

Gaussian Model:

wWe can learn covariance
from data

w Additional constraint

(oo~ JFxample Shapes
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Challenge

Input Rigi::FI’aI:In?)tion Shape((FI’:JrSn:():linates
w ShapeSP R3 | a |
P ﬁ(P)=T(7ID+ P
k=1
Unknowns den  Mean  ssisfuncion
wPartp y S

w Functiond, ...,f,

Can be computed
w Rigid transformations ,, ...,T,
w Basis functions,, ...,b,
w Shape coordinates$ ,, ...,|
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Challenge

Unknowns
wPart PP S
w Functiond, ...,f,

Problems
w Need correspondences
w High dimensional objects
w Very large search space
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Overview

Detection Algorithm




Three Steps to Reduce Complexity

1. Feature matching
w Sparse, discrete matching

2. Graph matching
w Matching heuristic

3. Optionally: User training
w Learn graphs from user input
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Feature Extraction

Features:surface curves & crossings
wAssumption Features invariant under symmetry
w See paper technical detalls
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Feature Matching

Brute-foce feature matching
w d-dimensional subspace,feature points
w (3 +d) t d unknowns
w Bruteforce algorithm: double exponential oh

Need more efficient strategy
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Heuristic Bootstrapping

Stronger Assumption
w Corresponding parts hawemilar feature graphs

Similar Graphs
w Same topology (small defects possible)

w Very coarse similarity in geometry
A Angles, up to some noise
A Roughly: Intrinsic length up to small factor

A Ridges / valleys

Bootstrapping
w Find a few instances first, build PCA model

w Partial matching finds more
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Graph Matching
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Complete & Partial Matches
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Refinement
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Dense Correspondences

=

Deformable ICP

w Fit bending minimizing dense correspondence field
w Thinplate-splines
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