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Partial Symmetries 

Partial Symmetry Detection 

ωFind similar parts 

ωDecomposition into building blocks 

ωFundamental tool in shape understanding 
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Partial Symmetries 

Partial Symmetry Detection 

Repetetive Parts 
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Partial Symmetries 

Partial Symmetry Detection 

ωRepetitive part      (sufficiently large), 

ωTransformations fi  Í G, 

ωGroup of transformations G 

P f1 f2 f3 f4 f5 
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G 

Restriction 

Restriction 

ωFixed group of transformations 

ÁRigid motions, reflections, scaling, affine maps 

ÁIntrinsic isometries 

ωNeed to define a priori what constitutes similarity 

P f1 

f2 

f3 

f4 
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More General Symmetries 
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Symmetry Detection 

Fixed Transformation groups 

ωReflections 
[Podolak et al. 2006], [Loy et al. 2006] 

ωEuclidean Transformations 
[Bokeloh et al. 2009] 

ωSimilarity transforms 
[Mitra et al. 2006], [Pauly et al. 2008] 

ωIntrinsic isometries 
[Ovsjanikov et al. 2008], 
[Lasowski et al. 2009], [Xu et al. 2009]  
[Mitra et al. 2010], [Kim et al. 2010] 
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Global Matching of General Shapes 

Global Pairwise Matching 

ωTopological Methods 
Á [Hilga et al. 2001] 

ωCombinatorial Search 
Á [Zhang et al. 2008], [Au et al. 2010] 

Learning 
ω[Kalogerakis et al. 2010],  

[van Kaik et al. 2011], [Sunkel et al. 2011] 



 12 

Global Matching of General Shapes 

Building subspace models 

ωLocal matching, user guided 
Á [Blanz et al. 1999], [Allen et al. 2003], 

[Hasler et al. 2009] 
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Subspace Symmetries 

No transformation groups 

ω(Almost) arbitrary mappings 

ωHow to avoid spurious matches? 

Key idea 

ωMatching functions must form low dimensional subspace 

G 
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Subspace Symmetries 

Shapes Subspace (1D) 
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Objective 

Find 

ωPart 

ωFunctions f1, ..., fn: 

Such that: 
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Remarks 

Uniqueness: 

ωMany aquivalent subspace 
models might fit the same 
data 

ωSymmetry breaking: 
minimize bending 

Gaussian Model: 

ωWe can learn covariance 
from data 

ωAdditional constraint 
)(, xɫPN

Example Shapes 

P 
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Challenge 

Input 

ωShape 

Unknowns  

ωPart 

ωFunctions f1, ..., fn 

Can be computed 

ωRigid transformations T1, ..., Tn 

ωBasis functions b1, ..., bn 

ωShape coordinates  l1, ..., ln 

S Ṗ R3 

P µ  S 
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Challenge 

Unknowns  

ωPart 

ωFunctions f1, ..., fn 

Problems 

ωNeed correspondences 

ωHigh dimensional objects 

ωVery large search space 

P Ṗ S 

? 
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Three Steps to Reduce Complexity 

1. Feature matching  

ωSparse, discrete matching 

2. Graph matching 

ωMatching heuristic 

3. Optionally: User training 

ωLearn graphs from user input 
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Feature Extraction 

Features: surface curves & crossings 

ωAssumption: Features invariant under symmetry 

ωSee paper technical details 



 23 

Feature Matching 

Brute-foce feature matching 

ωd-dimensional subspace, n feature points 

ω(3 + d) ẗ d unknowns 

ωBrute force algorithm: double exponential in d 

Need more efficient strategy 
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Heuristic Bootstrapping 

Stronger Assumption 
ωCorresponding parts have similar feature graphs 

Similar Graphs 
ωSame topology (small defects possible) 

ωVery coarse similarity in geometry 
ÁAngles, up to some noise 

ÁRoughly: Intrinsic length up to small factor 

ÁRidges / valleys 

Bootstrapping 
ωFind a few instances first, build PCA model 

ωPartial matching finds more 
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Graph Matching 
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Complete & Partial Matches 
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Refinement 

Use discovered subspace model 
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Dense Correspondences 

Deformable ICP 

ωFit bending minimizing dense correspondence field 

ωThin-plate-splines 


